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1 BEVEZETES

A fehérj¢k mind szerkezeti mind funkcionalis tulajdonsagaikat tekintve
hihetetlentiil valtozatosak. Ugyanakkor ennek az elképeztd valtozatossagnak az alapjat
egy viszonylag egyszerii kémiai felépités adja: a fehérjék 20 kiilonb6z6 aminosav
egymashoz kapcsolodasaval kialakulé lancmolekuldk, melyek egyediségét az
aminosavak sorrendje, az aminosav szekvencia adja. A fehérjekutatds egyik
legalapvetobb kérdése, hogy hogyan hatarozza meg az aminosav sorrend a fehérjék
térszerkezetét és funkcidjat. Ennek a kérdéskornek az alapjait tobb mint 6tven éve
fektették le, tobbek kozott Christian Anfinsen, a ribonukledz refolding vizsgalataval,
Cyrus Levinthal, a fehérje feltekeredés, a folding, alapvetd paradoxonanak
megfogalmazasaval, illetve John Kendrew az elsé fehérje, a mioglobin szerkezetének
meghatarozasaval [1]. Bar az azota eltelt id6szakban jelentds eldrelépések torténtek a
szekvencia - szerkezet - és funkciod Osszefiiggésének megértésében, mind a mai napig
ujabb ¢és tjabb dolgokat tanulunk a fehérjék sokszintiségérdl.

Az egyik alapvetden 1) irdny a rendezetlen fehérjékhez kapcsolodik. A sokaig
altalanosan elfogadott nézet az volt, hogy a fehérjék megfeleld mitkddéséhez
elengedhetetlen, hogy egy jol definidlt szerkezettel rendelkezzenek. Ezt a paradigméat
irta at a rendezetlen fehérjék funkciondlis fontossdganak felismerése. Bér ez a jelenség
a kezdetekben jelentds vitdkat valtott ki [2], a 2000-es évek kezdetétdl megindult a
rendezetlen fehérjék szisztematikus vizsgalata. Ezekben - a rendezetlen fehérjék
kisérletes vizsgélatanak nehézségei miatt - dontd szerep jutott a bioinformatikai
megkozelitéseknek.

Doktori értekezésemben a rendezetlen fehérjék bioinformatikai vizsgéalata soran
elért eredményeit foglaltam 0Ossze. Kozel két évtizedes tevékenységem soran tobbek
kozott uj bioinformatikai eszkozoket fejlesztettem ki, melyekkel felismerheték a
rendezetlen régiok illetve azok kotOhelyei az aminosav szekvencidbol. A sajat és masok
altal kifejlesztett modszerek alkalmazasdval elemeztem a rendezetlen fehérjék
kolcsdnhatasi tulajdonsagait és betegségben betdltott szerepiiket. Osszességében,
vizsgalataim alapvetden jarultak hozza ezen 0j fehérje osztaly jobb megismeréséhez.
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2 IRODALMI ATTEKINTES

2.1 A fehérje rendezetlenség

Bar a klasszikus szerkezet-funkci6é paradigma szerint a fehérjék funkcidjdhoz
elengedhetetlen a jol definidlt térszerkezet megléte, a mult szdzad végére egyre
nyilvanvalobba valt, hogy ez a kép nem teljes: nem minden biologiailag funkcionalis
fehérje vesz fel spontdn rendezett szerkezetet, ugyanakkor ezek a fehérjék illetve
fehérje szegmensek szdmos bioldgiai folyamatban kulcsfontossdgtuak. Ezt felismerve
vetette fel 1999-ben Jane Dyson és Peter Wright, hogy a szerkezet-funkcid paradigmat
feliil kell vizsgélni, és vezette be az eredendden szerkezet nélkiili fehérjék (intrinsically
unstructured proteins) fogalmat [3]. Ezzel parhuzamosan Keith Dunker és kollégai
felismerték, hogy a rontgenszerkezet hianyz6 szegmensei gyakran tartalmaznak olyan
funkcionalis elemeket, amelyek rendezetlenck [4,5]. Ok végezték el az elsé
bioinformatikai elemzéseket is ezen a teriileten. Magyarorszagon Tompa Péter inditotta
el a rendezetlen fehérjek vizsgalatat [6]. Sokaig vita volt arrol, hogy hogyan nevezzék
el ezt az ujfajta fehérje osztalyt, végiil az eredendden rendezetlen fehérje (intrinsically
disordered protein/IDP) elnevezés valt altalanosabban elfogadotta [7].

Bar az ismert fehérje térszerkezetek egy statikus képet sugallnak, a rendezett
fehérjék is dinamikusak és ez elengedhetetlen a funkciojukhoz [8]. A globularis
szerkezet tartalmazhat rovidebb-hosszabb flexibilis, illetve rendezetlen szegmenseket
is, melyek jellemzéen a hurok régidokban illetve a szerkezet termindlis részein
taldlhatok. Azonban a globularis fehérjékre alapvetden jellemzd egy egyensulyi
szerkezet, amely koriil fluktudlnak [7]. Ezzel szemben a rendezetlen fehérjéket csak
egy, nagymértékben kiilonbozé konformaciokat tartalmazo szerkezeti sokasaggal lehet
jellemezni [7,9]. Ennek a sokasagnak a részletes tulajdonsidgai nagyon heterogének
lehetnek [10]. Vannak olyan rendezetlen fehérjék, melyek teljesen véletlenszertien,
random coil-ként viselkednek. Szdmos esetben megfigyelhetéek azonban lokalis
szerkezeti preferencidk vagy hosszatavu tranziens kolcsonhatasok. A rendezetlen
fehérjék egy része a globularis fehérjék kitekeredése soran megfigyelt, tgynevezett
olvadt gomboc (molten globule) allapothoz hasonlithatd, melyet nagyobb mennyiségii
lokalis szerkezeti elem és kompaktsag jellemez a random coil allapothoz képest. Bar
vannak teljesen rendezett vagy teljesen rendezetlen fehérjék is, a legtobb fehérje
mindkét féle régiot tartalmaz. Ezek szerkezeti jellemzodit befolyasolhatjdk egymassal
vald kolcsonhatasaik, a sejten beliili kornyezeti tényezdk (pl. pH, redox potencial,
hémérséklet), poszttranszlaciés modositasok, illetve mas partnerrel valo interakciok is
[11].

A rendezetlen fehérjék jellegzetes molekularis tulajdonsagai, mint példaul a
megnovekedett molekuldris méret, a denaturalt allapotba valé atmenet hidnya, a
periodikus masodlagos szerkezetek hidnya vagy a konformaciés heterogenitas szamos
kisérleti modszerrel megragadhatd [12]. Indirekt modon, a fehérje térszerkezeteket
Osszegyljté Protein Data Bank (PDB) adatbazis is szolgaltathat bizonyitékot a
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rendezetlenség jelenlétérdl. Ez rontgenszerkezetek esetében a hidnyzo elektronstirliség,
NMR-szerkezetek esetében pedig a nagy szerkezeti variabilitds formdjaban jelentkezik.
A rendezetlen fehérjék konformacios preferencidirdl a legrészletesebb informacido NMR
segitségével nyerheté [13—15]. A konformacids sokasag teljeskori jellemzéséhez
azonban tobbféle technikara, példaul kiillonbozé tipusi NMR-mérések és kisszogl
rontgen szords kombinacidjara van sziikség, melyeket szamitogépes szdmitasokkal kell
kiegésziteni a modellalkotdshoz [16]. Az egyik legjobban ismert és jellemzett
rendezetlen fehérje a p53 N-termindlis rendezetlen részének modellje lathat6 az 1.
abran. A kapott modell jol mutatja az N-terminalis részen a lehetséges konformaciok
valtozatossagat ¢és ramutat egy tranziens a-hélix jelenlétére is [17].

1. abra. Az N-termindlis rész modellje a p53 tetramer és DNS (lila szinnel jelolve)
komplexében, amit NMR spektroszkopia, kisszogli rontgenszords, molekuladinamikai
szimulaciok kombinaciojaval hataroztak meg [17].

2.2 Rendezetlen fehérjék funkcionalis jellemzo1

Az eredendden rendezetlen fehérjék alapvetd fontossdganak felismerése
drasztikusan alakitotta at a fehérjék szerkezete és miikddése kozotti Osszefliggésrol
alkotott elképzelésiinket [12]. Altaldnossagban elmondhaté, hogy a globularis
fehérjékre olyan feladatokban van sziikség, amelyek az aminosavak pontos orientacidjat
igénylik, mint példaul az enzimek katalitikus aktivitdsa [18]. Ezzel szemben a
rendezetlen régidk a benniikk rejlé dinamikus tulajdonsadgukat és a plaszticitasukat
hasznaljak fel a miikddésiik soran [12,19].

Az ismert példak alapjan a rendezetlen fehérjék funkciondlis szempontbdl tobb
kategoriaba sorolhatok [19,20] (2. abra). Legjellegzetesebb miikodési modjuk a
kozvetleniil a rendezetlen allapotbdl eredd entropikus lanc funkcid. Ebbe a kategoridba
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tartoznak példaul a linkerek, amelyek lehetévé teszik a domének egymashoz
viszonyitott mozgasat; vagy a tavtartok, amelyek a funkcionalis modulok kozotti
tdvolsdg szabalyozasaért felelések. A rendezetlen fehérjék masik tipikus funkcioja
molekularis felismerésbol ered, melynek soran specifikus kotOpartnerekhez, példaul
egy masik fehérjéhez, RNS-hez vagy DNS-molekuldhoz kotddnek. A kolcsonhatas
eredményeképpen befolyasolhatjdk a partner molekuldk miikddését vagy nagyobb
komplexek 0Osszeszerelodését. A rendezetlen régiok gyakran célpontjai kiillonb6zo
poszttranszlacidés modositasoknak (PTM). Nyujtott €s hozzaférhetd szerkezetiik miatt
kiilondsen alkalmasak kis méreti ligandumok, példaul ionok és szerves vegyiiletek
tarolasara vagy neutralizacidjara. A rendezetlen szegmensek fontos szerepet jatszhatnak
fehérje és RNS chaperonok miikodésében is. A funkciondlis kategoriak kore a
kozelmultban 10j taggal boviilt: ez egy rendkiviil izgalmas jelenség, a fazisszeparacio
révén kialakuld biologiai kondenzatumokhoz kapcsolodik és az ebben részt vevo
rendezetlen fehérjéket gyiijti 6ssze [21].

2. abra. A rendezetlen régiok 0sszekothetnek doméneket, ahol rugalmassaguk lehet6vé teszi,
hogy a fehérje tobbféle konformacidt vegyen fel; a benniik 1év6 linedris motivumok fehérje
kolcsonhatasokat kdzvetithetnek; az aminosavaik poszttranszlacios modositasa lehetové teszi az
informacié kodolasat és dekodolasat [22].

A rendezetlen fehérjékre jellemzd konformaciés szabadsag nagyfoka
képlékenységgel jar egyiitt, ami lehetdvé teszi a kiillonbozd partnerek felszinéhez valo
igazodast [23]. A rendezetlen fehérjék gyakran tartalmaznak kompakt, néhany
aminosavbol all6 rovid linedris motivumokat, melyek specifikus doménnel valo
kolesonhatast kozvetitenek [24]. Azonban szdmos rendezetlen fehérje hosszabb
szegmensen keresztiill kotédik [10]. A partner molekuldval vald kdlcsonhatas
indukalhatja egy jol-definialt szerkezet kialakitasat, az igynevezett csatolt feltekeredés
¢és kotddés (coupled folding and binding) sordn [25]. Felvetették, hogy az ilyen tipusu
kolcsonhatasok altalaban gyenge, de specifikus interakciot tesznek lehetdvé [3,26].
Ennek oka az, hogy a kolcsonhatas révén kialakuld entalpia nyereséggel 6sszemérhetd a
rendezddéssel jard entropia veszteség. Azonban a kolcsonhatas kinetikai és
termodinamikai paramétereit befolyasoljak a nem-kotott allapotban jelen levd
szerkezeti preferencidk és a kotott allapotban is megmarado szerkezeti heterogenitas, az
ugynevezett bolyhossag/fuzziness [27]. Osszességében, a rendezetlen fehérje
szegmensek altal kialakitott kdlcsonhatasok kinetikai és termodinamikai tulajdonséagai
sz¢les skalan mozognak [28,29]. A rendezetlen fehérjék nagy strliségben
tartalmazhatnak kiilonb6zé funkciondlis modulokat €s poszttranszlacios helyeket,
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melyek kombinacidja révén molekularis kapcsolok dsszetett halozata alakulhat ki [30].
Ezek a tulajdonsagok kiilonosen eldnyosek kiillonbozd szabalyozd és jelatviteli
funkcidkban, melyek a sejt- és kornyezeti jelzésekhez vald gyors alkalmazkodast
igényelnek [31].

Funkciondlis jelentdségiik felismerésével, a rendezetlen fehérjék vizsgélata
részéve valt a szerkezeti bioinformatikai kutatasoknak is.

2.3 Szerkezet predikcios eljarasok

A szerkezeti bioinformatikai kutatdsok f6 fokusza sokag a globuldris fehérjék
térszerkezetének predikcidja volt. Ennek kiindulépontja az ismert térszerkezetek,
amiket a PDB adatbazis gytijt 6ssze [32]. A kisérletileg meghatarozott, nagy felbontast
szerkezetek szama az adatbazis 1976-os elinditasa ota jelentds mértékben emelkedett,
mara megkozeliti a 200000-et. Azonban még ezek szdma is elenyészd az ismert fehérje
szekvenciak robbanasszerli ndovekedéséhez képest. Ez még inkabb felerdsitette azt az
igényt, hogy képesek legylink megjosolni, hogy milyen szerkezet tartozik egy adott
fehérje szekvencidhoz.

Az Anfinsen altal megfogalmazott termodinamikai hipotézis szerint a fehérjék
haromdimenzids szerkezetét a Gibbs-féle szabadenergia hatarozza meg, és a normal
fiziologias koriilmények kozott a nativ szerkezet a legalacsonyabb, vagy az egyik
legalacsonyabb energidju allapotnak felel meg [33,34]. A szerkezet kialakitasaban
szamos tényezd vesz részt, az aminosavak kozott nagyszdml van der Waals,
elektrosztatikus kolcsonhatds, hidrogénhid alakulhat ki. A globuléris szerkezet
kialakulasanak fontos tényezdje a hidrofob effektus, ami a vizes kdzegben az apoléaros
aminosavak eltemettettségét eredményezi. A kolcsonhatasok eredményeképpen egy
kompakt szerkezet alakul ki, ami ellen dolgozik a konformacios entropia, ami a
feltekeredés kovetkeztében jelentdsen lecsokken. A globuldris fehérjek szerkezetének
stabilitasaban résztvevd tényezok modellezhetdek fizikai erdterekkel, amelyekkel
feltérképezhetd a fehérjék energiafelszine szamitogépes szimulacidkon keresztiil.
Azonban ezen megkozelités alapjan tovabbra is csak néhany kisebb fehérjék szerkezetét
sikeriilt modellezni [1]. A legtobb esetben pontosabban és gyorsabban lehet szerkezeti
modellt generdlni olyan bioinformatikai moédszerekkel, amelyek csak részben vagy
egyaltalan nem hasznalnak fizikai megkdzelitéseket.

A legegyszerlibb predikcidos modszerek nem magat a szerkezetet, hanem csak
valamilyen szerkezeti tulajdonsdgot probaltak meg josolni kdzvetleniil az aminosav
szekvenciabol, mint példaul mésodlagos szerkezeti elemekben valo eléfordulés, torzids
szogek, az egyes aminosavak -eltemetettsége/hozzaférhetosége [35]. A kezdeti
modszerek egyszerli aminosav tulajdonsadgokon alapultak, amiket egyre komplexebb
statisztikai modellek, illetve kiilonbozd gépi tanuldsos eljardsok (mesterséges
neuronhaldzatok, support vector machine-ok, rejtett Markov modellek) kovettek.
Jelentds eldrelépést értek el ezek a mddszerek azaltal, hogy nem egyetlen szekvenciat
hasznaltak bemenetként, hanem tobbszords szekvencia illesztést [36]. A modszerek
fejlédéséhez nagyban hozzajarult az is, hogy egyre tobb adat all rendelkezésiinkre a
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modszerek betanitasahoz a szekvencia ¢€s térszerkezeti adatok ndvekedésével [37].

A fehérjeszerkezetek  szdmanak  novekedésével  olyan  altalanos
szabalyszerliségek is feltarasra keriiltek melyek szintén kiakndzhatdéak a
szerkezetbecslésben. Az egyik altalanos megfigyelés szerint bizonyos tipusu térbeli
kolesonhatasok gyakrabban fordulnak, mint ahogyan azt véletlenszerii eloszlas alapjan
varni lehet. A kolcsonhatasok megtfigyelt gyakorisdga energiaszeri mennyiségekkeé
alakithatd a Boltzmann-eloszlas alapjan [38]. A legegyszeriibb formaban ezek a
statisztikai potencidlok egy 20 x 20-as matrixban fejezheték ki, melynek értékei az
egyes aminosavparok kozotti kolcsonhatast jellemzik. A kapott energia jellegl
mennyiségek nem feleltethetdek meg direkt fizikai tényezOknek és nem értelmezhetdk
kozvetleniil szabadenergiaként. Azonban altalaban feliilmuljak a fizika alapu
energiafiiggvényeket a threading (felflizés) eljarasban, amelynek célja az adott
szekvencidhoz tartozd szerkezet megtaldlasa az ismert szerkezetekre felflizve kapott
alternativ konformaciok kozott, annak kedvedezd energiaja alapjan [39]. A statisztikus
potencialok legkritikusabb eleme a normalizadlashoz hasznalt referenciadllapot [40].
Ennek problémajara javasolt egy elegans megoldast Ken Dill and Paul Thomas, ami
egy iterativ algoritmus alapjan megkeriili a referencia allapotra vonatkozé kozvetlen
feltételezéseket [41]. Osszességében, a statisztikus potencidlok kiilonbozé formai
rendkiviil hasznosnak bizonyultak a szerkezetbecslés tertiletein [42,43].

Az évek soran szamos modszert fejlesztettek ki a fehérje szerkezetek
modellezésére [44]. Ennek motorjava valt a kétévente megrendezésre keriil6 CASP,
ami megalapozta a mddszerek fiiggetlen értékelését és lehetdséget teremtett a tertilet
fejlédésének nyomon kovetésére [45,46]. A probléma nehézsége szerint a szerkezet
predikcidkat két csoportra lehet osztani attoél fiiggden, hogy létezik-e a célfehérje
szerkezetéhez hasonld ismert, ugynevezett templat szerkezet. Az els6 kategoridban mar
viszonylag koran megbizhaté mindségi modelleket lehetett generalni, homoldgia
modellezés vagy - tavolabbi vagy indirekt kapcsolat esetén - a threading eljaras alapjan.
Ezzel szemben a templat nélkiili célpontok modellezésében sokaig csak szerény
javulést sikeriilt elérni, még az olyan Uj modszerek, mint a fragmens konyvtaron
alapul¢6 szerkezet 6sszeszerelés vagy a kontaktus predikciok alapjan is [1,47]. Az elmult
években azonban gyokeresen atalakult a helyzet, elsdsorban a szamos teriileten attoro
eredmeényeket elérd mélytanulasos eljarasoknak kdszonhetden [48]. A legkiemelked6bb
eredményt a Google DeepMind cég altal bevezetett AlphaFold2 moddszere érte el a
CASP14 soran, elsOként produkalva a kisérletes modszerekkel 6sszevethetd mindségi
modelleket a térszerkezet predikciok teljes skaldjan [49].
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2.4 Rendezetlen fehérjék adatbazisai

A globularis fehérjékre kidolgozott predikcidos modszerek fejlodésével
parhuzamosan indult el a rendezetlen fehérjék bioinformatikai vizsgalata. A kordbbi
megkozelitések szamos modon hatottak a rendezetlenség predikcidkra, de az 1Uj
problémakdr lehetOséget teremtett eredeti megkozelitések megalkotasara is. Ezekhez
azonban sziikség volt specialis adatszettekre is.

A rendezetlenségre vonatkozé kisérletes adatok alapvetden két forrasbol
szarmaznak. Az egyik halmazt a PDB szerkezetekben azok a régiok jelentik, melyekhez
nem rendelhetd elektronsiirliség, ezért hidnyoznak a megoldott szerkezetbdl. Ehhez
nagyon hasonléan viselkednek az NMR szerkezetekben a nagyobb szerkezeti
variabilitds alapjan kigyljtott szegmensek [50]. A PDB-bdl kigytijtott rendezetlen
szegmensek altalaban a fragmens terminalis részén talalhatoak, és viszonylag rovidebb
szakaszok (short disorder). A masik csoportot az egyéb kisérletes modszerrel igazolt
rendezetlen szegmensek jelentik. Ezek altaldban hosszabb szakaszok, melyek fontos
biologiai funkcioval rendelkeznek (long disorder). Ugyanakkor ez a halmaz sokaig
joval kevesebb adatot tartalmazott, és zajosabb volt, mivel tobb kisérletes modszer sem
rendelkezik aminosav szintli felbontdssal. A kisérletesen igazolt rendezetlen fehérjék
OsszegyUjtésére hozta létre Keith Dunker a DisProt adatbéazist [51], melynek
fenntartasat 2017-ben Silvio Tosatto vette at [21]. Az adatbazis folyamatosan boviil,

crcr

crer

A rendezetlen fehérjék vizsgélatanak masik f6 fokusza kolcsonhatdsainak, és
ezen belill is az altaluk kialakitott komplexek szerkezetének vizsgalata. Azokat a
rendezetlen fehérje szegmenseket melyek a kotddés hatarasra rendezett szerkezetet
vesznek fel szokas MoRF-nak (molecular recognition feature) is hivni [53]. Mohan és
kollégai ezeket a szerkezeteket kiilonbdzd csoportba osztotta a kialakitott masodlagos
szerkezetek tipusa szerint, melyek kozott az a-hélixnek megfelelé konforméaciot felvevo
a-MoRF-ok voltak a leggyakoribbak [54]. A DisProt adatbazis révén lehetdvé valt
azoknak a szerkezeteknek a kigylijtése, amelyek esetében a rendezetlen statuszt
kisérleti Uton igazoltdk és a rendezetlen-rendezett atmenetet a komplex ismert
szerkezete tdmasztja ald [55]. Ezek szdma folyamatosan bdviilt, az altalunk 2018-ban
létrehozott DIBS adatbdzis mar 773 ilyen példat tartalmazott [28]. Egy hasonlo
adatbazis, az MFIB adatbazis kdzéppontjaban a kizardlag két vagy tobb rendezetlen
fehérje kozott kialakult komplexek allnak [56]. A kotott allapotukban is jelentds
konformacids heterogenitast tartalmazé bolyhos komplexekre a FuzDB adatbazisban
gyljtottek példakat [57]. A kisérletesen igazolt rovid linedris motivumok kdzponti
adatbazisa az ELM [58]. A kiilonb6zd adatbazisok megléte mar dnmagaban mutatja a
rendezetlen fehérjék kolcsonhatasanak a sokszinliségét.

A kiilonbozd klasszifikdcios eljardsok kifejlesztéséhez nagyon fontosak a
negativ példak is. A rendezetlenség predikciok esetén komplementer halmaznak a PDB
alapjan az ismert szerkezettel rendelkezd régidkat szokas tekinteni. Azonban ezek
kozott - komplexek formdajaban - rendezetlen fehérjék is el6fordulnak. Mi ezért
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speciadlisan monomer szerkezetekbdl 4ll6 adatszetteket haszndltunk [59,60]. A
kotorégiok predikcidja esetén még nagyobb kihivast jelent a negativ halmaz definidlasa
[61] és ez kiilondsen igaz a rendezetlen kotShelyek predikcidjara. Ebben az esetben
negativ példadknak tekinthetjiik a globularis fehérjéket altalaban, illetve a rendezetlen
fehérjék azon régidit, melyek nem vesznek részt kozvetleniil kdlcsonhatasban. Azonban
a rendezetlen fehérjék esetén, a kdlcsonhatasok jelentds része még nem ismert [62]. Az
ismert rendezetlen kotorégiok viszonylag kis szama, €s a megbizhaté negativ
adathalmaz hidnya jelentds limitalo tényezd, ami kiilondsen a kezdetekben visszavetette
a specifikus modszerek kifejlesztést.

2.5 Rendezetlen fehérjék predikcioja

A rendezetlen fehérjék kutatasanak egyik alapkérdése, hogy mi a jelenség
biofizikai alapja és ez hogyan van kodolva a szekvencidban. Ennek vizsgéalatdhoz
kezdetben, a tobb szaz globularis fehérjéhez képest, csak néhany tucat rendezetlen régiod
allt rendelkezésre. Azonban mar ezek alapjan is feltlind volt a két csoport aminosav
Osszetétele kozotti alapvetd kiilonbség. Aszerint, hogy egyes aminosavak inkabb a
rendezett vagy rendezetlen szegmensekben gyakoribbak, megkiilonboztethetiink
rendezettséget, illetve rendezetlenséget eldsegitdé aminosavakat [63]. A jelenlegi
DisProt adatbazis elemzése szerint a prolin és a glutaminsav mutatja a legerdsebb
rendezetlenséget eldsegitd tendenciat, melyet a szerin és az aszparaginsav kovet a
sorban (3. 4bra) [64]. Az aminosav Osszetételre vonatkozd alapvetd megfigyelések
alapjan javasolta Vladimir Uversky, a rendezetlen fehérjékre az alacsony hidrofobitas
€s a magas nettd toltés kombinacidja jellemzd [65]. Ezen fehérjeosztaly masik
jellemzdje, hogy gyakran fednek at alacsony komplexitasu szekvencidkkal [66]. Ezen
megfigyelés teljesen 1) értelmet nyert a biologiai kondenzatumok 1étrejottében szerepet
jatszo fazisszeparacid jelenségének tiikrében. Ez a folyamat ugyanis gyakran a
rendezetlen fehérjéken beliili alacsony komplexitasu régidk altal 1étrehozott multivalens
kolcsonhatasok révén alakul ki [67]. Az altalanos tendencidk mellett azonban
megfigyeltek kisebb eltéréseket is a szekvencidlis jellemzdkben, példaul a
rendezetlenség meghatarozdsahoz hasznalt kisérleti  kortilményektdl, vagy a
szegmensek hosszatol fliggden [68]. Ennek alapjan vetették fel, hogy a rendezetlenség -
heterogén jellegének megfeleléen - kiillonbozo ,.izekkel’’ rendelkezik [69]. Ennek
bizonyitékaként, Osszefliggést taldltak a rendezetlen fehérjék szekvencidlis ¢és
konforméacios tulajdonsagai kézott [70].
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3. abra. A rendezetlen régiok aminosav gyakorisaganak (fq) relativ eltérése a rendezett régiok
aminosav gyakorisagatol (f..) a DisProt adatbazis fehérjéin ([52]) szamolva [64].

A rendezett ¢és rendezetlen fehérjék aminosav Osszetételében megfigyelt
alapvetd eltérések arra utalnak, hogy nemcsak a szerkezet, hanem a rendezetlenség is
kodolva van a szekvenciaban, és ez alapjan predikciés modszerek készithetok. Az
elmult kortilbeliil 20 év alatt tobb mint 100 rendezetlenség becslé modszert fejlesztettek
ki, melyek a kiilonb6z0 megkozelitések széles skalajat fedik le mogottes elv,
komplexitas, sziikséges futasi id6 és pontossag tekintetében is [71-73]. A
legegyszeriibb modszerek egyszerli aminosav tulajdonsagi skalakon alapulnak (pl.
GlobPlot [74], FoldUnfold [75], TOP-IDP [63]). Ezen modszerek f6 elénye konnyl
értelmezhetdségiik és egyszerti, gyors hasznalhatosaguk.

A rendezetlenség predikcios modszerek masik jelentds csoportja gépi tanuldson
alapul. Ezek a modszerek nagyban épitettek a szerkezeti bioinformatikdban kordbban
bevezetett megkdzelitésekre. Tobbféle algortimust is adaptaltak a rendezetlenség
predikciora, tobbek kozott egyrétegli mesterséges neuron halozatokat, support vector
machine-okat, random forest klasszifikaciot. A gépi tanulasos modszerek korabbi
aminosav-0sszetétel, hidropatia, toltés €s flexibilitas) szolgaltak egy adott szekvencia
ablakon beliil [76]. A masodlagos szerkezet predikciés modszerek nyomdokain
haladva, PSI-BLAST-bol szarmazo6 evolucios profilt is figyelembe vettek a predikcid
soran [18]. Bar az evoluciés informéacio némi elényt jelent a szekvencia-alapt
modszerekkel szemben, ennek ara a megndvekedett szamitasi erdforras €és 1do. A gépi
tanulason alapuldé modszerek azonban altaldban kevésbé atlathatdé modon, alapvetden
fekete dobozként miikodnek, ¢és érzékenyebbek a tanitd halmazban esetlegesen
eléforduld hibdkra. A leglijabb predikcios eljarasok egyre inkabb tamaszkodnak fejlett
mélytanulasi technikdkra [77]. A legujabb eredmények szerint, a térszerkezet
predikcidkban attorést elérd AlphaFold2 moédszer a rendezetlenséget is kivaldoan képes
eldre jelezni a modellek megbizhatosdgara kifejlesztett pLDDT érték alapjan [78].
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A rendezetlenség predikcids moddszerek hatékonysaganak Gsszehasonlitd
értékelésére és a teriilet fejlodésének nyomon kovetésére tobb nagyszabasu vizsgalatot
is végeztek [71-73]. A moddszerek teljesitménye fiigg a kiértékeléshez hasznalt
adatbazistol és a hasznalt metrikatol is. A leggyakrabban haszndlt mérészamok az
atlagos pontossag, ¢és a ROC (Receiver Operating Characteristic/vevd mikodési
jellemz8) gorbe, illetve a gorbe alatti teriilet (AUC). Atmenetileg a rendezetlenség
predikcid része volt a térszerkezet predikciés mddszerek értékelésére 1étrehozott CASP
kezdeményezésnek, ami a térszerkezet predikciok értékelésénél hasznalt szerkezetek
hianyz6 részein alapultak [79,80]. Néhany ¢év utdn megszint ez a kategdria, a
rendezetlenségre vonatozd kell6 mennyiségli adat hidnyaban. A 2021-ben kozzétett
Critical Assessment of Intrinsic Protein Disorder (CAID) kisérlet volt az eddigi
legnagyobb kezdeményezés a rendezetlenség predikcio értékelésére [81]. Ebben 32
modszer elOrejelzési pontossagat €s futasi idejét értékelték, amihez a DisProt
adatbazisban Ujonnan annotalt fehérjéit hasznaltak.

2.6 Rendezetlen kotOhelyek predikcidja

A DisProt adatbazisban rendelkezésre all6 adatok azt mutatjdk, hogy a
funkciondlisan  annotalt rendezetlen régiok leggyakoribb  funkcidja maés
makromolekuldkhoz val6 kotddés, ezen beliil is elsésorban fehérje-fehérje kdlesonhatés
kialakitasa. Azonban az ismert rendezetlen kotorégiok szama csak lassan novekszik.
Ezért nagy sziikség van olyan mddszerekre, melyek a szekvenciabdl képesek felismerni
a rendezetlen kotéhelyeket. Korabban felvetették, hogy bizonyos rendezetlen fehérje
predikciés modszerek esetén a kimeneti profil jelezheti a kotorégiok meglétét [54].
Azonban ez a megkdzelités csak korlatozottan haszndlhaté. A jelenleg elérhetd
rendezetlen kotdhely predikcidos modszerek kiindulopontjai a PDB adatbazisbol
kigytjtott, kisérletesen is igazolt rendezetlen fehérje szegmensek, amelyek kotddés
soran rendezddnek. A komplex kialakitidsaban részt vevd rendezetlen szegmensek
szerkezeti és szekvencialis tulajdonsagainak vizsgalatai alapjan ezek a régiok szamos
specifikus tulajdonsaggal rendelkeznek [82], amelyek kiakndzhatéak a predikcidjuk
soran.

Az egyik legels6 probalkozasként, a komplexben a-hélix konformaciot kialakitod
régiok felismerésére hoztak 1étre egy specialis modszert, az a-MoRf prediktort [83].
Azonban az elsé altalanos modszer rendezetlen kotohelyek felismerésére az altalunk
kifejlesztett ANCHOR modszer volt [55]. Kiilonb6z6 gépi tanuldsos moddszereket is
hasznaltak a kotédés soran rendezetlen-rendezett atmenetet mutaté régiok
azonositasara. Ezek koziil a MoRFCHiBi modszer a support vector machine technikat
hasznalta, ami jol alkalmazhat6, ha a tanitas soran csak viszonylag kis adathalmaz &ll
rendelkezésre. A modszer kombindlta a rendezetlenség predikciot a helyi
szekvenciajellemzokkel, nagy hangsulyt fektetve arra, hogy a kotddd szegmenseket
megkiilonboztesse szekvencidlis kornyezetiiktol [84]. Ennek tarsaként l1étrehoztak egy
olyan modszert is, ami az evollcios informaciok felhasznalasaval javitja tovabb a
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predikciokat [85]. A CAID kiértékelte a rendezetlen kotorégioik joslasara szolgélod
modszerek teljesitményét is, a DisProt kotérégiokra vonatkozd annotacidit hasznalva
teszthalmazként [81]. Ez az adathalmaz kevesebb mint 250 fehérje régiot tartalmazott,
azonban még ezek az annotaciok is gyakran hidnyosak illetve pontatlanok voltak. A
kategoriaban minddssze tiz mddszer szerepelt, és a probléma nehézsége a modszerek
viszonylag szerényebb teljesitményében is tiikrozodott.

Az utobbi idoben tobb modszer is bdvitette a rendezetlen fehérjék funkcionalis
jellemzésére hasznalhatdo modszerek korét. Egy 1) modszer a bolyhos (fuzzy) fehérjék
kolesonhatéasi régidt ismeri fel a szekvenciabdl [86]. A DisoRDPbind ¢és az ujabb
DeepDISOBind tobbszintli gépi tanuldsos eljaras alapjan josol nemcsak fehérjekoto-,
hanem DNS és RNS koté rendezetlen szegmenseket is [87]. A DisoLipPred mddszer
célja a lipidet kotd részek azonositasa a rendezetlen fehérjéken beliil [88]. A linker
régiok egy masik alapvetd kategériat jelentenek a rendezetlen fehérjék funkcidin beliil.
Ezek felismerésére specializalédott a DFLpred és az APOD moddszek [89,90].
Osszességében, ez a teriilet kevésbé kiforrott a rendezetlenség predikciokhoz képest is.

2.7 A rendezetlen fehérjék altalanos jellemzése

Az elmult évek erdfeszitései ellenére a kisérletesen jellemzett rendezetlen
fehérjék szama még mindig erésen limitalt, mivel specidlis tulajdonsadgaik nagyban
megnehezitik részletes vizsgalatukat. Ugyan torténtek erdéfeszitések a rendezetlen
fehérjék nagyskalas feltérképezésére [91,92], ezek egyelére nem valtottdk be a
hozzajuk fizétt reményeket. A kiilonbozd bioinformatikai moddszerek, koztiik az
IUPred és az ANCHOR, azonban lehetdséget teremtenek a rendezetlenség nagyobb
1éptékii vizsgalatara. A rendezetlenség predikcios modszerek a szerkezet meghatarozasi
folyamat szerves részévé valtak, lehetové téve a fehérje konstrukciok optimalizalasat
[93]. A rendezetlenségre vonatkozd informacié fontos kiindulopontja a sotét
proteomhoz tartozé fehérjék (olyan fehérjék, melyek nem modellezheték a jelenleg
ismert szerkezetek alapjan) jellemzésének is [94]. Ezt felismerve, a fehérjék kdzponti
adatbazisa, a Uniprot is kdzzétesz rendezetlenségre vonatkozd informéaciot, az IUPred-
et is magaban foglal6 MobiDB-lite konszenzus modszer alapjan [95]. Ezek mellett az
alapvetd fontossagi alkalmazisok mellett, a predikcidos modszerek azt is lehetdvé
tettek, hogy betekintést nyerjiink a rendezetlen fehérjék altalanos tulajdonsagaiba is.

A rendezetlenség altalanosan elfogadotta valasahoz nagyban hozzajarult, hogy a
kiilonb6z6 genom szekvencidk altal kodolt fehérjék vizsgalata alapjan széles korben
elterjedt jelenségrdl van szo. A legelsd elemzés 34 genomot vizsgalt a PONDR csalad
modszereivel, meghatarozva a teljesen rendezetlen, illetve a legalabb 30 (illetve 40 és
50) hosszt rendezetlen régidt tartalmazo fehérjék aranyat [96]. A késObbiek soran mar
joval tobb genomot vizsgaltak, mas eszkozokkel is, azonban az 4ltalanos tendenciak
nem valtoztak. Eszerint a rendezetlen fehérjék az életfa minden agan jelen vannak és
elofordulasuk erésen korelldl az organizmusok komplexitasaval [97,98]. A
DISOPRED2 modszer alapjdan a hosszi (>30 aminosav hosszi) rendezetlen
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szegmensek az archea fehérjék 2,0%-aban, az eubakteridlis fehérjék 4,2%-aban és az
eukaridta fehérjék 33,0%-aban fordul elé [18]. Az E. coli és az S. cerevisiae teljes
proteomjanak elemzése az IUPred programmal hasonldé eredményekre vezetett.
Eszerint, az ¢leszt6-proteom lényegesen tobb rendezetlen szegmenst tartalmaz, mint az
E. coli, a fehérjék ~50%-a, illetve 15%-a tartalmazott rendezetlen szakaszokat [99].
Erdekes modon a virusfehérjék, kiilonosen az RNS-virusok fehérjéi kozott is gyakoriak
a rendezetlen fehérjék [100]. Példaul a SARS-CoV-2 virusban a rendezetlen régiok
fontos szerepet jatszanak a virusgenom csomagolasaban [101]. Osszességében, a
fehérje rendezetlenség az evolucid fontos taldlmanya [102], amely bizonyos tipusu
funkciokban jelentds elonydket biztosit a globularis doménekkel szemben.

A bioinformatikai elemezésekkel lehetett jellemezni a rendezetlenséghez
kapcsolddo specifikus funkcidkat is. A génontologiai annotaciok ¢és a SwissProt
adatbazis kulcsszavainak elemzése hasonld eredményekre vezetett, és megerdsitette a
rendezetlenség fontos szerepét jelatviteli és szabalyozd folyamatokban [18,103]. A
rendezetlenség hianyaval leginkabb az enzimkatalizishez kapcsolodod funkcionalis
kulcsszavak korrelaltak. Az Gjabb vizsgalatok szerint a rendezetlenséghez kapcsol6do
fo funkcionalis kategoriak a differenciacid, transzkripcidé ¢és szabalyozasa,
spermatogenezis, DNS kondenzéacio, sejt ciklus, mRNS processzalds ¢és splicing,
mitozis és apoptozis [104]. A rendezetlenség gyakori a sejtmag fehérjéi kozott, és a
membran-nélkiili organmellumokban is. A rendezetlen fehérjék megndvekedett
kolesonhatési potencidlja megmutatkozott fehérje interakcios halozatok vizsgélatin
keresztiil is [105,106]. Az alternativ splicing révén létrejovd izoformak rendezetlen
részei hozzajarulnak a kdlcsonhatdsi halozatok szovetspecifikus ujrahuzalozasdhoz is
[107]. Egy fontos eredmény volt annak megmutatdsa, hogy a rendezetlen fehérjék
szintje szorosan szabalyozott, transzkripcios, RNS- és fehérje szinten is [108].

A rendezetlen fehérjék specidlis funkciondlis és szerkezeti tulajdonsagai
evoltcids tulajdonsagaikban is tiikrozédnek. Altalanossagban, a rendezetlen fehérjék
esetén a szerkezeti megkotések hianya nagyobb evolucids valtozékonysagot tesz
lehetévé, ami megmutatkozik magasabb evoluciés ratajukban is [108,109]. A
részletesebb vizsgalatok azonban ennél arnyaltabb képet mutattak, harom lehetséges
szcenariot felvazolva [110]. Az els6 esetben sem a rendezetlenség, sem a szekvencia
nem konzervalt, ami a faj illetve kladspecifikus funkciondlis modulok megjelenéséhez
tarsul. A masodik esetben a szekvencia nem konzervalt, de a rendezetlenség megmarad.
Ugyanakkor a rendezetlen részeken a szekvencia illesztések miatti nehézségek miatt
gyakran rejtve marad, hogy ezeken beliill is megjelenhetnek egyéb specifikus
molekuléris jellemzOk amelyek megdérzddnek az evolicid soran, példaul linearis
motivumok kulcspozicidi, vagy poszttranszlacios modositasok helyei [111]. A
harmadik szcenarié az, amikor a rendezetlen régiokra jol detektalhato, szekvencialisan
erds konzervaltsag jellemzd. Ennek példdjaként tobb olyan linearis motivum ismert,
melyek akar az Osszes eukaridta fajon ativeld konzervaltsigot mutat [112], de
talalhatunk konzervalt rendezetlen szegmenseket a PFAM szekvenciacsalddok kozott is
[113]. Ezeknek a konzervalt rendezetlen szakaszoknak az egyik lehetséges funkcidja a
DNS- és RNS-kotés, de tobb szomszédos €s/vagy egymasba dgyazott linearis motivum
is alkothat domén-méretli evolicidosan konzervalt funkcionalis modult [110,114].
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Osszességében, a rendezetlen szegmensek aminosavainak esetében az evollcids
kényszerek ugyanolyan erdsek lehetnek, mint a globularis domének funkcionalis
pozicioi esetében, ami aldtdmasztja alapvetd bioldgiai jelentdségiiket.

A rendezetlen fehérjék funkciondlis jelent6sége alapjan feltételezhetd, hogy
hib4as miikddésiik komoly biologiai kovetkezményekkel jar [115]. Ezt a kapcsolatot
erositik egyedi példak is, példaul az a-szinuklein neurodegenerativ betegségekben, a
p53 a raktipusok széles skaldjan, vagy a CFTR fehérje a cisztikus fibrézis betegségben
betdltdtt szerepe [116]. Altalanosabb szinten is, a rendezetlen fehérjék nagyobb aranyat
figyelték meg a rakhoz kapcsolodd fehérjék kozott. A SwissProt adatbazis adatai
alapjan a rdkhoz tarsithaté human fehérjék 79%-a volt rendezetlen, szemben az sszes
eukariota fehérje 47%-aval [117]. Hasonl6 eredményre vezetett egyéb betegsegek
vizsgalata is [118]. A rak és a rendezetlenség kozotti kapcsolatot erdsitette rak
kiilonb6z6 formaiban gyakori kromoszoma atrendezddések vizsgalata, melyek gyakran
érintenek rendezetlen régidkat [119]. A rendezetlen fehérjék nagyobb aranyat figyelték
meg a dozisérzékeny fehérjék kozott [120], dsszhangban azzal, hogy a rendezetlen
fehérjék, kolesonhatdsi promiszkuitasuk és fazisszeparacidoban jatszott szerepiik miatt,
sokkal érzékenyebb lehetnek a fehérjeszint valtozasara [120,121]. Megmutattak, hogy a
rakos mutaciok eléfordulhatnak rovid linearis motivumokon beliil [122], és leirtak egy
konkrét esetet, ahol a muticid révén kiakalakult 1) kolcsonhatdsi motivum vezetett
tumorigenezishez [123]. Mindezen vizsgélatok ellenére, néhany kivételtdl eltekintve,
még most sem ismerjiilk pontosan a rendezetlen fehérjék szerepét a rak kialakuldsaban.
Ennek a kapcsolatnak a feltérképezését 0j szintre emelheti a rak genom projektek révén
egyre nagyobb mértékben rendelkezésre 4116 mutacios adatok vizsgalata [124].
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3 CELKITUZESEK

Kutatasom sordn alapvetd célkitlizésem a rendezetlenség vizsgalataval kapcsolatosan 1)
bioinformatikai eszk6zok kifejlesztése volt, illetve ezek alkalmazasa a rendezetlen
fehérjék funkciondlis €és betegséggel kapcsolatos tulajdonsdgainak jobb megértése
érdekében. Ezeket, a kozlemények idorendi megjelenését nagyjabol kovetve, 4 fébb
célkitlizésben foglaltam Gssze:

1.

Rendezetlenség predikcios eljaras kifejlesztése egy ujfajta energia becslo eljaras
alapjan
a. Az energiabecsld eljaras kifejlesztése és alkalmazdsa rendezett és
rendezetlen fehérje szekvencidk megkiillonboztetésére
b. Az energiabecslés alapjan a rendezetlenség predikciora szolgald IUPred
modszer kifejlesztése
c. Az IUPred modszer elérhetdvé tétele webszerveren keresztiil

A rendezetlen fehérjék kolcsonhatdsainak jellemzése az interaktom és a
komplexek szintjén
a. A rendezetlenség szerepének vizsgdlata a fehérje kolcsonhatasi
halézatok kdzponti fehérjéiben
b. A rendezetlen fehérje kdlcsonhatdsok molekularis alapelveinek feltarasa
a rendezetlen és rendezett fehérjék kozotti komplexek szerkezetének
elemzése révén

Predikcids modszer kifejlesztése a rendezetlen kotdhelyek felismerésére
a. A rendezetlen kotOhelyek predikcidjara szolgdlo ANCHOR modszer
kifejlesztése
b. Az energiabecslésen alapuldo [UPred és ANCHOR modszerek elérésének
biztositasa modern webszerver és programcsomag formajaban

A rak ¢és a rendezetlenség kapcsolatanak vizsgéalata mutacios adatok alapjan
a. Kiilonb6zé mutéacidk eloszlasanak vizsgdlata rendezett és rendezetlen
fehérje szegmensek kozott
b. A rakban gyakran mutal6do rendezetlen fehérje szegmensek azonositasa
¢s ezek funkciondlis és rendszer-szintli tulajdonsdgainak elemzése
c. A rékban mutalodo rendezetlen fehérje szegmensek evolicié eredetének
vizsgalata
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4 MODSZEREK

Kutatasaimhoz a szerkezeti bioinformatika széles eszkoOztarat hasznaltam,
tobbek kozott szekvencia illesztést és keresést, illetve kiilonb6zd szekvencia alapt
predikcidos modszereket. Nagyban tamaszkodtam a fehérjék kézponti adatbazisara, a
UniProt-ra [125], a fehérje térszerkezeti adatbazisra, a PDB-re [126], illetve kiilonb6zd
rendezetlenséghez kapcsolodd adatbazisokra, koztiik a DisProt adatbazisra [52]. A
rendszerszintli vizsgalatokhoz elsdsorban GO annotdciokat [127] és fehérje-fehérje
kolesonhatési adatbazisokat, példaul az IntAct [128] adatait hasznéltam fel. A mutacids
adatokhoz a COSMIC adatbazist [129] és a UCSC Genome Browsert hasznaltam [130].
Elemzéseinkhez alapvetdn sajat készitési programokat hasznaltunk, melyeket C, Perl
¢s PYTHON nyelven irtam illetve irtunk. Eredményeim jelentés részét képezi
predikciés modszerek kifejlesztése, aminek soran nagy gondot forditottam a megfeleld,
fiiggetlen adatokon torténd tesztelésre. A predikcidos modszerek alkalmazasaval kapott
eredmények megerdsitése érdekében gyakran alkalmaztam tobb kiilonb6zd programot,
vagy ezek konszenzusat. A Dbioinformatikai elemzések soran kapott altalanos
megfigyeléseket igyekeztem egyedi példdkon és irodalmi adatokon keresztiil is
aldtdmasztani. Fontos kiildetésiinknek tekintjiik, hogy az altalunk készitett modszereket
¢s adatszetteket hozzaférhetové tegyiik a tudomanyos k6zdsség szamara is, ezért tobb
webszerver és adatbazis kifejlesztésében is részt vettiink, az itt kozolt eredményeken
tulmendleg is [28,52,131-133]. Az alkalmazott mddszerek és eszk6zok részletes leirasa
a csatolt kozleményekben talalhato.
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5 EREDMENYEK

Az itt bemutatott eredmények majdnem htisz év munkéssaga soran elért legfontosabb
eredményeit foglaljak Ossze a rendezetlen fehérjék bioinformatikai vizsgéalatanak
teriiletén. Ezek alapjaul 11 eredeti kdzlemény szolgalt, melyek mindegyikében
meghatarozo (elsé vagy utolsd) szerz6 voltam. Az egyes alfejezetek mogotti szamok
jelolik a sajat kozlemények megfeleld hivatkozasat.

5.1 Rendezetlenseg predikcio
5.1.1 Az energia becsld eljaras (1)

A rendezetlenség predikciok kezdeti idoszakdban még sok bizonytalansag
Ovezte az Gjonnan felfedezett jelenséget, €s viszonylag kisszamu, zajos halmaz allt csak
rendelkezésre vizsgalatukhoz, ami nagyban megnehezitette megfeleld predikcios
modszerek készitését. Eppen ezért megkozelitésiink egyik nagy elénye volt, hogy mi a
globularis fehérjek alapvetd tulajdonsagaibol indultunk ki. Ezeknek a szerkezeteknek a
1étrejotte feltételezi a lancon beliili energetikailag kedvezd kolcsonhatasok kialakitasat,
amelyek Osszességében képesek kompenzalni a fehérje feltekeredéssel egyiitt jard
entropia veszteséget. Azonban nem minden aminosav szekvencia képes egy ilyen jol
definidlt szerkezet kialakitasara. A mi alapvetd feltételezésiink az volt, hogy azok a
fehérjek, vagy fehérje szegmensek, amelyek olyan aminosavbol éallnak, amelyek nem
képesek elegend0 energetikailag kedvezd kolcsonhatas  kialakitdsara, azok
rendezetlenek lesznek.

Az energia értékeket ismert fehérje térszerkezetekbdl szamoltuk durvaszemcsés/
alacsony felbontdsi megkozelitést haszndlva, ahol az egyes aminosav parokhoz
rendeliink kdlcsonhatasi értékeket. A parkdlcsonhatasi energia szamoldshoz Thomas és
Dill algoritmust hasznaltuk [41]. A kapott 20x20-as energiamatrix értékei jellemzik,
hogy mennyire szeret két aminosav kontaktust kialakitani az ismert térszerkezetekben.
Ezek az energia-jellegli mennyiségek altalaban jol leirjdk az olyan alapvetd
Osszefiiggéseket, mint példdul hogy a hidroféb aminosavak gyakrabban alkotnak
kolesonhatasokat a szerkezeten beliil, vagy hogy az azonosan toltétt aminosavak
kontaktusa energetikailag kedvezétlen. Ezekrél a tényezokrdl ismert volt, hogy
fontosak a rendezett és rendezetlen fehérjék megkiilonboztetésében [65]. Az eredeti
algoritmus alapjan az energia értékeket ujraszamoltuk egy, az eredetinél joval nagyobb
adatbazison. Ez alapjan a szerkezet minden pozicidjahoz rendelhetiink egy
parkolcsOnhatasi energiat az aminosav szekvencia és a hozza tartozé konformacid
fliggvényében, 0Osszegezve a statisztikus potencial matrix megfeleld elemeit a
kontaktusban 1év6 aminosavakra.

A statisztikai potencidlok alkalmazdsa sordan a szamitdsok mindig egy
meghatarozott konformaciora vonatkoztak. Azért, hogy til tudjunk Iépni ezen a
megkotésen, kidolgoztunk egy energiabecsld eljarast, amely kozvetleniil a
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szekvenciabol képes meghatdrozni egy adott szekvencidhoz tartozd parkdlcsonhatési
energiat. Az energiabecslo eljaras soran azzal a durva feltételezéssel éliink, hogy egy
adott pozicid energidjat alapvetden az adott aminosav és a szekvencialis kornyezetében
1évé aminosavak tipusa hatdrozza meg. A feltételezésiink szerint, hogy ha egy adott
fehérje szekvencidja olyan aminosavakbol all, melyek kedvezdbb kolcsonhatasokat
tudnak kialakitani a szekvencidlis kornyezetiikben 1évé mas aminosavval, akkor annak
varhatéan kedvezdbb lesz az energiaja. Matematikailag a legegyszertibb formula, ami
ezt le tudja irni az egy kvadratikus kifejezés az aminosav Osszetételre nézve, aminek a
kulcsa egy 20x20-as energia prediktor matrix. Ennek elemei kapcsolatot teremtenek az
aminosav Osszetétel vektor tagjai és a varhatd energia kozott az aminosav tipustol
fliggben. Az energia prediktor matrix elemeit a legkisebb négyzetek moddszerével
hataroztuk meg, minimalizadlva a szerkezetbdl szamolt energidk és a szekvenciabol
becslilt energiak eltérését az adatbazisban lévd fehérjék Osszes pozicigjat figyelembe
véve.

A szekvencia és az energia prediktor matrix alapjan tetszOleges fehérje
energiajat meg tudjuk becsiilni. Megmutattuk, hogy az ismert szerkezettel rendelkezd
fehérjék esetén a szamolt és a becsiilt energidk jol korrelaltak egymassal (12 érték 0.58,
korrelacié 0.76) (4. abra). Tovabba azt is igazoltuk, hogy fehérje szinten a rendezett
fehérjék becsiilt energiaja altaladban kedvezd (negativ) volt, ehhez képest a rendezetlen
fehérjékre az esetek dontd tobbségében magasabb energia volt jellemzd (4. dbra). Ezek
az eredmények alatamasztottdk a feltételezést, hogy a rendezett és rendezetlen fehérjék
megkiilonboztethetéek a becsiilt parkdlcsonhatdsi energidjuk alapjan, és ramutatott a
fehérje rendezetlenség fizika alapjara.
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4. abra. A globularis fehérjék szerkezete alapjan szamolt és a szekvenciajuk alapjan becsiilt
energiak korrelacidja (bal). A becsiilt energia a globularis (piros) és rendezetlen (kék)
fehérjékre szekvenciahosszuk fiiggvényében. Minden pont egy fehérjét jelol.
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5.1.2 Az IUPred modszer (1)

Az energiabecsld eljaras gyakorlati hasznalhatdésdgahoz fontos volt, hogy
predikcid pozicid specifikus legyen. Ennek érdekében kismértékben modositottuk az
eljarast. Mivel sok fehérje nem teljesen rendezett vagy rendezetlen, minden poziciot
kiilon tekintettiink és az aminosav Osszetételt is kiillon szamoltuk minden poziciora, a 2-
100 szekvencidlis tavolsagban 1évé aminosavat figyelembe véve, ami nagyjabol
megfelel egy atlagos domén méretnek. Ezek alapjan Gjraszamoltuk az energiabecsld
matrixot is. Az igy kapott energia értékeket simitottuk egy 21-es ablakkal. A globuléris
fehérjék eloszlasabol meghataroztuk az 5%-os fals pozitiv predikcids értéket, vagyis azt
az értéket, ahol a rendezett halmazbol a pozicidok 5%-a rendelkezett ennél magasabb
becsiilt energia értékkel. Az ennél magasabb becsiilt energiaval rendelkezd poziciokat
tekintettiik rendezetlennek. A két eloszlas alapjan a becsiilt energia értékeket 0 és 1
kozotti értékké konvertaltuk ugy, hogy a 0,5 feleljen meg a 5%-os fals pozitiv értéknek.
Az itt leirt modszert [UPrednek neveztiik el.

Az TUPred moédszer a rendezetlen fehérje poziciok 76%-at josolta helyesen
rendezetlennek. Az altalunk végzett tesztelés megerdsitést nyert szdmos fliggetlen
értekelés soran is [72,134]. A moddszer Osszességében minddssze 212 paraméterre épiil
(a szimmetrikus energia prediktor matrix 210 tagja, plusz a szekvencialis dsszetétel és a
simitas ablakmérete). A modszer egyik legfobb erdssége, hogy a paraméterek pusztan
globularis fehérje szerkezetekbdl lettek szarmaztatva, rendezetlen fehérjékre vonatkozo
informdaciok felhasznalasa nélkiil.

Az IUPred modszer kifejlesztésénél a 6 cél a hosszabb, nagy valdsziniiséggel
biologiai funkcidval rendelkezd rendezetlen szegmensek azonositdsa volt. Azonban a
moddszer egyéb specifikus alkalmazdsokat is lehetdvé tesz, a paraméterek kismértékii
modositasdval. Az egyik ilyen valtozat az tugynevezett rovid rendezetlen régiok
azonositasara szolgél, mint amilyenek példaul a rontgen szerkezetekbdl hianyzo régiok.
Az ilyen szegmensek azonositasdra csak a legfeljebb 25 aminosavra 1évo
aminosavakbdl 4ll6 szekvencidlis kornyezetet vettiik figyelembe, és ennek megfelelden
modositottuk az energia predikcids matrixot. Az altalanos megfigyelések szerint a rovid
rendezetlen régiok nagyobb valoszinliséggel fordulnak elé a termindlis régidkban, ezt
egy Uj taggal vettik figyelembe, ami megnoveli a rendezetlenségi tendenciat a
szekvencia végeken. Egy masik lehetséges alkalmazési teriilet a szerkezet
meghatdrozasnal a lehetséges targetek kivalasztasa. Ennek sordn a nagyobb szerkezeti
egységek, elsdsorban globularis domének azonositdsa a cél a predikcios profilbol.
Ehhez eldszor azonositjuk a tisztdn rendezetlen és rendezett szegmenseket, majd a
szomszédos régiokat Osszevonjuk, illetve a 30 aminosavnal révidebb globularis
részeket figyelmen kiviil hagyjuk.

Az TUPred modszer mind a mai napig az egyik legnépszeriibb rendezetlenség
predikcidés modszer. Ennek oka abban kereshetd, hogy gyorsan, viszonylag megbizhato
predikciokat képes generalni. A modszer beépiilt szamos egyéb web-szerverbe, példaul
PFAM, ELM ¢s PDB adatbazisokba ¢€s részét képezi tobb konszenzus rendezetlenség
joslé modszernek is [135]. Az elmult években szdmos j modszert fejlesztettek ki a

22



doszt anyi . zsuzsanna_45 22

rendezetlenség joslasara, ezek azonban altaldban tobb nagysigrenddel lassabbak, és
ezaltal is csak kismértéki javulast lehet elérni [81,136].

5.1.3 Az IUPred webszerver (2)

Az IUPred modszer sikeréhez az is nagymértékben hozzajarult, hogy konnyen
elérhetdve tettiilk webes feliileteken és programcsomag formdjaban is. Az IUPred
webszerver eredeti verzidja a http://iupred.enzim.hu oldalon volt elérhet6. Magat a
programot C programnyelven irtam, a webszervert pedig PHP nyelven készitettem el. A
webszerver bemenete egy fehérje szekvencia (FASTA formatumban, vagy csak a sima
szekvencia). A kimenet minden egyes pozicidoban 1évé aminosavhoz rendel egy értéket
ami jellemzi annak rendezetlenségre vald hajlamét. Ez az érték 0 (teljesen rendezett) és
1 (teljesen rendezetlen) kozott lehet, altalanossagban 0,5-0s érték felett tekintiink egy
aminosavat rendezetlennek. Harom, kis mértékben eltérd paramétereket haszndld opciod
koziil valaszthat a felhasznald (hosszl, rovid €és rendezett domén). Az alapbeallitas
egyszerli szoveges (text) kimenet, de a grafikus megjelenités is valaszthato. Ezt a
beadott szekvenciara a szerver azonnal legeneralja a JpGraph software (JpGraph, 2005)

crer

5.2 A rendezetlen fehérjék kolcsonhatasainak jellemzése

5.2.1 A rendezetlenség szerepe a fehérje kdlcsonhatasi halozatok kozponti
fehérjéiben (3)

Korabbi megfigyelések arra utaltak, hogy a rendezetlen fehérjék egyik f6
funkcidja fehérje-fehérje kolcsonhatasok kialakitdsa. Szamos olyan példa ismert, ahol a
rendezetlen fehérje szegmens felelds a kolcsonhatas kialakitasaért, akar tobb kiillonbozo
partnerrel is. Felmertilt a kérdés, hogy van-e 0sszefliggés egy fehérje kdlcsonhatasainak
szama ¢s szekvencidlis tulajdonsagai, mint példaul fehérje rendezetlenség, vagy
alacsony komplexitasu régiok megléte kozott. Munkankban négy faj, a Saccharomyces
cerevisiae, Drosophila melanogaster, Caenorhabditis elegans ¢€s Homo sapiens
publikusan elérhetd fehérje interakcios haldzatara vonatkozé adatok alapjan vizsgaltuk
szisztematikusan ezt a kérdést. A fehérje rendezetlenség jellemzésére az IUPred
szoftvert hasznaltuk. Emellett vizsgaltuk az alacsony komplexitasti szegmensek (SEG
modszerrel [137]), illetve az ismétlodo szekvencia elemek meglétét [138].

A fehérje kolcsonhatasi haldzatok 4ltalaban skalafiiggetlen viselkedést
mutatnak, ahol a partnerek szama, az Gigynevezett fokszam eloszlas, hatvanyfiiggvényt
kovet [139]. Az ilyen tipusu halozatokban a legtobb csomodpont néhany magas
fokszamu csomdponthoz (hubokhoz) kapcesolodik, amelyek kdzponti szereppel birnak a
halozat szervezddésében. A mi eredményeink is igazoltak, hogy a négy faj esetén a
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kolcsonhatési halozat jol kozeliti a skalafiiggetlen a viselkedést, és hogy viszonylag kis
szamu fehérje a tobbihez képest joval tobb partnerrel rendelkezik. Legfontosabb
eredményilink az volt, hogy megmutattuk, hogy ezen kozponti fehérjék esetében
magasabb volt a rendezetlen aminosavak szama és aranya is. Valamivel kisebb
mértékben, de hasonld tendencia volt megfigyelhetd az alacsony komplexitasq, illetve
1smétlédo szekvencia elemek esetében is, illetve a hub fehérjék altalaban hosszabbak is
voltak. Mivel a kozponti fehérjék azonositdsa nem egyértelmi, kétfajta definiciot is
hasznaltunk a hub fehérjék azonositasara, és megmutattuk, hogy ez az eredményeket
nem befolyésolja. Hasonl6 eredményekre jutott Haynes és szerzotarsai a PONDR VL-
XT rendezetlenség joslé modszerrel [106].

Eredményeink arra mutattak, hogy a kdlcsonhatasi halézatokban 1évd kozponti
fehérjék egyik meghatarozoé jellemzoje a fehérje rendezetlenség. A héloézat biologiaban
altalanosan elfogadott nézet szerint a fehérje kolcsonhatasi halozatok skalafiiggetlen
jellege génduplikaci6 és a preferencidlis kapcsolddas eredménye [140,141]. Az altalunk
javasolt alternativ magyarazat a bioldgiai halozatok egy kifinomultabb evolucios
modelljére épiil. Eszerint a kdlcsonhatési halozatok evolucidja sordn eldnyt jelentett az,
hogy egyes fehérjék novelni tudjak képességiiket mas fehérjékkel vald kolcsonhatasra
¢és ezaltal a haldzat szervezddéséhez kapcsolodo funkciokra specializalodnak. Ennek
egyilk mechanizmusa a fehérje rendezetlenségre épiil. A rendezetlen fehérjék
tulajdonsagai, példaul nyujtott konformacidja, ami konnyen hozzéaférhetd a partnerek
szamara, illetve flexibilitdisuk és plaszticitdisuk, ami lehetdvé teszi, hogy
alkalmazkodjanak akar kiilonb6z6 partner molekula kotéfelszinéhez, hozzésegiti ezeket
a fehérjéket a nagyobb szamu kolcsonhatas kialakitasahoz [121].

5.2.2 A rendezetlen fehérje kolcsonhatasok molekuléris alapelvei (4)

A fehérje kolcsonhatasok molekuldris alapelveinek feltarasa alapvetd
fontossagi a fehérjék biologiai funkcigjanak megértéséhez, melybe betekintést
kaphatunk kialakult komplexek térszerkezetének vizsgalatdval. Ennek megfelelden,
tobb kozleményben is elemezték a globularis fehérjék kolcsonhatasi felszinének
tulajdonsagait [142—144]. Ezekben leirtdk, hogy altalanossagban az interfész nagysaga
1000A2, a felszin tobbi részéhez képest magasabb hidrofobicitassal rendelkezik és tobb
esetben megfigyelték evoluciésan konzervalt és a kolcsonhatasi energiaja
szempontjabol kulcsfontossagu poziciok meglétét. Geometriai szempontbdl eltéréseket
talaltak a kiilonb6zo tipustt komplexek kozott, mint példaul hetero- ¢s homodimerek,
vagy enzim-inhibitor komplexek, amit 6sszefiiggésbe le hetett hozni eltéré funkcionalis
szerepekkel. Nussinov €s mktsi tobb kiilonb6zo fehérje osztalyt vizsgalt, melyek kozott
voltak mar rendezetlen fehérjék is, bar rendkiviil kis szdmban [145]. Megallapitottak,
hogy az egy aminosavra jutd kolcsonhatasi felszin nagyobb a rendezetlen fehérjék
komplexeinél és hogy a hidroféb aminosavak nagyobb ardnya keriil eltemetésre a
kolcsonhatas soran. Hasonld eredményre jutott Mohan és kollégai [53], 6k azonban
olyan fehérje parok szerkezetét vizsgaltak ahol az egyik lanc rovid volt (kevesebb mint
70 aminosav), ami nem jelentett garanciat a rendezetlenségre.

Munkéank volt az elsd, ami direkt mdédon kisérletesen igazolt rendezetlen
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fehérjéken alapult. A DisProt adatbdzis [146] alapjan 39 olyan kisérletesen igazolt
rendezetlen fehérjét gyujtottiink Ossze, aminek ismert volt a szerkezete valamilyen
masik fehérjéhez kotddve. Ezek interfészét hasonlitottuk Ossze 72 globularis fehérje
komplex kolcsonhatasi felszinével. Elemzésiink soran azt talaltuk, hogy bar a két fajta
komplex esetén a kolcsonhatasi felszin mérete nem tért el jelentésen, rendezetlen
fehérjék esetén ez joval nagyobb részét képezte a felszinnek. A globuldris fehérjék
komplexeihez képest, a rendezetlen fehérjék interfészére magasabb hidrofobicitas volt
jellemezd, relativ és abszolut értelemben is. A kolcsonhatasok tekintetében is a
hidrofob-hidrofob kdlcsonhatasok dominaltak a polaros aminosavak kolcsonhatasaihoz
viszonyitva. A rendezetlen fehérje komplexeiben a két lanc k6zott nagyobb szdmban
alakultak ki atomi kontaktusok, ami arra utal, a rendezetlen fehérje jobban tud idomulni
a partner fehérjéhez. A kolcsonhatas két modja abban is kiilonbozott, hogy a
rendezetlen fehérjék esetén jellemzden egyetlen folytonos szegmens alakitotta ki a
kolcsonhatast. Ezzel szemben a globularis fehérjék esetén tobb, a folding soran
egymashoz kozel keriild, de a szekvencia kiilonb6z6 részein 1évo szegmens alakitja ki a
kolesonhato felszint. A molekularis eltérések megmutatkoztak a kolcsonhatési
energidkban is. Az [UPred modszernél is hasznalt statisztikus potenciallal szamolva, a
rendezetlen fehérjék sokkal tobb stabilizdld energiat nyertek a intermolekularis
kontaktusok révén mint a folding sordn. Osszességében, a komplexek két osztilya
kozotti eltérések arra utalnak, hogy molekulédris felismerés alapelvei eltéréek a
rendezetlen fehérjék altal kialakitott kdlcsonhatasok esetében.

5.3 A rendezetlen kotohelyek predikcioja

5.3.1 Az ANCHOR mddszer (5, 6)

A rendezetlen fehérjék komplexeinek specidlis fiziko-kémiai €és szegmentacios
tulajdonsagai eldrevetitették, hogy a rendezetlen fehérjék esetén lehetséges a
kolcsonhatasban résztvevOd aminosavak predikcidja a szekvenciabol. Megkozelitésiink
ezeket a specidlis biofizikai tulajdonsagokat probalja megfogni a IUPred metddusban is
hasznalt energiabecsld eljaras alapjan. A rendezetlen kotérégiok egyik fo jellemzdje,
hogy azok egy alapvetden rendezetlen részen beliil talalhatoak. Ez a tulajdonsag
kozvetleniil jellemezhetd az IUPred modszer alapjan. A masik {6 jellemzdjiik, hogy bar
sajat szekvencialis kornyezetiikkel nem, de specidlis globularis fehérjéhez kotddve
kedvez6 kolcsonhatast tudnak kialakitani. Ennek modellezéséhez meghatarozhatjuk azt
a becsilt energiat, ami az adott aminosav a kdzvetlen szekvencidlis kdrnyezetével tudna
létrehozni, illetve azt, ami egy atlagosan globularis fehérjéhez kotddve tudna elérni. Az
altalunk kifejlesztett modszer, amit ANCHOR-nak neveztiink el, ezen tényezdk
kombinacidja alapjan josol rendezetlen kotOhelyeket a szekvencidbdl. A modszer
tovabbfejlesztett valtozata, az ANCHOR2 kissé eltérd architekturdra épiilt, amiben
figyelembe vettiink egy minimalis energia-nyereséget ¢és atlagos rendezetlenségi
tendenciat, amellyel egy aminosavnak rendelkeznie kell ahhoz, hogy rendezetlen
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kotohely legyen. Ezek révén jobban ki tudtuk sziirni az ANCHOR predikcional
eléforduld eseteket, ahol akkor is josolt rendezetlen kotdhelyeket, amikor a
rendezetlenség kritériuma nem teljesiilt, de az energia nyereség nagy volt. A
paraméterek egy részének optimalizalasahoz mar timaszkodhattunk a DIBS adatbézisra
is, mely nagyobb szdmban tartalmazott rendezetlen kotéhelyeket [28]. Ugyanakkor a
paraméterek dontd tobbsége tovabbra is a korabban kifejlesztett energiabecslo eljarason
alapult.

Az ANCHOR modszer a globularis fehérjéken mért 5% fals predikcios rata
mellett, 67%-o0s hatékonysaggal tudta josolni a rendezetlen kotohelyek aminosavait, de
szegmens szinten a rendezetlen kotéhelyek 70%-at helyesen felismerte. Tobb mas, gépi
tanulason alapulé modszerrel szemben, mi nem tételeztilk fel, hogy a rendezetlen
fehérjék nem annotéalt része nem tartalmaz rendezetlen kotohelyet. Ugyanakkor
modszeriink a DisProt adatbazisban annotalt rendezetlen fehérje szegmensek kevesebb,
mint 50%-at josolta kotdhelynek, tehat az altalanos rendezetlen részektdl is meg tudta
kiilonboztetni a kotOhelyeket. Megmutattuk, hogy a moddszer hatékonysagat nem
befolyasolja nagymértékben a kolcsonhatdsban résztvevd aminosavak tipusa, illetve a
szerkezetben felvett masodlagos szerkezet tipusa sem. Hosszabb rendezetlen részeken
altalaban nem a teljes szegmenst, csak azoknak egyes részeit ismeri fel, melyek
altalaban erdsebb kolcsonhatast alakitanak ki. Az ANCHOR2 moédszer joval nagyobb
adatszetten hasonlo eredményt ért el: 64%-os hatékonysaggal tudta josolni a
rendezetlen kotéhelyek aminosavait, de szegmens szinten a rendezetlen kotdhelyek
72%-at ismerte fel helyesen.

A rendezetlenség predikcids modszerekhez képest szerényebb eredmények
ellenére, az ANCHOR ¢és ANCHOR2 modszerek a rendezetlen fehérjék funkcionalis
helyeinek jellemzésének alapvetd eszkozeivé valtak [107,115]. Ezt igazolta a CAID
értékelés eredménye is, ahol a fiiggetlen adatokon az ANCHOR moddszer bizonyult a
legjobbnak a rendezetlen kotorégiok azonositasaban [81] (5. abra).
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Figure 5. CAID eredménye a rendezetlen kotdhelyek predikciojara. A rendezetlen kotérégiok
predikciojanak kategoridjaban az ANCHOR2 és ANCHOR modszerek bizonyultak a
legjobbnak [81] .

5.3.2 Az energiabecsld eljarason alapuldo modszerek webszervere (6, 7, 8)

2017-ben a szervert atkoltoztettiik az ELTE-re, és elkészitettiik a webszerverek
Uj verziojat, az IUPred2A-t (6). Ebben egyesitettiik az energiabecslésen alapul6
modszereink - az IUPred és az ANCHOR - elérését. Az ANCHOR szerver eredeti
verzidjahoz, ami az http://anchor.enzim.hu oldalon volt elérhetd, alapvetéen az [UPred
szerver esetében haszndlt programokat szabtuk at, mind a bemenet, mind a kimenet
kezelését tekintve (7). Az 0j verzidban az egyik {6 valtozas, hogy a korabbi C, illetve
Perl programnyelvek helyett attértiink a PYTHON program nyelvre. Mig az [UPred
programban csak egy kisebb hibajavitast tettiink, az ANCHOR programot teljesen
atdolgoztuk, és az i ANCHOR?2 verziot tettiik elérhetévé. A web szervert egy tovabbi
opcidval bovitettiik, ami lehetévé tette redox-érzékeny rendezetlen régiok szekvencia
alapt predikciojat is (6). A web szervert a Django keretrendszerben fejlesztettiik, a
vizualizaciohoz a Bokeh PYTHON konyvtarat hasznaltuk. A fejlesztések révén az
[UPred2A egy modern megjelenésii, dinamikus web szerver lett, ami tdmogatja az
Osszes jelenleg hasznalatos web-bongészot.
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Figure 6. Az IUPred3 webszer bemeneti oldala (feliil) és a predikcids kimenet a human p53
fehérjére (UniProt azonositd: P04637) kiilonb6z6 annotaciok abrazolasaval egyiitt (alul).

Uj funkcié volt, hogy a bemenetet nemcsak szekvencia alapjan, hanem
kozvetleniil a Uniprot azonositd alapjan is meg lehet adni. A bemeneti oldalon a
felhasznald valaszthat a kiilonbozdé predikcids opciok kozott, beleértve az IUPred
kiilonboz6é valtozatait és az ANCHOR moédszert. Mindkét esetben a profil minden
egyes pozicidbhoz hozzdrendel egy 0 és 1 kozotti értéket, ami jellemzi annak a
valdsziniliségét, hogy az adott aminosav rendezetlen illetve rendezetlen kotohely része-
e. A javasolt kiiszobérték 0,5, e feletti poziciokat tekintjiik rendezetlennek, illetve
rendezetlen kotdhelynek. Az ANCHOR esetében a kimenetnél az [UPred profilt is
feltiintettiik. A predikciokat grafikus forméaban jeleniti meg a webszerver, de a vizualis
megjelenités mellett a predikciok letdlthetdk text és json formatumban is. A Uniprot
adatbazissal vald integracido révén tovabbi informéciok is megjelenitésre keriilnek,
tobbek kozott PFAM annotacidk, poszttranszlaciés moédositasok, illetve kisérletesen
igazolt rendezetlen régiok és kotdhelyek. Ezek hasznosak lehetnek a predikcios
eredmények értelmezésében (6. abra). A IUPred szerver legujabb verziojaban
bevezettiink simitasi opcidkat, illetve implementaltunk egy megjelenitét, amelyben az
adott szekvencidhoz tartozo szekvencia illesztés és a predikcids profil dsszekapcesoltan
tanulmanyozhat6 eukaridta modell organizmusokban (8). A szerver legijabb verzidja
https://iupred.elte.hu illetve https://iupred3.elte.hu oldalakon érhetd el.
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5.4 A rendezetlenség ¢és a rak kapcsolata
5.4.1 A rendezetlenség bioldgiai kockazata (9)

Az egyedi példak ¢és altalanos elemzések megalapoztdk a rak és a
rendezetlenség kozotti kapcsolatot. Ezek alapjan felmeriilt, hogy a rendezetlenség
egyfajta bioldgiai kockazatot jelent [12,118]. A rendezetlenség joslo modszerek
megjelenése és a kiilonbozd szekvencia variacids adatok robbandsszerli ndvekedése
lehetéve tette ennek a kérdésnek a részletesebb vizsgalatdt. Munkankban elsék kozott
elemeztiik, hogy hogyan befolyasoljak a fehérjék szerkezeti tulajdonsagai a mutaciok
eloszlasat.

Els6 Iépésként kiillonboz0 adatbazisokbdl gyljtottink Gssze  gyakori
polimorfizmusokat, betegséggel kapcsolatos mutacidkat illetve rdkos mutédciokat. Az
Osszegyljtott pontmutacidkat a fehérje szekvencidkra vetitve vizsgaltuk ezek eloszlasat
az IUPred és egyéb rendezetlenség predikcids modszerek felhasznéaldsaval. Ennek
alapjan kiszdmoltuk a rendezett és rendezetlen részekre es6 mutaciok szamat, és ezeket
Osszevetettiik a varhaté mutaciok szamaval, azt feltételezve, hogy azok egyenletesen
oszlanak el a fehérje mentén. Eredményeink azt mutattdk, hogy a neutralis
polimorfizmusok gyakoribbak voltak a rendezetlen részeken, ezzel szemben a rakos
mutaciok sokkal inkabb a rendezett részekre estek. Ez a tendencia sokkal erdsebbnek
mutatkozott azoknal az adatbazisokndl, melyekben a tradicionalis biokémiai
modszerekkel azonositott rdkos mutaciok dominaltak (SwissProt cancer, COSMIC
census adatbazisok). A rak genom projektekbdl szarmazé adatok esetén ettdl eltérd
eredményt kaptunk, itt a mutaciok kismértékben a rendezetlen részeket preferaltak.
Feltételezésiink szerint ez a véletlenszerien megjelend, tUgynevezett potyautas
(passenger) mutaciok el6forduldsara vezethetd vissza. Ezt igazolta, hogy ha a
véletlenszerli mutdciok megjelenésénél figyelembe vettik a polimorfizmusok nem
egyenletes eloszlasat, mar minden esetben egyhanguan és statisztikailag szignifikansan
a rendezett részeken voltak a rakos mutaciok tulsulyban. A mutaciok eloszlasat
megvizsgaltuk a rendezetlen kotdrégiokban is az ANCHOR modszeriink
felhasznalasaval. A kotérégiok alapvetden a rendezetlen régidkhoz hasonld tendenciat
mutattak, a neutralis polimorfizmusok tal-, a rdkos mutaciok alul voltak reprezentalva
benniik. Azonban esetiikben az eltérés a globularis részektdl kisebb volt a kdtérégionak
nem josolt rendezetlen szegmensekhez képest, ami Osszhangban 4ll nagyobb
funkcionalis szereplikkel.

Elemzéslink arra is ravilagitott, hogy a rakkal kapcsolatba hozott fehérjék
atlagosan hosszabbak, tobb benniik a rendezetlenség, tobb kolcsonhatdsban vesznek
részt €s specialis funkciok kapcsolodnak hozzajuk. Azonban ezek a tulajdonsidgok
egymassal is korreldlnak. A kiilonb6z0 tényezdk kozott kolesonds informdaciot
szamoltunk, és megmutattuk, hogy a rendezetlenség és a rakos mutaciok kozotti
kapcsolat indirekt, a funkcion keresztiil jon létre. A leggyakrabban mutalédd példak
vizsgélata alapjan, a p53 vagy a PTEN viselkedése Osszhangban van az altalanos
trenddel. Bar a rendezetlen szegmensek alapvetd funkcionalis szerepet jatszanak ezen
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fehérjék mikodésében, a rdkos muticiok jellemzéen a rendezett részre esnek.
Ugyanakkor talalhatéak olyan példék is, ahol a mutaciok dontd része rendezetlen részre
esik. Ilyen példaul a B-catenin, vagy az APC fehérje. Hasonlo példak azonositasa révén
tovabbi betekintést nyerhetiink a rendezetlenség és a rak kapcsolatarol.

5.4.2 Rakban gyakran mutalodé rendezetlen szegmensek (10)

A rak genom projektet adatainak az értelmezését nagyban megneheziti, hogy a
katalogizalt mutaciok dontd tobbsége csak véletlenszerien eléforduld potyautas
mutacid, melyek gyakoribbak a rendezetlen részeken [147]. A rdk kialakuldsdban
iranyit6 szereppel bird, Un. irdnyitd/driver mutacidk egyik legegyértelmiibb jele, hogy
tobb minta Osszesitése esetén a mutdciok feldasulnak a genom meghatarozott
szakaszan. Ez alapjan tobb mddszert is kidolgoztak rak gének azonositasara [148]. Az
altalunk fejlesztett iISiMPre modszer a meglévo eljarasokhoz hasonlo eredményt ér el a
driver gének megtaldlasdban, de lehetdvé teszi a szignifikdnsan mutalédo régiok
azonositasat is, fliggetlentil azok méretétdl vagy tipusatol [149].

Munkénk soran a COSMIC adatbazist hasznaltuk kiinduldsként [129]. Az ebbdl
Osszegyljtott mutaciokat ravetitettik a fehérje szekvencidkra, €s azonositottuk a
szignifikdnsan mutalodott régiokat az i1SiMPre modszerrel. A kapott régiokat
klasszifikaltuk rendezetlenség szerint, ehhez figyelembe vettiink kisérletes
eredményeket, a domén annoticiokat és a rendezetlenség profilt. Osszesen 145
fehérjében talaltunk 225 szignifikansan mutalodott régidt magas szignifikancia szinttel
(10e-6). Ezek koziil 47 esett rendezetlen régidra, ami kevesebb, mint amit a
rendezetlenség eléforduldsa alapjan vartunk (kb. 30%). Ez 6sszhangban van korabbi
eredményiinkkel, mely szerint a rdkos mutaciok a rendezett részeken gyakoribbak. A
legtobb esetben a szignifikansan mutalédd régid tartalmazta az adott fehérjére esd
mutaciok nagy részét, ami vagy tisztdn rendezett vagy rendezetlen résszel fedett at. A
talalataink rakban betoltott fontos szerepét irodalmi adatok is igazoltak. A rendezetlen
rakos iranyitd gének tovabbi tulajdonsagait is elemeztiik molekuldris és rendszer
szinten.

A rendezetlen iranyitd fehérjék legnagyobb csoportja rovid linedris motivumok
altali kolcsonhatasok kialakitdsdban vesz részt, és a muticiok olyan pozicidkat
érintenek, amelyek kulcsfontossagiak a molekuldris felismerésben vagy annak
poszttranszlacios modositas altali szabalyozasdban. Azonban a rakos mutdcios
feldusulasa alapjan egyéb tipust funkcionalis modulok is fontosak lehetnek a rak
szempontjabol, példaul autoregulacids helyek, linker régiok vagy DNS és RNS koto
részek (7. 4abra). Bar az azonositott példak sokfélék, kozds benniink, hogy
funkciojukhoz a rendezetlenség altal biztositott dinamikus szerkezeti tulajdonsag
alapvetden fontos. A rendezett rakos iranyitd fehérjékhez képest nemcsak molekularis
mechanizmus tekintetében van eltérés, hanem bioldgiai funkcié vonatkozasaban is.
Ebbdl a szempontbol kiemelkedik a fehérje degradacids rendszer, amely jellemzden a
rendezetlen fehérje részeken keresztiil mutalodik, példaul degron motivumokat érintve
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[150]. A rendezetlen rékos iranyitod fehérjék kozponti szereppel birnak a kdlcsonhatasi
¢s jelatviteli halozatokban, és perturbacidjuk érintheti az ismert rdkos ismertetéjegyek
(cancer hallmark) [151] mindegyikét. A legtobb betegminta tartalmazott mind rendezett
mind rendezetlen részre es0 mutaciokat. Azonban azon mintdk esetében, ahol
rendezetlen részre esé mutdciok dominalnak, joval kisebb az esélye hogy létezik a
kezelésre jelenleg elérhetd gyogyszermolekula. Ez jol mutatja, hogy nagy igény lenne
olyan 1) megkozelitésre, melyek révén a rendezetlen fehérjék is targetalhatdak
lennének.
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7. dbra. A rékban gyakran mutéalodott rendezetlen fehérjék kategorizalasa a funkciondlis modul
(linearis motivum/PTM, autoregulacios hely, linker, DNS-RNS kotés, rendezetlen domén)
tipusa és rakban betoltott szerepiik (tumorszupresszor, onkogén, illetve kontextus-fiiggd modon
mindkét viselkedést mutatd) alapjan.
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5.4.3 A rakban mutal6doé rendezetlen régidk evoluciods eredete (11)

A rendezetlen fehérjék sajatos szerkezeti ¢€s funkciondlis tulajdonsagokkal
rendelkeznek, és ez evolucios tulajdonsagaikban is tiikrozédik. A tobb szerkezeti
megkotottséggel rendelkezd rendezett fehérjékhez képest altaldnossagban a rendezetlen
fehérjék viszonylag friss evolucids talalméanyok és szekvencidjuk nagyobb variabilitast
mutat [152]. Azonban a benniik talalhatdo funkciondlisan fontosan régidok erdsen
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konzervaltak is lehetnek. Ezért felmertilt a kérdés, hogy evoluciods eredetiiket tekintve,
mi a jellemz6 a rakban szignifikdnsan mutalddott rendezetlen fehérje szegmensekre.
Vizsgalatunkhoz a filosztratigrafias eljarast hasznaltuk, amely visszavezeti az egyes
gének eredetét makorevolucios atmenetekhez [153]. Korabbi vizsgalatok alapjan a
legtobb rak gén megjelenése a tobbsejtii allatvilag megjelenéshez kapcsolodik, de
vannak még 6sibb, az egysejtl €l6lények szintjére visszavezethetd gének is [153]. Ezek
az Osibb esetek altaldban gondoskoddé (caretaker) funkcioval birnak, jellemzden a
genom stabilitas biztositadsaban vesznek részt. A tobbsejtliség megjelenésé¢hez kothetd
példakra altalaban kapudrzo (gatekeeper) funkcié kothetd, melyek a sejt differenciacio,
novekedés €s sejthalal megfeleld mikodését biztositja [154].

A korabbi vizsgalatok a teljes szekvencia szintjén torténtek, amiben altalaban a
fehérjék legkonzeraltabb régidi, a domének domindltak. Vizsgéltunk egyik f0
ujdonsaga az volt, hogy mi nem a teljes fehérjére, hanem annak a mutaciok altal
fehérje régiok is 6si eredetiiek voltak, a régidk tobbsége a legkorabbi tobbsejti allatok
szintjére volt visszavezethetd. A legfiatalabb példa a CD79B fehérje volt, ami az
immunrendszer egyéb fehérjéihez hasonloan, a gerincesek szintjéhez volt kotheto.
Néhany esetben joval 6sibb evollcios eredetet talaltunk. Ennek egyik példaja az MLH1
fehérje, ami az Gssze nem ill§ bazisparok javitasban jatszik kulcsszerepet. A fehérje
kozepén talalhatod linker régidja jol ismert, azonban mi ezen beliil azonositottunk egy
nagy konzervaltsagot mutatd funkciondlis helyet, ami a rak szempontjabdl is fontos,
azonban funkciodja egészen a kdzelmultig nem volt ismert [155]. Tobb olyan példaval is
taladlkoztunk, ahol a mutalodott régid a géncsalad eredetéhez képest késébb jelent meg.
Létrejottiikben azonban nem gén-duplikacot kdvetd neofunkcionalizacid volt a dontd
mechanizmus, hanem nagy valdszinliséggel ezek a rendezetlen részek de-novo jottek
létre. A rendezetlen régiok funkcionalitdsanak fontossagat tamasztja ald, hogy
megjelenésiiket kovetden gyorsan rogziilnek, és a fehérje csaldd tagjainak tovabbi
duplikéacioja soran megdérzoédnek. Fehérje szinten azonban, az evolicid tovabb
folytatodhat, megjelenhetnek ijabb funkciondlis modulok. Erre a példa a VHL fehérje,
ami egy Uj N-terminalis régioval bdviilt, vagy a human specifikus szekvencia
vildgosabb képet adott a fehérjék kulcsfontossagu szabalyozé elemeinek kialakulésarol,
¢s felhivja a figyelmet a modularis szervezddésének figyelembevételének fontossagara
a fehérjék evolucids eredetének vizsgalata soran. Emellett tjabb bizonyitékot adott arra
vonatkozodlag, hogy a rendezetlen fehérjék fontos evolucios talalmanyok.
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6 KONKLUZIO

A rendezetlen fehérjék kutatasa hatalmas fejloddésen ment keresztiil az elmult két
évtizedben, aminek eredményeképpen a rendezetlenség-funkcié paradigma ma maér
szerves részévé valt a molekularis bioldgiai kutatdsoknak. Az egyedi fehérjék
vizsgélata mellett ebben a bioinformatikai vizsgalatok is fontos szerepet jatszottak.
Ehhez alapvetfen jarultak hozzd az altalam kifejlesztett predikcidos modszerek és
elemzések. A tovabbi kutatdsok egyik f6 fokusza rendezetlen fehérjék konformacios
sokasaganak részletes jellemzése. Szintén fontos feladat kolcsonhatasaik
feltérképezése, ezen beliil is 0j, linearis motivumok altal kdzvetitett kdlcsonhatasok
azonositasa, ami jelenlegi kutatasainknak is az egyik f6 fokusza. Izgalmas 0j teriilet a
rendezetlen fehérjék és a fazisszeparacid kapcsolatinak vizsgalata. A betegségben
betdltott szerepiik felismerése nyoman felmeriilt az igény olyan ujfajta
gyogyszermolekuldk kifejlesztésére, melyek specifikusan rendezetlen fehérjéket
céloznak meg. Ezen kérdések vizsgalatdhoz 0j bioinformatikai megkozelitésekre van
sziikség. Ezekben mar varhatoan a fehérje térszerkezet predikciokban hatalmas attorést
hoz6 mélytanuldsos modszerek is dontd szerepet fognak jatszani.
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7 TEZISEK

10.

Kifejlesztettem egy Ujszerli energiabecsld eljarast, ami képes megbecsiilni egy
adott fehérjeszekvencia kompakt allapotahoz tartoz6 parkdlcsonhatasi energiat.
Az energiabecslés alapjan megmutattam, hogy a rendezetlen fehérjék becsiilt
energiagja kedvezdtlenebb, mint a rendezett fehérjéké, ami rdmutatott a
rendezetlenség fizikai alapjara is.

Az energiabecsld eljaras felhasznalasaval kidolgoztam az IUPred modszert,
amely pozici6 specifikusan josol rendezetlenséget az aminosav szekvenciabol.

Az IUPred moédszert elérhetové tettem webszerveren keresztiil.

Rémutattam, hogy a fehérje kdlcsonhatéasi halozatok kézponti csomdpontjaiban
nagyobb aranyban fordulnak el6 rendezetlen fehérjék.

Osszedllitottam egy, a rendezetlen fehérjék komplexeinek —szerkezetét
tartalmazo adatszettet és Osszevetettem ezen komplexek tulajdonsagait
globularis fehérjék komplexeinek jellemzéivel. Ez alapjan feltartam a
rendezetlen fehérje komplexek alapvetd szerkezeti sajatossagait.

Az energiabecsld eljaras alapjan kifejlesztettem egy 1j modszert, amellyel az
aminosav szekvenciabol josolhatoak azok a rendezetlen szegmensek, amelyek
mas fehérjékhez kotddnek €s ekdzben rendezett szerkezetet alakitanak ki.

Az energiebecslésen alapuld szekvencia predikciés modszereimet elérhetdve
tettem modernizalt formaban webszerverként €s letdlthetd programcsomagként
is.

Mutéciok vizsgélata alapjdn megmutattam, hogy a rendezetlen fehérje
szegmenseken gyakoribbak a neutralis polimorfizmusok, de ritkdbbak benniik a
rakos mutéciok a globularis részekhez képest.

Azonositottam olyan rendezetlen fehérje szegmenseket, amelyek nagyszamu
rakos mutéciot tartalmaztak, és ez alapjan varhatéan aktiv szerepet jatszanak a
rak kialakulasaban. Elemeztem ezek jellemzoit funkcionalis és rendszer szinten.

Evolucios vizsgélatok alapjan ramutattam arra, hogy bar a rendezetlen fehérjék

altalaban kevésbé konzervaltak, a rakban mutalédd példak nagymértéki
evolucids konzervaltsagot mutattak.
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The structural stability of a protein requires a large number of interresidue
interactions. The energetic contribution of these can be approximated by
low-resolution force fields extracted from known structures, based on
observed amino acid pairing frequencies. The summation of such energies,
however, cannot be carried out for proteins whose structure is not known
or for intrinsically unstructured proteins. To overcome these limitations,
we present a novel method for estimating the total pairwise interaction
energy, based on a quadratic form in the amino acid composition of the
protein. This approach is validated by the good correlation of the estimated
and actual energies of proteins of known structure and by a clear
separation of folded and disordered proteins in the energy space it defines.
As the novel algorithm has not been trained on unstructured proteins, it
substantiates the concept of protein disorder, i.e. that the inability to form a
well-defined 3D structure is an intrinsic property of many proteins and
protein domains. This property is encoded in their sequence, because their
biased amino acid composition does not allow sufficient stabilizing
interactions to form. By limiting the calculation to a predefined sequential
neighborhood, the algorithm was turned into a position-specific scoring
scheme that characterizes the tendency of a given amino acid to fall into
an ordered or disordered region. This application we term IUPred and
compare its performance with three generally accepted predictors, PONDR
VL3H, DISOPRED2 and GlobPlot on a database of disordered proteins.

© 2005 Elsevier Ltd. All rights reserved.

Keywords: intrinsically unstructured proteins; prediction of disordered

*Corresponding author proteins; low-resolution force fields; interresidue interactions; foldability

Introduction

Intrinsically unstructured/disordered proteins/
domains (IUPs) such as p21, ! the N-terminal
domam of p53 or the transactivator domain of
CREB,’ exist in a largely disordered structural state,
yet they carry out basic cellular functions.*” Their
existence defies the classical structure—function
paradigm, founded on the tenet that a well-defined
3D structure is the prerequisite of protein function.
The importance of protein disorder, nevertheless,
is underlined by its prevalence in various
proteomes®® and by its correlation with basic

Abbreviation used: IUP, unstructured /disordered
proteins/domains.

E-mail address of the corresponding author:
simon@enzim.hu

functional modes, such as 51gnal transduction and
transcriptional regulation.”"

The identification of IUPs thus far proceeded by
collecting scattered data obtained with a range of
experimental techniques. As a result, available
datasets are rather limited in size and are hetero-
geneous in terms of experimental conditions,
techniques and interpretation of data. They also
lack consistency, due to the absence of clear
conceptual and operational definition(s) of struc-
tural disorder. All these result in false positive and
false negative classifications, i.e. the inclusion of
ordered segments in disorder databases and the
exclusion (and inclusion in ordered reference
databases) of disordered proteins/segments.
Furthermore, the databases are also biased due to
the overrepresentation of a few experimental
techniques, such as X-ray crystallography, NMR

0022-2836/$ - see front matter © 2005 Elsevier Ltd. All rights reserved.
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and CD. As each technique probes different aspects
of protein structure, they do not necessarily
correctly identify disorder. For example, loopy
protems, Wthh have no repetitive secondary
structure,"’ would appear disordered by CD but
ordered by the other techniques. With NMR,
disorder often is concluded from poor signal
dispersion, which does not distinguish between
random coils and molten globules of high potential
to fold in the presence of a partner. In X-ray
crystallography, crystal packing may enforce cer-
tain disordered regions to become ordered, and
disordered binding segments are often crystallized
in complex with their partner and are classified
ordered despite their lack of structure in isolation.
In addition, wobbly domains would appear dis-
ordered, despite their intrinsic structural order. In
consequence, pred1ctors trained on these datasets
for assessing disorder™” reflect these uncertainties.

The basis of predicting protein disorder is the
difference in sequence characteristics between
folded and disordered proteins. Typically, IUPs
exhibit a strong bias in their amino acid compo-
sition and even a reduced alphabet is able to
recognize them at the level of complete sequences.'
Other results indicate, however, that there are
differences in sequence propertles among different
types of disordered proteins.'® Various factors have
been suggested to be important in terms of protem
disorder, including flexibility, aromatlc content,'
secondary structure preferences'” and various
scales associated with hydrophobicity.'*'® Beside
low mean hydrophobicity, high net char rge was also
suggested to contribute to disorder.” All these
different analyses, though, hint that the amino acid
composition of IUPs results in their inability to fold
due to the depletion of typically buried amino acid
residues and enrlchment of typically exposed
amino acid residues,” which implies that globular
proteins have specific sequences with the potential
to form a sufficiently large number of favorable
interactions, whereas IUPs do not. Here, we attempt
to put this inference on a quantitative footing by
taking an energetics point of view. On this ground,
the sequences encoding for globular proteins and
IUPs can be distinguished.

For globular proteins, the contribution of inter-
residue interactions to total energy is often approxi-
mated by low-resolution force fields, or statistical
potentials, energy-like quantities derived from
globular proteins based on the observed amino
acid pairing frequencies.'®'® In deriving the actual
potentlals different principles have been
applied.'® The resulting empirical energy
functions are well sulted to assess the quality of
structural models** and have been used for fold
recognition or thread1ng,25 26 but also in dockmg,
ab initio foldmg, or predicting protein stability.”’
Their success in a wide range of applications
suggests the existence of a common set of inter-
actions, simultaneously favored in all native, as
opposed to alternate, structures.

Our current formulation derives from the general

view that the primary structure of a globular
protein determines its native conformation, and
therefore its energy, which corresponds to the
global minimum in conformational space. This
energy represents the lowest level attainable by
the sequence at the optimum of interresidue
interactions. In this work, we introduce a novel
approach to predict this optimum energy inde-
pendently of a presumed structure. By applying
this principle to a predefined sequential neighbor-
hood of a particular amino acid in a sequence, this
approach can be turned into a position-specific
scoring scheme for disorder, termed IUPred. As
IUPred has not been trained on potentially
erroneous data, its unbiased assessment of the
structural status of an unknown sequence/segment
is of confirmatory value.

Theory

Estimation of the pairwise energy from amino
acid composition

The pairwise energy of a protein in its native state
is the function of its conformation as well as its
amino acid sequence. The total energy can be
calculated by taking all contacts in the protein,
and weighting them by the corresponding inter-
action energy. In our model, the energy depends
only on amino acid types, as specified by a 20 by 20
interaction matrix, M (see Table 1). The pairwise
energy content can be written as:

where M;; is the interaction energy between amino
acid types i and j, and C; is the number of
interactions between residues of types i and j in
the given conformation.

We approximate E/L, the total energy per amino
acid, by means of the protein’s amino acid
composition. Without considering the actual con-
formation, we rely on statistics collected from a
database of globular proteins. The rationale behind
this approach is that the energy contribution of a
residue depends not only on its amino acid type,
but also on its potential partners in the sequence.
We assume that if the sequence contains more
amino acid residues that can form favorable
contacts with the given residue, its expected energy
contribution is more favorable. The simplest for-
mula which describes this relationship is a quad-
ratic expression in the amino acid composition.

Let N; denote the number of amino acid residues
of type i in the sequence and n;=N;/L its frequency.
The energy per amino acid is approximated by:

Zan i

where P is the energy predictor matrix, which tells

estlmated
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Table 1. M matrix

A C D E F G H 1 K L M N P Q R S T \% W Y

—020 —044 0.16 026 —046 —0.26 050 —0.57 010 -—036 —022 0.07 0.14 0.01 020 —0.09 —0.05 —042 005 —0.50
—044 —299 0.21 019 -08 -—-034 -111 -036 -—-009 -—-053 —-043 —-052 —-014 —-043 —024 013 —022 —0.62 024 —0.79
0.16 0.21 0.17 0.55 0.38 035 —023 044 —0.39 0.28 035 —0.02 1.03 049 —037 019 —0.12 0.69 0.04 0.43
0.26 0.19 0.55 0.60 0.55 0.65 0.18 037 —047 0.33 0.29 0.01 0.69 004 —052 0.18 0.37 0.39 0.03 0.17
—046 —0.88 0.38 055 —094 017 —040 —0.88 001 -—1.08 —0.78 0.22 0.20 026 —019 —022 002 -—-115 —0.60 —0.88
—026 —0.34 0.35 0.65 017 —0.12 0.18 0.24 0.19 0.24 002 —0.04 0.60 0.46 0.50 0.28 0.28 0.27 051 —035
050 —111 —0.23 018 —0.40 0.18 042 —0.00 079 —024 —0.07 0.20 0.25 0.69 0.24 0.21 0.11 016 —08 —026
—057 —0.36 0.44 037 —0.88 024 —000 -—1.16 015 —-125 —058 —0.09 036 —0.08 0.14 032 —-027 -—-106 —068 —085
010 -—-0.09 -039 —047 0.01 0.19 0.79 0.15 0.42 0.13 0.48 0.26 0.50 0.15 0.53 010 —0.19 0.10 0.10 0.04
—036 —0.53 0.28 033 —1.08 024 —-024 —125 013 —110 —0.50 0.21 042 —0.01 —0.07 0.17 0.07 —-097 —095 —0.63
—022 —043 0.35 029 —0.78 002 —007 —058 048 —050 —0.74 0.32 0.01 0.26 0.15 0.48 016 —-073 —056 —1.02
007 —052 —0.02 0.01 022 —0.04 020 —0.09 0.26 0.21 0.32 0.14 0.27 0.37 0.13 0.15 0.10 040 —0.12 0.32
014 —0.14 1.03 0.69 0.20 0.60 0.25 0.36 0.50 0.42 0.01 0.27 0.27 1.02 0.47 0.54 088 —0.02 -—-037 -—0.12
001 —043 0.49 0.04 0.26 0.46 069 —0.08 015 —0.01 0.26 0.37 1.02  —0.12 0.24 0.29 004 —011 0.18 0.11
020 —-024 -037 -—-052 —0.19 0.50 0.24 0.14 053 —0.07 0.15 0.13 0.47 0.24 0.17 0.27 0.45 001 -073 0.01
—0.09 0.13 0.19 018 —0.22 0.28 0.21 0.32 0.10 0.17 0.48 0.15 0.54 0.29 027 —0.06 0.08 012 -—-022 —0.14
—005 —-022 —0.12 0.37 0.02 0.28 011 -027 —0.19 0.07 0.16 0.10 0.88 0.04 0.45 008 —003 —0.01 011 —032
—042 —0.62 0.69 039 -—1.15 0.27 016 —1.06 010 -—-097 -—-073 040 —0.02 -—-0.11 0.01 012 —-001 -08 —056 —0.71
0.05 0.24 0.04 0.03 —0.60 051 —0.85 —0.68 010 —-095 —-056 —0.12 —0.37 018 —073 —0.22 011 —056 —0.05 —141
—050 —0.79 0.43 017 —-088 —035 —026 —0.85 004 —063 —1.02 032 —012 0.11 001 -014 -032 -—-071 —141 —076

XKE<HOLPIOIZZOC AT ITOTHIN >

Contact potential derived from 785 proteins using the approach of Thomas & Dill.*°
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The validity of the energy predictor matrix was g
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amino acid interactions of proteins with a known TTTeReTPTERNeee?IeN T T =
structure to the energies estimated from their amino ! g
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this and other databases, see Materials and g R
Methods), omitting those with high cysteine content =~ & eI I R L L R 7
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because of cystine pairs. The calculated energy is £ ' Lo b E
given in an arbltr.ary. energy unit [aeu], with more 5 BENREERIRLRRATERFS S |F
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actions. Figure 1 shows that there is a clear linear B ! B
. . . -
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energies. The goodness of fit can be characterized §|<|32JC2832&8Sda822333483 9
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Figure 1. Correlation of estimated and calculated total
interaction energies of globular proteins. The total
pairwise interaction energy of 674 globular proteins
from Glob_list (omitting proteins with high cysteine
content), was estimated from their amino acid compo-
sitions by a method based on a quadratic formula in the
amino acid composition and are shown as a function of
the actual energies calculated from their known 3D
structures. The energies are in arbitrary energy units, as
defined in the text. The broken line represents perfect
agreement between the estimated and calculated energy
values.

calculated energies, respectively. The value of 72 can
be between 0, where the average is used as an
estimate, and 1, which is the ideal case. It describes
how well the variance in the original data is
explained by the fitted model using the least-
squares approximation. In our case, the r2 value
was 0.58, and the correlation coefficient was 0.76.
Both values indicate a reasonable level of agreement
between the estimated and calculated energies.

Pairwise energy content for globular proteins and
IUPs

Figure 2 shows the estimated energies for
globular proteins and IUPs as a function of their
length. For the globular proteins of Filt_Glob_list
the average energy is —0.81 [aeu]. The estimated
energies of IUPs in IUP_list are less favorable, with
an average of —0.07 [aeu]. The separation between
the two sets becomes more pronounced for longer
sequences, while there is some overlap for shorter
sequences. Based on the P-value of 2.2X107'¢
obtained using the Wilcoxon rank sum test, we
can reject the hypothesis that the two sets of
energies are from the same distributions. Overall,
the difference substantiates our assumption that the
pairwise energy content is less favorable for IUPs
than for globular proteins.

A corollary to this separation is that the estimated
energy content may also distinguish partially
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Figure 2. Estimated pairwise interaction energies of
globular proteins and IUPs. The total pairwise interaction
energy of 559 globular proteins in Filt_Glob_list (red +)
and 129 disordered proteins in IUP_list (blue X) was
estimated from their amino acid composition and plotted
as a function of their length. Values more negative
represent more stabilization due to pairwise amino acid
interactions. The average pairwise interaction energy of
globular proteins and IUPs are —0.81 and —0.07 [aeu],
respectively.

ordered IUPs, i.e. molten globules and pre-molten
globules, from fully disordered (coil-like) proteins,
because the former are expected to have more
energetically favorable interactions. To test this
assumption, 55 coil-like and 52 pre-molten globule-
like proteins have been taken from Table 1 in the
work done by Uversky,® and their total energy
content has been estimated. These datasets, which
partially overlap with IUP_list, show a 0.3 [aeu]
separation in the average energy content (data not
shown). Thus, our approach is able to assess the
energetic consequence of the subtle structural
differences between fully and partially disordered
proteins.

Decomposition

So far, the quadratic form for the estimated
energy has been given in the natural coordinate
system, each axis corresponding to one amino acid.
Now we rotate the coordinate system into the one
defined by the eigenvectors of the P matrix, in
which the expression for the estimated energy is
reduced to the diagonal form:

E(estimated) = A;p1 + 2op3 - +Axop30

Here A, is the ith eigenvalue corresponding to the
v' eigenvector, and p; is the corresponding coordi-
nate of the amino acid composition vector () in the
new coordinate system, calculated as a scalar
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Figure 3. Decomposition of the energy predictor matrix
to eigenvalues representing stabilizing and destabilizing
interactions. The energy predictor matrix P, was decom-
posed into (a) and (b) negative and (c)—(e) positive
eigenvectors. Their corresponding eigenvalues specifying
the weights in the energy function are: (a) —52, (b) —40,
(c) 24, (d) 13 and (e) 10 (cf. Decomposition). These vectors
represent stabilizing and destabilizing contributions to
the total pairwise energy content, and can be rationalized
in terms of simple physical principles, such as (a)
hydrophobicity, (b) cysteine abundance, (d) structure-
breaking amino acid residues and (e) net charge of the
protein.

product, p;=nv'. Since p7 is non-negative, terms
corresponding to positive/negative eigenvalues
give a positive/negative contribution to the esti-
mated energy. Some of the individual eigenvectors
can be directly interpreted in terms of physico-
chemical factors and linked to stabilization or
destabilization depending on its sign. Figure 3
shows the two largest negative (stabilizing) and
three largest positive (destabilizing) eigenvectors.
We find hydrophobicity (Figure 3(a)) and cysteine
content (Figure 3(b)) as dominant factors in
stabilization. The vector with the highest eigen-
value is closest to the Sweet-Eisenberg empirical
hydrophobicity scale (correlation coefficient: 0.94)
among more than 400 different amino acid pro-
pensities collected in the AAIndex database.’
Interestingly, the same scale among hydro-
phobicities was found to be the best for discriminat-
ing structured proteins from IUPs in a systematic
search among 265 amino acid properties.'® Of
particular relevance to our assessment of the
determinants of protein disorder, the Sweet-
Eisenberg scale is based on amino acid replace-
ability, which correlates with the tendency of side-
chains to be buried or exposed in protein crystal
structures.®” As for the destabilizing factors, there is
no obvious interpretation of the factor with the

largest positive eigenvalue (Figure 3(c)), whereas
the next two suggest that the abundance of
structure-breaking amino acid residues like Pro,
Asn, and Gly (Figure 3(d)) or high net charge
(Figure 3(e)) leads to destabilization. It should be
made clear, though, that these features are not
incorporated in the predictor, but they can be
extracted due to their importance in supporting
energetically favorable/unfavorable structural
states. The intriguing point is that they show good
correlation with features used in previous
approaches, which are knowledge-based in terms
of protein disorder.'*'*"”

Besides the angles between the vectors, all p;
values depend also on the norm of the amino acid
composition vector (NORM=Y"2, n?=3"%, p?).
This norm takes its minimum value (0.223) for
sequences with equal amino acid frequencies, and
largest (1.0) when the sequence is composed of a
single amino acid. For globular proteins, it varies
between 0.23 and 0.39. There are 24 sequences with
their norm above 0.35 in the IUP sets, including
16 out of 17 sequences that have at least 50% of
residues predicted to have low complexity by the
SEG program.” Thus, the norm is also a measure of
the complexity of the sequence, incorporated into
the estimated energy as a scaling factor. According
to our model, a low complexity sequence is not
necessarily disordered, if its amino acid compo-
sition is dominated by stabilizing factors, allowing
the formation of favorable contacts. On the other
hand, sequences with the least favorable energy are
of low complexity as well, as a result of the
dominance of one or a few amino acid types that
have unfavorable interaction energies for each
relation.

The estimated pairwise energy predicts protein
disorder

Based on the significant separation between the
estimated pairwise energies of globular and experi-
mentally verified intrinsically unstructured
proteins, this approach can be turned into a method
to predict protein disorder. For this purpose it is
more appropriate to consider the local sequential
neighborhood only, since many proteins are not
fully ordered or disordered. Thus, the original
matrix P, derived at the level of global sequences,
was recalculated by treating each position separ-
ately, and taking into account only its predefined
neighborhood in sequence. The energy and amino
acid composition for each position was calculated
only by considering interaction partners 2-100
residues apart. The choice of this range represents
a trade-off between the intention of covering most
structured domains, but separating distinct
domains in multi-domain proteins. This procedure
yields an estimated energy at position p of type i:
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Figure 4. Estimated position-specific pairwise energies
of globular proteins and IUPs. The distribution of
estimated position-specific pairwise energy scores is
shown, calculated by considering the amino acid compo-
sition limited to a sequential neighborhood of +100
residues and smoothed over 21 residues. The application,
termed IUPred, was applied to the Filt_Glob_list (+) and
the TUP_list (X), and the frequency of residues was
plotted against their local energy content. A threshold of
—0.2 [aeu] provides the best separation of individual
positions between these two structural classes.

where P? is the position-specific energy predictor
matrix. The position-specific estimations of energies
were averaged over a window of 21 residues. This
method for the prediction of protein disorder is
termed IUPred.

By using IUPred, the distribution of scores for
globular proteins and IUPs is as shown in Figure 4.
The clear separation between the two sets is also
apparent at the level of individual positions. From
the distribution of globular proteins we determined
a threshold where 5% of their positions were
predicted as being disordered, similar to the
prediction made by Ward et al.” This value was
—0.2 [aeu]: positions with energy content above
this cutoff value were predicted to be disordered,
whereas positions below were considered as being
ordered. Using this limit, 76% of positions of IUPs
were predicted to be disordered. These deviations

Table 3. Comparison of different scoring matrices

from complete order or disorder are fully accep-
table, due to potentially disordered regions in
globular proteins in solution observed to be ordered
in the solid state, and the existence of significant
residual structure in many TUPs.%”3*3°

To see how the choice of the empirical force field
affects the predictive power of IUPred, various 20
by 20 M scoring matrices were tested. For each M
matrix the corresponding P matrix was derived as
desribed in Theory and used for the prediction.
We set the threshold to give 5% false positive
predictions on the Filt_Glob_list, and calculated the
sensitivity of the method as the percentage of
predicted disorder on the IUP_list for each inter-
action matrix (Table 3). The approach of Thomas &
Dill® yields matrices superior to others, with the
much larger dataset bringing about an improve-
ment of almost 3%. The matrix used by Tobi et al.*!
performed comparably to the original one of
Thomas & Dill in predicting disorder, but the
other two showed much less ability to discriminate
order from disorder.

Cross-validation of the method

In order to test the ability of our method to
generalize on previously unseen data, we carried
out a tenfold cross-validation. Glob_list was
divided into ten random subsets. One was put
aside, and proteins from the remaining nine were
used to calculate matrices M and P, and the cutoff
value. This procedure was repeated ten times, and
the goodness of fit and the amount of disorder were
predicted for the proteins not used in training. It is
worth noting that no cross-validation is required for
IUPs, as these proteins were not included in any
way in the training process.

Over the ten sets, the average of the correlation
coefficient was 0.78310.006 and the r2 value was
0.60040.070, compared with the values obtained
for the full set, 0.786 and 0.604, respectively. Both
values indicate a similar goodness of fit for globular
proteins, independently of whether they were
included in the training set. The amount of
predicted disorder varied between 3.4% and 6.9%,
with the average of 4.96(40.97)% for the training
sets, compared to 5.0% for the full set.

Interaction matrix

Number of training proteins

Predicted disorder on IUP set (%)
(true positives)

Thomas-Dill extended training set 75.95
Thomas-Dill*° 73.25
Tobi et al.! 73.09
Mirny—Shakhnovich22 64.63
Miyazawa-Jernigan® 251/1661 63.64

The performance of different interaction matrices in predicting disorder and the number of proteins used to derive them. The
Miyazawa-Jernigan matrix was trained on 1661 proteins including homologs, effectively representing 251 families.
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Table 4. Performance of disorder prediction methods

Method True positive rate False positive rate
All positions Normalized positions All positions Normalized positions
(%) (%) (%)
TUPred 76.33 67.91 5.33 5.54
PONDR VL3H 66.29 60.74 5.02 7.84
DISOPRED2 63.39 49.08 5.02 6.87
GlobPlot 32.97 30.42 18.07 19.72

Comparison of IUPred, PONDR VL3H, DISOPRED?2 and GlobPlot on IUP_list and Filt_Glob_list. The true positive rate was calculated
as the percentage of residues predicted as disordered on the IUP_list (sensitivity), while setting the false positive rate (percentage of
predicted disordered residues on the Filt_Glob_set), also called specificity, to 5%, or the closest possible value (in the case of GlobPlot).
These values are given averaged over all positions, and normalized by the length of the protein. This normalization weights each
fragment/protein equally, independently of its length. Predictions by PONDR VL3H were collected from the server at http:/ /www.ist.
temple.edu/disprot/predictor.php using the default parameter (window size=1), while DISOPRED2 was downloaded from http://
bioinf.cs.ucl.ac.uk/disopred/ and run locally. GlobPlot was also run locally, but with the web server’s parameters and taking the CASP-

like output (http:/ /GlobPlot.embl.de/).

Comparison of different methods of disorder
prediction

Database of disordered proteins

We compared IUPred to three widely used
methods for predicting disorder, which differ not
just methodologically but also conceptually due to
different definitions of disorder. GlobPlot is a
simple propensity-based approach evaluating the
tendency of residues to be in a regular secondary
structure. PONDR VL3H? was trained to dis-
tinguish experimentally verified disordered
proteins from globular proteins by various machine
learning approaches. In developing DISOPRED,’
the definition of disorder was restrained to regions
missing from X-ray structures and a support vector
machine was trained to specifically recognize these.
In contrast, IUPred assigns order/disorder status to
residues on the basis of their ability to form
favorable pairwise contacts.

To make a realistic comparison of these methods
(Table 4), their cutoff values were set so that they
yielded the same percentage (5%) of false positive
predictions (predicted disordered when in fact
ordered) on Filt_Glob_list. The agreement between
pairs of predictions were also calculated: two
predictions were said to agree when both predicted
order or disorder for a given position, and the
numbers of agreements were normalized by the
total number of positions (Table 5). As GlobPlot was
not intended as a per position prediction method, it

Table 5. Similarity between disorder prediction methods

was included as a simple control to evaluate the
performance of a propensity-based approach.
Although the performance of the other methods,
IUPred, PONDR VL3H and DISOPRED?2, is com-
parable, there are some clear differences among
them. IUPred predicted the largest amount of
disorder, followed by PONDR VL3H; DISOPRED2
tended to predict the most order at the same level of
false prediction rate. These differences are also
apparent in the ROC curve, giving the false positive
rate against true positive rate for these three
methods (Figure 5). Except for very low level of
false prediction rate, IUPred achieves the highest
true positive rate. Intriguingly, in pairwise com-
parisons the three methods are very similar, each of
them agreeing with the other two on about three-
quarters of positions (Table 5).

The goal of this comparison was to assess the
performance of IUPred in terms of predicting long
disordered regions; however, it cannot be regarded
as a complete benchmarking. The test set for
disorder was rather small (only 129 proteins), and
there could be a significant amount of local order
included in this set that the various methods would
treat differently. DISOPRED2 was specifically
designed to predict short disordered regions in
the context of globally ordered proteins, and its
performance is expected to be higher on these
datasets. Furthermore, some parameters (e.g. win-
dow size) could also influence the performance of
the methods (VL3H, GlobPlot). Despite these
limitations, the results clearly show that IUPred

Method Agreement (%)

IUPred PONDR VL3H DISOPRED2 GlobPlot
IUPred 100 91.61 91.97 80.76
PONDR VL3H 76.60 100 92.26 79.24
DISOPRED2 77.19 77.05 100 79.91
GlobPlot 48.07 47.84 51.31 100

The similarity between pairs of methods was calculated as the number of agreements over all positions in IUP_list (lower triangle) and
in Filt_Glob_list (upper triangle). Predictions were collected as given in the legend to Table 4.
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Figure 5. ROC curve for IUPred, PONDR VL3H, and
DISOPRED2. Receiver operator characteristic (ROC)
curve for IUPred (continuous), PONDR VL3H (broken)
and DISOPRED2 (short broken). The true positive rate
was calculated as the percentage of residues predicted as
disordered on the IUP_list (sensitivity), the false positive
rate is the percentage of predicted disordered residues on
the Filt_Glob_set, also called specificity.

is a competent predictor of protein disorder. This is
achieved by considering only globular proteins
during the training, without using any information
on intrinsically unstructured proteins.

Examples of individual proteins

As a further means of comparison we present the
analysis of four representative proteins, with the
prediction output of the position-specific predictors
IUPred, PONDR VL3H and DISOPRED? (Figure 6).
The proteins were selected because a good deal of
structural information is available on the extent and
mode of their disorder. p53 (Figure 6(a)) is a tumor
suppressor transcription factor, the structural dis-
order of which has been convincingly demonstrated
for the N-terminal (1-93) and C-terminal (363-393)
domains.>?” FlgM, or anti-sigma-28 factor
(Figure 6(b)), is one of the first proteins to be
identified as 1ntr1n31cally unstructured along its
entire length.*® Tts C-terminal half, with residues
60-73 and 83-90 in partlcular show some a-helical
preference in solution,” possibly relevant to the
physiological function of this protein.*” PKI-alpha
(Figure 6(c)), a heat-resistant inhibitor of cAMP-
dependent protem kinase, is also disordered along
its entire length*' with its inhibitory segment (1-13)
and nuclear export signal (35-47) tending to adopt
an o-helical structure in the unbound state.”
Microtubule-associated protein tau (Figure 6(d))
belongs to a family of heat-stable MAPs (also
including MAP2 and MAP4), which are disordered
along their entire length and bind microtubules via
a C-terminal microtubule-binding domain.*?

The plots by the three methods agree reasonably

0 50 100 150 200 250 300 350

11 (c)

0 100 200 300 400 500 600 700

Figure 6. Comparison of IUPred with two other
predictors of disorder. IUPred scoring (red) is compared
with PONDR VL3H (green) and DISOPRED2 (blue) for
(a) p53, (b) FigM, (c) PKlI-alpha and (d) MAP tau. The
energy values of IUPred were normalized to fall between
[0,1]. Thin horizontal lines of the appropriate color
represent threshold values, above which the score is
characteristic of disorder (0.5 for IUPred and PONDR and
0.086 for DISOPRED?2, the default values in the latter two
cases). Below the scores, the region experimentally shown
to be disordered (thick red line) or structured in itself or in
the presence of a binding partner (thick black line) is
indicated.

well, with some differences. DISOPRED?2 tends to
predict more order than either IUPred or PONDR
VL3H, even at places where experimental
evidence is for a largely disordered state, such as
the N-terminal domain of p53 and PKI-alpha or the
C-terminal region of FIgM. Interestingly, these
regions show some tendency to be transiently
ordered, as stated above. This local preference for
order is probably captured by [UPred and PONDR,
as witnessed by the value of their disorder score
approaching or even crossing the threshold. The
noted tendency of the C-terminal region of tau to be
ordered is also worthy of note in light of its
interaction with microtubules; this might occur via
preformed structural elements, as demonstrated to
be a general feature of TUPs.*® These examples
further illustrate the similarities and differences
among the three prediction methods, with IUPred
predicting the most disorder for fully or largely
disordered proteins, and DISOPRED2 predicting
the least. In addition, by looking at these examples,
it is advisable to treat regions of disagreement
among the predictors with caution and consider
them as potential recognition sites.
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Discussion

The growing number of examples of IUPs has
encouraged us to revisit the issue of the foldability
of polypeptide chains. In order to understand the
differences between IUPs and folded proteins
better, we estimated the pairwise energy content
of proteins in their native structural state by a
quadratic form involving the amino acid compo-
sition vector and the energy predictor matrix. The
parameters of the matrix were derived by least-
squares fitting using globular proteins of known
structure, which also allowed the goodness of the
estimation to be tested. The robustness of this
approach is quite surprising, considering that every
protein structure is an intricate architecture of a
multitude of interresidue contacts. We did not
attempt to predict the exact pattern of these
interactions, i.e. the structure, in detail, rather the
compatibility of a given polypeptide with the
formation of sufficient favorable interactions, as
observed in globular proteins.

The success of our approach underlines some
common, fundamental properties of sequences
with stable folded structures. The native structure
of folded proteins corresponds to a pronounced
energy minimum, with no other conformations
having comparable energy.***> Ensuring this
energetic separation demands the native structure
to efficiently use the interactions compatible with
the given sequence. As the maximum capacity for
each amino acid to participate in these interactions
is limited by its chemical nature, the amino acid
composition can be related to the total interaction
energy pertaining to the most favorable interaction
pattern among all residues present in a protein. The
effectiveness of our model in estimating the pair-
wise energy content can be attributed to folded
structures being close to the optimal energy level
allowed by the amino acid residues in the sequence.

The energy per residue of stably folded proteins
falls into a quite narrow range, dominated by
favorable interactions; the total pairwise energy
estimated by our approach is consistent with this
energy range. In contrast, the predicted energy of
IUPs is higher. An important conceptual point is
that a polypeptide with an amino acid composition
compatible with a folded structure does not
necessarily have a unique structure. This can be
easily demonstrated by considering the random
permutation of sequences of folded proteins.
Although we predict the same energy for the
myriad of sequences compatible with a particular
amino acid composition, for most of them we expect
no corresponding unique structure. Similarly, we
predict globular-like energy for truncated domains
or proteins, although these sequences are not likely
to fold on their own. Nonetheless, these poly-
peptides are not IUPs either, since they exhibit some
tendency to form contacts. The way around this
dilemma in the present approach is that it predicts
the optimum of energy, which is not generally
achievable by a random sequence. Folded

structures, however, are realized by highly evolved
sequences, compatible with these energies. IUP
sequences are also special, selected by evolution to
avoid the formation of favorable contacts in any
conformation. The finding that the estimated total
interaction energy reproduces the basic difference
between structured and disordered proteins
basically underlines the concept of protein disorder,
i.e. that the lack of a well-defined 3D structure is an
intrinsic property of certain evolved proteins.

Our ability to reproduce these special features
depends on using the right potentials for approach-
ing the actual interaction energies. The goodness of
such extracted potentials is usually tested by their
ability to identify the native structure as the lowest
energy state among all the proteins in a dataset. The
particular approach, proposed by Thomas & Dill,*
relies on the Boltzmann relation to extract energy-
like quantities from amino acid pairing frequencies,
but relative to a reference state obtained through an
iterative protocol to reflect the predicted ensemble
of interactions. This approach aims not only at
discriminating the native structure from decoys but
also at giving the ratios of the interaction energies
correctly. Thus, these potentials are the closest to
reproducing the true energies that drive amino acid
residues to form, or avoid, contacts. This could
explain why the Thomas-Dill matrix outperformed
other matrices in estimating the pairwise energy
content of disordered proteins.

In the light of this special property of the
underlying interaction matrix, we can also interpret
the unexpected finding that the average energy
level of IUPs is very close to zero, i.e. stabilizing and
destabilizing interactions cancel. Although the
absolute energy values were arbitrary, this finding
is invariant to scaling, thus this energetic neutrality
is a genuine property of disordered proteins. At the
level of individual proteins, this neutrality may
result from an overall lack of long-range inter-
actions, but also from the balance of local organiz-
ation and long-distance repulsion. For some IUPs,
however, the balance appears to be set off towards
net stabilization. Indeed, the predicted pairwise
energy content of proteins with a molten-globule
type of disorder’® on average is more favorable
compared to coil-like disordered proteins. It will be
interesting to see how such individual structural
features correlate with function.

As seen, our approach provides a realistic
approximation of structural interaction energy of
proteins, enabling the prediction of intrinsic struc-
tural disorder. This idea of the importance of
interaction capacity has also been raised recently
by work in which the average number of contacts
per residue was used as an indicator of disorder.*®
Our quadratic formula combined with the energy
predictor matrix captures the energetic aspect of
this observation. By limiting the calculation to a
predefined sequential neighborhood, it yields a
position-specific score characteristic of the tendency
of a given amino acid to fall into a structurally
ordered or disordered region. This application we
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term IUPred and intend to make it publicly
available via the Internet. The logic of IUPred differs
from previous prediction algorithms, which were
trained on disordered proteins/segments. As
already alluded to, these approaches mostly suffer
from inconsistencies in the underlying databases,
i.e. the inclusion of sequences of intrinsic order
classified as disordered and sequences of intrinsic
disorder classified as ordered. As IUPred was not
trained on such data, its unbiased assessment of the
structural status of an unknown sequence/segment
is of confirmatory value. We have tested this
conclusion by comparing IUPred with generally
accepted predictors, PONDR VL3H, DISOPRED2
and GlobPlot, on disordered databases and by
examining predictors on individual proteins.
Although predictions were similar with the IUP
dataset, IUPred predicted the most disorder and
agreed best with experimental data (Table 4).

Decomposition of the energy matrix connects our
model to previous attempts to predict [UPs by using
simple physico-chemical properties of proteins.
Some of the eigenvectors with the largest eigen-
values showed strong correlations with physico-
chemical parameters, such as hydrophobicity,
cysteine content, structure-breaking properties
and net charge (Figure 3). Two of these, hydro-
phobicity and net charge have been used in the
Uversky plot to separate globular proteins and
TUPs,"” and the importance of structure-breaking
amino acid residues has also been noted.”® We
found that the eigenvector with the highest eigen-
value matches the Sweet-Eisenberg hydrophobicity
scale®? the best, in accordance with a previous
analysis of amino acid factors discriminating
structured proteins and TUPs.'® This concurrence
vindicates our approach, as it does not rely on prior
experimental data on IUPs, still it automatically
finds and combines the properties that are import-
ant for this task. Our predictor combines these
factors in a quadratic function, which distinguishes
it from 5previous, propensity-based linear predic-
tors.!37 1546 Ag a result of the higher-order statistics,
the contribution of a given amino acid to disorder/
order discrimination is context-dependent, i.e. it
depends on the amino acid type as well on the
amino acid composition of the sequential neighbor-
hood of the given residue. For example, the
contribution of Lys would be different if it is
surrounded by other positive charges, implying an
increase in the probability of unfavourable inter-
actions, than if it is surrounded by negatively
charged residues. This is in accordance with high
net charge, and not simply the total charge, being
one of the key determinants of disorder.'” This
interdependence of residues is manifest in the
appearance of flavors of disorder.'?

In summary, our model estimates the pairwise
energy of proteins from their amino acid compo-
sitions. This allows us to test sequences for
foldability, even in the absence of a structural
model. By sequentially limiting the calculation,
it serves as a predictor of protein disorder. By

applying this scheme for IUPs, we showed that
these proteins have a special amino acid compo-
sition, which, independently of the actual sequence,
does not allow the formation of sufficient favorable
contacts expected for folded proteins. Given the
heterogeneity and ambiguity of experimental tech-
niques used to demonstrate the lack of structure so
far, a key inference from our studies is that IUPs
share a common property that distinguishes them
from the class of folded proteins.

Materials and Methods

Databases

For the purpose of parameter fitting, the September
2001 release of the PDB-select database®” with <25%
sequence identity cutoff was used. Entries with resolution
worse than 2.5 A, with chain breaks or with C* atoms
only, were omitted; the resulting dataset contained 953
protein chains. During the force field optimization, we
considered the native structure for non-transmembrane
sequences with length between 40 and 350, reducing the
number of proteins to 785 (Glob_list), but all structures
were used as a skeleton to generate decoys.

In principle, this list could also contain IUPs, e.g. as part
of multichain complexes. For the purpose of testing we
created a filtered list of globular proteins with the aim to
eliminate the potentially dubious cases. A newer release
of PDB-select (April 2002) was used, and all entries
involving multiple chains, transmembrane segments, or
the binding of nucleic acid residues, heme, or metal ions
were omitted, resulting in 559 proteins (Filt_Glob_list).
The two lists (Glob_list and Filt_Glob_list) are given in the
Supplementary Data (Tables S1 and S2).

The IUP dataset (IUP_list) contained 129 proteins and
protein segments with experimentally verified disordered
status. The complete list is given in the Supplementary
Data (Table S3). The total number of residues in this set is
26,794.

Force field optimization

A coarse-grained approach was used to describe the
interactions between residues. Amino acid residues were
treated as single interaction centers located at their CP
atom (virtual CP in the case of Gly). The low-resolution
energy of contacts between different amino acid residues,
expressed in the form of a 20 by 20 matrix, was calculated
from the observed frequencies of amino acid pairs. The
interaction matrix was calculated boy the iterative algor-
ithm proposed by Thomas & Dill,*” but on 785 proteins
(Glob_list) instead of the original 37. The resulting matrix
M is given in Table 1.
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ABSTRACT

Summary: Intrinsically unstructured/disordered proteins and domains
(IUPs) lack a well-defined three-dimensional structure under native
conditions. The IUPred server presents a novel algorithm for predicting
such regions from amino acid sequences by estimating their total pair-
wise interresidue interaction energy, based on the assumption that IUP
sequences do not fold due to their inability to form sufficient stabilizing
interresidue interactions. Optional to the prediction are built-in para-
meter sets optimized for predicting short or long disordered regions
and structured domains.

Availability: The |UPred server is available for academic users at
http://iupred.enzim.hu

Contact: zsuzsa@enzim.hu

INTRODUCTION

Instrinsically unstructured proteins exist as an ensemble of altern-
ative conformations, in contrast to folded, globular proteins that
have unique native structure. Significant fraction of known gen-
omes encode for proteins with regions of disordered structure. In
some eukaryotic genomes >20% of the coded residues are predicted
as disordered (Dunker et al., 2000; Ward et al., 2004a). In many
cases a protein is fully disordered, while in many other cases there
are long disordered segments in otherwise ordered, folded proteins
(Tompa, 2002; Dyson and Wright, 2005). Despite their lack of a well-
defined globular structure, these proteins carry out basic functions
(Iakoucheva et al., 2002; Ward et al., 2004a), mostly associated with
signal transduction, cell-cycle regulation and transcription. Several
methods have been developed to predict the disordered character
from amino acid sequences. Some are based on the special amino
acid composition of fully disordered proteins, i.e. the abundance of
hydrophilic residues and a high net charge (Uversky et al., 2000;
Vucetic et al., 2003), whereas others use various machine learning
approaches trained on specific datasets (Obradovic et al., 2003; Ward
et al., 2004a; Linding et al., 2003b). Recently, it was suggested that
these sequences do not have the capacity to properly wrap backbone
hydrogen bonds (Fernandez and Berry, 2004), which has also been
shown to be important for protein stability.

BACKGROUND

Our method is footed on the physical explanation of the
ordered/disordered nature of proteins. Globular proteins make a large

*To whom correspondence should be addressed.

number of interresidue interactions, providing the stabilizing energy
to overcome the entropy loss during folding (Garbuzynskiy et al.,
2004). In contrast, intrinsically unstructured/disordered proteins and
domains (IUPs) have special sequences that do not have the capacity
to form sufficient interresidue interactions. To discriminate between
ordered and disordered regions in proteins, we have developed a
new approach that estimates the potential of polypeptides to form
such stabilizing contacts by using a statistical interaction poten-
tial (Thomas and Dill, 1996; Dosztanyi et al., 2005). It was shown
that the sum of interaction energies can be estimated by a quadratic
expression in the amino acid composition, which takes into account
that the contribution of an amino acid to order/disorder depends not
only on its own chemical type, but also on its potential interaction
partners (Dosztanyi et al., 2005).

The calculation involves a 20 x 20 energy predictor matrix, para-
meterized by a statistical method to approach the expected pairwise
energy of globular proteins of known structure. Comparing globular
proteins and disordered ones, a clear separation of their energy con-
tent is found (Dosztanyi et al., 2005). As no training on disordered
proteins is involved, this distinction underlines that the lack of a
well-defined three-dimensional structure is an intrinsic property of
certain evolved proteins. This approach was turned into a position-
specific method to predict protein disorder by considering only the
local sequential environment of residues within 2-100 residues in
either direction. The score is then smoothed over a window-size
of 21. This prediction method (IUPred), when tested on datasets
of globular proteins and long disordered protein segments, showed
improved performance over some other widely used methods, such as
DISOPRED?2 (Ward et al., 2004a,b) and PONDR VL3H (Obradovic
etal., 2003).

THE IUPred SERVER

The web server takes a single amino acid sequence as an input and
calculates the pairwise energy profile along the sequence. The energy
values are then transformed into a probabilistic score ranging from
0 (complete order) to 1 (complete disorder). Residues with a score
above 0.5 can be regarded as disordered. Optional is the predic-
tion of long disorder, short disorder, and structured domains, each
using slightly different parameters. The main profile of our server
is to predict context-independent global disorder that encompasses
at least 30 consecutive residues of predicted disorder. A different
set of parameters is suited for predicting short, probably context-
dependent, disordered regions such as missing residues in the X-ray

© The Author 2005. Published by Oxford University Press. All rights reserved. For Permissions, please email: journals.permissions@oupjournals.org 3433
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structure of an otherwise globular protein. For this application the
sequential neighborhood of only 25 residues is considered. As chain
termini of globular proteins are often disordered in X-ray structures,
this is taken into account by an end-adjustment parameter that favors
disorder prediction at the ends.

The dependable identification of ordered regions is a crucial step
in target selection for structural studies and structural genomics pro-
jects (Linding et al., 2003a). Finding putative structured domains
suitable for stucture determination is another potential application
of this server. In this case the algorithm takes the energy profile and
finds continuous regions confidently predicted ordered. Neighboring
regions close to each other are merged, while regions shorter than
the minimal domain size of at least 30 residues are ignored. When
this prediction type is selected, the region(s) predicted to correspond
to structured/globular domains are returned.

The core program to calculate the pairwise energy profile and dis-
order probability is written in C, the web server is written in PHP.
The calculation of the energy profile is based on single sequence,
without time-consuming alignment calculations. To further facilitate
the easy accessibility for scripting, a simple text output is generated
on default. However, the user can also request a graphical output.
The plot shows the disorder tendency of each residue along the
sequence. The plot is generated by the JpGraph software (JpGraph,
2005, http://www.aditus.nu/jpgraph/) on the fly, without storing the
graphical images on the local machine. When the prediction type of
structured domains is selected, these are highlighted on the plot by
thick lines. For long sequences, the graph is shown for fragments of
user-defined fixed length, 500 on default.
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Protein interaction networks display approximate scale-free topology, in which hub proteins that interact
with a large number of other proteins determine the overall organization of the network. In this study,
we aim to determine whether hubs are distinguishable from other networked proteins by specific
sequence features. Proteins of different connectednesses were compared in the interaction networks
of Saccharomyces cerevisiae, Drosophila melanogaster, Caenorhabditis elegans, and Homo sapiens
with respect to the distribution of predicted structural disorder, sequence repeats, low complexity
regions, and chain length. Highly connected proteins (“hub proteins”) contained significantly more of,
and greater proportion of, these sequence features and tended to be longer overall as compared to
less connected proteins. These sequence features provide two different functional means for realizing
multiple interactions: (1) extended interaction surface and (2) flexibility and adaptability, providing a
mechanism for the same region to bind distinct partners. Our view contradicts the prevailing view that
scaling in protein interactomes arose from gene duplication and preferential attachment of equivalent
proteins. We propose an alternative evolutionary network specialization process, in which certain
components of the protein interactome improved their fitness for binding by becoming longer or
accruing regions of disorder and/or internal repeats and have therefore become specialized in network
organization.

Keywords: disordered protein e unstructured protein « protein—protein interaction e interaction network « hub protein

Introduction

Protein function at the cellular level has a significant
contextual component determined by the multitude of interac-
tions among proteins in the living cell. Therefore, a primary
focus of post-genomic molecular biology has been to catalog
and interpret all the interactions of the proteome. As a result
of large-scale proteomic efforts, significant progress has been
made. Interaction network data have been generated for several
organisms, including Saccharomyces cerevisiae (S. cerevisiae),'
Drosophila melanogaster (D. melanogaster),> Caenorhabditis
elegans (C. elegans),® and Homo sapiens (H. sapiens).* Although
these distinct interactomes differ in many details, all seem to
display a scale-free topology, or at least an approximation
thereof,® characterized by a power-law distribution of the
degree of connectivity.®~® In such networks, most proteins (the
network nodes) are connected to relatively fewer, highly
connected proteins (the hubs). These hub proteins play es-
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E-mail: tompa@enzim.hu.

fHungarian Academy of Sciences.

#School of Informatics, Indiana University.

§ Purdue University.

'School of Medicine, Indiana University.
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sential roles in organizing the network. The presence of hubs
explains the salient features of biological networks such as
robustness, because random removal of nodes is much better
tolerated in a scale-free network than in a random network.
This robustness resulting from the scale-free topology is of
prime importance in cell survival.?

Because protein interactomes share the scale-free topology
with many other networks in nature, it has been suggested that
their emergence has been governed by the same underlying
principles, i.e., steady and random growth and preferential
attachment to already highly connected nodes.® While this
random-growth (gene-duplication) model agrees with a variety
of considerations and observations,®!? it oversimplifies the
biology of protein interactions. In particular, this model does
not consider differences among proteins nor the potential of
proteins to adapt their interaction capacity to their specialized
functions through molecular evolution. In fact, recently it has
been formally demonstrated that scale-free topology in protein
interactomes can arise from varying fitness values of nodes!!
and can be explained by simple genetic events, without
assuming a selective pressure on network topology itself.!?
Furthermore, it has been suggested that the large interaction
capacity of hubs might be directly manifested in discernible
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Table 1. Selected Properties of the Databases?

Dosztanyi et al.

YEAST YEAST_CORE WORM FLY FLY_CONF HUMAN
Interactions® 10741 6600 3992 20433 4733 25207
proteins® 4358 2640 2616 7003 4646 7560
proteins in IC_1¢ 1578 793 1527 2282 2569 1997
sequences in genomed 6357 6357 19957 18484 18484 32035
no. of HUBS (cutoff)® 766 (5) 141 (5) 282 (5) 1910 (5) 213 (5) 2329 (5)
no. of HUBS (cutoff)f 398 (9) 228 (12) 229 (6) 651 (15) 360 (4) 721 (14)
maximum interaction® 288 111 187 175 40 188

“The table shows the total number of interactions (a), the total number interacting proteins (b), the number of proteins with one interaction (c), the
number of sequences in the genomes (d), the number of HUB proteins (the cutoff value used to define HUB proteins) with fixed cutoff (e), the number of HUB
proteins (the cutoff value used to define HUB proteins) with floating cutoff (f), and the maximum interaction of a single protein (g) for the various datasets

used.

physicochemical feature(s).® Our goal in this study is to explore
whether hub proteins are enriched in features such as intrinsic
structural disorder and sequence repeats.

Recently, it has become clear that a large fraction of
eukaryotic proteins lack a well-defined 3D structure, but
manifest their functions in an intrinsically unstructured or
disordered state.'*~1® Computational studies have shown that
this feature increases with the increasing complexity of the
organisms and prevails in regulatory and signal-transduction
proteins.?*?! This structural state confers important functional
features, such as increased interaction capacity,?? ?* enhanced
association rates,>~?” and adaptability to different partners.?%2°
Apparently, these features are of potential benefit in functions
realized in protein interaction networks, as suggested previ-
ously.33! In fact, disorder has been noted to contribute to hub
characteristics in several ways, where hubs may be mostly
disordered, partially disordered, or ordered (i.e. highly struc-
tured), but interacting with disordered partners.®! Disordered
proteins or segments are often generated by the expansion of
internal repeat regions®* and often concomitantly exhibit low-
complexity amino acid compositions.?*** Internal repeat re-
gions can also encode for recurring structural elements in
ordered proteins, whose presence could lead to generation of
novel proteins or functional variants.®® Whether disordered or
ordered, sequence repeats might afford proteins enhanced
evolutionary prospects due to an enlarged available surface
area, which predisposes them for functioning via protein—
protein interactions.®® Since many disordered regions do not
contain the salient sequence features of low complexity or
repeats,’® and low complexity does not represent an absolute
discriminator for order and disorder,* disorder prediction is
needed to indicate the lack of specific 3D structure in the
absence of ligands and partners.'®"1® In fact, because of the
significant difference in the various attributes of sequences
encoding for disordered and ordered proteins, prediction of
intrinsic disorder in proteins can play a crucial role in the
comparison and analysis of different proteomes.?"3’

Motivated by these implications, we have used bioinformat-
ics methods to predict protein disorder, sequence repeats, and
segments of low complexity in the interaction networks of S.
cerevisiae (YEAST), D. melanogaster (FLY), C. elegans (WORM),
and H. sapiens (HUMAN). In this study, we found that hub
proteins tend to be larger and contain significantly longer and
more frequent regions of these sequence features, which
indicate such features as the structural basis for the large
interaction capacity of hub proteins. Our extensive global
analysis and findings provide strong evidence supporting the
generalization of recent observations regarding the importance
of disorder for a few hub proteins®! and also for a highly
restricted interactome dataset.?® In more general terms, our
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observations challenge the simplistic view that the evolution
of scale-free behavior by random growth leads to preferential
attachment.® We offer a more dynamic and realistic evolution-
ary perspective, in which network specialization is primarily
accomplished via evolution of hub proteins through the accrual
of “hub-friendly” sequence features.

Materials and Methods

Sequence Features. Proteins were analyzed for four se-
quence features: length, regions of predicted protein disorder,
low complexity, and sequence repeats. Sequences were down-
loaded from GenBank and were studied using the programs
available via the Internet as follows: protein disorder, 1U-
Pred?®94? available at http://iupred.enzim.hu/; low complexity,
SEG®* downloaded from the ftp site ftp://ftp.ncbi.nlm.nih.gov/
pub/seg/; and sequence repeats, internal repeat finder*! avail-
able at http://nihserver.mbi.ucla.edu/Repeats/. Disorder and
low complexity could be assigned to residues, from which the
percentage of the sequence covered could be calculated. In the
case of repeats, however, the program returns only an estima-
tion of the repeat number and repeat length, from which
percentage coverage, instead of the actual location of the repeat
region, could be calculated. Various combinations of these
properties, calculated for each protein as the maximum
percentage of the properties, were also analyzed.

Datasets. The list of all protein—protein interactions of yeast
(YEAST) was downloaded from the BIND database (2004
November release). A “core dataset” of the interactome is also
defined as the subset of interactions observed by several
different large- or small-scale experiments, or confirmed by
studies on paralogues. This YEAST_CORE dataset was down-
loaded from the DIP database.*” The C. elegans interactions
(WORM) were also taken from BIND.?® The Drosophila inter-
actome (FLY) was downloaded from the CuraGen database at
http://www.curagen.com/.? The interaction file also specifies
a reliability score for each interaction. The subset of the
“confident interactions” (FLY_CONF) was also separately ana-
lyzed. The data for human interacting proteins (HUMAN) were
downloaded from human protein reference database http://
www.hprd.org/.* The major features of the datasets are shown
in Table 1.

Hub proteins (HUBs) were defined in two different ways. On
one hand, we applied a fixed cutoff, when proteins with five
or more interactions were defined as candidate hubs, similarily
to a previous work.? On the other hand, because hub function
is a system property and it cannot be appropriately defined at
the level of individual proteins, we also applied a floating cutoff
definition, in which a unique cutoff was set for each interac-
tome depending on the dataset. In this case, hub proteins were
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Figure 1. Degree of connectivity in the interaction databases.
The percentage of proteins with interacting partners above the
given cutoff value is shown for YEAST (red squares), FLY (blue
triangles), WORM (brown diamonds), and HUMAN (green x)
databases on a log—log scale. The filled symbols correspond to
confident/core interactions. A power-law distribution assumes a
linear relationship.

defined as the top 10% of proteins with the highest number of
interacting partners (cf. Table 1, Figure 1). The properties of
hub proteins were compared to two reference datasets. IC_1
contains proteins with exactly one interaction. The other
reference dataset was RAN, a random sample of genome
sequences. To generate RAN, the appropriate genome se-
quences were downloaded from the COGENT database at
http://cgg.ebi.ac.uk/services/cogent/info.html. Due to com-
putational considerations, a maximum of 10 000 proteins,
representative of the whole genomes, were randomly selected
and their sequence features were individually determined. We
chose to compare hub proteins to these reference datasets
primarily because of the above-mentioned uncertainty in hub
definition. Due to this, the dataset complementary to hubs at
any chosen cutoff value will also contain proteins that behave
as hubs themselves, which will compromise the statistical
difference between hubs and nonhubs. Comparing two distinct
reference datasets, RAN, which statistically represents the whole
interactome and thus contains hubs, and IC_1, which by
definition does not, are expected to provide the information
necessary to resolve this dilemma.

Statistical Approaches. For each sequence, the total number
or proportion of residues with a given feature was determined.
Beside the average of these values, their distributions were also
analyzed, to obtain a more detailed picture. The range of the
values was divided into five bins so that roughly equal portions
of RAN sequences fell into each bin. Since occasionally more
than one-fifth of proteins lack disorder/low complexity/repeats,
the first bin can cover more than 20% of proteins, whereby
the remaining proteins could then be divided into four equal
bins. Nevertheless, these unequal bins with similar number of
data points give statistically more reliable results than bins of
equal width, where the first bin would contain most data points
and the last bin only a few.

The distribution of properties was compared between HUB,
IC_1, and RAN proteins (for definition and explanation, see
Datasets). The statistical significance of the differences was also
assessed. The basic assumption was that deviations arise
because of limited sample size. This was estimated by scooping

research articles

into the reference dataset, selecting as many random proteins
as HUB contained, and repeating this procedure 5000 times.
These random samples were then used to calculate the
standard deviation of the percentage of proteins falling into
the given bin. The deviation was also approximated with the
square root of the actual data points in the given bin. This
estimation gave very similar results (not shown).

Given the distribution of the percentage of hub proteins and
the reference proteins (IC_1 or RAN) in each bin and their
deviations, the likelihood that they derive from the same
distribution can also be estimated using y? statistics: x> = Z(a;
— b)?/(2 x dev?). For each i bin, a; and b; is the percentage of
proteins falling in the given bin for HUB proteins and for
proteins in the reference set, respectively, and dev; is the
standard deviation of the percentage of proteins in the bin,
calculated from the 5000 random samples taken from the
reference set, and used for both sets. By virtue of this value,
we can test the hypothesis that the two distributions are not
the same. If this value exceeds 13.3 (using 4 as the degrees of
freedom), the two distributions are different at a confidence
level of 99%.

Results

Connectivity of the Interactomes Studied. The scale-free
topology of interaction networks is primarily manifested in a
power-law distribution of the degree of connectivity. Different
interactomes, however, have been determined by different
experimental techniques and vary in coverage, which may affect
their global topological features.®> For a comparison of the actual
databases used herein (Table 1), Figure 1 shows the percentage
of proteins versus their numbers of interactions on a log—log
scale. The YEAST and WORM data follow most closely the linear
relationship expected, but the other datasets deviate signifi-
cantly from a straight line, as already noted.>® Despite the
deviation from strict linearity, however, the data are amenable
to our proposed analyses, with a relatively small fraction of
proteins having large numbers of interactions.

Sequence Features in Hubs and Nonhubs, and the Effect
of Cutoff Choice. Four sequence features (sequence size and
the number of residues with either of the three sequence
attributes: structural disorder, sequence repeats, and low
complexity) have been compared between hubs and nonhubs
by calculating the differences between the averages for hubs
proteins (HUB) and proteins with exactly one interaction (IC_1)
and a random sample of genome sequences (RAN), for all four
species (Table 2). The mean and standard deviation values
show that hubs are signicantly longer, and contain more of,
and a greater proportion of, structural disorder, sequence
repeats, and low complexity than nonhubs. Hubs in this
experiment have been defined by a fixed cutoff of five or more
interaction partners. These comparisons show that the length
of the protein and disorder are the strongest discriminators of
hubs from reference proteins, with repeats and low complexity
displaying smaller, but still significant, differences. Worth
noting is the unusual behavior of the WORM database, where
IC_1 proteins also seem to be biased. A further point is that
these data allow an insight into the evolution of hub function.
Comparing the four species, hubs appear to have gained mostly
in length and disorder, with a smaller incerase in the other two
features. Thus, these four features not only characterize hubs
today, they also have contributed to the evolution of hub
function and the increase in complexity of protein interacto-
mes.
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Table 2. Number of Residues and Proportion with Sequence Features of Hubs in Four Interactomes with Fixed Cutoff?

IC_1 RAN
datasets property HUB average average SD average SD
Average Number of Residues
YEAST disorder 143.69 87.38 5.09 92.11 5.45
YEAST Ic 45.20 32.86 1.79 34.35 1.93
YEAST repeat 23.44 14.52 2.43 17.84 2.94
YEAST length 532.61 430.23 12.01 469.72 13.61
WORM disorder 140.34 144.09 12.82 77.94 9.54
WORM Ic 49.28 47.66 3.90 33.62 3.43
WORM repeat 49.20 61.20 14.14 36.65 10.39
WORM length 494.90 506.24 26.00 436.73 22.87
FLY disorder 174.55 144.07 5.37 163.40 6.30
FLY Ic 68.90 57.95 2.20 65.65 2.55
FLY repeat 43.22 38.43 3.35 42.75 3.58
FLY length 482.66 507.85 10.06 541.08 11.45
HUMAN disorder 203.34 168.29 5.91 119.14 4.22
HUMAN Ic 70.22 59.76 1.70 43.76 1.42
HUMAN repeat 94.51 72.45 5.60 56.48 3.73
HUMAN length 698.33 621.82 11.40 467.36 8.99
Proportion of Residues

YEAST disorder 0.2460 0.1532 0.0760 0.1730 0.0079
YEAST Ic 0.0818 0.0713 0.0034 0.0767 0.0036
YEAST repeat 0.0331 0.0287 0.0041 0.0302 0.0040
WORM disorder 0.2493 0.2124 0.0149 0.1636 0.0136
WORM lc 0.1006 0.0906 0.0077 0.0808 0.0069
WORM repeat 0.0873 0.0660 0.0099 0.0588 0.0095
FLY disorder 0.3148 0.2280 0.0059 0.2594 0.0063
FLY lc 0.1381 0.1010 0.0030 0.1140 0.0031
FLY repeat 0.0875 0.0568 0.0034 0.0633 0.0034
HUMAN disorder 0.2722 0.2292 0.0050 0.2389 0.0054
HUMAN lc 0.1027 0.0999 0.0023 0.0955 0.0024
HUMAN repeat 0.0967 0.0785 0.0039 0.0864 0.0042

< For each species (S. cerevisiae, D. melanogaster, C. elegans, and H. sapiens) and each sequence feature (disorder, low complexity (Ic), repeats, and total
length in the case of absolute numbers) the distribution of the number of residues or the proportion of the given feature in the sequences of hub proteins is
compared to that of both the genome sequences (RAN) and the IC_1 (proteins with exactly one interaction). HUB proteins were defined as proteins with at
least five interactions. The averages were calculated for HUB proteins, for the RAN and IC_1 datasets. The SD refers to the standard deviation calculated from
the average properties over random samples of proteins, matching the number of HUB proteins but selected from RAN and IC_1 datasets, respectively (see

Materials and Methods).

The literature offers no clue regarding the specification of
the boundary between hubs and nonhubs; indeed, the concept
of being a hub is qualitative rather than quantitative. Since the
choice of the cutoff could affect the above results, an experi-
ment was carried out to examine this uncertainty. Figure 2
shows the results of how the mean of the difference between
hubs and random sample of proteins changes with the cutoff
value. The mean for hub proteins is higher than the average
for RAN and tends to increase with increasing cutoff values up
to very large values with the exception of HUMAN, which shows
a diminution of the difference with high values. The reason
for this deviation is not apparent but may be related to the
distinction that most of the data in the human interactome*
have come from curated individual observations, whereas the
other three datasets have been generated from high-throughput
studies. Of course, as the boundary value increases, the number
of hub proteins decreases, which increases the standard
deviation and impairs the estimation of the significance of the
difference. Nevertheless, these data support the overall conclu-
sion that hubs have discernible structural characteristics that
do not depend on hub definition, i.e., on the choice of the
cutoff value.

Characterizing Hubs by Applying a Floating Cutoff Defini-
tion. Here we further address the point that hub function is a
system property and cannot be exactly defined at the level of
the individual proteins. Furthermore, various interactomes have
been determined by different techniques, which are of different
sensitivity and may not provide the same information even on

2988 Journal of Proteome Research « Vol. 5, No. 11, 2006

the very same protein. We therefore also adopted an alternative
definition using a floating cutoff definition in which hub
proteins were considered as the top 10% of proteins sorted
according to the number of interaction partners. This defines
hubs in terms of their relation to the entire interactome and
thereby increases the statistical power of our analysis.

For the four species, the occurrence of the four attributes in
hubs has been compared to that in IC_1 and RAN, by dividing
the range of values obtained into five bins so that roughly an
equal portion of RAN sequences fell into each bin (for details,
see Statistical Approaches). The results are shown in Figure 3.
In practically all the cases, hub proteins are underrepresented
in the first or first two bins and are overrepresented in the last
or last two bins. In other words, hubs tend to have more
disorder, more sequence repeats, or more low complexity
regions than nonhubs. The trend is similar for the sizes of
proteins: the polypeptide chains of hubs are significantly
longer than those of nonhubs, with the possible exception of
Drosophila, in which case there is an excess of hubs with
medium lengths (centered at around 400 and 500 amino acids).

A concise description of all these comparisons is given in
Table 3. Here, the difference between the distributions of
sequence features and the total length of hubs and both
random genome samples and proteins with exactly one inter-
action is determined. The difference is characterized by a y?
value and the corresponding probability that the two sets of
data are of different distributions. Hubs and the reference
datasets significantly differ in practically all features for all the
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Figure 2. Effect of hub definition on the difference between hubs and random proteins. Three sequence features, disorder (red), repeat
coverage (green), and low complexity (blue) are compared for YEAST, WORM, FLY, and HUMAN hubs (HUB) and a random selection
of proteins (RAN). The difference between the average values for HUB and RAN is shown as a function of the number of interactions,
above which a protein is considered a hub (cutoff). The light-colored stripe around the mean corresponds to the standard deviation.

species, with the possible exception of the low complexity in
WORM and length in YEAST_CORE. It is also to be noted that
differences are more significant in some cases with RAN than
IC_1, which suggests IC_1 as a class is not representative of
the whole genome but is biased due to the methods used for
high-throughput screening of protein—protein interactomes.
In general, there are some minor differences between the
datasets. Disorder is a strong distinguishing feature in the
various interactomes, with length and repeats being also
convincing in most cases. In several instances low complexity
appears to be the least obvious but is still significant. Apart
from these minor differences, however, it is safe to conclude
that all three features are important, and thus conserved, in
defining hub behavior.

Proportion of Various Sequence Features in Hubs. In
addition to the overall length of regions with a particular
feature, it is also worth investigating how the proportion of
regions with a given feature differs between hubs and nonhubs.
Regions with a given feature were identified and normalized
by the size of the protein for the four species, as shown in
Figure 4. Again, the difference in favor of hubs is significant in
most cases, with the exception of low complexity in
YEAST_CORE, as quantitatively rendered in Table 4. Compared
to the total length of features, there are some differences in
the order of the importance of features, which are probably of
secondary importance. Overall, these data strongly suggest that
not only lengthy regions of disorder/repeats/low complexity
but also a high proportion of these features is likely to be
important for conferring advantages in terms of hub behavior.

Interdependence of Sequence Features. Because the three
features studied are not independent of each other, it is

important to determine the extent of their correlation. Although
intrinsically unstructured or disordered proteins are often
composed of repeats®? and low sequence complexity correlates
with the lack of a well-defined structure,® the three features
are not perfectly correlated characteristics. Indeed their com-
binations are stronger indicators of hubs than any single one.
To characterize their interdependence, the difference of the
averages of individual features and their combinations between
HUB and RAN proteins has been determined (Figure 5). Among
the three properties, disorder exhibited the largest increase in
all species, whereas their combination increased the difference
even further. In contrast, low complexity in any combination
led to only a minor increase and showed a relatively high
correlation with both disorder and repeats (data not shown).

All Interactions versus Confident Interactions. A compari-
son of interactomes obtained in different studies has shown
that individual studies may have provided a low coverage of
the total interactome and contain a significant fraction of false
positive interactions.*** This suggests that the actual interaction
databases may not be representative, which may cause artificial
results in our studies. To minimize this possibility, we char-
acterized specific subsets covering reliable interactions only.
These are available for the Drosophila (FLY_CONF) and yeast
(YEAST_CORE) interactome (for definitions, see Datasets).

Restricting our analysis to the subset of confident interac-
tions did not alter the differences in any significant way (Tables
3 and 4), thus corroborating the prior major conclusions. The
differences of the averages are significant in most of the cases
by the measures y?> and probability of difference in the
distributions of hubs and reference datasets.
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Figure 3. Total length of sequence features of hubs in interactomes. Comparison of the total number of residues with disorder (a), low
complexity (b), repeats (c), and the length of protein (d) for the yeast (YEAST), worm (WORM), Drosophila (FLY), and human (HUMAN)
interactomes. Green columns represent the borders of bins that contain about the same number of proteins calculated for the random
sample of genome sequences (RAN). Hub proteins are shown in red, and the random sample of proteins with exactly one interaction
(IC_1) are shown in blue. The height of the columns and the position of symbols represent the percent of proteins in the given database
that fall into the given bin, i.e., range of feature. The horizontal position of symbols is arbitrary, because it represents all data within
the given bin. The error bars correspond to the standard deviation calculated from IC_1.
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Table 3. Number of Residues with Sequence Features of Hubs
in Four Interactomes with Floating Cutoff?

compared to RAN compared to IC_1

datasets property Ve probability Ve probability
YEAST disorder 49.14 >0.99999 58.81 >0.999 99
YEAST Ic 2394 099991 38.87 >0.999 99
YEAST repeat 16.05 0.997 04 13.27 0.989 99
YEAST length 27.53 0.99998  42.27 >0.999 99
YEAST_CORE disorder  24.89 0.999 94 8.79 0.933 46
YEAST_CORE Ic 13.43 0.990 64 4.74 0.685 45

YEAST_CORE repeat 58.93 >0.99999 36.29 >0.999 99

YEAST_CORE length 21.65 0.999 76 3.36 0.500 88
WORM disorder 53.13 >0.999 99 8.24 091694
WORM lc 25,53  0.999 96 2.71 0.392 13
WORM repeat 20.43  0.999 58 4.31 0.633 74
WORM length 17.55  0.998 48 5.45  0.75559
FLY disorder 53.67 >0.99999 84.06 >0.999 99
FLY lc 27 0.99998 54.14 >0.999 99
FLY repeat 63.67 >0.99999 106.29 >0.999 99
FLY length 17.84  0.99867 12.28  0.984 60
FLY_CONF disorder 29.62 0.99999 28.75  0.999 99
FLY_CONF Ic 3.49  0.520 86 4.57  0.665 33
FLY_CONF repeat 1572 0.99658 23.30  0.999 89
FLY_CONF length 32.9 0.99999 24.83  0.999 95

HUMAN disorder 125.77 >0.99999 40.93 >0.999 99
HUMAN Ic 64.37 >0.999 99 5.66 0.774 17
HUMAN repeat 79.14 >0.99999 41.68 >0.999 99
HUMAN length 170.41 >0.99999 28.93  0.999 99

“For each species (S. cerevisiae, D. melanogaster, C. elegans, and H.
sapiens) and each sequence feature (disorder, low complexity (Ic), repeats,
and total length) the distribution of the number of residues with the given
feature in the sequences of hub proteins is compared to that in both the
genome sequences (RAN) and the IC_1 (proteins with exactly one interac-
tion). The difference is characterized by y? values (see Materials and Methods)
and the corresponding probability that the two sets of data are of different
distributions.

Discussion

The interaction networks of different species show remark-
able similarity in terms of the global feature of near scale-free
topology. In the interactomes examined, we found significant
deviations from a strict scale-free behavior (cf. Figure 1), with
an increasing deficiency of hubs toward higher connectedness.
In principle, this may be attributed to the suppression of hubs,?
to an approximation of scale-free behavior due to limited
sampling,® or to some other factors, such as the limited size of
the network. Notwithstanding these reservations, the funda-
mental features of these networks derive primarily from the
presence of highly connected hubs. Thus, the molecular basis
of the function of hub proteins is key to understanding how
interaction networks provide the bases for cell function. In this
paper, we present evidence that hub proteins are significantly
larger, have more predicted disorder, and contain more
sequence repeats and/or low-complexity regions than nonhubs.
Our studies into the interdependence of the features have
shown that disordered segments and repeat regions are rela-
tively independent, and their presence in hubs provides
synergistic structural rationale for hub behavior. Low complex-
ity, on the other hand, is much worse in distinguishing hubs
from nonhubs and may actually compromise discrimination
between these functional classes (cf. Figure 5). Interpretation
of this sequence feature in terms of hub function, thus, may
lead to misleading conclusions.

As noted in the Introduction, structural disorder confers
many functional advantages, several of which provide the
rationale for its prevalence in hubs,'61819 as also suggested in
previous works.?*3! The observation that either the total length
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of disordered segments or the proportion of disorder are
equally good attributes of hub function may actually imply two
alternative structural strategies. For example, the open structure
of intrinsically unstructured or disordered proteins provides a
large interaction surface, which enhances the capacity of the
protein for interactions.?® This is of clear benefit to proteins,
which interact simultaneously with many partners such as the
so-called party hubs.?** The presence of long repeat regions
may be rationalized on a similar ground.? For several actual
examples of hubs, such as for caldesmon, BRCAI, and estrogen
receptor o, for example,?! the advantage of a large amount of
disorder has been demonstrated. Hub function may also benefit
because disorder significantly increases the association rate of
protein interactions,'”?® as formulated in the fly casting®® and
protein fishing?” models. In addition, multicomponent com-
plexes do not assemble very well from rigid components due
to steric clashes. In contrast, the use of coupled folding and
binding by flexible subunits facilitates the formation of such
multicomponent complexes by avoiding the steric problems
encountered by rigid subunits.*>

A somewhat different structural logic may apply to proteins
that do not necessarily have long disordered regions but that
have a high proportion of disorder. These hubs may rely on
the malleability of their structures, which enable them to adapt
to distinct partners. Such adaptability has been described for
cyclin-dependent protein kinase inhibitors,?® for glycogen
synthase kinase 34,6 for a-synuclein,*” and for the hypoxia
inducible factor 1a,'® and has been generalized as moonlight-
ing®® or polymorphism in the bound state.?* A variation on this
theme might be represented by ordered hubs, such as calm-
odulin,®' or 14-3-3 proteins,*® for which the partners utilize
disorder in an adaptative process. While such a use of disorder
by hub partners definitely occurs in some cases, we found no
statistical difference between hub partners and other proteins
(data not shown). To further investigate whether disorder may
be important for some hub partners, it will be necessary to
separately evaluate the partners of a large collection of highly
ordered hubs. Overall, the excess of the features studied in hubs
can be rationalized in terms of the functional specialization of
these proteins. It would be interesting to test additionally
whether the features are also correlated with the connectedness
of hubs. Due to the relatively low number of hubs and the
extremely wide range of the number of interaction partners
(Table 1), the significance of this possible correlation could not
be established given the current limited dataset (data not
shown).

In addition, the excess of disorder and repeat regions in hubs
also has general evolutionary implications. Hubs play a central
role in defining the scale-free topology of interaction networks,
but the prevailing model for the emergence of such a contextual
arrangement fails to capture the basic capacity of proteins to
undergo evolutionary changes. The most influential model of
network evolution assumes that random growth and prefer-
ential attachment to already highly connected nodes explains
the emergence of scale-free behavior.%” The underlying evo-
lutionary mechanism has been assumed to be gene duplication,
which, due to mere chance, prefers nodes already connected
to nodes with multiple links.?!° Although scale-free topology
in principle may confer several selective advantages, such as
error tolerance,® avoidance of jamming,* and hierarchical
modularity,* upon which selective pressure may act, its
suggested development oversimplifies the situation in which
deletion of gene products, rewiring of physical contacts, and
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Figure 4. Proportion of disorder, sequence repeats, and low complexity in hubs in interactomes. Comparison of the relative abundance
of disorder (a), repeats (b), and low complexity (c) for the yeast (YEAST), worm (WORM), Drosophila (FLY), and human (HUMAN)
interactomes. Hub proteins (red), a random sample of proteins with exactly one interaction (blue), and a random sample of genome
sequences (green) are shown as in Figure 3.

critical differences between individual proteins all need to be
taken into account.'? In fact, it has been formally shown that
this topology also arises simply if hub proteins attract novel
partners due to their physicochemical nature that predisposes
them for interactions.!! It is of relevance here that IUPred, the
algorithm used for assessing disorder,3?° relies on estimating
the energy content that a given protein segment can realize.
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This incorporates energy terms for both intramolecular and
protein—solvent interactions. The importance of the latter in
both network evolution and intrinsic disorder has been dis-
cussed recently.®® A recent analysis of genetic regulatory
networks has in fact shown that, for the evolution of a network
with the observed global and local features, elements of both
node copying (gene duplication) and link mutation (change in
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Table 4. Proportion of Disorder, Sequence Repeats, and Low
Complexity in Four Interactomes?

compared to RAN compared to IC_1

datasets property 2 probability 2 probability
YEAST disorder 3892 >0.99999 67.88 >0.999 99
YEAST Ic 6.23 0.817 45 14.50 0.994 14
YEAST repeat 17.05 0.998 11 32.66 >0.999 99
YEAST_CORE disorder 31.28 >0.99999 19.17 0.999 27
YEAST_CORE Ic 4.68 0.67818 3.20 0.475 50

YEAST_CORE repeat 59.17 >0.99999 68.92 >0.999 99

WORM disorder 48.10 >0.99999 20.68  0.999 63
WORM Ic 8.29 0.91854 6.09  0.807 22
WORM repeat 23.25 099989 13.61 0.991 35
FLY disorder 69.66 >0.99999 115.33 >0.999 99
FLY lc 31.99 >0.99999 7241 >0.999 99
FLY repeat 65.08 >0.99999 112.49 >0.999 99
FLY_CONF disorder 28.84 0.99999 30.15 >0.999 99
FLY_CONF lc 8.47 092429 12.03 0.982 86
FLY_CONF repeat 1770 0.99859 22.77  0.999 86
HUMAN disorder 47.55 >0.99999 43.79 >0.999 99
HUMAN lc 34.03 >0.99999 10.01 0.959 82
HUMAN repeat 111.64 >0.99999 52.17 >0.999 99

“For each species (S. cerevisiae, D. melanogaster, C. elegans, and H.
sapiens) and each sequence feature (disorder, low complexity (Ic), repeats)
the distribution of the number of the proportion of the given feature for
hub proteins is compared to that in both the genome sequences (RAN) and
the IC_1 (proteins with exactly one interaction). The difference is character-
ized by y? values (see Materials and Methods) and the corresponding
probability that the two sets of data are of different distributions.

interaction) events have to be invoked.’! Although protein—
protein interaction networks studied in our work and genetic
regulatory networks differ in some basic aspects, the evolution-
ary complexity for one regulatory network supports our point
that a more elaborate evolutionary model of biological networks
is likely needed in general for biological networks.

By examining hubs of the four species, it is clear their length
and disorder, and to a lesser degree their repeats and low
complexity regions, tend to increase as the complexity of the
organism and the underlying interactomes increases in com-
plexity on the evolutionary tree. These observations support
the idea that the evolution of protein interaction networks has
involved an element of selection of certain proteins toward
functioning in network organization, i.e., by becoming hubs.
In this process, the generation and extension of internal repeat
regions and the increase in disorder is proposed to have played
an active role. This scenario fully conforms to the logic of
specialization that enables biological entities to occupy more
niches. Additionally, direct functional advantages could also
derive from this specialization process. Disordered proteins are
frequently involved in regulated interaction processes, due to
their disposition for posttranslational modification.!65? This is
of significant functional benefit, as interaction networks are
very dynamic objects, prone to undergo profound reorganiza-
tion events mostly conducted by “transient”® or “date”** hubs.
An interesting possibility is that date hubs may also draw a
functional advantage not from the disorder and ensuing
adaptability of their own but that of their partners. In principle,
this might alleviate the demand of structural adaptability of
the hub and provide a simpler solution for the inclusion of the
hub in distinct and functionally/structurally unrelated com-
plexes. This possibility has been discussed previously.3!

Another significant feature might derive from the observation
that, since intrinsically disordered proteins are typically un-
folded, they undergo little change upon treatment with heat
or chemical denaturants. This resistance may provide protec-
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Figure 5. Averages and correlations of the sequence features.
The average percentage of the sequence properties and their
various combinations in HUB proteins for the four species
calculated. The region below the zero line corresponds to the
average in the random genome subsets (RAN), whereas the
region above the zero line shows the increase in HUB proteins
for the three primary sequence properties (disorder, repeats, and
low complexity, Ic) and their various combinations. These latter
ones were defined as the maximum of the two or three properties
for each protein, averaged over the dataset.

tion against elimination of hub function, to which scale-free
networks are very sensitive.® A further pertinent point is that
intrinsically unstructured or disordered regions often bind with
their partner(s) by virtue of an extended surface with interac-
tion sites dispersed over the surface of the ordered protein
partner.’® A change in any of these sites might not entirely
eliminate the interaction and may thus provide resistance
against point mutations. This may be a good explanation why
evolutionary variability shows very weak correlation with the
number of interaction partners,> whereas removal of a hub is
three times more probable to be lethal than other proteins.®

In summary, hub proteins are found to be enlarged and also
to be enriched in predicted disorder, in sequence repeats, and
in low complexity regions and in combinations involving two
or more of these features. All of these characteristics and their
combinations facilitate binding to multiple partners. The
enrichment of these features over evolutionary time is probably
necessary to explain these observations, suggesting a more
complicated evolutionary history than the commonly accepted
mechanisms based on simple, random gene duplication.
Experimental studies to further test these proposed roles of
intrinsic disorder in protein—protein interaction networks
would be useful.
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Thorough knowledge of the molecular principles of protein—protein
recognition is essential to our understanding of protein function at the
cellular level. Whereas interactions of ordered proteins have been analyzed
in great detail, complexes of intrinsically unstructured/disordered proteins
(IUPs) have hardly been addressed so far. Here, we have collected a
database of 39 complexes of experimentally verified IUPs, and compared
their interfaces with those of 72 complexes of ordered, globular proteins.
The characteristic differences found between the two types of complexes
suggest that IUPs represent a distinct molecular implementation of the
principles of protein—protein recognition. The interfaces do not differ in size,
but those of IUPs cover a much larger part of the surface of the protein than
for their ordered counterparts. Moreover, IUP interfaces are significantly
more hydrophobic relative to their overall amino acid composition, but also
in absolute terms. They rely more on hydrophobic-hydrophobic than on
polar—polar interactions. Their amino acids in the interface realize more
intermolecular contacts, which suggests a better fit with the partner due to
induced folding upon binding that results in a better adaptation to the
partner. The two modes of interaction also differ in that IUPs usually use
only a single continuous segment for partner binding, whereas the binding
sites of ordered proteins are more segmented. Probably, all these features
contribute to the increased evolutionary conservation of IUP interface
residues. These noted molecular differences are also manifested in the
interaction energies of IUPs. Our approximation of these by low-resolution
force-fields shows that IUPs gain much more stabilization energy from
intermolecular contacts, than from folding, i.e. they use their binding energy
for folding. Overall, our findings provide a structural rationale to the prior
suggestions that many IUPs are specialized for functions realized by
protein—protein interactions.

© 2007 Elsevier Ltd. All rights reserved.

Keywords: intrinsically unstructured proteins; protein—protein interac-
tions; molecular recognition; disorder-to-order transition; protein-protein
interface

Introduction

cular mteractlons are indispensable for their func-
tions." Among these, protein—protein interactions

The recent success in high-throughput studies of
protein structure, function and interactions provide
solid evidence that for most proteins macromole-

Abbreviations used: PDB, Protein Data Bank; IUP,
intrinsically unstructured protein; PPI, protein—protein
interaction; MorEs, molecular recognition elements;
MorFs, molecular recognition features.

E-mail address of the corresponding author:
zsuzsa@enzim.hu

(PPIs) are central for both function and control, and
justify concerted efforts aimed at describing the
comphcated network of interacting proteins, i.e. the
interactome.”* At the level of individual proteins,
most pertinent studies are directed towards solving
structures of complexes to unveil the molecular
principles of interactions that govern specific
recogmtlon The idea underlying all these efforts
is that a better understanding of PPIs at both the
individual and system levels will provide an
improved atomistic picture of communication with-

0022-2836/$ - see front matter © 2007 Elsevier Ltd. All rights reserved.
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in the proteome, which is essential for our under-
standing of the living cell.

A common theme in these efforts is the detailed
analysis of the molecular interfaces that proteins
apply to recognize each other. Several studies have
focused on dissecting these surfaces, and have
shown that these usually are of the order of 1000 A
in area, and they are distinguished from the average
surface of proteins by an elevated hydrophobicity,
evolutionary conservation of certain anchoring
residues and characteristic shapes that differ for
various classes of complexes, such as homodimers,
heterodimers or enzyme-inhibitor complexes.”®
The insight gained from these analyzes enables the
prediction of interfaces from structural information
about the monomers and enables a structural
interpretation of functionally relevant features of
PPIs, such as strength, kinetics, specificity and
evolution.

The issue of the molecular principles of PPIs, how-
ever, has so far been unduly neglected in the case of
the newly recognized structural class of intrinsically
disordered proteins. The discovery of such regions
(IDRs) and full-length proteins (IUPs)” " has been
followed by the recognition that protein disorder is

Table 1. Disordered protein complexes

widespread in eukaryotic proteomes, and correlates
with signaling and regulatory,'* ' and chaperone'”
functions. The relevance to our subject comes from
the fact that all these functions rely on rapid and
highly regulated PPIs and, in fact, several func-
tional advantages ascribed to protein disorder are
linked directly with its involvement in protein
binding. When IUPs/IDRs are involved in PPlIs,
they undergo induced folding or disorder-to-order
transition,'®1° suggested to provide several advan-
tages, such as specificity without excessive binding
strength, increased speed of interaction, binding
promiscuity or moonlighting, among others.14.20-21
These advantages underscore the high frequency of
disorder in proteins organizing the interactome, i.e.
in hubs.??72> In terms of the molecular details of the
recognition process, it has been suggested that IUPs
often use short sequential recognition elements for
binding, termed primary contact sites,”® preformed
structural elements,” or molecular recognition
elements/features (MorEs/MorFs).?®% In direct
connection with these concepts, a recent analysis
has shown that short linear motifs in proteins often
fall into locally disordered regions,?® underlying
the suggestion that interactions of IUPs/IDRs

PDB ID Chain ID Resolution (A) Name

laxc (B, A) 2.6 DNA-binding protein/DNA (human PCNA)

1cee (B, A) NMR CDC42 - GTPase binding domain of WASP

lemk (I E) 2.9 Phosphotransferase

leqt (L, A) 3.2 Gene regulation/DNA (ternary complex)

ldev (B, A) 22 Signaling protein (SMAD2 MH2 - SARA)

1dpj (B, A) 1.8 Hydrolase/hydrolase inhibitor (proteinase A — IA3 peptide inhibitor)
1183 (BC, A) 2.0 Hydrolase/membrane protein (botulinum neurotoxin — synaptobrevin-II)
1fqj (C, ABDE) 2.02 Signaling protein

1fvl (F, DE) 19 Immunodominant peptide from myelin basic protein

1g3j (B, A) 2.1 XTCF3-CBD/-catenin armadillo repeat complex

1i7x (B, A) 3.0 p-Catenin/E-cadherin complex

1i8h (A, B) NMR Membrane protein/isomerase

liwq (B, A) 2.0 Metal-binding protein

1j2j (B, A) 1.6 GGAL1 gat N-terminal region in complex with ARF1 GTP form
1jsu (C, AB) 2.3 Transferase/ cyclin/inhibitor

1kdx (B, A) NMR Transcription regulation complex (KIX domain of CBP — PKID CREB)
1kil (CD, ABE) 2.3 Membrane protein (complexin/snare complex)

118¢ (B, A) NMR Gene regulation

1mv0 (A, B) NMR Tumor suppressor BIN1

Imxl (L, C) NMR Ca-binding protein (cardiac troponin C — troponin I)

109a (B, A) NMR Complex of 1f12f1 fibronectin with B3 from FNBB

lonv (B, A) NMR RAP74 — MAP II CTD phosphatase FCP1

1pl6 (D, B) 2.7 mRNA capping enzyme — RNA polymerase

1p4q (A, B) NMR Transferase

1q68 (A, B) NMR T-cell surface glycoprotein — tyrosine-protein kinase

1rf8 (B, A) NMR Biosynthetic protein (EIF4E — M7GDP and EIF4GI)

1sb0 (B, A) NMR KIX domain of CBP - transactivation domain of c-MYB

1sc5 (B, A) 3.26 0-28(FLIA)/FLGM complex

1sgk (B, A) 2.5 Structural protein (ciboulot — skeletal actin)

1sqq (I, A) 3.0 Oxidoreductase

1tba (A, B) NMR Transcription factors (TBP-TAFII230 complex)

1thl (C, A) 25 Cell adhesion/antitumor protein

1vit (I, LH) 32 Serine protease/inhibitor

1wkw (B, A) 2.1 Ternary complex of EIFAE-M7GPPPA-4EBP1 peptide

Ixtg (B, A) 2.1 Neurotoxin BONT/A - synaptosomal-associated protein 25
lycq (B, A) 2.3 Oncogene protein (MDM2 — p53)

2auh (B, A) 3.2 Transferase (grb14 bps region — receptor tyrosine kinase)

2b3g (B, A) 1.6 P53N — RPA70N

2clt (D, B) 2.6 Nuclear transport complex (KAP60P:NUP2 complex)
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Table 2. Ordereded complexes

o

PDB ID Chain ID Resolution (A) Name

la0o (B, A) 2.95 CHEA - CHEY

latn (D, A) 2.8 Deoxyribonuclease I — actin

lavz (C, AB) 3.0 Myristylation/ transferase

1glb (F G) 2.6 Phosphotransferase

1hrp (A, B) 3.0 Hormone (HCG)

1lpa (A, B) 3.04 Hydrolase (carboxylic esterase)

1luc (B, A) 1.5 Bacterial luciferase

1spb P5) 2.0 Serine proteinase/prosegment

1ttq (A, B) 2.0 Carbon-oxygen lyase (tryptophan synthase)

2btf (P, A) 2.55 Acetylation and actin-binding (B-actin-profilin complex)
2pcb (B, AC) 2.8 Cytochrome ¢ peroxidase (ccp) — Cytochrome ¢

3hhr (A, BO) 2.8 Human growth hormone complexed with its receptor
laoz (A, B) 1.9 Oxidoreductase (oxygen acceptor)

ledt (A, B) 2.5 Cytotoxin (cardiotoxin)

1fcl (A, B) 29 Immunoglobulin (FC fragment)

1gbn (A, B) 2.1 CAP-CAMP (DNA binding protein)

1glq (A, B) 1.8 Gluthatione transferase — glutathione

lhng (A, B) 2.8 T lymphocyte adhesion glycoprotein

1il8 (A, B) NMR Interleukin 8

1msb (A, B) 2.3 Hepatic lectin

1nl3 (A, B) 2.8 Seca protein translocation ATPase

1phh (A, B) 2.3 Oxidoreductase (ternary complex)

1pp2 (R, L) 2.5 Hydrolase (Ca-free phospholipase)

1pyp (A, B) 3.0 Acid anhydride hydrolase

ltar (A, B) 22 Aspartate aminotransferase

lutg (A, B) 1.34 Steroid binding (uteroglobin)

lvsg (A, B) 2.9 Variant surface glycoprotein

lypi (A, B) 19 Isomerase (intramolecular oxidoreductase)

2ccy (A, B) 1.67 Electron transport (heme protein)

2cts (A, B) 2.0 Oxo-acid-lyase (citrate synthase)

2gnb (A, B) 2.3 Gene 5/DNA binding protein

2orl (L, R) 2.5 Gene regulating protein (434 repressor complex with operator)
2rhe (A, B) 1.6 Immunoglobulin (Bence-Jones protein)

2rus (A, B) 2.3 Rubisco complex with CO, and Mg

2rve (A, B) 3.0 ECO RV endonuclease

2sod 6, Y) 2.0 Oxidoreductase (Cu, Zn superoxide dismutase)

2tsl (A, B) 2.3 Ligase (tyrosyl-transfer RNA synthetase)

2tsc (A, B) 1.97 Methyltransferase (thymidylate synthase)

3enl (A, B) 2.25 Carbon-oxygen lyase

3grs (A, B) 1.54 Oxidoreductase (flavoenzyme)

3hvt (B, A) 29 Nucleotidyltransferase (HIV virus reverse transcriptase)
3icd (A, B) 2.5 Oxidoreductase (isocitrate dehydrogenase)

3sdh (A, B) 1.4 Hemoglobin I (carbon-monoxy)

3sdp (A, B) 2.1 Oxidoreductase (Fe superoxide dismutase)

3ssi (A, B) 2.3 Serine protease inhibitor

4mdh (A, B) 2.5 Oxidoreductase (cytoplasmic malate dehydrogenase)
5adh (A, B) 29 Oxidoreductase (alcohol dehydrogenase-ADP-ribose)
lahw (C, AB) 3.0 Tissue factor — inhibitory FAB (5g9)

1fdl (Y, LH) 2.5 IGG1 FAB fragment — lysozyme

liai (MI, LH) 2.9 Idiotype — anti-idiotype FAB complex

1jhl (A, LH) 24 Lysozyme antibody D11.15 — lysozyme

1mel (L, A) 2.5 VH antibody - lysozyme

Inca (N, LH) 25 N9 neuraminidase-NC41-FAB

lyqv (Y, LH) 1.7 FAB HYHELS5 - lysozyme

2jel (P, LH) 2.5 JELL42 FAB/HPR complex

2vir (C, AB) 3.25 Influenza virus hemagglutinin — neutralizing antibody
3hfm (Y, LH) 3.0 IGG1 FAB fragment — lysozyme

lacb (IE) 2.0 Hydrolase (serine protease)

lavw (B, A) 1.75 Trypsin — trypsin inhibitor

1brs (D, A) 2.0 Barnase — barstar

1cho (L E) 1.8 Serine proteinase/inhibitor (a-chymotrypsin—ovomucoid third domain)
lcse (I, E) 1.2 Serine proteinase/inhibitor (subtilisin carlsberg — eglin-C)
1dfj (E, I) 25 Ribonuclease inhibitor — ribonuclease A

1fss (B, A) 3.0 Acetylcholinesterase — fasciculin-II

Imct L A) 1.6 Trypsin — trypsin inhibitor

1stf (I, E) 2.37 Hydrolase (papain — inhibitor stefin B)

1tab (L E) 2.3 Hydrolase (trypsin — Bowman-Birk inhibitor)

ltgs 1,2 1.8 Proteinase/inhibitor (trypsinogen — trypsin inhibitor)
lugh (IE) 1.9 Glycosylase (uracil-DNA glycosylase — protein inhibitor)
2ptc (L E) 1.9 B-Trypsin — trypsin inhibitor

2sic (I, E) 1.8 Subtilisin — streptomyces subtilisin inhibitor

4htc (I, LH) 2.3 Hydrolase (a-thrombin — recombinant hirudin)
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represent a distinct mode of PPIs.”’ Whereas this
notion has been often invoked in the literature,
structural studies in support are rather scarce.

In two recent studies of the interfaces, several
classes of protein complexes, including a limited
number of TUPs* and complexes of short binding
elements (molecular recognition elements/features),
have been analyzed.* It was found that the surfaces
and interfaces of two-state complexes and com-
plexes of IUPs show special features, such as
increased area per residue, or an elevated level of
exposed hydrophobic residues buried only upon
complex formation. These studies have limitations
in terms of generalizations toward IUP behavior,
either because they included only five bona fide IUP
complexes, ten two-state complexes, and 44 riboso-
mal proteins,® or because selection of the 258 MoRF
examples was based on length.*> The resulting
dataset contains complexes of small but stable
proteins, like the trypsin inhibitor, beside many
potentially disordered proteins. These results per-
tain to the behavior of IUPs, but the recent rapid
growth in the number of experimentally verified
[UPs,** and structures of complexes with an TUP as
one partr1<—:‘r,35*38 enabled us to extend these studies
and provide further statistically sound conclusions.
On the basis of novel data, we identified 39
complexes, in which an IUP binds a globular protein
partner, analyzed their interfaces and compared
them with those of 72 complexes of globular
proteins. We found that the chemical and physical
features of interfaces of IUPs are distinct from those
of globular proteins in many aspects, such as a much
larger relative area, and preference for hydrophobic
residues, which exceeds even the interior of the
protein. Their much larger contact number per
residue are indicative of structural adaptation
driven by induced folding, and suggest that IUPs
might preferentially gain stabilization energy from
contacts with the partner. We provide evidence for
this latter by estimating these energies via low-
resolution force-fields, already exploited in predict-
ing protein disorder by the IUPred algorithm.**
These differences suggest that IUP binding repre-
sents a unique implementation of the principles of
protein—protein binding, which provides the ratio-
nale for why IUPs fold only upon encountering their
physiological partner, and why so often they
function via molecular recognition.'®*"*!

Results

Data for analysis

For this analysis, we have scanned the PDB for
entries of complexes, one chain of which was proven
to be disordered by experimental techniques. The
database of such “disordered” complexes contains
39 complexes (Table 1). The interfaces of these have
been analyzed and compared to those of 72
complexes, for which both components are ordered

in isolation (ordered complexes, Table 2). Figure 1
shows characteristic examples for the two classes,
i.e. ordered and disordered, which already illustrate
the differences that emerge as the quantitative study
unfolds.

Global characteristics of interfaces

The first level of analysis is a rough comparison of
the geometry of interfaces of the two classes of
complexes. Figure 2(a) shows the distribution of the
size of the interface area. The distributions are not
significantly different, i.e. the size of IUP interfaces
covers about the same range as those of ordered
complexes, maybe with the lack of very large
interfaces (>3000 A?) for IUPs. Characteristic differ-
ences can be seen, however, if the interface area is
plotted as a function of chain length (Figure 2(b)). It
takes a much longer chain for globular proteins than
for IUPs to create the same interface, which indicates
that TUPs may have a much larger interaction
potential, as already suggested.**

The explanation for this observation may come
from the fact that [UPs have the same relative
surface, but use a larger part of it for interaction, or
they already have a larger surface per residue, or
both. To find out which actually applies, we plotted
the surface area per residue of proteins against their
interaction areas per residue (Figure 3(a)). The two
classes show a striking difference and clear separa-
tion, which validates previous observations made on
a much smaller dataset.”® TUPs have a much larger
surface per residue, and they exceed globular
proteins in their interface area per residue. When
the ratio of the two values are calculated (Figure
3(b)), it is clear that IUPs have relatively larger
surfaces, they also use a larger portion of their
surface for interaction with their partner, sometimes
50% of the whole, as opposed to only 5%-15% for
most ordered proteins.

Another way of comparing the interfaces is to
count how many continuous segments (for defini-
tion, see Data and Methods) the binding surface is
assembled from. Since folding of a globular protein
brings distinct segments of the polypeptide chain in
proximity, it is expected that their binding surfaces
are more fragmented, i.e. they are assembled from
more segments than those of IUPs. The picture that
emerges (Figure 4) is in complete agreement with
this expectation: in 70% of the cases the binding
surface of the IUP represents a single sequentially
continuous segment only, and with the exception of
a single case (PDB 1sc5) they never contain more
than three separate segments. On the other hand,
ordered proteins hardly ever use a single segment
for binding to their partner, and their segmentation
number may occasionally even exceed the value of
10.

Chemical nature of interfaces

As seen, global characteristics of the interfaces of
IUPs and ordered proteins differ significantly. When
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(a)

(b)

Figure 1. A typical example of ordered and disordered
complexes. The Figure shows an example of the two basic
types of complexes analyzed in this study. (a) Bacterial
luciferase (PDB code 1luc) is an example for complexes
between ordered proteins. (b) Botulinum neurotoxin (PDB
code 1f83) shows a complex between a disordered and
ordered protein, where the disordered protein chain
wraps around an ordered protein in a largely extended
conformation.

we ask about the physical and chemical nature of the
interfaces, IUPs again stand out. By having much
larger relative surfaces, it is natural their ratio of
buried/exposed area is much smaller on average
than that of globular proteins (Figure 5). As
expected, this is true for polar residues, because
proteins in general must not be able to bury polar
residues upon folding. The surprise, however,
comes from looking at hydrophobic residues,
because they also are more exposed than buried in
IUPs, which suggests that they are mostly used for

contact with the partner, and not for generating a
hydrophobic core, as with globular proteins. In a
way, it may be suggested that the hydrophobic core
of IUPs is in the interface, and not within the
polypeptide chain of the folded, partner-bound
state. This observation suggests an unexpected
structural strategy for function, in a sense that
IUPs tend to expose their few hydrophobic residues
for interaction with the partner. A similar observa-
tion has been made in the case of two-state
complexes, the monomers of which may exist either
as unfolded g’disordered) in isolation or folded in the
complex.***

The detailed analysis of the amino acid composi-
tion of the interfaces provides full evidence for this
point, ie. that IUPs preserve and expose their
hydrophobic residues for partner binding. In agree-
ment with previous studies,”*” the analysis of
ordered proteins shows that their surface is enriched
in polar/charged residues, and depleted in hydro-
phobic residues (Figure 6(a)). Relative to this
distribution, their interfaces are more hydrophobic,
and occupy a position intermediate between the
hydrophobic interior and the polar surface of the
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Figure 2. IUPs realize large contact surfaces in their
complexes. (a) The distribution of the size of the interface
area for the smaller chain of ordered complexes (blue
bars), and for disordered proteins in complex with an
ordered protein (red bars). (b) The interface area versus
chain length for the smaller chain of the ordered (blue
triangles) and disordered (red squares) type of complexes
(the smaller chain is always the IUP in the disordered
complexes) as a function of the length of the chain
involved in the construct.
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Figure 3. IUPs use a large fraction of their surfaces for
binding. (a) Surface area per residue versus interface area
per residue for the smaller chain of ordered complexes
(blue triangles), and for disordered proteins in complex
with an ordered protein (red squares). (b) The distribution
of interfaces in terms of the interface area relative to the
total surface area (blue for ordered and red for disordered
complexes).
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Figure 4. Lack of segmentation of the interfaces of
IUPs. The distribution of the occurrence of interfaces with
various numbers of non-continuous sequence segments
(as defined in Data and Methods), given for the smaller
chain of ordered complexes (blue), and for disordered
proteins in complex with an ordered protein (red).

polarity /hydrophobicity of their surfaces (Figure
5), they keep a larger fraction of their hydrophobic
residues exposed than ordered proteins do. Further-
more, unlike the case of ordered proteins, their
interfaces are more hydrophobic than their surface
in general, and more hydrophobic than the protein
in general, and thus more hydrophobic than the
buried regions of the protein. Thus, IUPs show a
unique preference to expose and use their hydro-
phobic residues for interaction, whether they are
aromatic (Trp, Tyr), or aliphatic (Leu, Ile). This
difference comes from a greater relative hydropho-
bicity of IUP interfaces, and from the chemical
differences between the two groups: interfaces of
IUPs are significantly more hydrophobic than
interfaces of ordered proteins (Figure 6(c)). It
appears that IUPs rely much more on hydrophobic
residues at their interface, which counteracts their
unfavorable decrease in entropy upon folding.

When the types of contacts in the interface are
counted (Figure 7), this distinction clearly shows.
IUP interfaces rely much more on hydrophobic-
hydrophobic contacts than ordered proteins do,
which balance this by significantly more polar—polar
contacts, probably due to being able to better shield
these from hydration water. A further characteristic
difference is that the interface residues of IUPs are
engaged in larger numbers of contacts than those of
ordered proteins (Figure 8). The reason of this
difference is probably related directly to the differ-
ent binding modes of the two structural classes,
because IUPs undergo large-scale induced folding
upon binding, and can better adapt to the structure
of the partner, whereas structural adaptation of
ordered proteins is limited due to their much lower
level of conformational freedom.
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Figure 6. Amino acid composition of the surface and
interface of IUPs and ordered proteins. (a) The amino acid
composition of the surface (blue) and the interface area
(red) relative to the total amino acid composition for the
smaller chain of ordered complexes, and (b) for disordered
proteins in complex with an ordered protein. The amino
acids are sorted according to the hydrophobicity scale
described by Fauchere and Pliska.> Additionally, the ratio
of hydrophobic amino acids (Ala, Cys, Ile, Leu, Met, Prot,
Val, Phe, Trp, Tyr) is shown for the surface and the
interface residues normalized by the total amino acid
composition (marked as h). Amino acids with statistically
significant differences between the surface and interface
compositions are marked by a red letter. Statistical
significance was calculated by two-sided Student’s t-test.
(c) The ratio of the amino acid compositions of IUP
interfaces and interfaces of ordered proteins. The ratio of
hydrophobic amino acids in the two datasets is shown.
Amino acids showing significant differences between the
interface compositions of ordered and disordered com-
plexes are marked by a red letter.

Contact Type

Figure 7. Contribution of hydrophobic and polar
contacts to the interfaces of IUPs and ordered proteins.
Histogram of the various types of contacts in the interfaces
of the smaller chain of ordered complexes (blue), and of
disordered proteins in complex with an ordered protein
(red). For this analysis, amino acids were classified as
hydrophobic (H: Ala, Cys, Ile, Leu, Met, Prot, Val, Phe,
Trp, Tyr) or polar (Asp, Glu, Gly, His, Lys, Asn, Gln, Arg,
Ser, and Thr). The first position corresponds to the smaller
chain of the complex, which is always the IUP in the
complex designated disordered, thus HP does not equal
PH contacts.

Interaction energies at the interface

A key question that arises from all the fore-
going studies is whether all the characteristic
differences between the interfaces of ordered and
disordered proteins manifest themselves in differ-
ences in the interaction energies of the two types
of complexes. We showed earlier that the concept
of low-resolution force-fields can be used to
recognize IUPs from the amino acid sequence
because the estimated pair-wise inter-residue
interaction energy of IUPs is less favorable

50
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2-4 4-6 6-8 8-10 10>
Number of Contacts

Figure 8. The histogram shows the distribution of the
number of atom contacts per interacting residues-residues
pairs at the interface (as defined in Data and Methods)
observed for the smaller chain of the ordered complexes
(blue), and for disordered proteins in complex with an
ordered protein (red).
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compared to globular proteins.”” Here, we applied
the same statistical potentials to characterize the
energetic relationship of the complexes. The total
interaction energy that arises from interactions
within individual chains and from their interactions
with the partners were calculated (Figure 9(a)). The
picture shows a clear separation of the two classes
of complexes. Considering the energy realized from
intramolecular interactions, ordered proteins invari-
ably fall within the stabilizing range, which under-
scores that they fold due to favorable interactions
within the chain. Most of the IUPs, as already
shown,® cannot form sufficient inter-residue inter-
actions for a stable fold, which renders them
disordered in isolation. The situation, however,

(a)

=)

3 04 g

3 .

o 0.2 [

<] x ok Afa " A

5 A Sy 4 .

S 0.0 NV L L

0 A A Lag, T

o o BT

o 0.2 T W L

Q At as al

< 0.4 fasap e .

Q = a i ol

c st Tmg - L]

= -0.6 " S . =
-

2 - . z

o -0.8 a

= A

(1] ]

c -1.0 -

S

B 1.2 '

g -1.

E -

2

=

14K . & a . " i " . . "
-14 -12 -1.0 -0.8 -0.6 -04 -0.2 0.0 0.2 04 0.6 0.8
Energy/residue [aeu]

10
N

5
— a
> .
% 0 LY :‘:’:‘ a A oy '™
— ‘AA -
3 ? .
= Al gma 4 ] A
o -5 a ", & A ganm a
o l: Y L.
@ s Ta = af

LA R

£ -10
_(CU [
O ]
5 -15 + T i
a a
c L
= a

-20 u n

s L]

25
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Interface area [AE]

Figure 9. Pairwise energies of intrachain versus inter-
chain interactions. (a) Pairwise energies of intrachain
versus interchain interactions normalized by the length of
the chain and the number of residues at the interface,
respectively. Pairwise energy was calculated by statistical
force-fields, as given in Data and Methods. The energies
are in arbitrary energy units (aeu). The vertical line at —0.2
(arbitrary energy units) shows the borderline between
ordered (blue triangles) and disordered proteins (red
squares), used for predictions of protein disorder. Typi-
cally, disordered chains lie below the y=x line, indicating
that in terms of statistical potentials they make more
favourable interactions with their partner compared to the
interactions made within the chain. (b) Total energies of
interfaces as the function of the interface area of the
smaller chain of ordered complexes (blue triangles), and of
disordered proteins in complexes (red squares).

changes in the presence of the partner. IUPs tend to
have more stabilizing interactions with the partner,
which shifts the overall balance towards favoring
the folded state. This explains why IUPs undergo
induced folding in the presence of the partner and
explains their observed preference for hydrophobic
residues in the interface, since stabilization primar-
ily comes from hydrophobic interactions.

Total interface energies can also be calculated
and plotted as a function of the interface area
(Figure 9(b)). Overall, IUPs tend to have somewhat
larger negative value of stabilization energies for
an interface of the same size, most obvious within
the range of smaller interfaces that range from
500 A? to 1500 A®. This suggests that a better fit
and more hydrophobic contacts result in a some-
what greater binding energy. It should not be
overlooked, however, that this enthalpic compo-
nent is combined with a large unfavorable entropic
term due to the large-scale induced folding of the
IUPs, which probably makes binding of IUPs
overall weaker.

Conservation of the interface of IlUPs

Since interfaces constitute the key structural
element of PPIs, which, in turn, are intertwined
with the function of proteins, we asked whether it
has made its mark on the evolutionary conservation
of proteins. To this end, we calculated a conservation
rank score for various parts of the complexes,
including the whole protein, the part seen in the
PDB, and the interface itself (Figure 10). For both
IUPs and ordered complexes, the distribution of
conservation scores for the complete sequences is
even, as expected. In other aspects, the two types of
complexes differ significantly. In the case of globular
proteins, positions corresponding to the PDB struc-
ture are close in distribution to the complete
sequences, although they contain somewhat fewer
variable residues. Surface residues not involved in
the complexes are less conserved, whereas interface
residues are significantly more conserved in com-
parison, although they do not show an overall
significant conservation, probably due to the key
contribution to interactions of only a few anchor
residues.®>** TUPs show clearly distinguishable
behavior. Disordered regions, on average, are the
least conserved compared to all other types of
regions. The regions that become ordered upon
complex formation (structured part in PDB) are
more conserved, even in comparison to the complete
sequence. Interface positions show the most pro-
nounced tendency to be conserved, in line with their
importance in the function of IUPs, also apparent in
their energetic contribution to binding-induced
folding, a shown in the previous section.

Discussion

The advance of intrinsic structural disorder in
evolution is often associated with the advantages
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Figure 10. Conservation at the interfaces of ordered
and disordered complexes. (a) The plot shows the
fractional rank of conservation scores for ordered protein
complexes. For each protein in the dataset, the alignments
were generated at the level of the complete sequence of the
SwissProt/Uniprot entry corresponding to the PDB
sequence. The conservation scores were calculated as
described,” and transformed into fractional rank score,
which ranges between 0 and 1. The scores were divided
into ten bins, and the percentage of positions falling into
each bin was collected. Distribution of conservation rank
scores are given for: the complete amino acid sequence
(green), positions part of the structure (blue), surface
positions (light blue) and interface positions (red). (b)
Distribution of conservation rank scores for disordered
proteins. The score is given for: the complete sequence
(green), positions in disordered regions (as given in
DisProt, orange), the region corresponding to the PDB
file (blue), and the interface residues in the complex (red).

disorder imparts on protein—protein interactions. In
accord, a great deal of relevant studies on IUPs have
focused on the rules and principles of their interac-
tions, such as the contribution of disorder to the
function of hubs,”** binding of TUPs by short
recognition elernents,%’zg/30 large-scale induced
folding accompanying their partner binding'®'® or
the possibility of drug development by targeting
[UP-binding sites.* Studies of key components
designed to understand their interactions, i.e.
atomistic analysis of their interaction sites, however,
has so far lagged behind. Whereas the contact sur-

faces of ordered, globular proteins have been
analyzed and characterized in great detail,>®
those of IUPs have scarcely been addressed. In
two pertinent studies,®>* either a limited set of
IUP complexes (five examples only) or complexes
selected on the criterion of length (258 MoRFs)
have been analyzed alongside two-state complexes
and ribosomal proteins for possible generalizations
on the interfaces of IUP PPls. The recent rapid
advance in the IUP field enabled us to extend these
studies to the complexes of much more experimen-
tally verified IUPs, and to provide a solid founda-
tion to the principles of its involvement in PPlIs.
Our results reinforce or extend some previous
observations, and suggest some useful novel
generalizations.

The major finding of our work is that IUPs differ
in how the chemical and physical principles of
protein—protein interactions are implemented, as
probably dictated by their disorder in the unbound
state. IUPs tend to have much larger exposed surface
per residue, of which they dedicate a much larger
portion for contacting the partners. This has been
suggested in earlier studies,”* and is in excellent
agreement with the proposition that IUPs have
evolved to provide much larger relative intermole-
cular interfaces than globular proteins.*> Our obser-
vations suggest that ordered and disordered
proteins segregate in terms of the surface area per
residue versus interface area per residue, i.e. the two
types of proteins do not lie on a continuous scale;**
rather, they represent separate and disparate solu-
tions to similar evolutionary problems. These points
provide compelling evidence for the often-invoked
point that the involvement in PPIs is a key element
of the functional repertoire of IUPs. The suggestion
that IUPs carry out their functions by transient
or permanent interactions in five out of six func-
tional categories is in excellent agreement with these
points.2141

A further key observation of our studies is that in
70% of the cases the binding surface of the IUP
represents a single continuous segment of the
polypeptide chain. The possible explanation is that
bringing together more segments to occupy adjacent
positions would disproportionately increase the
unfavorable entropic component of binding, and is
avoided in most instances. This finding is a struc-
tural manifestation of the observation made by
sequence analysis that short, isolated recognition
segments of proteins tend to fall into locally
disordered regions.””*' Our observation that inter-
action surfaces of IUPs tend to be more hydrophobic
than the rest of the surface, or the entire chain, also
conforms to earlier suggestions of entirely different
origin. The concept of predicting short recognition
segments of IUPs, ie. MoREs/MoRFs,?2° from
local anomalies in disorder scores can be associated
with a local increase of hydrophobicity in an
otherwise highly charged/polar disordered sequen-
tial environment. Interfaces of these motifs are
characterized by an enrichment of usually buried
residues, and depletion of otherwise exposed resi-



doszt anyi

558

zsuzsanna_45 22

Complexes of Disordered Proteins in the PDB

dues,” in agreement with our findings. Our analysis
of the unique evolut1onary de51gn of short linear
motifs (SLMs/ELMs) in protems is also in line
with these observations. We found that ELMs have a
basic design in that they have a few consensus
residues of globular-like attributes, grafted on a
carrier sequence typically disordered in nature.

This unexpected mode of IUP interactions sug-
gests that they use their very few hydrophobic
residues for intermolecular interactions rather than
intramolecular stabilization of structure. In other
words, they counter the tendency of hydrophobic
amino acids to collapse into some structure by their
special amino acid composition, keeping them
exposed for interaction with the partner. In this
sense, these proteins (at least their interaction
segments) are really specialized for partner binding.
In contrast to what has been suggested in a previous
study,*” our analysis of a larger number of com-
plexes show that IUPs do not bury the majority of
their hydrophobic residues, but keep most of them
exposed even in the partner-induced folded state.
This suggest a somewhat inside-out way of folding,
in which interactions with the partner via primarily
hydrophobic contacts promotes folding, which
buries polar residues to a greater extent than with
ordered, globular proteins.

The significance of these differences is underscored
by our observation that the interfaces of IUPs differ
from those of ordered proteins in terms of hydro-
phobicity. IUP interfaces are more hydrophobic with
respect to the rest of the chain,®? and in direct
comparison with those of globular proteins, in line
with results on MoRF binding motifs.”” Further, they
use more hydrophobic-hydrophobic than polar—
polar contacts, and they realize more contacts per
residue than globular proteins. Often, the interfaces
of globular proteins are composed of conserved
polar/charged residues that provide critical anchor-
ing interactions, surrounded and sealed from hydra—
tion by more variable shielding residues.** The
different geometry, segmentation and amino acid
composition of IUP interfaces entails a different logic,
since being unable to shield polar residues they must
rely much more on hydrophobic-hydrophobic inter-
actions. This also explains the relative paucity of
charged residues, such as Arg, a noted anchor
residue in the interactions of globular protems,
the interfaces of IUPs. All these features are in hne
with the newly observed evolutionary conservation
of their interfaces, suggesting an increased number of
anchoring residues compared to the very few such
residues in the case of globular complexes.®**

These molecular features are expected to manifest
themselves in the energetics of interactions. Our
estimation of the interaction energies by low-
resolution force-fields shows that IUPs realize
much more energy in their interaction than within
the chain upon folding, and have a somewhat larger
total energy at the interface than ordered proteins.
Since our calculations estimate only the enthalpic
component of binding energy, it is safe to conclude
that the overall free energy of IUP binding is rather

small, due to a large part being spent on compensat-
ing the unfavorable entropic cost of folding from a
disordered state. Thus, our results are in line with
the general wisdom of the field, that the special
binding mode of IUPs separate binding strength
from specificity, an often-mentioned functional
advantage of protein disorder.'*'**!

In conclusion, we might state that recent studies on
the principles of the interactions of IUPs point to a
coherent picture of how these proteins realize their
function. All studies®> agree that the interfaces of
IUPs per residue are much larger, and IUPs, unlike
globular proteins, use their hydrophobic residues for
interaction rather than folding. The size of their
interfaces is not particularly different from those of
ordered proteins, but they tend to consist of a few,
often only a single, segment. This is probably
attributed to the fact that IUPs use the energy of
binding to assist folding, which, according to our
results, would be energetically too demanding if
more segments had to fold and come in spatial
proximity for binding. As a final word, we must note
that in addition to all these intriguing theoretical
insights gained from studying the interactions of
IUPs, understanding their interaction principles has
a much farther-reaching practical side. Recent
studies have shown that protein disorder abounds
in protems involved in various diseases, such as
cancer,’ cardlovascular diseases,*® and conforma-
tional diseases,*” and it has been suggested that [UPs
bind their partner in a special way, through a deep
binding crevice amenable for interference with
small-molecule inhibitors.*> This latter feature has
been demonstrated by developmg inhibitors against
the p53-MDM?2 interaction.*® It is not too far-fetched
to suggest that a detailed understanding of the
physical principles of the interactions of IUPs will
open new possibilities to develop inhibitors against
their PPIs, which hopefully will offer a wealth of
opportunities for developing drugs to combat often
lethal diseases.

Data and Methods

Databases

Disordered complexes were collected by identifying
complexes in the Protein Data Bank (PDB) with experi-
mental evidence of the disorder of one of the partners The
initial dataset was taken from the literature,” and was
extended with further examples collected from the
database of protein disorder, DisProt.>* The disordered
state was accepted if the protein showed at least 95%
sequence identity with a protein found in DisProt, and at
least 50% of its amino acids seen in the PDB structure were
shown disordered in DisProt. In practical terms, disorder
in these cases was almost always above 90%. Of the
complexes that corresponded to these definitions, we
discarded those in which the two interacting partners
were actually part of the same SwissProt sequence, and any
that contained a chimera protein. Further, we excluded
ribosomal proteins, which were included in an earlier
study.3? Although parts of ribosomal proteins may lack a
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well-defined structure in the absence of the partner, they
interact with the highly charged RNA, and their interfaces
must have rather special features. For the same reason, we
excluded protein-DNA complexes. The database contains
39 independent complexes, presented in Table 1. Ordered
complexes contained examples in which both partners had
a well-defined structure when studied in isolation. These
were taken from the literature.””*** Protein chimeras and
fragments were discarded, which left 72 independent
complexes, presented in Table 2. Different classes of
complexes (homodimers, enzyme-inhibitor complexes,
etc.) were not distinguished in this study.

Calculation of surfaces

Access1ble surfaces of proteins were calculated as
described.*” Polar and hydrophobic surfaces were defined
as the accessible surfaces of polar and hydrophoblc amino
acids. Hydrophobicities were calculated by using the scale
developed by Fauchere and Pliska.”” On this basis, we
considered N, Q, S, T, H, G, R, K, D and E as polar amino
acids,and A, L, L, M, F P, W, V, Y, and C as hydrophobic
amino acids. Buried surface was defined as the difference
between the standard surface and actual accessible surface
of the protein. Standard surface was taken as the sum of
the surfaces of its amino acids, as determined in an AXA
sequential environmentt. The interaction surface (inter-
face) buried in a complex was defined as the difference
between the surface area of the complex and the sum of
the surface areas of the two separate protein subunits.

Interactions, interaction energies and segmentation

Two atoms were considered in contact if the distances
between their centers were less than the sum of their van
der Waals radii plus 1 A. Two amino acids were
considered in contact if they had at least two heavy
atoms in contact. Interaction energies within a folded
chain and between interacting partners were approxi-
mated by low—resolu’aon statistical amino acid contact
potentials,® also used as the basis of the disorder
prediction algorithm TUPred.*” The potentials originate
from the work of Thomas and Dill.>! These energy-like
quantities have been summed for all amino acid pairs in
contact, either within a single chain or in the interface
between the two interacting chains.

Part of a binding interface was considered to belong to a
single segment of the parent protein if the respective amino
acids were in contact with the partner and their distances in
the polypeptide chain were not larger than five amino acid
residues.>*? Segmentation was defined as the number of
segments within the interface of a protein in the given
complex.

Evolutionary conservation

For each PDB entry in the database, the complete
sequence of the protein was retr1eved using the corre-
sponding SwissProt/Uniprot entry.”” In a few cases, the
disordered part of the complex was composed of multiple
chains and these were treated separately. Residue con-
servation was calculated at the level of the full protein
sequence as described.”> Homologous sequences were
collected from the Uniref100 sequence database using Psi-

+http:/ /wolf.bms.umist.ac.uk/naccess/

Blast,®* with a cut-off value of 10e-30. From these
sequences, a multiple alignment was created by CLUSTAL
W.”5 For each position in the alignment, the conservation
score was determined using the formula of Valdar01.”
This method sums all possible pair-wise match scores
between amino acids in an aligned column, weighted by
the combination of the appropriate substitution matrix
score and the sequence weight, which normalizes against
the redundancy of sequences in the alignment. The scoring
scheme penalizes gaps as well as mutations. The original
algorithm was modified so that gaps longer than 50
residues were not taken into account, e.g. domain-sized
deletions were not considered during the calculation of the
conservation scores. The variation of conservation scores
also depends on the number and diversity of the
homologous sequences. To place the various sequence
variations on the same platform, the conservation scores
were transformed into the fractional rank in the alignment.
This artificially stretches the distribution of conservation
scores evenly between 0 and 1. The proteins that did not
have a corresponding match in SwissProt, or the number
of aligned sequences was below 20, were discarded. This
reduced the number of proteins in the datasets to 31 for
disordered and 39 for ordered protein complexes.
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Abstract

Many disordered proteins function via binding to a structured partner and undergo a disorder-to-order transition. The
coupled folding and binding can confer several functional advantages such as the precise control of binding specificity
without increased affinity. Additionally, the inherent flexibility allows the binding site to adopt various conformations and to
bind to multiple partners. These features explain the prevalence of such binding elements in signaling and regulatory
processes. In this work, we report ANCHOR, a method for the prediction of disordered binding regions. ANCHOR relies on
the pairwise energy estimation approach that is the basis of IUPred, a previous general disorder prediction method. In order
to predict disordered binding regions, we seek to identify segments that are in disordered regions, cannot form enough
favorable intrachain interactions to fold on their own, and are likely to gain stabilizing energy by interacting with a globular
protein partner. The performance of ANCHOR was found to be largely independent from the amino acid composition and
adopted secondary structure. Longer binding sites generally were predicted to be segmented, in agreement with available
experimentally characterized examples. Scanning several hundred proteomes showed that the occurrence of disordered
binding sites increased with the complexity of the organisms even compared to disordered regions in general. Furthermore,
the length distribution of binding sites was different from disordered protein regions in general and was dominated by
shorter segments. These results underline the importance of disordered proteins and protein segments in establishing new
binding regions. Due to their specific biophysical properties, disordered binding sites generally carry a robust sequence
signal, and this signal is efficiently captured by our method. Through its generality, ANCHOR opens new ways to study the
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Introduction

The classical point of view on protein function claims that the
functionality of a protein requires the presence of a well-defined
three dimensional However, as the amount of
experimental evidence against the generality of this concept grew,
this paradigm had to be reassessed [1]. It has become evident that
there is a large number of proteins that do not require a stable
structure even under physiological conditions in order to fulfill
their biological role [2-4]. These intrinsically unstructured/
disordered proteins (IUPs/IDPs) lack a well defined tertiary
structure and exhibit a multitude of conformations that dynam-
ically change over time and population. The importance of protein
disorder is underlined by the abundance of partially or fully
disordered proteins encoded in higher eukaryotic genomes [5,6].
Disordered proteins are involved in many important biological
functions [2,7], which complement the functional repertoire of
globular proteins [7]. Recent characterization of IUPs based on
their functions shows that disorder can help these proteins to fulfill
their functions in various ways [8,9]. In the case of entropic chains,
the biological function is directly mediated by disorder (e.g. MAP2
projection domain [10], titin’s PEVK domain [11], NF-M and
NF-H between neurofilaments [12,13], nucleoporin complex

structure.
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[14]). Furthermore, disordered segments often act as flexible
linkers between folded domains in multidomain proteins [2,15].
Alternatively, many disordered proteins function by binding
specifically to other proteins, DNA or RNA. This process, termed
coupled folding and binding involves a transition from disordered
state to a more ordered state with stable secondary and tertiary
structural elements [16,17].

The coupled folding and binding confers several functional
advantages in certain types of molecular interactions. Since — at
least partial — folding happens together with binding, the entropic
penalty counterbalances the enthalpy gain coming from the
binding [18,19]. This way disorder uncouples specificity from
binding strength allowing for weak transient, still specific
interactions that are essential for signaling processes. These
properties enable disordered proteins to play an important role
in molecular recognition including gene regulation, cell cycle
control and other key cellular processes [20-23]. The kinetic and
thermodynamic details of the binding are influenced by confor-
mational preferences present prior to binding [24]. Although
disordered proteins in general lack secondary and tertiary
structure, some exhibit partial secondary structure at closer
inspection. For example, CD analysis indicated that p2]1 and
p27 possess o-helical segments [19,25,26]. Detailled NMR
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Author Summary

Intrinsically unstructured/disordered proteins (IUPs/IDPs)
do not adopt a stable structure in isolation but exist as a
highly flexible ensemble of conformations. Despite the
lack of a well-defined structure these proteins carry out
important functions. Many IUPs/IDPs function via binding
specifically to other macromolecules that involves a
disorder-to-order transition. The molecular recognition
functions of IUPs/IDPs include regulatory and signaling
interactions where binding to multiple partners and high-
specificity/low-affinity interactions play a crucial role. Due
to their specific functional and structural properties, these
binding regions have distinct properties compared to both
globular proteins and disordered regions in general. Here,
we present a general method to identify disordered
binding regions from the amino acid sequence. Our
method targets the essential feature of these regions:
they behave in a characteristically different manner in
isolation than bound to their partner protein. This
prediction method allows us to compare the binding
properties of short and long binding sites. The evolution-
ary relationship between the amount of disordered
binding regions and general disordered regions in various
organisms was also analyzed. Our results suggest that
disordered binding regions can be recognized even
without taking into account their adopted secondary
structure or their specific binding partner.

characterization of p27 and other proteins showed that several
segments can have a pronounced tendency to adopt o-helical, or
even P strand conformations [9]. Upon binding, these inherent
structural preferences can either be solidified or overwritten by the
partner molecule [27]. Some regions can preserve flexibility even
within the complex, mitigating the unfavorable entropy term [28].
This allows the fine-tuning of the affinity of interactions over a
wide range. As a general rule, however, these interactions are
driven largely enthalpically by the favorable interactions formed
with the partner molecule [18,19,29].

The inherent flexibility of disordered proteins offers further
advantages in binding. It results in a malleable interface that can
allow binding to several partners or to adopt different conforma-
tions, manifested in increased binding capability [8,20]. In
accordance, several analyses of protein interaction networks
revealed that disordered proteins are abundant among hub
proteins, proteins with a large number of interacting partners
[30,31]. In a different scenario, the binding partners of an ordered
protein are disordered, as shown for binding of 14-3-3 proteins,
thus allowing a single protein to bind multiple partners [32].
Beside their involvement in protein-protein interactions, these
proteins are also subjects of various post-translational modifica-
tions that control their functions, localization and turnover [33]. In
this way, these proteins can integrate and mediate multiple signals
of various sources, and act as the central elements in signaling or
regulatory networks. The centrality of these proteins, however, is
also their weakness. It has been suggested that the targeted attack
of hubs can cause serious disruption in protein interaction
networks [34]. Furthermore, disordered proteins are often
associated with various diseases [35]. For example, the primary
importance of p53 originates from its involvement of 50% of
cancers [36]. In general, 79% of human cancer associated proteins
have been classified as IUPs, compared to 47% of all eukaryotic
proteins in SwissProt database [22]. Disordered proteins were also
suggested to be common in diabetes and cardiovascular diseases
[35,37]. Several disordered proteins - such as AP, 1, o synuclein,
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and prion protein - are involved in neurodegenerative diseases and
are also prone to amyloid formation [38-40]. On the other hand,
due to their specific way of interactions, disordered proteins can
also be attractive targets for drug discovery. A novel strategy for
drug discovery exploiting binding sites within disordered regions
has already been suggested [41]. This adds further support to the
importance of finding specific functional sites in proteins that
undergo disorder-to-order transition upon binding or disordered
binding regions in short.

Despite their importance, the number of well characterized
examples of disordered proteins undergoing disorder-to-order
transition is very small. The PDB also offers only a limited sample
of proteins adopting a well defined conformation as part of a
complex. However, recent comparisons of these structures with
complexes formed between ordered proteins pointed out several
differences [42-44]. In general, disordered proteins adopted a
largely extended conformation in the complex exposing the
majority of their residues for interacting with their partner. The
interface of disordered proteins was enriched in hydrophobic
residues compared to the interface of ordered proteins, but also to
disordered regions in general. The higher number of interchain
contacts was suggested to be a sign of better adaptation of
disordered proteins to the surface of their partner. In general, the
regions that become ordered were shorter as compared to globular
domains, usually less than 3040 residues. While the interface of
globular proteins was most often formed by distant segments of the
amino acid sequence brought together by folding, disordered
binding sites were much more localized in the primary structure.
These features demonstrate that the underlying principles of
molecular recognition of disordered binding regions are different
from the complex formation of globular proteins [43].

Disordered binding sites are also expected to be distinguishable
from general disordered sites that are not directly involved in
binding. A common notion is that protein disorder comes in many
flavors, and these should be targeted by specific prediction
methods [45,46]. However, training specific methods would
require significantly larger datasets than those that are available
today. Nevertheless, existing general protein disorder prediction
methods might already be equipped for this problem. It has been
suggested that specific patterns of disorder prediction profiles can
be associated with regions undergoing disorder-to-order transitions
[47]. Since these regions can be ordered as well as disordered,
there is no clear recipe whether these regions should be predicted
ordered, disordered, or as borderline cases. A recent analysis
compared several methods to recognize short protein-protein
interaction motifs containing o-helical elements in their bound
state, the so-called a-MoRFs [48]. As expected, the various
methods showed large variations in predicted order/disorder
tendency corresponding to binding regions. One of the ecarliest
prediction method PONDR VL-XT [49-51] was quite consistent
in predicting these regions as ordered within a broader disordered
region, giving them the characteristic appearance of dips in the
prediction output. Based on this specific prediction output, a
method was developed to recognize a-MoRFs from the amino
acid sequence [48,52]. First, regions predicted with dips in the
output of VL-XT were selected and were filtered further by a
neural network using several additional properties. This prediction
method is restricted to recognize short, o-helical binding regions
within disordered proteins.

Here we present a general method to identify specific binding
regions undergoing disorder-to-order transition. Our method
relies on the general disorder prediction method IUPred [53,54].
IUPred is based on the assumption that disordered proteins have a
specific amino acid composition that does not allow the formation
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of a stable well-defined structure. The method utilizes statistical
potentials that can be used to calculate the pairwise interaction
energy from known coordinates. Using a dataset of globular
proteins only, a method was developed to estimate the pairwise
interaction energy of proteins directly from the amino acid sequence.
By virtue of this algorithm, disordered residues can be predicted by
having unfavorable estimated pairwise energies. The estimation of
the energy for each residue is based on its amino acid type, and the
amino acid composition of its sequential neighborhood. Through the
amino acid composition of the sequential environment, IUPred can
take into account that the disorder tendency of residues can be
modulated by their environment [53]. This property of IUPred is
exploited in order to recognize regions that are most likely to
undergo a disorder-to-order transition based on their estimated
pairwise energies in different contexts. The prediction of binding
sites is based on estimating the energy content in free and in the
bound states, and identifying segments that are potentially sensitive
to these changes. In a previous work, the ability to predict specific
contacts was emphasized in order to recognize disordered regions
that are involved in binding externally rather than internally [46]. In
our model, however, there was no attempt made to model specific
interactions. Instead, the environment is taken into account simply at
the level of amino acid composition. Here we show that this simple
model captures the essential property of disordered binding regions
and allows their robust prediction. We termed our disordered
binding site prediction method ANCHOR, to reflect the primary
importance of short segments driving the complex formation
between a disordered protein and its partner.

Results

The outline of the algorithm

The goal of the present work was to recognize a special class of
disordered segments from the amino acid sequence, namely those
that are capable of undergoing a disorder-to-order transition upon
binding to a globular protein partner. The essential feature of such
binding regions is that they behave in a characteristically different
manner in isolation than bound to their partner protein. In their
free state, they behave as disordered proteins, existing as a highly
flexible structural ensemble. In their bound state they usually
adopt a rigid conformation, similar to regions within globular
structures. This capability to behave in drastically different ways in
different environments is targeted by our approach. We seck to
identify segments in a generally disordered region that cannot
form enough favorable intrachain interactions, however they have
the capability to energetically gain by interacting with a globular
partner protein. Our prediction is based on three properties.

1. The first criterion ensures that a given residue belongs to a long
disordered region, and filters out globular domains.

2. The second criterion corresponds to the isolated state and it
ensures that a residue is not able to form enough favorable
contacts with its own local sequential neighbors to fold, otherwise
it would be prone to adopt a well defined structure on its own.

3. The third criterion tests the feasibility that a given residue can
form enough favorable interactions with globular proteins
upon binding. This basically ensures that there is an energy
gain by interacting with globular regions.

These properties are estimated individually and are combined
into a single predictor via optimized weights.

In more detail, the prediction of these three properties relies on
the energy estimation framework mmplemented in IUPred, a
general disorder prediction method. The core element of IUPred
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is the energy predictor matrix P. The parameters in P; were
trained on globular proteins with known structures only, without
relying on any kind of disordered dataset. These parameters were
determined to minimize the difference between the estimated
energies and the energies calculated from the known structures on
the dataset of globular proteins. Using the energy predictor matrix
IUPred predicts the E interaction energy for each residue based on
the following formula in default:

20
Ef=)  Piff(wm) (1)
j=1

where 7 denotes the type of the &-th amino acid, P is the element of
the energy predictor matrix that estimates the pairwise energy of
residue of type ¢ in the presence of residue type j, fjk(wo) is the
fraction of residue type j in the sequential environment within w,
residues from residue 4. The size of neighborhood considered (wy)
equals 100 residues in both directions and the result 1s smoothed
over a window size of 10 (also in both directions from the A-th
residue so in fact 21 residues are considered in total). For the final
prediction output, the energies are transformed into probability
values, denoted as s;. For more details see Dosztanyi et al. [53].

The disordered binding site prediction is based on three
different scores that are calculated with a slight modification of the
original energy estimation scheme. The parameters of P; were
taken directly from IUPred. The following three scores are
assigned to each residue in a protein according to the above
described criteria (1-3):

1, To measure the tendency of the neighborhood of an amino
acid for being disordered we use the IUPred algorithm and assign
an S score to the A-th residue of the chain by averaging the
IUPred scores in the w; neighborhood of the residue in question:

b,

| b
Se= Z 5 )
k#j=Dbiower

where s;is the [UPred score of the j-th residue of the chain, N is the
number of amino acids in the averaging and b, and b, are the
lower and upper boundaries of the neighborhood of the i-th
residue, that is by, = max(k—wy;1) and by, = min(k+wy;l), where [
is the chain length.

2, We estimate the pairwise interaction energy the given residue
may gain by forming intrachain contacts. This is done the exact
same way as in IUPred using (1), only here the size of the
considered neighborhood (w5) is left as a parameter and is set
during the training of the predictor:

20
E;m,k: ZPijfjk(WZ) (3)
j=1

The smaller window size corresponds to more local behavior.

3, The pairwise energy that the residue may gain by interacting
with a globular protein is approximated using the average amino
acid composition of globular proteins:

20
lob 7
E;Q *= Z P'}'fglabl/’ (4)
j=1

where J7g/oh j 1is the fraction of residue type j in the averaged
reference amino acid composition of globular proteins shown in
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Table 1. Reference amino acid composition of globular
proteins.

>
>
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Amino acid composition of the reference globular protein dataset comprised of
all the amino acids in the longer chains of the ordered complexes dataset.
Amino acids are sorted by increasing hydrophobicity based on the Fauchere-
Pliska hydrophobicity scale [94]. AA denotes amino acid codes and f denotes
the fraction of the respective amino acid expressed as a percentage.
doi:10.1371/journal.pcbi.1000376.t001

Table 1. By subtracting this energy from E,l-m’k one can estimate
the energy that the residue may gain by interacting with a
hypothetical globular protein compared to forming intrachain
contacts (E;-gain’k = Eém’k — E;-glab).

The final prediction score of the residue is given by the linear
combination of the above three terms:

L =p1 S +pr E™ 4 py ESME (5)

where the p;, po and ps coefficients are determined during the
training of the predictor together with the optimal values of w; and
wy window sizes. I; 1s then converted into a p value that expresses
the probability of that residue being in a disordered binding site.
For a binary classification residues with scores above 0.5 are
predicted to be in a disordered binding site. Since the second and
third terms of (5) may vary heavily between neighboring residues,
the final score is smoothed in a window of 4 residues.

The optimal values for the three weights (p;, p» and p3) and the two
window sizes (w; and wj) are determined using a dataset of disordered
protein complexes and ordered monomeric proteins by three-fold
cross validation (See Methods and Figure S1 for a schematic

representation and outline of this procedure). The small dataset of

known disordered proteins bound to ordered proteins represent a
serious bottleneck during optimization. Therefore, it is a clear
advantage of our approach that it greatly reduces the dependence on
the existing dataset of disordered complexes, and leaves us with only 5
parameters to be optimized on this small dataset.
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The behavior of various scores is shown for an example, the N
terminal domain (residues 1-100) of human p53 tumor supressor
protein that plays an important regulatory role [55]. Its N terminal
region is completely disordered [56] and is known to be able to
bind to (at least) three different globular proteins as shown in
Figure 1. The segment between residues 17-27 binds to MDM?2
[57], the other two binding sites overlap with residues 33-56
binding to RPA 70N [58] and residues 45-58 binding to the B
subunit of RNA polymerase II [59]. The three calculated
quantities for this domain are also shown in Figure 1. It is worth
noting that the MDM2 binding site in the N-terminal region of
P53 appears to be on the border of being disordered. Although the
disordered prediction is part of ANCHOR, the output of this
prediction (£;,, described in Theory) is linearly combined with two
other quantities meaning that predicted disorder is not strictly a
prerequisite of a successful disordered binding site prediction.

Testing of the algorithm

Testing of the predictor was done by dividing both our negative
and positive datasets (Globular protemns and Short disordered complexes)
mto three subsets, training the predictor on two of these and
evaluating it on the remaining third one. This was done in all three
possible combinations yielding three optimal parameter sets. The
parameters calculated on the training sets are shown in Table 2
together with the respective True Positive Rates (TPR) and the
fraction of the amino acids in disordered regions of the Disprot
dataset predicted to be in disordered binding sites (F values). The
optimal parameters were chosen to maximize the amount of
correctly predicted disordered binding sites (I'PR) while minimiz-
ing predicted binding sites in globular proteins (FPR) and also
restricting predicted binding sites within disordered regions in
general (F). The fact that the three parameter sets do not differ
significantly implies that our method is robust.

The output of the predictor with all three parameter sets and
the combined final predictor (the average of these three) are shown
for the example of the N terminal region of p53 in Figure 1. A few
additional well characterized examples are shown in the
Supporting Information (Figure S2, Figure S3, Figure S4, Figure
S5, and Figure S6).

The results obtained on the three independent testing subsets as
well as their average are given in Table 3. Since the cutoffs are
given by the training process such that we achieve exactly 5%
False Positive Rate (FPR) on the respective training sets (ie. the
part of the original Globular proteins dataset that was used in the
training of the respective subpredictor), the FPR’s are also quoted
(they can differ slightly from 5%). Besides the overall TPR
calculated on a residue basis (marked 7PR,,), we also calculated
the percentage of binding sites identified, termed 7TPRgspc. A
binding site was considered to be found if at least five of its amino
acids are correctly classified. The results show that ANCHOR
performs at 62% TPR,, with a slightly higher 7PRgg of 68% on
average, while maintaining a 5% FPR. ANCHOR is also specific
to disordered binding sites as opposed to disorder to general. If all
disordered proteins had approximately equal capability of binding
then the fraction of correctly identified disordered binding sites
(TPR) could not be significantly different from the fraction of
disordered regions predicted to be binding sites (I value). As this is
not the case (TPR=62% vs. F=42%) we can conclude that
common features of known disordered binding sites that
distinguish them from general disordered protein regions are
successfully recognized.

Another standard way of describing prediction algorithms is by
Receiver Operating Characteristic (ROC) curves [60], that is the
TPR versus the FPR of the algorithm. This relationship is mapped

May 2009 | Volume 5 | Issue 5 | 1000376



doszt anyi . zsuzsanna_45 22

Predicting Disordered Binding Regions in Proteins

N-terminal domain DNA binding domain C-terminal domain
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Figure 1. The construction of the ANCHOR prediction method demonstrated on the N-terminal domain of human p53. Left: |UPred
prediction score for the full length human p53 (top) and S, E,; and Eyq, calculated for the disordered N terminal domain of human p53 (middle). Grey
boxes show the three binding sites with the overlap of the RPA70N and RNAPII binding sites shown in dark grey. The outputs of the three individually
optimized predictors are shown in black and their average, the final prediction score is shown in purple (bottom). Right: PDB structures of the binding
sites in the N-terminal region of p53 (yellow) complexed with the respective partners (blue): MDM2 (top, PDB ID: 1ycq [571), RPA 70N (middle, PDB ID:
2b3g [58]) and RNA PII (bottom, PDB ID: 2gs0 [59]).

doi:10.1371/journal.pcbi.1000376.g001

by scanning the interval between 0 and 1 with the score cutoff. performance is the area under the curve (AUC) with random
The three ROC curves of the predictor with the three different predictors scoring AUC=0.5 and perfect predictors scoring
parameter sets evaluated on the respective testing sets are shown in AUC=1. The AUC values of the predictors trained and tested

Figure 2. A single number measure to characterize the on the respective subsets are 0.8675, 0.8781 and 0.8993.
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Table 2. Parameter and prediction accuracy values obtained
during the optimization of ANCHOR.

w; w2 p; Pz Pz F (%) TPR (%) FPR (%)

Training set 1 25 60 0.4630 0.3847 07985 46.0 698 5.0
Training set 2 27 60 0.6075 0.4149 0.6773 474 677 5.0
Training set 3 29 90 0.6990 04585 0.5488 434 64.8 5.0

Optimal parameters of the predictor determined during training. w;, w,, p;, p>
and p3 are the optimized parameters, F is the fraction of the residues in the
disordered regions in the Disprot database that are predicted to be in binding
sites, TRP and FPR are the True- and False Positive Rates, respectively.
doi:10.1371/journal.pcbi.1000376.t002

Since the interacting regions of a disordered and an ordered
protein are inherently different we expect that the predictor will
only recognize binding sites in disordered proteins that interact
with globular proteins but are not part of globular proteins
themselves. In order to verify this hypothesis we tested the
combined final predictor on a dataset of complexes containing
only ordered chains (that is three-state complexes — see Methods).
The prediction was done on the short interacting chain of the
complexes. This gave a false positive rate of only 3.7% that is even
lower than the value obtained on our testing set, although this
might be only a consequence of the relatively small size of our
ordered complex set (72 complexes). Overall, we could ensure that
our predictor makes very few mistakes on both globular proteins
and complexes of globular proteins, while it can still recognize the
majority of disordered binding regions. This implies that our
algorithm 1s specific to disordered binding sites as opposed to
globular proteins, the interface between globular proteins or
disordered proteins in general.

Our predictor was also tested on a completely independent
dataset of o-MoRFs, short disordered complexes that was
assembled by Cheng et al. [48] and composed of 40 proteins
containing binding regions that adopt mostly o-helical structure
upon binding. The results of the prediction on this dataset can be
seen in Table 4. Although the residue based TPR is somewhat
lower than that calculated on our testing set (57.0% instead of
61.8%), the segment based TPR is almost the same for the two sets
(67.5% and 68.3%). Overall these results are comparable to the
ones calculated on our training set.

Amino acid based evaluation of the predictor

The specific construction of the algorithm for the prediction of
interaction energy implies that the method will be sensitive to
amino acid compositions. The differences between the composi-

Table 3. Prediction efficiency of ANCHOR evaluated on the
testing datasets.
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Figure 2. ROC curves obtained during the testing of ANCHOR.
ROC curves of the predictor with parameter sets optimized on each of
the three training subsets and evaluated on the respective testing
subsets are shown with red, green and blue lines. The line with unity
slope corresponding to random prediction is also shown. The vertical
line corresponds to FPR=0.05, where the final predictor (the average of
these three) is used.

doi:10.1371/journal.pcbi.1000376.9002

tion of disordered binding sites and the amino acid composition of
any of the negative sets (globular proteins, ordered interfaces and
disordered proteins in general) are shown in Figure 3A, 3B, and
3C, respectively. The amino acid compositions of all three datasets
are significantly different from that of disordered binding segments
(data not shown).

The final prediction is based on three different scores that
combine local and global disorder tendency with sensitivity to the
structural environment. Although the individual quantities that are
combined for the final score can work selectively better or worse
for various types of residues, the effect of these differences on the
efficiency of the final prediction is not trivial. This effect was tested
by comparing the amount of the different amino acids in the short
disordered binding sites to the amount recovered from these by the
predictor. These data are shown in Table 5 together with the
calculated p values quantifying their differences. As all of the p
values are fairly large, these differences are likely to occur by
chance alone. For example, proline rich binding sites are found

Table 4. Prediction efficiency of ANCHOR evaluated on an
independent dataset (¢-MoRFs dataset).

TPR 44 (%) TPRseG (%) FPR (%)
Testing set 1 61.1 62.5 5.7
Testing set 2 69.5 80.0 44
Testing set 3 54.7 62.5 5.1
Average 61.8 68.3 5.1

H E C Total SEG
In dataset 263 8 210 479 40
Found 147 5 121 273 27
Ratio (TPR) 55.9% 62.5% 57.6% 57.0% 67.5%

Results of the testing of ANCHOR on the three testing datasets. TPR,, denotes
the ratio of correctly identified amino acids belonging to binding sites. TPRsgg
denotes the ratio of binding sites found by the algorithm.
doi:10.1371/journal.pcbi.1000376.t003

@ PLoS Computational Biology | www.ploscompbiol.org 6

Prediction results for the a-MoRFs dataset. SEG denotes segment based results
where each binding site is considered one segment and one such segment is
considered found if at least five of its amino acids are correctly identified.
doi:10.1371/journal.pcbi.1000376.t004
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Figure 3. The distinct amino acid composition of short disordered binding sites. The average amino acid composition of the interacting
parts of the short disordered binding sites compared to the average amino acid composition of (A) the globular proteins dataset, (B) the disordered
proteins dataset and (C) the interacting parts of the shorter chains of the ordered complexes. Amino acids are arranged according to increasing

hydrophobicity.

doi:10.1371/journal.pcbi.1000376.g003

with similar accuracy as binding sites enriched in hydrophobic
amino acids. Therefore, one may conclude that there is no
statistical evidence based on the available dataset that the
efficiency of the predictor depends significantly on the amino
acid composition of the disordered binding site in question.

Secondary structures and the efficiency of ANCHOR

The relationship between the efficiency of the prediction and
the secondary structure types was also assessed, by considering the
three types of secondary structural elements: helix (H, including o-
and 3 helices), extended (E) and coil (C, including everything else)
as defined by DSSP [61]. The number of amino acids in different
conformations that can be found in the PDB structures of our
positive training set (short disordered complexes), in the interacting
residues of these structures and the interacting residues that are
correctly identified by the predictor are shown in Table 6. These
data are represented graphically as distributions in Figure 4. The
secondary structure content in this type of interactions is heavily
biased towards coil conformation. It can also be seen on Figure 4 that
the predictor seems to work slightly better for H and E
conformations. However assessing the difference of the distributions
of secondary structures in interacting residues and in the subset
identified correctly by ANCHOR shows that this difference is not
statistically significant at a 5% level (3= 5.32, p=0.070).

Furthermore, a similar result holds true if binding sites are
categorized based on their dominant secondary structure type -
that is there is no significant correlation between the secondary
structure type the binding regions adopt upon binding and the
efficiency of the predictor. (Dataset S1 shows the secondary
structure types determined for the short disordered chains in the
disordered complexes as described in Protocol S1.) Overall, this
means that there is no significant difference in the efficiency of the

Testing on long disordered regions
Since the predictor was trained on the short disordered dataset

Table 5. The independence of the efficiency of ANCHOR from
the amino acid composition of the binding sites.

AA Nint Nrouna P

R 42 21 0.122

K 47 36 0.362

D 40 27 1.000

E 41 20 0.116

N 14 6 0.252

Q 22 11 0.358

S 46 34 0.497

G 23 14 0.758

H 9 7 1.000

T 31 20 1.000

A 39 33 0.068

P 40 19 0.113

Y 17 11 1.000

" 29 20 1.000

M 17 16 0.085

C 4 2 1.000

L 69 47 0.857

F 26 19 0.764

| 31 26 0.146

w 6 5 1.000

Njn: shows the number of interacting residues in the short disordered binding
sites, Nroung Shows the amount of these that are correctly found by the prediction on different secondary structural elements.
predictor. As there are types of amino acids that are rare, Fisher’s exact test was
used to calculate (two-tailed) p values to determine if the predictor works
significantly better or worse for certain amino acid types with high p values
corresponding to no significant difference.
doi:10.1371/journal.pcbi.1000376.t005
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it is informative to see how it performs on long disordered binding
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Table 6. Secondary structure distributions in the short
disordered binding site dataset.

Interacting

Total in PDB residues Correctly identified

Fraction
Number (%)

Fraction
Number (%)

Fraction
Number (%)

H 297 357 200 336 144 36.7
E 25 3.0 25 4.2 23 5.9
C 510 61.3 371 62.2 225 574
Total 832 596 392

The number and fraction of amino acids in different secondary structures in the
disordered chains of the complexes. The three groups show these data for all
the amino acids in the PDB structures, the ones in interaction and the ones that
are correctly identified as part of binding site by ANCHOR.
doi:10.1371/journal.pcbi.1000376.t006

sites. There is experimental evidence that at least some long
disordered chains are not uniform concerning binding strength but
contain short stretches of strongly interacting residues separated by
segments that interact with the partner only weakly if at all [19]. In
these cases, it is expected that the predictor will be unable to
identify the weakly interacting parts since — though these parts
may also form interchain contacts — they would not be able to bind
to the partner in the absence of their sequential neighbors. The
distribution of predicted binding regions for the short and long
disordered chains in Figure 5A shows a strong preference for
predicting multiple interacting regions for longer chains. This
inevitably yields lower residue based TPR but the segment based
TPR is not expected to drop. Testing the predictor on the long
disordered data confirms this assumption with a decreased residue
based TPR of 47.7% (as opposed to 65.8% obtained on running
the final predictor on the whole set of short disordered complexes)
but with a basically unchanged segment based TPR of 78.6%
(compared to the 76.1% calculated on short disordered complex-

0.8

Predicting Disordered Binding Regions in Proteins

es). These data suggest that the method either finds short
disordered binding sites as a whole or completely misses it.
However, this may not be true for long binding regions. Figure 5B
shows the distribution of the fraction of amino acids successfully
identified during prediction in the two types of binding sites. The
effect can clearly be seen as about 59% of short binding regions
are either fully recovered or are completely missed (the sum of the
rightmost and leftmost columns) whereas this ratio is only about
29% for long binding sites.

This type of behavior is illustrated on the disordered human
p27. This protein is involved in controlling eukaryotic cell division
through interactions with cyclin-dependent kinases. Its kinase
inhibitory domain binds both subunits of the CDK2-cyclin A
complex in an extended conformation (PDB ID: ljsu [62]). It is
known from kinetic measurements that the binding of p27 is
hierarchical through its three domains: first, the D1 domain
(residues 25-36) binds to cyclinA which anchors the neighboring
LH domain (residues 38-60) that exhibits transient helical
structure in monomer state as well [63]. After the binding of D1
this transient structure is stabilized and positions the rest of the
chain (D2 domain, residues 62-90) in the correct position to bind
to CDK2.

Figure 6 shows the prediction output for p27. Four interacting
regions are identified with the first one (27-37) clearly corre-
sponding to D1. The gap between the first two regions (38-58)
coincides with the weakly interacting LH domain. The last three
regions (59-67, 74-77 and 79-90) cover the strongly interacting
D2. Figure 6 also shows the number of atomic contacts/residue for
p27 (averaged in a window of size 3). This contact number profile
exhibits well pronounced peaks that line up with the regions that
are predicted by our algorithm. The figure also shows the four
predicted regions mapped to the crystal structure of the complex.

Wiskott-Aldrich Syndrome protein (WASp)

The examples discussed so far represent various fragments of
proteins. Here we present an additional case showing the
prediction output for a complete protein sequence.

0.5

04 -

Fraction of residues

0.3

0.2 +

0.1

H E

In PDB structures 1
In interacting residues =
0.7 In correctly identified interacting residues i

Figure 4. Secondary structure distributions in the short disordered binding site dataset. Fraction of amino acids in different secondary
structures in the disordered chains of the complexes. The three groups denote the fractions calculated on all the residues in the PDB structures, only

the interacting ones and the ones correctly identified by the predictor.
doi:10.1371/journal.pcbi.1000376.9004
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binding segments predicted in short (white bars) and long (black bars) binding sites. It shows the segmented nature of longer binding sites. (B) The
distribution of the fraction of correctly recovered interacting residues in both the short (white bars) and long (black bars) disordered binding sites.

doi:10.1371/journal.pcbi.1000376.g005

The human Wiskott-Aldrich Syndrome protein (WASp) is a 502
residue long protein that is expressed in the cells of the
hematopoietic system [64]. Its mutations can be linked to the
Wiskott-Aldrich Syndrome (WAS), a disease characterized by
actin cytoskeleton defects leading to deficiencies in blood clotting
and immune response. The protein is composed of various
functional domains. It contains the WH1 domain near the N
terminus (residues 39-148), the GTPase-binding domain (GBD,
230-310), a polyproline-rich region and a C-terminal verpolin
homology/central region/acidic region (VCA, 430-502) domain
[65] that also contains the WH2 domain (430-447). Apart from
the structured WHI1 domain, it is predicted to be largely
disordered and contains several low complexity regions (enriched
i P, G and acidic amino acids). There is experimental evidence
that the activated WASp hubs a number of interactions with
partners including CDC42, RAC, NCK, FYN, SRC kinase FGR,
BTK, ABL, PSTPIP1, WIP, and the p85 subunit of PLC-gamma
as well as the Arp2/3 complex. However, the location of many of
these binding regions is not known. The domain structure of
WASp is shown in Figure 7 together with the known binding
regions.

In its inactive state WASp exists in an autoinhibited form with
the GBD domain bound to the VCA domain. When WASp is
activated, the GBD domain is bound to CDC42 and this
interaction disrupts the GBD-VCA interaction. This initiates a
conformational change where WASp opens up and becomes able
to bind to the Arp2/3 complex leading to its activation and actin
nucleation. Both GBD and VCA regions were shown to be
disordered in their free state [65,66], with GBD adopting a loosely

@ PLoS Computational Biology | www.ploscompbiol.org

packed, compact conformation. However, the structure of both
complexes could be determined using NMR, by covalently linking
GBD to CDC42 or the VCA region, respectively [65,67]. In these
two structures WASp GBD adopts related but distinct folds. The
plasticity that can be seen by comparing these two complexes is
enabled by the absence of discrete tertiary structure in isolation. As
it can be seen on Figure 7, ANCHOR captures these disordered
binding sites correctly.

It is known that WASp is able to bind to SRC Homology 3
(SH3) domains through one of its proline rich regions although
the exact binding site is not known. The interaction with SH3
domains is usually mediated by a short, linear sequence motif
that is present in the interaction partner. In the collection of
Eukaryotic Linear Motifs (ELM) database (http://elm.cu.org/
[68]) there are five different motifs annotated as SH3 recognition
sites. Multiple instances of the following three can be found in
human WASp: LIG_SH3_1, LIG_SH3_2 and LIG_SH3_3
represented by the following consensus sequences: [RKY]..P..P,
P.P.[KR] and ...[PV]..P, for interaction with Class I/ClassII
SH3 domains and those SH3 domains with a non-canonical
Class I recognition specificity, respectively. The found motifs are
clustered in two separate regions mainly falling into the proline-
rich regions of WASp (Figure 7). Although there is no direct
evidence for the location of interaction with SH3 domains on
human WASp, the interaction sites have been identified for
Las17 [69], the yeast homologue of this protein. In total, four
distinct regions containing multiple binding sites were identified
experimentally in Las17 that interact with various SH3 domains.
These sites correspond to the proline rich regions in WASp

May 2009 | Volume 5 | Issue 5 | 1000376
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Figure 6. ANCHOR prediction for human p27. Top: Number of atomic contacts (green) and prediction output (blue) and for the N-terminal
binding region of human p27.“D1"and “D2" denote the two strongly interacting domains (red boxes) and “LH"” denotes the weakly interacting linker
domain between them (yellow box). Bottom: Crystal structure of human p27 (red and yellow) complexed with CDK2 (magenta) and Cyclin A (blue)
(PDB ID: 1jsu [62]). Red parts denote regions that are predicted to bind by the predictor. These regions correspond to the experimentally verified

strongly binding regions of p27. The figure was generated by PyMOL.
doi:10.1371/journal.pcbi.1000376.9006

(155-194 and 306-427) that also match with several SH3
binding motifs. As linear motifs were shown to have a preference
to reside in disordered regions [70], it is plausible to expect
ANCHOR to be able to recognize the SH3 binding region of
WASp. In accordance with this, both regions containing putative
SH3 binding sites contain binding sites predicted by ANCHOR.
This prediction can restrict the candidate sequence regions for
SH3 binding and can guide experimental studies to localize true
binding sites.

Complete proteome scans

In order to gain some evolutionary insight concerning
disordered binding sites, the predictor was run on the 736
complete proteomes (53 archaea, 639 bacteria and 44 eukaryota,

@ PLoS Computational Biology | www.ploscompbiol.org
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see Dataset S5, Dataset S6, and Dataset S7, respectively) that are
currently available from the SwissProt database (ftp://ftp.expasy.
org/). In agreement of previous analyses [5,6] there is a clear trend
of increasing amount of protein disorder as the complexity of the
organism increases (see Figure 8). However, Figure 8 also shows
that the fraction of disordered amino acids predicted to be in
disordered binding sites increases even compared to fraction of
disordered residues, as the complexity of organisms grows.
Generally, archaea have the least amount of both disorder and
binding sites. On the other hand, eukaryota have generally the
largest ratio of disordered and binding amino acids with bacteria
being between these two groups on average. However there are a
few exceptions to these general trends, marked separately on
Figure 8.
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Figure 7. ANCHOR prediction for human WASp. Red bars mark known interaction sites, green box marks the globular WH1 domain, blue boxes
mark the GBD and VCA domains. Light red boxes indicate the regions with putative SH3 domain interaction sites.

doi:10.1371/journal.pcbi.1000376.9007

Considering archaea, mesophiles generally contain a larger
amount of disorder and a larger fraction of disordered binding
sites than most extremophiles (thermophiles, cryophiles and
acidiphiles). However the group of halophile archaea (archaea

that favor high saline concentration) is a distinct exception with
fraction of disordered amino acids ranging from 0.2 to 0.25 as
opposed to other extremophiles’ values not exceeding 0.07. This
group includes all the halophile archaea in our study, namely
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Figure 8. Fraction of disordered and disordered binding site residues in complete proteomes. The number of amino acids in disordered
binding sites divided by the number of amino acids in disordered regions plotted as a function of the number of amino acids in disordered regions
divided by the total number of residues in the proteome of the organism for the 736 complete proteomes deposited in the SwissProt database,
colored according to the three kingdoms of life. The outlying points are marked with the name of the corresponding organism.
doi:10.1371/journal.pcbi.1000376.9g008
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proteomes available, grouped according to the three kingdoms of life.
doi:10.1371/journal.pcbi.1000376.9009

Natronomonas pharaonis, Haloarcula marismortui, Haloquadratum walsby
and two types of Halobacterium salinarum. Cenarchaeum symbiosum, the
only example of obligate endosymbiont among archaea also has an
unusually large amount of disordered protein segments in its
proteome (0.12). While Cenarchaeum symbiosum is closely related to
thermophile archaeas, it is adopted to the much lower living
temperature of its host [71]. This adaptation could explain the
relatively large amount protein disorder and disordered binding
sites. In general, these clear differences in the predicted disorder
between various archaea organisms points to different strategies to
adapt to various extreme environmental conditions resulting in
biased amino acid compositions. However, we cannot rule out the
possibility that under such extreme conditions, as high salt
concentration or high temperature, the amount of disorder can
be over- or underpredicted depending how these conditions affect
the presence of protein disorder.

Among bacterial proteomes, there are a few examples of
organisms that seem to utilize a surprisingly large fraction of their

@ PLoS Computational Biology | www.ploscompbiol.org
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disordered amino acids in binding. The three most extreme cases
(Carsonella ruddii, Sulcia muelleri and Buchnera aphidicola subsp. Cinara
cedri) are marked separately on Figure 8. These are the three
smallest complete bacterial proteomes, none of them reaching the
size of the smallest archaea proteome. These organisms present
extreme cases of streamlined genomes as a result of endosymbiosis
[72-74]. As these proteomes are very small, the predicted amount
of disorder and disordered binding sites are within the false
positive range, and should be treated more cautiously.

Eukaryotes tend to appear more consistent both in using larger
amount of disordered residues and larger fraction of disordered
residues for binding compared to the other two kingdoms
(Figure 8). The only notable outlier both in terms of extremely
low amount disordered proteins and disordered binding sites is
Encephalitozoon cuniculi. This organism is the only microsporidian
parasite in our dataset and has an extremely small proteome. This
lack of complexity and dependence on a eukaryotic host to
function might explain the lack of disordered proteins.
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The length distributions of the predicted disordered regions and
binding sites in the three kingdoms of life was also analyzed and
are shown in Figure 9A and 9B, respectively. As complexity
increases, longer disordered segments are preferred, and the
difference between eukaryota and lower complexity organisms
becomes even more apparent for longer regions (over 30 residues).
A similar trend can be observed in the length distribution of
disordered binding sites. While in archaea and bacteria predicted
binding regions are generally below 30 residues, longer binding
sites in eukaryota organisms are much more common. There are
at least three different effects that can contribute to this
phenomenon. First, as the number of binding sites rise there is
also an increasing possibility of these binding sites becoming very
close to each other or even overlapping with each other. This
scenario was demonstrated in the case of the N-terminal domain of
p53, as shown in Figure 1. Second, extremely large disordered
binding regions may be needed for special functions. Some
members of the mucin protein family provide an example for this.
Human MUCI contains a large repeat region (20-120 repeats,
one repeat being 20 amino acids long) that enables it to aggregate
and to perform its function [75]. As each repeat is correctly
identified as a disordered binding site, the whole repeat region is
predicted as one large binding region. This mechanism can create
binding sites up to the length of several hundreds of residues in
extreme cases. Third, we cannot exclude the possibility that longer
binding sites are not always segmented by weakly interacting
regions like in the case of p27, thus forming long, continuous
binding regions. Nevertheless, the majority of predicted binding
sites 1s shorter than 30 residues, although such restriction on the
length of disordered binding sites was not enforced.

Discussion

Regions undergoing disorder-to-order transitions upon binding
are essential elements in the molecular recognition process
involving disordered proteins. The main property of these binding
regions 1is that they can exist in a disordered state as well as in
bound state, adopting at least partially a well-defined conforma-
tion. The presence of these two separate states discriminates them
from monomeric globular proteins as well as from complexes
formed between globular proteins and from disordered proteins in
general. They are also expected to differ from dual personality
fragments [76], which occur within globular proteins, however,
mostly as a result of perturbations of environmental conditions. In
this work we aimed to recognize such disordered binding regions
from the amino acid sequence. So far, the limited number of well
characterized examples hindered the development of general
prediction methods. Nevertheless, biophysical considerations
suggest that in most cases there is a strong signal in the amino
acid sequence highlighting regions involved in coupled folding and
binding. These regions are linear in sequence, unlike in the case of
globular proteins, where distinct sites in the amino acid sequence
are brought together to form the interface for interaction [43]. An
additional difference is that binding of disordered proteins is
driven by a large enthalpic component to compensate for the
entropy penalty due to the loss of conformational freedom [9].
These features result in a relatively short sequence segment
containing residues with a pronounced tendency to make
interactions, leading to a characteristic sequence signal.

Our approach relies on a basic physical model of disordered
binding sites and it is based on modeling the interaction capacity
in the free disordered state and in the bound ordered state.
Previously, it was shown that ordered proteins can be discrimi-
nated from disordered proteins based on estimated pairwise
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energy content and this approach was implemented in IUPred, a
general disorder prediction method [53]. This method takes into
account that disorder/order tendency can be modulated by the
sequential neighborhood simply at the level of amino acid
composition, without attempting to model the specific interactions.
Taking it one step further, the same energy estimation calculations
were used to identify disordered binding regions in proteins. Our
model assumes that the specific properties of disordered binding
sites are dictated by the combination of preferences to bind to an
ordered protein on the one hand, and the ability to remain in a
disordered state in isolation, on the other. Based on this simple
model, ANCHOR achieved approximately 67% accuracy at
predicting 5% false positive rate (Tables 2—4). Furthermore, this
approach was validated by the ability to reproduce the specific
amino acid composition of disordered binding sites, that is distinct
from that of ordered proteins as well as disordered proteins in
general (Table 5).

During binding, the formation of intermolecular contacts is
accompanied by the formation or the stabilization of secondary
structure elements. The secondary structure composition of the
binding sites is highly unequal (Table 6 and Figure 4). The most
dominant secondary structure element adopted in the bound
conformation is coil, while B strand conformation is rare. Helical
conformations are observed as frequently in disordered complexes
as in globular proteins [27]. It was found that the adopted
secondary structure can be predicted from the amino acid
sequence with similar accuracy as in the case of globular proteins,
suggesting that the adopted secondary structure can be imprinted
into the sequence of the binding motif [27]. The secondary
structure observed in the complex can also be dictated by the
template structure. An extreme example of this is the C-terminal
region of p53 (see Supporting Information), observed in all three
secondary structure classes [32]. It is clear that not all of these
conformations can be the result of inherent preferences.
Interestingly, our prediction method does not seem to be sensitive
to the adopted secondary structure conformation and it works with
the same accuracy for all secondary structure conformations
(Table 6 and Figure 4). This independence of secondary structure
elements underlines the generality of ANCHOR. These results
also suggest that disordered binding sites can be recognized
without taking into account of the adopted secondary structure in
the majority of cases. Nevertheless, the details of conformational
preferences can be still crucial in selecting the specific binding
partner, or determining the kinetic and thermodynamic properties
of the associations.

Beside our algorithm, a previously published method called a-
MoRF predictor also exploited a general disorder prediction
method to recognize short binding elements [48,52]. Although the
direct comparison between the two methods was not possible,
because the a-MoRT predictor is not yet publicly available, some
basic differences between the two methods should be noted. First,
the o-MoRF predictor directly relies on the prediction output of
PONDR VXLT, which essentially predicts binding regions as
ordered structural elements, and a subsequent neural network is
applied to filter out valid disordered binding sites. Although very
high accuracies were reported for the performance of the neural
network based filtering, the complete method is limited by finding
dips based on PONDR VLXT [49-51]. Therefore it should be
taken into account that this program is a first generation
prediction method that was trained on only 15 proteins. In the
case of IUPred, dips corresponding to certain binding sites were
also observed, although to a smaller extent [48,53]. This
observation, however, is not directly exploited in our prediction
method. Instead, the core parameters of the energy prediction of
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IUPred are used to create three separate scores characterizing
three important attributes of disordered binding regions. The
second main difference is that ANCHOR is not restricted to a
single secondary structure class like the o-MoRF predictor that
was trained to recognize only o-helical segments. The example of
the C-terminal region of p53 (Figure S2), where four short
overlapping regions were shown to bind in different conformations
representing all three secondary structure classes, indicates that
such restriction can be a serious disadvantage for recognizing some
extremely adaptable disordered binding motifs.

An alternative approach for binding site identification is based
on the observation that protein-protein interactions are often
mediated through short linear motifs (approximately three to eight
residues) [77]. Such motifs are defined by a consensus pattern,
which captures the key residues involved in function or binding.
Prominent examples include the nuclear receptor box motif,
MDM? binding sites, SH2/SH3 domain recognition patterns or
14-3-3 domain binding sites [68]. Although there are known
examples of motifs that reside within globular domains, many of
them are required to be in a disordered region to function properly
and it was suggested that such motifs share many similarities with
disordered binding regions [70]. Our preliminary results support
previous observations of the partial overlap between short linear
motifs and disordered binding segments. Nevertheless, short
disordered binding sites and sequence specific linear motifs
capture different aspects of certain binding regions. Linear motifs
are defined on the basis of a per residue binding strength, and they
are specific to a certain partner or to a group of partner molecules.
However, such short linear motifs can also occur purely by chance,
with no biological significance. Also, sequence patterns alone
cannot ensure the accessibility of the site and the potential
flexibility of the binding region that could be necessary for the
complex formation. Complementary to sequence motifs, AN-
CHOR aims to capture a broader structural context. Based on
their specific structural properties, it can recognize disordered
binding regions that are capable of undergoing disorder-to-order
transition. The predictions are made without taking into account
the partner molecules and are expected to be less sensitive to
sequence details. For certain motifs, this molecular environment
can be a prerequisite of functionality and could help to identify
biologically significant binding motifs.

In our work we assumed, that short binding regions undergoing
disorder-to-order transition can be viewed as elementary binding
units that are necessary for the molecular recognition. Therefore,
such examples were used for the optimization of our method. In
accordance with their elementary unit picture, ANCHOR
recognized them generally as a single continuous binding site
(Figure 5). Regions undergoing disorder-to-order transition,
however, are not limited to such short segments as there are
several examples of longer disordered segment becoming ordered
upon complex formation. Such segments can be as long as 100
residues. However, these longer regions can contain segments
which bind only weakly or might not become ordered at all
[63,78,79]. This segmentation of longer binding regions can occur
for structural reasons. The segmentation can prevent the
accumulation of the critical amount of residues that would lead
to the formation a collapsed structure or non-specific aggregates.
The possible functional advantages of the segmented nature of a
binding site were demonstrated for the well characterized example
of p27. The kinase inhibitory domain of p27 can be divided into
several subdomains which dock and fold in a stepwise manner on
the surface of the Cdk2-cyclin A complex [19]. These segments
can also evolve independently, increasing the repertoire for
specificity for different cellular location or species. Intervening
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segments of higher flexibility are accessible for modifications such
as phosphorylations and ubiquitinations. This way p27 can
integrate and process various signals to regulate cell proliferation,
in which the flexibility and modularity of p27 is essential [63]. The
segmented nature of binding is reflected in the prediction output,
with predicted binding sites corresponding to the strongly
interacting regions (Figure 6 for p27, and Figure S4 for a similar
example, calpastatin). In the dataset of longer disordered binding
segments, we found this segmentation to be quite general. In these
cases, the predicted sites generally give only partial coverage of the
PDB structure, and multiple binding sites are predicted in the
majority of cases (Figure 5). This suggests that our prediction
method is likely to find those sites that interact more strongly,
anchoring the disordered segments to their partner protein. While
the segmented nature of binding is prominent in the case of long
binding regions, to a smaller extent, it can also affect shorter
binding regions. Indeed, around 20% of short disordered binding
regions are predicted as 2 or 3 segments (Figure 5). This could also
account for the significantly lower per residue efficiency compared
to the segment based efficiency.

By looking at further individual examples, one can already see
remarkable variations in the details of disorder-to-order transitions
even within the limited collection that is available today. The
adopted conformation in these complexes can be quite different,
both in terms of secondary or tertiary structure. Furthermore, the
transition to an ordered structure might not be complete [28]. This
could leave terminal residues or linker regions flexible and
inaccessible to structure determination. It was also suggested that
specific binding can be possible even without adopting a well-
defined conformation as in the case of the {-chain of T-cell
receptor [80] (see Figure S6). Differences are also present at the
level of the sequence. Some binding regions rely largely on
hydrophobic or aromatic residues (MDM?2 binding regions,
Figure 1), others use proline rich regions (WASp SH3 binding
regions, Figure 7). Disordered binding regions can contain
conserved linear motifs, while large divergence in sequence was
noted in other cases (C terminal domain of histones [81]). These
examples represent multiple ways disordered regions can be
utilized for binding. A single protein sequence can contain several
distinct binding regions, however, a single region can be involved
in binding to multiple partners, or use these regions in
combination to hub several interactions (p53 — see Figure 1 and
Figure S2, WASp — see Figure 7). In an alternative scenario,
disorder present in the partner molecules allows to bind a well-
folded protein by a large number of proteins (B-catenin [82],
Figure S3). Even further variations are expected as the number of
examples will grow in the future. Nevertheless, the success of
ANCHOR confirms our hypothesis, that despite these differences
disordered binding regions have a common property that
predispose them for coupled folding and binding.

The occurrence of disordered binding sites is clearly tied to the
presence of disordered protein regions. Their relationship was
further analyzed at the level of complete proteomes. Previous
studies have shown that the amount of predicted disordered
regions increases with the complexity of organisms throughout
evolution and reaches a high level in multicellular organisms [5,6].
This increase can be mostly attributed to the appearance of long,
domain-sized segments of protein disorder or fully disordered
proteins (Figure 9A). Our analysis showed that the amount of
disordered binding segments increases in eukaryotes in a similar
way, however, their fraction is elevated even compared to
disordered regions in general (Figure 8). The observed trend is
valid through a wide range of organisms, and occasional
exceptions occur either due to adaptation to extreme habitat
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conditions, or as a result of endosymbiosis. These findings imply
that the newly introduced disordered proteins and protein
segments mainly serve as a carrier for new binding regions in
eukaryotic organisms. The importance of disordered regions in
protein-protein interactions is also supported by the increased ratio
of disordered proteins among hub proteins [30,31]. Disordered
segments are often involved for complex signaling and regulatory
processes [20] such as cell cycle control, gene regulation or signal
transduction in the intracellular region of transmembrane proteins
[83]. These processes rely on interactions involving multiple
partners and high specificity/low affinity interactions, that
disordered binding segments can provide by their very nature.
The disordered segments can harbor multiple binding sites which
can act relatively independently. In other cases segmented binding
sites can be involved in simultaneous binding to larger complexes.
Overlapping binding sites (such in the case of p53 N and C
terminal regions) suggest competition between binding partners.
We are only beginning to comprehend how disordered binding
regions are exploited to provide versatile interaction sites in
proteins.

In conclusion, disordered binding regions represent a specific
subclass of disordered proteins that can undergo a disorder-to-
order transition upon binding. These binding sites generally have
distinct properties both structurally and functionally. Due to the
inherent flexibility, these regions are difficult to study experimen-
tally [84], making specific prediction methods even more valuable.
While there are several methods available for prediction of
disordered regions [85,86], recognizing disordered binding sites
was regarded as a more challenging problem [9] due to the limited
number of well-characterized examples. In this work we report a
general method to recognize disordered binding sites based on a
basic biophysical model. Our method relies on a simple energy
estimation procedure that was developed earlier for the IUPred
disorder prediction method. This way, the problem of small
datasets can be largely avoided. We showed that these regions can
be characterized by highly disordered sequential neighborhood,
unfavorable intrachain energies and more favorable interaction
energies with a globular partner. The combination of these
properties allowed the recognition of disordered binding sites
independent of their secondary structure or amino acid compo-
sition, underlining the generality of the method. As such binding
sites are essential functional elements of disordered proteins, their
prediction directly provides information about functionally
important residues in these proteins. In this way, ANCHOR
broadens the repertoire of prediction methods for functional sites
in proteins aiming to decrease the large number of unannotated
sequences [87]. Generally, the complete understanding of protein-
protein interactions involving disordered binding sites requires the
knowledge of their partners as well as possible post-translational
modifications that can influence their binding. While predictions
can be made even without taking the partner molecule into
account, certain cases might require incorporating the specific
feature of the partner. Nevertheless, our method can provide the
starting point for such scientific explorations, by finding potential
regions involved in such binding.

Methods

Databases

The primary source of data for the present analysis is a carefully
assembled dataset of binding regions undergoing disorder-to-order
transition. The strict requirement of the experimental verification
of both the disordered status in isolation and the formation of an
ordered structure in complex distinguishes our dataset from a
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previously collected dataset for disordered binding regions [88].
The length of disordered regions involved in the binding can vary
on a large scale. In the case of longer regions it is not guaranteed
that each residue is equally important for binding, therefore
complexes of short disordered regions were treated separately, and
only these were used for tuning the method.

Short disordered complexes. Complexes from the PDB
[89] were collected by scanning the chains in the PDB entries
against the Disprot database [90]. A complex was accepted if it
consisted of a chain with length between 10 and 30 residues that
was found in the Disprot database as part of an annotated
disordered segment and at least one interacting partner that was at
least 40 residues long. Furthermore, complexes containing
transmembrane proteins, RNA or DNA, chimeras, disulfide
bonds between the disordered and ordered chains or a large
number of unknown residues (marked with an X) were excluded.
A few experimentally verified disordered complexes missing from
Disprot were added to this set [42,43,62,91-93]. A sequence
similarity filter of 50% has also been applied to remove closely
related proteins or protein segments. This procedure yielded a set
of 46 complexes that are listed in Dataset S1.

Long disordered complexes. Complexes containing long
disordered chains were collected in the same fashion as short ones
but with different criteria for the length of the interacting partners.
Here the length of the disordered chains was required to be at least
30 residues and they had to have an interacting partner of 70
residues or more. The resulting set of 28 complexes is listed in
Dataset S2.

0-MoRFs dataset. This dataset originally consisted of 53
complexes [48]. Complexes that were contained in our Short
disordered complexes dataset as well were excluded in order to get
a truly independent set. Three complexes were further removed
from the remainder since one of them is part of the ribosome
subunit S23 and the other two can be found in the PBD with
structures containing only the disordered chain — that is they are
presumably capable of folding on their own. The rationale behind
this exclusion is that our predictor is neither trained to recognize
RNA/DNA-protein interactions nor to identify globular-globular
interfaces. This left 40 complexes in total.

Globular proteins. Globular proteins were collected from
PDB entries that had only one chain of at least 30 residues [53].
Also transmembrane proteins and complexes with RNA/DNA
were filtered out. This dataset contains 533 proteins and is
presented in Dataset S3.

Ordered complexes. This set contains protein complexes
that consist of two partners both of which are ordered. These data
were taken from the literature [43]. The dataset does not include
cases of crystal packing dimers, chimeras and fragments and
consists of 72 complexes (Dataset S4).

Disordered proteins. For the analysis of disordered proteins
and protein segments the 3.7 version of Disprot database was used
(http://www.disprot.org/) [90], considering only annotated
disordered segments of 10 residues or longer.

Parameter optimization

The optimal parameters were determined by a three fold cross-
validation, by dividing both our negative and positive datasets
(Globular proteins and Short disordered complexes, respectively)
into three parts. In each turn we used two parts for training and
the remaining part for testing. To avoid any bias, the different
subsets were chosen such that the distribution of chain lengths in
both the positive and negative sets and the distribution of
secondary structure types in the positive set were approximately
the same. Our approach relies on IUPred, a general disorder
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prediction method, and its energy predictor matrix. These
parameters (ie. the elements of the energy predictor matrix) have
been determined earlier, independently of disordered binding
regions. Only five additional parameters, w;, ws, p;, p» and ps were
optimized for this specific problem and were selected by a grid search
procedure. Specifically, w; was varied in the range of 20 to 100 in
steps of 10 (giving 9 possible values), w, was varied in the range of 5
to 35 in steps of 2 (giving 16 possible values), and p;, po and ps was
selected from 1000 sets of randomly generated values. Taking into
account that the prediction performance is insensitive to the norm
and the sign of the vector corresponding to the p;, p» and ps values,
the search was restricted to 1000 random sets that were evenly
distributed on the surface of the upper half of the unit sphere. This
means that p; and p, were randomly selected from the interval
[—1;1] and ps was selected from the interval [0;1] in a way that the
sum of their squares is always equal to 1. This yielded 1000 different
(b1, p2, p3) combinations. These, combined with all possible values of
w; and wy gave 144,000 different parameter sets in total. These were
considered in order to select the optimal one, containing the five
optimal parameters for each round of the cross-validation.

To quantify the performance of the predictor given a set of
parameters we calculated the True Positive Rate (TPR) at False
Positive Rates (FPR) fixed at 5% calculated on globular proteins as
the negative set. However, a full characterization of the
performance of the algorithm would also require a set of
disordered proteins that are known not to bind to globular
proteins. Unfortunately, such dataset cannot be constructed since
there is hardly any way to give evidence for a protein that it does
not contain binding sites. This problem was addressed by
calculating the fraction of amino acids that are predicted as
binding sites in general disordered regions of Disprot database that
are correctly recognized as disordered by IUPred. This fraction
was denoted as F. Optimal parameters should combine high TPR
with low F at the expense of very low FPR.

During optimization of the algorithm, the performance on three
different datasets needed to be monitored at the same time (set of
globular proteins, set of disordered binding sites and Disprot). The
best parameter set was chosen manually, by reducing the
parameter set in a step-wise manner based on the following steps:

1, Calculate TPR (at fixed FPR =5%) and F for each of the
144,000 candidate sets of parameters

2, Discard all for which F>50%

3, Discard all for which TPR<<60%

4, From the remainder choose the 20 for which the difference
between TPR and F is the largest

5, Choose the one for which TPR is maximal (the TPR-F
difference among these 20 sets vary only within a range of less then
0.02 so that is not a good measure to choose the best one)

The negative and positive sets were divided into three parts,
resulting in three different optimal parameter sets. The final
predictor algorithm is constructed by averaging these three
outputs. As the training sets only contained binding regions of at
least 10 amino acids and we aim to identify at least 5 residues of
each region, all predicted binding sites were removed that did not
exceed b consecutive residues. A schematic figure of the training
procedure is given in Figure S1.

Availability
ANCHOR s available upon request from the authors.

Supporting Information

Dataset S1 46 complexes of short disordered and long globular
proteins. Column 4 contains the secondary structure type of the
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bound disordered chains based on the structure found in the PDB
record as defined in Data and Methods. Thick lines separate the
three groups used during parameter optimization.
Found at: doi:10.1371/journal.pcbi.1000376.s001
DOC)

(0.07 MB

Dataset S2 28 complexes of long disordered and long globular
proteins. Column 4 contains the secondary structure type of the
bound disordered chains based on the structure found in the PDB
record as defined in Data and Methods.

Found at: doi:10.1371/journal.pcbi.1000376.s002
DOC)

(0.05 MB

Dataset 83 553 monomeric globular proteins that were used as
a negative dataset [2]. Columns correspond to the grouping used
during parameter optimization.

Found at: doi:10.1371/journal.pcbi.1000376.s003 (0.20 MB
DOC)
Dataset S4 72 complexes of ordered proteins [3]. The

interaction is considered between the shortest chains and its
interaction partners.

Found at: doi:10.1371/journal.pchi.1000376.s004 (0.08 MB
DOC)
Dataset 85 The 53 complete archaea proteomes available from

SwissProt (ftp://fip.expasy.org/) used for full proteome scans. The
fraction of total amino acids in disordered regions and the fraction
of disordered amino acids in disordered binding sites are indicated
together for each organism.

Found at: doi:10.1371/journal.pcbi.1000376.s005
DOC)

(0.09 MB

Dataset 86 The 639 complete bacteria proteomes available
from SwissProt (ftp://ftp.expasy.org/) used for full proteome
scans. The fraction of total amino acids in disordered regions and
the fraction of disordered amino acids in disordered binding sites
are indicated together for each organism.

Found at: doi:10.1371/journal.pchi.1000376.s006 (0.86 MB
DOC)
Dataset 87 The 44 complete eukaryota proteomes available

from SwissProt (ftp://ftp.expasy.org/) used for full proteome
scans. The fraction of total amino acids in disordered regions and
the fraction of disordered amino acids in disordered binding sites
are indicated together for each organism.

Found at: doi:10.1371/journal.pcbi.1000376.s007
DOC)

Figure S1 Development of ANCHOR. In the first step, our
Short Disordered Binding Sites dataset and Globular Proteins
dataset (positive and negative datasets) are split up and only 2/3 is
used in the subsequential steps. Then a parameter set (wl, w2, pl,
p2, p3) is selected from the 144,000 random ones. This parameter
set is used to calculate S, Eint and Egain for every position in every
sequence in the three input datasets using the fixed energy
predictor matrix P (see Theory). Based on this calculations the
evaluating measures are calculated: TPR is calculated on Short
Disordered Binding Sites, FPR is calculated on Globular Proteins
and F is calculated on Disordered Proteins. Based on these
measures, the best parameter set out of 144,000 is chosen (see
Data and Methods). Then this parameter set is evaluated on the
remaining one third of the datasets. These results are reported in
Table 3. This procedure is repeated for all three subsets of Short
Disordered Binding Sites and Globular Proteins. The output of the
three optimized predictors are combined into one final predictor
by averaging their output.

Found at: doi:10.1371/journal.pcbi.1000376.s008 (0.05 MB PPT)

(0.08 MB
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Figure 82 ANCHOR prediction output for the C-terminal
domain of human p53. Prediction for the C-terminal disordered
domain of human p53. The regulatory binding site around
residues 375390 is able to adopt all three secondary structural
elements upon binding to globular partners [4].

Found at: doi:10.1371/journal.pcbi.1000376.s009 (0.04 MB TIF)

Figure 83 ANCHOR prediction output for Tcf4. Prediction
output for transcription factor Tcf4 (blue) together with the
number of atomic contacts (green) determined in the complexed
form with Beta-catenin (PDB ID: 2¢17 [5]). Beta-catenin is known

to bind several disordered binding regions.
Found at: doi:10.1371/journal.pchi.1000376.s010 (0.03 MB TIF)

Figure S$4 ANCHOR prediction output for human calpastatin.
Prediction output for the I. domain of human calpastatin.
Subdomains A. B and C (grey boxes) are known to bind to
calpain and inhibit it. Subdomains A and C bind via a preformed
alpha-helix. while subdomain B does not exhibit strong structural
preference in solution [6].

Found at: doi:10.1371/journal.pchi.1000376.s011 (0.04 MB TIF)

Figure 85 ANCHOR prediction output for the KID domain of
CREB. Prediction output for the KID domain of CREB. The
region marked with a grey box interacts with the KIX domain of
CBP via two preformed alpha-helices [7].

Found at: doi:10.1371/journal.pcbi.1000376.s012 (0.03 MB TIF)
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Figure $6 ANCHOR prediction output for the {-chain of T-cell
receptor. Prediction output for the zeta-chain of the T-cell
receptor. The transmembrane region is marked with red box
and the three intracellular ITAM regions are marked with blue
boxes.
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Information.
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ABSTRACT

The structural states of proteins include ordered
globular domains as well as intrinsically disordered
protein regions that exist as highly flexible confor-
mational ensembles in isolation. Various computa-
tional tools have been developed to discriminate or-
dered and disordered segments based on the amino
acid sequence. However, properties of IDRs can also
depend on various conditions, including binding to
globular protein partners or environmental factors,
such as redox potential. These cases provide fur-
ther challenges for the computational characteriza-
tion of disordered segments. In this work we present
IUPred2A, a combined web interface that allows to
generate energy estimation based predictions for or-
dered and disordered residues by IUPred2 and for
disordered binding regions by ANCHOR2. The up-
dated web server retains the robustness of the orig-
inal programs but offers several new features. While
only minor bug fixes are implemented for IUPred, the
next version of ANCHOR is significantly improved
through a new architecture and parameters opti-
mized on novel datasets. In addition, redox-sensitive
regions can also be highlighted through a novel ex-
perimental feature. The web server offers graphical
and text outputs, a RESTful interface, access to soft-
ware download and extensive help, and can be ac-
cessed at a new location: http://iupred2a.elte.hu.

INTRODUCTION

Intrinsically disordered proteins and protein regions
(IDPs/IDRs) carry out important biological functions
without relying on a single well-defined conformation,
defying the traditional structure-function paradigm (1).
Such regions are best characterized as ensembles of
highly fluctuating conformations in isolation but their

detailed properties are delicately tailored for their specific
function (2). The activities of IDPs can directly emerge
from their flexible nature, exhibiting entropic chain func-
tions or serving as linkers between ordered domains.
Disordered proteins can also mediate protein-protein
interactions by recognizing specific partners and undergo
a disorder-to-order transition by adopting a more struc-
tured conformation. Such disordered binding regions or
MoRFs (molecular recognition features) commonly occur
in modular proteins involved in signaling and regulation
(3,4). The specific properties of these compact functional
modules, such as their plasticity and flexibility, enable their
regulation depending on cellular cues through various
mechanisms including post-translational modifications
(PTMs) or competitive binding (5). While the majority
of known disordered binding regions lose their flexibility
upon interaction (with the exception of fuzzy complexes
(6,7)), an order-to-disorder transition is the key for the
function of another group of proteins. These condition-
ally disordered proteins are folded in isolation but their
functional state requires a local or global unfolding to
a more disordered state. The transition can be induced
by interactions with other macromolecules or changes
in environmental factors, such as pH, temperature or
redox potential (8). One example for such conditional
disorder is presented by Hsp33 from Escherichia coli. This
redox-sensing chaperone becomes active upon oxidative
stress, which induces a transition to a more disordered state
exposing the substrate binding surface of the protein (9).
The growing number of examples of experimentally
verified disordered segments are collected into dedicated
databases, such as the DisProt database, which currently
holds 2,167 such disordered regions from 803 proteins
(10). However, these entries only provide a small sample
of IDPs/IDRs that are widespread in all domains of life
but are most prevalent in cukaryotic organisms (11-14).
At this scale, protein disorder can only be studied through
computational approaches. The distinct sequence proper-
ties of IDPs compared to that of globular proteins enable
the discrimination of these two groups at the amino acid se-
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quence level at reasonable accuracies. So far, over 50 pre-
diction methods have been developed using a wide arse-
nal of approaches, including simple amino acid propen-
sity scales, simplified biophysical models, machine learn-
ing techniques and meta-servers (15-17). IUPred is one
of the commonly used methods for predicting protein dis-
order and it is based on capturing the basic biophysical
properties of IDPs (18,19). The basic assumption of this
method is that intrinsically disordered proteins have a spe-
cific amino acid composition that does not allow the forma-
tion of enough favorable inter-residue interactions to stabi-
lize a well-defined structural state (20,21). In [UPred, the in-
teraction capacity of each residue is captured by an energy
estimation scheme. While there are other methods that can
achieve higher accuracies on particular datasets, I[UPred
still provides robust predictions with a favorable trade-off
between speed and accuracy (22-24). As a result, [UPred is
frequently used in itself or in combination with other tools
to provide information about disorder (25).

The next challenge following the prediction of protein
disorder is the characterization of the functional properties
of IDPs/IDRs. Towards this end, most efforts focused on
predicting regions of disordered proteins that are involved
in protein-protein interactions, although methods that aim
to predict regions binding to DNA and RNA, or to recog-
nize linker regions have also been developed (26,27). The
first publicly available method developed to recognize dis-
ordered binding regions was ANCHOR (28,29). Similarly
to IUPred, this method relies on the energy estimation ap-
proach to characterize the disordered tendency and binding
capacity of protein segments. Apart from ANCHOR, ma-
chine learning methods, in particular support vector ma-
chines (SVM) have also been developed for the prediction
of disordered binding regions. MoR Fpred and fMoR Fpred
utilize SVM models in their predictions incorporating se-
quence conservation data and amino-acid physicochemical
properties, in addition to predictions of intrinsic disorder,
relative solvent accessibility and residue flexibility (30,31).
MFSPSSMpred and DISOPRED3 predict MoRFs based
on an SVM with a radial basis function kernel, and using
sequence-derived features and evolutionary profiles as in-
puts (32,33). MoRFchibi also employs SVMs, but uses a
dual architecture to efficiently discriminate short MoRF re-
gions from their flanking regions and to recognize similarity
to already known instances (34).

The precision of the computational identification of dis-
ordered binding regions is usually evaluated against pre-
dicting such regions within globular proteins. However,
these prediction methods should also have a discriminatory
power against disordered regions in general. The main chal-
lenge is that currently we do not have a clear idea about the
prevalence of disordered binding regions in proteins in gen-
eral. One well-characterized example, pS3 shows a nearly
complete coverage by overlapping binding regions within
its N- and C-terminal disordered segments (35). Other ex-
amples suggest that this could be a common scenario for
many [DPs/IDRs, however, methods are often evaluated
on proteins with a single known disordered binding site. A
further limitation for accurate method development origi-
nates from a limited set of well-characterized examples used
for training and testing. As a result, larger datasets were re-

sorted to PDB complexes formed between short and longer
segments, assuming that the short segments are usually as-
sociated with disorder (30). However, this approach resulted
in noisy datasets without experimental verification. In this
regard, a major new development was the launch of the
DIBS database, which collects protein complexes where one
partner was shown experimentally to be both disordered in
isolation and being involved in disorder-to-order transition
(36). This database currently contains 773 entries, provid-
ing a reliable platform for further method development for
recognizing disordered binding regions.

Conditionally disordered regions provide further compu-
tational challenges for the characterization of IDPs (8). An
important category in this class corresponds to redox po-
tential regulated proteins that play important roles in ox-
idant signalling and protein biogenesis events (37). Fasci-
nating examples, such as Hsp33(9), COX17(38) or CP12
(39) indicate that redox sensing can be coupled to disorder-
to-order or order-to-disorder transitions. While the limited
number of such cases currently prevents systematic analy-
ses, we found that the biophysical model of IUPred is al-
ready equipped to highlight redox-sensitive regions in pro-
teins.

Recently, we have relocated our web-server IUPred to a
new location (25). This gave us access to further improve-
ments. Here, we describe the IUPred2A web server, which
provides a combined interface to collect predictions for dis-
ordered regions via an improved version of IUPred, disor-
dered binding segments via a new version of ANCHOR,
and can highlight redox-sensitive regions in proteins based
on the energy estimation method. These predictions can be
accessed through an HTML server, a RESTful web server
and as a downloadable software.

METHODS
TUPred2

IUPred uses an energy estimation method at its core. This
approach utilizes a low-resolution statistical potential to
characterize the tendencies of amino acid pairs to form con-
tacts, observed in a collection of globular protein structures
(40). When the structure is known, the statistical poten-
tial allows the calculation of the energy for each residue
based on its interactions with other contacting residues in
the structure. The sum of these residue-level energy terms
can be used to quantify the total stabilizing energy contri-
bution of intrachain interactions in a given protein struc-
ture. To open up a way to estimate these energies directly
from the amino acid sequence without a known structure,
a novel method was developed (18). In this model, the en-
ergy of each residue in the amino acid sequence is estimated
based on the following formula:

k 20 K
e = X;=1” Pjc;”,

where e;* is the energy of the residue in position k of type i,
Pj is the ijth element of the energy predictor matrix, and ¢;
is the jth element of amino acid composition vector, speci-
fying the ratio of amino acid type j in the sequence neigh-
bourhood of position k. P is a 20 x 20 energy predictor
matrix that connects the amino acid composition vector to
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the energy of the given residue. Its parameters were opti-
mized on a set of globular proteins to minimize the differ-
ence between the energy calculated from the known struc-
tures using the statistical potential and the energy estimated
from the amino acid sequence. Based on the energy esti-
mation, residues that have favorable energies are predicted
as ordered and residues with unfavorable energies are pre-
dicted disordered. The energies calculated for each residue
in the amino acid sequence are smoothed with the window
size (W) and are transformed into a score between 0 and 1,
so they can be interpreted as quasi-probabilities of a given
residue being disordered.

The resulting method, IUPred (19) is able to recognize
regions of proteins that are not compatible with ordered
regions based on their inability to form enough favorable
intrachain interactions. As the method relies on a low-
resolution biophysical model of protein folding, its param-
eters are easily interpretable. Furthermore, calculations in-
volve only simple arithmetics and as a result [UPred not
only makes reliable and highly robust predictions, but is cur-
rently one of the fastest available disorder prediction algo-
rithms, making it especially suited for large-scale studies.

In the current version, IUPred2, the force field and the
architecture of the method were left unchanged. However,
integration into several resources, such as MobiDBlite (41),
MobiDB 3.0 (42) and InterPro (43) made it necessary to
implement several minor bug-fixes. [UPred2 was tested on
both the original testing sets of disordered and globular
structures (18), and the newest version of DisProt (10) as a
positive testing set, and a custom-built negative testing set
of single domain ordered proteins with known structures
(see Supplementary material). The efficiencies of [UPred2
and the original IUPred are consistent with earlier indepen-
dent testing results (22,24), and are virtually the same. This
is evidenced by the high similarities between the two receiver
operating characteristic (ROC) curves of the two algorithms
on both pairs of testing datasets (see Supplementary mate-
rial for the ROC curves), with the areas under the curves
being nearly identical (AUC = 0.855 and 0.856 for [UPred2
and TUPred on the new testing sets, and AUC = 0.924 and
0.926 on the original testing sets). From a practical point of
view, these efficiencies correspond to true positive rates of
59.6% and 68.72% when using IUPred2 with 5% and 10%
false positive rates, respectively, on the new testing sets.

ANCHOR2

Similarly to [lUPred, ANCHOR also utilizes the energy esti-
mation approach, for the identification of disordered bind-
ing sites. Besides the general disorder tendency, two addi-
tional terms were also incorporated into the method that
estimate the energy associated with interaction with a glob-
ular protein and with the local disordered sequence envi-
ronment (28). These tendencies were combined using a lin-
ear combination and were transformed to yield a normal-
ized score between 0 and 1 representing the probability of
a given residue being part of a disordered binding region.
In the presented I[UPred2A server, ANCHOR was substan-
tially reworked to give better predictions.

Nucleic Acids Research, 2018, Vol. 46, Web Server issue W331

Concept and architecture of ANCHOR?2. Retaining the
original idea behind ANCHOR, the new ANCHOR2 meth-
ods also employs a simple biophysics-based model to
describe disordered binding regions. In this framework,
residues belonging to disordered binding sites have to ful-
fill two distinct criteria: (i) they have to be able to form
favourable interactions with the binding surface of an or-
dered protein and (ii) they should be embedded in a gen-
erally disordered sequence environment. These two criteria
are formulized as follows:

Sk = (Egain,k(wl) - Egain,O)(Ik(w2) — D),

where Sy is the score assigned to residue k; Egain x(W1) =
Eiock(W1) — Einx 1s the energy the residue gains by mak-
ing interactions with an averaged ordered interacting sur-
face (represented by the composition vector Ej,) instead of
its own sequential environment (represented by the compo-
sition vector Ejoc (W), calculated in a w; half-window se-
quential neighborhood of residue k); I;(w>) is the averaged
IUPred score in the w, half-window sequential neighbor-
hood of residue k; Eyaino and [y are parameters that deter-
mine the minimum energy gain and minimum average dis-
order tendency a residue has to possess in order to become
a disordered binding site. The sign of Eg;, is chosen in a
way that high positive values mark true binding residues (as
usually expected from prediction methods), which is differ-
ent from the standard choice for true free energy. Keeping
this in mind, the architecture of ANCHOR2 has a clear bio-
physical meaning and contains only four parameters (wj,
w2, Egaino and Io) that need to be optimized during train-
ing.

Training and benchmarking. ANCHOR?2 was trained and
tested using the disordered binding regions in the DIBS
database (36) filtered for 30% sequence identity as the
positive set, using only short binding regions below 30
residues yielding a total of 374 protein regions. Four dis-
tinctively different datasets were used as negative (see Sup-
plementary material). The first negative dataset (ordered
monomers) comprises sequence regions (also filtered for
30% sequence identity) that encode single structural do-
mains with determined monomeric structures in the PDB
(4,549 protein regions). The second dataset contains 389
flexible linker regions, used previously in the assessment
of DISOPRED3(33). These two datasets can be consid-
ered as verified in a sense that they are unlikely to contain
currently unknown disordered binding regions. The third
dataset (decoy sequences) were collected as ~15,000 protein
segments taken randomly from the human proteome, ex-
cluding extracellular proteins, transmembrane regions and
known structural Pfam domains to increase the expected ra-
tio of disordered regions. The fourth negative dataset con-
tains 1,042 known disordered protein regions from the Dis-
Prot database (10) that do not overlap with entries in DIBS.
These two datasets cannot be assumed to be devoid of
currently unknown disordered binding regions (unverified
datasets). However, for parameter optimization and testing,
the positive dataset, the ordered monomer set and the de-
coy set were split, and two thirds of all three were used in
training and the remaining one third was used in testing.
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During training the four adjustable parameters wy, wo,
Egaino and Iy were tuned to their optimal values. The Egin
term of the score basically describes the distinction between
disordered binding regions and other sequence regions in
general (non-binding disordered segments in particular). In
accord, w; was set to achieve the highest information gain
(similarly to the protocol employed in (44)) calculated in
the separation of the positive and decoy training sets (see
Supplementary material). While the decoy set can in theory
contain any number of disordered binding regions, due to
the random assignment we expect their numbers to be fairly
low. In contrast to the energy gain term, the / term of the
score primarily describes the separation between disordered
binding regions and ordered proteins. Thus, w, was set to
achieve the highest information gain in the distinction be-
tween the positive and the ordered monomer training sets
(see Supplementary material). As a final step, Eg,in0 and /o
were also set to best discriminate the elements of the posi-
tive and the two negative training sets.

Testing of ANCHOR?2 was done by calculating residue-
based ROC curves evaluating the ability of the method to
separate the testing positive dataset from any of the four
negative testing datasets. To better gain insights into the
strengths and weaknesses of ANCHOR2, three other meth-
ods capable of predicting disordered binding regions: the
original ANCHOR, DISOPRED3 and MoRFchibi, were
also evaluated on the same datasets. The obtained ROC
curves for all four negative testing sets are shown in Fig-
ure 1, while the calculated AUC values for all methods for
all datasets are shown in Table 1. The obtained efficiencies
of the four methods outline the clear differences between
their applicability. Both DISOPRED3 and MoRFchibi are
machine learning based methods and were trained to have
very low false positive prediction rates in both ordered and
disordered protein regions. However, this comes at the ex-
pense of recognizing disordered binding regions that are
not similar to currently known ones. ANCHOR and AN-
CHOR?2 on the other hand incorporate a direct description
of protein disorder in their predictions and thus excel at giv-
ing an extremely low false positive rate on ordered protein
regions. They are also remarkable at distinguishing flexi-
ble linkers, but predict a higher ratio of disordered binding
sites in generic disordered protein datasets, such as DisProt.
While this may involve over-prediction, it is worth noting
that the exact number of true disordered binding regions in
DisProt sequences are not known and thus it is hard to de-
termine the optimal behaviour of disorder binding site pre-
dictions on these data.

As a final step, the prediction score of ANCHOR was
normalized to fall between 0 and 1 in such a way that the
ratio of binding residues stayed below 50% even in the Dis-
Prot database, where it was the highest among the nega-
tive datasets. Using this threshold, the ratio of residues pre-
dicted to be binding in the positive and negative datasets is
shown in Table 2. While this reduces the apparent efficiency
of ANCHOR?2 as compared to the scaling used in the origi-
nal ANCHOR (the 0.5 cutoff corresponded to 5% false pos-
itive prediction on ordered protein segments), ANCHOR?2
is still able to correctly predict nearly 64% of residues in
known binding regions (true positive rate), with over 72%

of known binding regions harboring at least one correctly
predicted residue (segment-level true positive rate).

Redox-state dependent prediction of protein disorder

In another group of conditionally disordered proteins,
changes of the oxidation status are coupled to disorder-
to-order or order-to-disorder transitions (37). One exam-
ple for this behaviour is provided by the human small cop-
per chaperone Cox17. This protein can be viewed as a pro-
totype for proteins that are synthesized on cytosolic ribo-
somes and diffuse as intrinsically disordered proteins to the
mitochondrial intermembrane space, where they become
oxidized and fold into their functional conformations (38).
The activity of Hsp33 also depends on oxidative condi-
tions, however, for this protein the functional state is disor-
dered. Under non-stress conditions, Hsp33 is a compactly
folded zinc-binding protein with negligible activity. Oxida-
tive stress causes the formation of two intramolecular disul-
fide bonds and the release of Zn>* ions. This leads to the un-
folding of the zinc-binding domain, exposing the substrate
binding surface of the chaperone that is necessary for its ac-
tivity (45).

The key sensors built into these redox-regulated proteins
are cysteine residues which can undergo reversible thiol ox-
idation in response to the oxidation status of the molecular
environment. Under reducing conditions cysteine residues
can behave as polar amino acids, most similar to serine,
without contributing much to protein stability. However,
they can also play essential roles in stabilizing the folded
conformation by coordinating Zn?* ions under reducing
conditions, or by forming disulfide bonds that are com-
monly used by extracellular proteins that experience oxida-
tive conditions (46). In our energy estimation scheme, the
strong stabilizing feature of cysteine residues can be ade-
quately captured, with the most extreme energy terms cor-
responding to interactions mediated by cysteine residues.
In order to capture the other end of the spectrum, cys-
teine residues can be changed to serine in the amino acid
sequence. Thus, we generate two disorder prediction pro-
files, one corresponding to the state that is achieved through
cysteine stabilization (redox-plus) and one without cysteine
stabilization (redox-minus), modeled by a cysteine/serine
swap. In many cases the two profiles would not differ signif-
icantly. However, our assumption is that in the case of con-
ditionally disordered redox proteins the two profiles would
be separated and would highlight redox-sensitive regions
based on their different disorder tendencies. These regions
are defined when the redox-minus line predicts disorder for
a minimal region of 10 residues, while no disorder is pre-
dicted for the same region by the redox-plus profile. This
core region is then extended in both directions to the point
where the separation in the disorder score between the two
lines falls below 0.15. Thus identified redox-sensitive re-
gions are merged if their sequence separation is less than
10 residues (for details see Supplementary material). While
this feature of [UPred2A cannot be tested rigorously, exam-
ples provided in later sections and on the server help pages
indicate that the prediction of redox-sensitive regions can
be used to explore this phenomenon at the large-scale. Our
preliminary data suggests that redox sensitive regions can be

€20z Aienuep zo uo Jesn Aieiqi AlsiaAiun puelo sQA19T Aq G929Z0S/6ZEM/ L AM/OF/81o1e/leu/woo dno olwapeode//:sdiy Woll papeojumo(]



doszt anyi . zsuzsanna_45 22
Nucleic Acids Research, 2018, Vol. 46, Web Server issue W333

A
DIBS vs ordered ) DIBS vs linkers
2
0.9 1 09 |
(]
0.8 - 08 | ©v
()
0.7 1 0.7 | >
0.6 1 06 | ﬁ
& & 8o
- 05 4 - 0.5 g
0.4 1 0.4
]
0.3 « 03 K
ANCHOR2 —— ANCHOR2 —— =
02 ANCHOR ——— 0.2 ANCHOR ——— =
DISOPRED3 ——— DISOPRED3 —— [
01 MoRFchibi ——— 01 MoRFchibi ——— >
° random —— o ; ; random. —_—
0 01 02 03 04 05 06 0.7 0.8 09 1 0 01 02 03 04 05 0.6 0.7 08 09 1
a
X DIBS vs decoy ) DIBS vs DisProt
%)
0.9 09 | "q')'
7}
0.8 . 0.8 |
()
07 | 07 b .E
0.6 0.6 | [0
a & o
foos fost Q
0.4 0.4 | o
03 03 | .E
ANCHOR2 —— ANCHOR2 —— o
0.2 ANCHOR ——— 02 - ANCHOR —— -
DISOPRED3 — DISOPRED3 —— =1
01 MoRFchibi ——— 01 MoRFchibi ——— a
0 random —— ° random ——
0 01 02 03 04 05 06 0.7 0.8 09 1 0 01 02 03 04 05 0.6 0.7 08 09 1
. FPR - . FPR l

mostly ordered sets disordered sets

Figure 1. ROC curves of four methods predicting disordered binding regions/MoRFs on the four different negative testing datasets. The upper row shows
testing on verified negative data containing virtually no disordered binding regions. Negative sets of the bottom row might contain an unknown number
of disordered binding regions, albeit with a significantly lower frequency compared to the positive set.

Table 1. Area under the curve (AUC) values calculated from the ROC curves in Figure 1

Methods
ANCHOR2 ANCHOR DISOPRED3 MoRFchibi
Datasets ordered monomers 0.901 0.835 0.627 0.561
linkers 0.870 0.859 0.612 0.581
decoy 0.865 0.840 0.536 0.595
DisProt 0.590 0.610 0.522 0.588

AUC values can range from 0.5 for random predictions to 1 for perfect predictions. The highest AUC values for each negative dataset are highlighted in
bold.

Table 2. Prediction rates of ANCHOR?2 on training and testing datasets

Fraction of residues predicted to be disordered

Dataset name Dataset type binding regions by ANCHOR?2
DIBS training Verified positive 57.31% (66.40% at segment level)
DIBS testing 63.83% (72.58% at segment level)
Ordered monomers training Verified negative 2.38%

Ordered monomers testing 2.44%

Linker regions Verified negative 6.03%

Decoy training Putative negative 10.69%

Decoy testing 11.55%

DisProt Putative negative 50%

Datasets were evaluated using 0.5 cutoff to discriminate between disordered binding regions and non-binding residues.
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quite common in the human proteome: the few experimen-
tally characterized examples indicate that how this redox
sensitivity is used in biological context can be more complex
and can be fully understood only based on further experi-
ments.

SERVER DESCRIPTION
Input

To ease the transition of users of the original IUPred server,
the user interface of [UPred2A inherits a lot from its prede-
cessor, enabling fast and straightforward usage. The main
page features entry boxes, which accept a FASTA for-
matted or plain protein sequence, or any valid UniProt
accession/ID. The sequences of corresponding UniProt en-
tries are accessed through an SQL database containing in-
formation about the specified input, or extract the informa-
tion directly from UniProt, in case of an SQL database fail-
ure. In addition, a multi-FASTA formatted file with a max-
imum size of 200 megabytes can also be uploaded. The new
web-server also incorporates RESTful services using cus-
tom links for searches. For [UPred2 predictions, three types
of predictions can be chosen depending on the type of struc-
tural regions the user wants to analyse: short stretches of
disorder (such as flexible loops or linkers), long disordered
regions (such as disordered domains), or structured do-
mains. These options are directly inherited from the previ-
ous [UPred implementation (19,25). In addition, [UPred2A
features optional context dependent prediction options, us-
ing either ANCHOR?2 for the identification of disordered
binding sites, or the redox-sensitive feature to uncover redox
potential dependent disorder. Once the proper inputs are
filled, the server calculates the results on a Django 2.0 based
back-end. Each prediction is calculated on-the-fly server
side, utilizing the latest MPI technology for maximum ef-
ficiency. To ease the load on the server, multi-FASTA up-
loads are treated separately and are queued until the server
has enough free capacity.

Output

The latest version of Bokeh (0.12.14) is responsible for the
visualization of the results that is directly integrated into
the Django framework. The graphical output presents the
requested predictions. By default, it contains disorder pre-
dictions from IUPred2 and binding site predictions from
ANCHOR2, but the individual predictions can be turned
on and off on the plot. Alternatively, the redox-sensitive
regions are highlighted. Integration with the UniProt re-
source enables the display of various additional informa-
tion about the requested protein (when available), such as
PFAM annotations (47), low-throughput post-translational
modifications (including phosphorylation, methylation and
acetylation sites) from PhosphoSitePlus (48), related struc-
tures from the PDB (49) and experimentally verified disor-
dered regions from three different databases: generic disor-
der from DisProt (10) and disordered binding regions from
DIBS (36) and MFIB (50). Besides the visual output, both
text based and JSON formatted outputs are downloadable
for each prediction. Despite the intensive use of cutting-

edge web technologies, [UPred2A supports all HTMLS and
WebP compatible browsers.

Supporting features

To further enhance the usability of ITUPred2A, the site fea-
tures the description of the method, together with various
examples that highlight its functionality and aid the correct
interpretation of the results. Furthermore, IUPred2A also
supports the local use of [IUPred2 and ANCHORZ2, as both
methods are available for download as Python3 codes.

EXAMPLES

ANCHOR?2 can correctly recognize many disordered bind-
ing regions that machine learning methods are likely to
overlook due to their very conservative estimates of the oc-
currence of these functional modules. This is demonstrated
through the example of the oncogenic Human adenovirus
C early E1A protein (Figure 2). E1A is a largely disordered
protein (51), which is essential for forcing the host cell into
S phase via modulation of the Rb1/E2F1 pathway (52) and
the inhibition of apoptosis via modulation of p53 degra-
dation (53). These host-pathogen interactions are mediated
by several binding events. Rbl and CBP are targeted by
two N-terminal tandem binding sites with determined com-
plex structures deposited in the PDB. These known disor-
dered binding regions are identified by ANCHOR?2 as two
distinct neighbouring peaks in the output score. While no
other E1A-human protein complexes are currently known
in structural detail, E1A harbors two additional known mo-
tifs capable of forming host-specific interactions. Both mo-
tifs, together with the putative binding site for the deubiq-
uitinase UBE2I are correctly recognized by ANCHOR2 as
a separate peak in the prediction score. A distinct peak C-
terminal of the structured zinc-finger has no known binding
partners; however it entails a serine residue that was shown
to be phosphorylated by host kinases (54), hinting at an
additional important binding region with currently limited
characterization.

In the case of disordered binding regions, the transition
between the disordered and the folded state is induced by
the presence of a protein partner. However, in certain cases
both the structural state and molecular interactions can be
influenced by redox potential. A prime example of such be-
haviour is presented by the endothelial nitric oxide synthase
(NOS3). Dimerization of this protein is essential for its oxi-
doreductase activity. The dimer interface is formed through
a Zn’*-cysteine complex, where Cys94 and Cys99 from each
subunit coordinate the Zn>*. These cysteines appeared sus-
ceptible to redox modifications which promote a disulfide
bond formation within each monomer and subsequent re-
lease of Zn?*. This results in the disruption of the dimer
and a transition to the monomeric state, parallelled by the
disruption of the enzyme activity (46,55). Figure 3 shows
the prediction for NOS3 generated using the experimen-
tal redox-state option of IUPred2, correctly capturing the
redox-sensitive region involved in this structural transition.
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CONCLUSION

The current paper presents the new IUPred2A server that
serves as a unified platform for both generic and context-
dependent prediction of protein disorder. [UPred2A com-
bines and supersedes our general disorder prediction
method [UPred and disordered binding region prediction

method ANCHOR. While [UPred2 features only slight
improvements over its predecessor, ANCHOR2 was com-
pletely re-trained and re-tested built on a new architecture,
bringing a significant improvement over the original ver-
sion. In addition, [lUPred2A also incorporates a new exper-
imental feature that targets the identification of protein re-
gions capable of redox-state dependent transition between
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disordered and ordered states. These methods are available
through a completely rewritten server at a new location.
The IUPred2A server retains all options for data input from
previous versions, but also significantly expands its func-
tionality by introducing RESTful services, and automated
data integration from a range of databases with information
about protein structure. Furthermore, completely rewritten
codes for [TUPred2 and ANCHOR?2 are available for down-
load to aid local large-scale analyses.

Concurrent machine learning algorithms typically excel
at correctly predicting protein regions with a substantial
similarity to training examples. However, owing to their
biophysics-based models, [UPred2 and ANCHOR2 are ex-
pected to be able to correctly recognize protein regions that
share limited to no resemblance to currently known dis-
ordered regions or binding sites. This, together with the
fact that both ITUPred and ANCHOR present virtually
the fastest methods with high accuracies in their respec-
tive fields (56), make them outstandingly suited for de novo
identification of binding- and non-binding disordered pro-
tein regions in large-scale studies.

While the computational identification of protein disor-
der in general has already been targeted by several methods,
the possible context dependence of structural features has
been generally overlooked from a prediction standpoint.
IUPred2A presents the first attempt at the unified descrip-
tion of the context-dependence of protein disorder by being
able to describe the lack of structure and its dependence on
the presence of a partner protein or a change in redox envi-
ronment. As I[UPred2A is rooted in a biophysical model of
molecular interactions, it holds the potential for the future
extension of its architecture to successfully incorporate the
effects of other structure-modifying environmental factors,
such as pH or post-translational modifications.

SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.
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ABSTRACT

Summary: ANCHOR is a web-based implementation of an original
method that takes a single amino acid sequence as an input and
predicts protein binding regions that are disordered in isolation but
can undergo disorder-to-order transition upon binding. The server
incorporates the result of a general disorder prediction method,
IUPred and can carry out simple motif searches as well.
Availability: The web server is available at http://anchor.enzim.hu.
The program package is freely available for academic users.
Contact: zsuzsa@enzim.hu

1 INTRODUCTION

Many disordered proteins contain important functional elements
involved in protein—protein interactions. Disordered binding regions
play a critical role in various biological processes, involving
regulation and signaling (Dyson and Wright, 2002). These segments
differ from protein interaction sites of globular proteins due to their
distinct structural properties (Mészdros et al., 2007). Such regions
exist as a highly flexible structural ensemble in isolation and adopt
a well-defined conformation only upon binding to their specific
partner molecules. It was suggested that certain disorder prediction
methods can be indicative of disordered binding regions (Garner
et al., 1999). Specialized methods have been developed to regions
adopting «-helical conformation in their bound state (Cheng et al.,
2007) or for the binding partners of calmodulin (Radivojac et al.,
2006). In contrast, ANCHOR is a general method for recognizing
disordered binding regions.

ANCHOR aims to capture the basic biophysical properties of
disordered binding regions using estimated energy calculations
(Mészaros et al., 2009). Estimated energies can be assigned to
each residue in a sequence and were shown to well-approximate
the corresponding energies calculated from known structures of
globular proteins (Dosztanyi et al., 2005b). Generally, disordered
regions can be discriminated from ordered proteins by unfavorable
estimated energies. This concept is utilized in the IUPred server
for the prediction of protein disorder (Dosztinyi et al., 2005a).
The estimated energies can also detect regions that are likely to
gain energetically by interacting with globular proteins. Predictions
in ANCHOR combine the general disorder tendency with the
sensitivity to the structural environment (Mészdros et al., 2009).

*To whom correspondence should be addressed.

Because of this additional property, ANCHOR scores are relatively
independent from IUPred scores.

The developed method was able to recognize disordered binding
regions with almost 70% accuracy at the segment level on various
datasets. We also ensured that disordered binding regions could
be discriminated from generally disordered regions and that the
false positive rate on a dataset of globular proteins was <5%.
Since the publication of the original paper (Mészdros et al.,
2009), we have found that the false positive rate can be further
reduced by eliminating segments with IUPred scores too low to
be compatible with disordered binding regions. Additionally, short
predicted segments of length less than six residues are also filtered
out.

ANCHOR predicts disordered binding regions without any
information about the partner protein(s). A complementary approach
identifies protein binding regions using motif searches. It was
suggested that interaction with certain proteins or protein families
are mediated through specific linear motifs that capture key residues
responsible for binding. A growing number of such linear motifs are
now being categorized in the ELM server (Puntervoll et al., 2003).
The presence of sequence motifs reduces the complex task of finding
putative protein binding sites to a simple pattern matching problem.
However, such matches can contain many false positives, suggesting
that the definition of the binding motif should include information
about the specific structural context. Since several instances of
linear motifs occur within disordered regions, disordered binding
regions could help to filter out false positive matches. Therefore,
complementing the prediction of disordered binding regions with
specific motif searches can prove useful in many cases and help to
explore other motifs.

2 THE ANCHOR SERVER

The minimum input of the web server is a single amino acid
sequence. Sequences can also be specified by their corresponding
UniProt IDs or ACs. A list of motifs can also be submitted, specified
as regular expressions with or without their names. A few examples,
including known eukaryotic linear motifs are given in the help to
guide the user with the format. The motif search, however, is not
restricted to known linear motifs, any kind of regular expression can
be specified.

The basic output of our prediction method is a probability
score, indicating the likelihood of the residue to be part of a

© The Author(s) 2009. Published by Oxford University Press.
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Fig. 1. An example of ANCHOR graphical output for the Wiskott—Aldrich Syndrome protein (WASp) with various motif searches. The N-terminal of the
protein contains an ordered domain, otherwise it is largely disordered. Multiple disordered binding regions were predicted, and several of these can be
confirmed experimentally [see Mészdros et al. (2009) for more details]. The results of the motif searches show regions containing various SH3 binding sites
as specified in the ELM database. Additionally, proline rich regions and the CRIB motif implicated in binding to Cdc42 can also be located.

disordered binding region along each position in the sequence.
Regions that have a score >0.5 and pass the filtering criteria
are predicted as disordered binding regions. The returned plot
shows the prediction profile calculated by ANCHOR, the disordered
binding region prediction method, together with IUPred, a general
disorder prediction method. Predicted disordered binding regions
and matched motifs are also indicated underneath the profile as
horizontal bars. The graphical output is followed by a simple text
output, summarizing the predicted and filtered binding regions, the
location of the found motifs and the returned prediction profile.
An example for the graphical output is presented in Figure 1. The
core program of ANCHOR is written C, while motif searches are
carried out by a Perl wrapper. This Perl program is called by the
web server written in PHP. The graphical output is generated by the
JpGraph software (JpGraph, 2005; http://www.aditus.nu/jpgraph/).
The default option for graphical/text output is automatically
determined by the browser type, but it can be changed by user.
Additionally, list of sequences can also be submitted to generate
simple text output on a larger scale.
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ABSTRACT

Intrinsically disordered proteins and protein regions
(IDPs/IDRs) exist without a single well-defined con-
formation. They carry out important biological func-
tions with multifaceted roles which is also reflected
in their evolutionary behavior. Computational meth-
ods play important roles in the characterization of
IDRs. One of the commonly used disorder prediction
methods is IUPred, which relies on an energy esti-
mation approach. The IUPred web server takes an
amino acid sequence or a Uniprot ID/accession as
an input and predicts the tendency for each amino
acid to be in a disordered region with an option to
also predict context-dependent disordered regions.
In this new iteration of IUPred, we added multiple
novel features to enhance the prediction capabilities
of the server. First, learning from the latest evalua-
tion of disorder prediction methods we introduced
multiple new smoothing functions to the prediction
that decreases noise and increases the performance
of the predictions. We constructed a dataset con-
sisting of experimentally verified ordered/disordered
regions with unambiguous annotations which were
added to the prediction. We also introduced a novel
tool that enables the exploration of the evolution-
ary conservation of protein disorder coupled to se-
quence conservation in model organisms. The web
server is freely available to users and accessible at
https://iupred3.elte.hu.
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INTRODUCTION

A significant part of the genome of various organisms en-
code protein segments that do not form a well-defined struc-
ture in isolation even under physiological condition (1-
3). These regions are called intrinsically disordered regions
(IDRs) and their presence defines intrinsically disordered
proteins (IDPs). IDRs are best characterized as fluctuating
conformational ensembles whose behaviour is often context
dependent (4,5). Despite the lack of well-defined structure,
disordered regions play important functional roles in many
cellular processes and are associated with various diseases
(4,6). IDRs are multifaceted in terms of their function and
can serve as entropic chains (serving e.g. as a spring) or flex-
ible linkers between domains, mediate interactions through
short linear motifs (SLiMs) or through sequentially longer
and evolutionary conserved functional units called intrin-
sically disordered domains (IDDs) (4). A growing number
of examples highlights the important role of IDPs driv-
ing or regulating the formation of membraneless organelles
through liquid-liquid phase separation as well (7). Recog-
nizing the importance of IDRs motivated efforts to develop
various computational resources to facilitate the identifica-
tion of biological relevant disordered regions and their func-
tional characterization.
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The central resource of experimentally verified disor-
dered segments is the DisProt database (8). Through a com-
munity effort, entries are identified on the basis of vari-
ous types of experimental data, collected from the litera-
ture by manual annotation. The IDEAL database has a
similar focus (9), while DIBS and MFIB collect specific
subsets of IDRs that undergo a disoder-to-order transition
upon binding to globular protein or other disordered pro-
tein partners, respectively (10,11). Ordered structures are
usually collected from the Protein Data Bank (PDB) (12).
However, the PDB also contains regions that only adopt a
well-defined structure in complex but would be disordered
in isolation. The presence of missing residues in X-ray struc-
tures or high variations between conformers which satisfy
the NMR constraints are usually taken as an indication of
disorder. Despite existing experimental information, there
can be ambiguity in the structural status of protein regions
when order and disorder annotations overlap.

In recent years, the number of regions annotated as dis-
ordered has been growing steadily, with >1700 entries cur-
rently collected in the DisProt database (8). However, the
overwhelming majority of IDRs is still uncovered. The
large-scale analysis of ordered and disordered regions in
proteins is available only through prediction tools which
can recognize these segments from the amino acid sequence.
More than 50 prediction methods have been developed over
the last 20 years relying on different principles, including
simple amino acid scales and biophysical models or various
machine learning techniques, including deep learning tech-
niques (13). The performance of these tools had been eval-
uated in the CASP experiments (14). However, these evalu-
ations only included a small number of disordered regions
with usually short length and provided limited insights into
the usability of disorder prediction methods. Recently, a
Critical Assessment of protein Intrinsic Disorder (CAID)
prediction experiment was launched as a community-based
blind test to determine the state of the art in predicting in-
trinsically disordered regions (15). Based on the first round,
top performing methods were using machine learning ap-
proaches incorporating multiple sequence derived inputs,
but the performance also varied depending on the evalu-
ation criteria.

An intriguing aspect of prediction of protein disorder is
what is the best way to incorporate evolutionary informa-
tion. Several prediction algorithms include information de-
rived from sequence profiles or raw multiple sequence align-
ment at the expense of significantly slower running time
(15). Although these types of inputs can increase predic-
tion accuracy, the gain is generally smaller relative to other
problems like secondary structure prediction. In general,
disordered regions are evolutionary less conserved com-
pared to ordered regions, due to the lack of structural con-
straints in the case of IDRs (16-18). However, sequence
based analyzes of functional IDRs showed that these mod-
ules can be as conserved in evolutionary terms as globu-
lar domains (17,19,20). The strict conservation is often lim-
ited to a few key amino acids, which could be surrounded
by less conserved positions (18). However, the appearance
of this island-like conservation pattern corresponding to
these functional motifs is often compromised due to dif-
ficulties finding the optimal sequence alignment. In some

cases, larger disordered segments can also show strong evo-
lutionary conservation, and can also be used to define se-
quence families (21). On the other hand, disordered char-
acteristics can also be preserved over evolution without any
sequential constraints. This type of conservation can occur
in case of entropic chains, such as the projection domain
of microtubule-associated protein 2 (MAP2), which serves
as a spacer in the cytoskeleton by repealing molecules that
approach microtubules (4). It was suggested that based on
the relationship between the conservation of disorder and
the conservation of sequence, three basic scenarios can oc-
cur. While the strict categorization largely depends on cut-
off values (22), the simultaneous inspection of the disorder
profile linked to sequence alignment can provide important
insights for the evolutionary analysis of IDPs.

In this paper, we present the updated version of the
IUPred (IUPred3) disorder prediction method. IUPred is
based on a unique energy estimation approach that pro-
vides fast and robust prediction of disordered tendency. In
addition, the same approach can also be used to highlight
context dependent disordered regions,which can undergo a
disorder-to-order transition as a result of binding (i.e. AN-
CHOR) or changes in redox conditions (23). IUPred is also
incorporated into databases such as ELM (24) and Mobidb
(25) or meta-tools (26,27). IUPred is also used to predict
disordered binding regions (28-30), or to aid the identifica-
tion of linear motif sites, both for de-novo discovery and to
filter out false positive instances (31,32). A recent applica-
tion of this method explored cancer associated mutations
within IDRs (33). In the new implementation of IUPred
we focus on features that can help the identification of bi-
ologically relevant disordered regions. We directly incorpo-
rated experimentally verified unambiguous ordered and dis-
ordered segments in the prediction profiles. We also devel-
oped a novel visualization tool which can highlight evolu-
tionary conserved features of disordered regions by link-
ing conservation protein disorder to sequence alignments
of model organisms.

MATERIALS AND METHODS
IUPREDZ3: the algorithm

IUPred is based on an energy estimation method (34). For
this, a pairwise statistical potential is generated from a li-
brary of known structures. Using this empirical force field,
an energy-like quantity can be assigned to each residue
based on the contacts it makes with other residues in the
structure. These energies are estimated from the amino acid
sequence using a 20 x 20 energy estimation matrix. The pa-
rameters in this matrix are calculated by least square fitting
to minimize the difference between the energies calculated
from known structures and the energies calculated from the
sequence. The energy estimation depends only on the amino
acid type of each residue and the composition of its sequen-
tial neighborhood. The basic assumption of this approach
is that residues with favorable energies are ordered while
residues with unfavorable energies are disordered (34). The
energies of neighboring residues are smoothed with a mov-
ing average using a window size of 10. Then, as a final step
the energies are converted into a score between 0 and 1.
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Table 1. Influence of an additional layer of smoothing for the performance
of IUPred on the CAID dataset using the previous method (no second
layer smoothing), using the Savitzky-Golay filter with parameters (19, 5)
and using moving average smoothing with window size 11 compared to
other stat-of-the-art disorder prediction tools

AUC  FI score

No smoothing (IUPred2A) 0.736 0.417

Sav_Gol (19,5) 0.738 0.421

Medium

Strong MA (11) 0.744 0.428
IUPred3 + experimental data MA(1) 0.798 0.472
DisoMine 0.765 0.43
Predisorder 0.747 0.44

In our experience, the resulting ITUPred profile can be
still quite noisy. Therefore, here we introduce additional op-
tions to apply another layer of smoothing for the web server
as well as for the downloadable IUPred3 package. As a
first option, we apply a medium level smoothing using the
Savitzky-Golay filter with parameters 19 and 5. This type of
smoothing follows the ups and downs of the original pre-
diction profile, but still eliminates significant parts of local
noise. The second option uses a moving average with win-
dow size 11. Both options, but especially the strong smooth-
ing options, improved the overall performance of the pre-
diction when tested on the CAID DisProt dataset (Table
1). Nevertheless, the medium level smoothing can also be
useful, because it can indicate local tendencies better, which
could correspond to disordered binding sites within disor-
dered regions, or flexible loops within ordered domains.

Experimentally verified information

To collect experimentally verified disordered regions, we
downloaded consensus disordered regions from the DisProt
database (version 8.1). We also collected 54972 monomeric
structures from the PDB using the Protein Interfaces, Sur-
faces, and Assemblies (PISA) service of the European
Bioinformatics Institute (EBI). These structures were fil-
tered for missing residues and served as a basis of our or-
dered dataset. However, the two types of annotations can
overlap. To resolve these issues, we used a strict definition
of order and disorder. Basically we eliminated DisProt an-
notations which overlapped with a monomeric structure or
with a Pfam family which mapped to a monomeric struc-
ture. Altogether we identified 3160 ordered domains and
462 disordered regions. In addition, filtering based on ex-
perimentally characterized domains significantly boosts the
performance of the method (Table 1).

Disorder conservation tool

In TUPred3, we introduce a novel viewer of evolutionary
conservation that enables the user to inspect disorder con-
servation along with sequence conservation. It is based on
a precalculated dataset of orthologous sequences and mul-
tiple sequence alignments. First, orthologs were obtained
by applying all-against-all GOPHER algorithm based pre-
diction using protein sequences of the latest QFO (re-
lease 2020_04) reference dataset as the searching database
(35,36). The orthology calculations were carried out for
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48 eukaryota species with a total number of 876 605 pro-
teins. Multiple sequence alignments of orthologs were con-
structed for each protein using the MAFFT algorithm (de-
fault parameters) (37). The orthologs were classified into
the most specific term using 6 main evolutionary levels
(Mammalia, Vertebrata, Eumetazoa, Opisthokonta, Eu-
karya and Plant). Users can also upload their own align-
ments which extends the application of this tool beyond eu-
karyotic species.

SERVER DESCRIPTIONS
Version control

To enable the smooth transition between different ver-
sions of the prediction methods related to IUPred, we re-
structured the website. The URL of the current version
points to https:/iupred3.elte.hu and also to https://iupred.
elte.hu, which from now on will always be the latest ver-
sion of TUPred. The previous iterations were moved to
other domains, the original (34) version was renamed to
IUPred1 and relocated to https://iupredl.elte.hu, the previ-
ous version (23) is available at https://iupred2a.elte.hu, as
before. Many features of the web server were transferred
from this earlier implementation, including download op-
tions.

Submission page

The main page features entry boxes which accept a FASTA
formatted or plain protein sequence, or any valid UniProt
accession or an ID. The sequences of corresponding
UniProt entries are accessed through an SQL database con-
taining information about the specified input, or extract
the information directly from UniProt, in case of an SQL
database failure. In addition, a multi-FASTA formatted file
with a maximum size of 200MB can also be uploaded. The
web-server also incorporates RESTful services using cus-
tom links for searches.

IUPred3 offers multiple types of prediction options from
which the user can choose. These include the default long
disorder option, the short disorder option, which is tailored
to recognize missing residues from X-ray structures, and the
structural domains option. Additional options enable the
prediction of context-dependent disordered regions such as
disordered binding regions (ANCHOR method) or redox
regulated disordered regions. In the current version we im-
plemented novel features for the most commonly used long
disorder prediction option, and introduced a new tool to ex-
plore disorder conservation. Alongside with the novel meth-
ods we also introduced an option for the users to be able to
choose from different smoothing functions.

To further generalise the usability of the novel feature of
IUPred3 to visualize disorder conservation a new submis-
sion option has been added, where users can upload FASTA
formatted multiple sequence alignments containing up to
50 sequences. If such an alignment is supplied, [UPred3 will
automatically use the first six sequences to calculate the dis-
order conservation and presents the results similarly to a
standard ‘Disorder conservation’ analysis.
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Disorder prediction output

Once the proper inputs are selected and submitted, the
server calculates the results on the latest Django based
back-end. Each prediction is calculated on-the-fly server
side, utilizing the latest MPI technology for maximum ef-
ficiency. Multi-FASTA uploads are treated separately and
are queued until the server has enough free capacity.

The output of the requested prediction is presented in a
graphical output visualized using a combination of Bokeh
(1.4.0) and PlotlyJS (1.58.4) integrated into the Django
frontend template framework. Integration with the UniProt
resource enables the display of various additional informa-
tion about the requested protein (when available). In case
of a sequence input, I[UPred tries to match the given se-
quence to a UniProt entry based on hashes generated from
the sequence. If a unique matching entry is found, IUPred
will map the input to the found entry in UniProt. Addi-
tional annotations include information on experimentally
verified disordered regions from three different databases:
generic disorder from DisProt (8) and disordered bind-
ing regions from DIBS (10) and MFIB (11), together
with known motifs from the ELM database (24). Low-
throughput post-translational modifications (including Ser,
Thr and His phosphorylations, methylation, ubiquitylation
and acetylation sites) from PhosphoSitePlus (38) are also
indicated. In addition, PFAM annotations (39) with the
different types of sequence families (domain, families, re-
peats, motifs, disordered) highlighted with different col-
ors. Regions that have structural information based on
known structures in the PDB (40) are also mapped to the
selected entry. By selecting the ‘Show structures’ option,
the mapped PDB regions are shown individually for each
structure.

Besides the graphical output, both text based and JSON
formatted outputs are downloadable for each prediction.

All functions of IUPred support all modern HTMLS and
WebP compatible browsers.

Disorder conservation output

Here we introduce a novel feature of IUPred3 that outputs
both disorder and sequence conservation information of a
given query protein relying on orthologous sequences of
model organisms. The disorder conservation visualization is
available directly from the submission page, but can also be
accessed from the disorder output. The ‘TUPred3 disorder
conservation’ tool uses the latest PlotlyJS library alongside
with msalS (1.0.0) (41).

Disordered profiles and multiple sequence alignments of
orthologs are visualized in two separate viewers which are
linked to each other. Disorder predictions are shown for
six species. The disorder profiles are linked with a custom
built hover function that maps the corresponding positions
in each sequence. If there is no corresponding ortholog se-
quence in the given species, this bar is left empty. Alongside
with the mapping of disorder profiles, the disorder conser-
vation tool displays the multiple sequence alignment of 48
orthologs of the query protein (if found) using the msalJS li-
brary (41). Orthologs of model organisms are classified into
six main evolutionary levels from unicellular eukaryotes to

mammalian in a nested way instead of listing sequences
without any order. Each level is indicated with different col-
ors to orient the users. The alignment is also mapped to the
hover function of the prediction plots marking the central
residue selected by the user. To ease the analysis of the mul-
tiple sequence alignment, pressing the Ctrl button locks the
alignment in its current position, and the prediction plots
can be reset to their default state. Disordered regions in the
prediction plots are highlighted, however the cut-off value
(default is 0.5) can be adjusted at the top of the page. Users
might also search for interesting regions in the sequences of
the model organisms using the respective input field above
the plot. The field accepts regions in the format of start-end
as well as standard regular expressions, for example ‘1545’
or [RK].TQT’, respectively.

Supporting features

IUPred3 also features the description of the method on the
website, as well as various examples that highlight its func-
tionality. Furthermore, IUPred3 is also available as a stan-
dalone downloadable package alongside ANCHOR?2 and
the experimental redox sensitive conditional disorder pre-
diction. Besides the standard executable we supply the pack-
age with an importable python library to further ease the
use of the software (42).

USE CASES

Example 1. Combining prediction with experimentally veri-
fied information

Many different annotations can exist with different reliabil-
ities even for a single protein. These include experimental
disorder, structural information or mapped sequence fami-
lies. The complexity of these different levels of annotations
can be demonstrated in the case of yeast Rapl.

Rapl (repressor-activator protein 1) in yeast is a mul-
tifunctional protein that controls telomere silencing and
the activation of glycolytic and ribosomal genes (43).
Yeast Rapl contains multiple regions matching DisProt en-
tries and PDB structures (Figure 1). In this case, we ac-
cept disorder annotations, because there is no overlapping
monomeric annotation neither in this protein, nor in other
DisProt entries with the same domains. The BRCT domain
which is located near the N-terminal is considered as a
true ordered region. The solution structure of this domain
was determined previously which reveals there is no dis-
ordered part of the core domain (44). Indeed, we identi-
fied nine fully resolved monomeric PDB structures in to-
tal corresponding to the BRCT Pfam family. Furthermore,
the corresponding HMM profile did not match any of the
experimentally verified disordered regions. However, there
was no monomer based evidence identified for the other
three structured regions and currently these are not con-
sidered as true ordered regions despite structural and do-
main annotations. Supporting this, the central region forms
a complex with DNA, and probably has no or limited stabil-
ity without it. Furthermore, the second DNA-binding do-
main overlaps with an experimentally verified disordered
region.
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Figure 1. The output of IUPred3 for the repressor-activator protein 1 of Saccharomyces cerevisiae. The strong smoothing option was used to generate this
plot. At the upper part of the figure the disordered and ordered unambiguous experimentally verified protein regions are marked by red lines at the top and
bottom of the plot, respectively. According to the manual curation of experimental data, the part of protein that has unambiguous verified order/disorder
profile is coloured grey. The bottom part shows the various annotations for Rapl. Disordered regions from DisProt are shown in deep red boxes. Light red
and blue boxes correspond to Pfam families and domains, respectively. Green boxes mark mapped consensus regions of PDB structures.

To highlight more reliable annotations, regions consid-
ered as true ordered or true disordered are indicated by a
line at 0 and 1, and the prediction line faded to grey in the
corresponding region. Additional annotations which were
not accepted as true order or disorder due to some incon-
sistencies, are only highlighted below the plot. For these re-
gions, the prediction is shown by a red line. Altogether, the
visualization of the unambiguous experimental dataset of
disordered and ordered protein regions helps the users to
have a more clear view of the structural state information
on the query.

Example 2. Combined view of sequence and disorder conser-
vation in model organisms

Previous analyses highlighted that the relationship between
disorder and evolutionary conservation can be quite com-
plex and include cases when both disorder and sequence
is conserved, when only the disorder profile is conserved
or when the sequence conservation is limited to few posi-
tions that can be indicative of putative linear motif sites.
The two-level based visualization approach introduced here
can be used to identify the different scenarios. Tools, such
as Jalview (45) or ProViz (46) can visualize sequence align-
ment and also show disorder information for a single pro-
tein, but they cannot provide information on the evo-
lutionary conservation of IDPs. Altogether, this new vi-
sualization tool of IUPred3 offers a simple way to in-
spect the disorder conservation based evolutionary history
of IDPs.

One potential application of this tool is to locate puta-
tive linear motif sites within conserved disordered regions.
An example for an evolutionary conserved disordered re-
gion is the human Eukaryotic translation initiation factor
2A (elF2A) (Figure 2). The elF2A protein is thought to
participate in translation initiation during the translation of
the first few amino acids (47). Orthologs of human elF2A
protein can be predicted not only in vertebrates but also
in eumetazoa and unicellular eukaryotic organisms. This
is supported by previous results in which yeast homolog

of elF2A was identified based on homology searches (47).
These proteins contain a conserved disordered region in
their C-terminal. While the overall sequence conservation
is low, it contains likely linear motif sites. For example, the
YxPPx®R motif in elF2A is preserved over the evolution
which is clearly observable in the multiple sequence align-
ment of orthologs (Figure 2). This corresponds to a con-
sensus translation initiation factor (eIF4E) binding motif
(YxPPx®R) that was originally identified based on the in-
teraction of eIF4E and DDX3X RNA helicase (48). How-
ever, in a previous study it was shown that the interac-
tion between elF2A and elF4E is not dependent on the
YxPPx®R motif. This suggests that eIF2A might have a
second binding region and the motif is involved in regula-
tion of eIF4E activity (32). Although the YxPPx®R motif
in eIF2A is not well characterized, its evolutionary conser-
vation indicates an ancient functional relevance.

CONCLUSION

Disordered prediction tools can be used for multiple prob-
lems, including identifying regions suitable for structure
determination, and are important starting points in the
quest to characterize the function of non-globular regions.
IUPred is one of the commonly used disordered prediction
methods that is also often used in different contexts, to char-
acterize individual proteins as well as for large-scale analysis
(49). Here, we describe novel features introduced into the
IUPred web server. We provide a way to filter out known
ordered regions and to leverage experimentally verified dis-
ordered segments. We offer smoothing options which can
help to eliminate noise in the prediction profile. These op-
tions can make it easier for the user to identify biologically
relevant disordered regions. We also introduce a novel vi-
sualization tool which can be used to understand how the
conservation of disorder is linked to the conservation of se-
quence. As the patterns of evolutionary conservation of dis-
ordered regions covers a wide range of behaviours, we ex-
pect this tool to be useful to understand the complex rela-
tionship between protein disorder and evolutionary history.
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Figure 2. The output of disorder conservation for the human elF2A protein. At the top of the figure, [UPred3 profiles of the human elF2A and its
orthologs from five generally known model organisms are depicted, and predicted disordered regions are highlighted by red. The bottom of the figure
represents the multiple sequence alignment of orthologs identified from an extended set of eukaryotic model organisms. The human eIF2A as the query
protein is highlighted by red in both parts of the figure. Model organisms are classified by taxonomic levels which are indicated with different colours.
Using the regular expression based motif search box, the YXPPx®R motif of eIF2A is highlighted by blue rectangles in each profile.
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As many diseases can be traced back to altered protein function, studying the effect of genetic
variations at the level of proteins can provide a clue to understand how changes at the DNA level
lead to various diseases. Cellular processes rely not only on proteins with well-defined structure
but can also involve intrinsically disordered proteins (IDPs) that exist as highly flexible ensembles
of conformations. Disordered proteins are mostly involved in signaling and regulatory processes,
and their functional repertoire largely complements that of globular proteins. However, it was
also suggested that protein disorder entails an increased biological cost. This notion was
supported by a set of individual IDPs involved in various diseases, especially in cancer, and the
increased amount of disorder observed among disease-associated proteins. In this work, we tested
if there is any biological risk associated with protein disorder at the level of single nucleotide
mutations. Specifically, we analyzed the distribution of mutations within ordered and disordered
segments. Our results demonstrated that while neutral polymorphisms were more likely to occur
within disordered segments, cancer-associated mutations had a preference for ordered regions.
Additionally, we proposed an alternative explanation for the association of protein disorder and
the involvement in cancer with the consideration of functional annotations. Individual examples
also suggested that although disordered segments are fundamental functional elements, their
presence is not necessarily accompanied with an increased mutation rate in cancer. The presented
study can help to understand how the different structural properties of proteins influence the
consequences of genetic mutations.

Introduction transcription and translation, signal transduction, protein
phosphorylation, storage of small molecules, chaperone action,

For several decades, molecular biology studies largely concen-
trated on globular proteins, based on the assumption that a
well-defined structure is necessary for the proper function of
proteins, and the loss of structure leads to the loss of function.
In exploring the genetic background of various diseases similar
biases were also present, by focusing on mutations that could
be placed into structural context. With the increase of available
genome sequences, it has become evident that a large number
of naturally occurring proteins do not require a well-folded
structure to fulfill their biological role.! These intrinsically
unstructured/disordered proteins (IUPs/IDPs) exist as highly
flexible ensembles of rapidly interconverting conformations,
even under physiological conditions.! IDPs are surprisingly
common, especially in higher eukaryotes,*> and are involved
in many vital cellular functions. These include regulation,

transport, and assembly of large multiprotein complexes.® The
increased flexibility of these proteins is pertinent for their
specific functions and offers several functional advantages.
IDPs provide a larger interaction surface area than globular
proteins of similar length.”® They generally interact with their
partners with relatively high specificity and low affinity and can
bind to multiple partners.”!° The plasticity of these proteins
also enables them to adapt to the surface of their partners.
They are often subject to various post-translational modifica-
tions that facilitate the regulation of their function in the
cell.'>!* Consequently, disordered proteins can capture and
integrate various signals in a complex way through their
disordered segments and participate in a large number of
interactions.!®> These properties explain their prevalence in
signaling and regulatory functions,”

11

4 as well as serving as

hubs of interaction networks.'>'¢
Institute of Enzymology, Hungarian Academy of Sciences, PO Box 7, Given the functional importance of disordered protein
H-1518 Budapest, Hungary. E-mail: zsuzsa@enzim.hu regions, their malfunction is expected to have serious biological
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consequences. IDPs indeed are often associated with various

. . . 17 . . .
t Electronic supplementary information (ESI) available. See DOI: diseases, especially with cancer.” ' This observation is supported
10.1039/c1mb05246b by the list of IDPs, such as BRCA1, p27, p21 and CBP, that are
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involved in various forms of cancer. One of best characterized
disordered proteins, p53, is directly inactivated in more than
50% of cancers.'® At a more general level, the higher proportion
of disordered proteins among cancer associated proteins was
also observed. According to the analysis of the SwissProt
database, 79% of human cancer associated proteins have been
classified as IDPs, compared to 47% of all eukaryotic proteins.'
The correlation between protein disorder and cancer was
further underscored in the case of two common forms of
generic alterations, chromosomal rearrangements®® and copy
number variations.’’ In addition to cancer, disordered
proteins were also suggested to be common in diabetes and
cardiovascular diseases.'”>* Several disordered proteins—such
as AP, t, o synuclein, and prion proteins—are involved in
neurodegenerative diseases and are also prone to amyloid
formation.>>** Altogether, these results lead to the conclusion
that protein disorder comes with a “‘biological cost” that is
reflected in an increased risk of cancer and other diseases.>!”
This calls for the understanding of the role of protein disorder
in various diseases.

Large scale sequencing efforts now enable us to explore the
relationship between protein disorder and disease-causing
genetic mutations at a more detailed level. The completion
of the Human Genome Project is being followed by concerted
efforts to categorize commonly occurring sequence alterations.>
As a result, the dbSNP database already contains more than
13 million sequence variations. Recently, dbSNP started to
include personal genomics data by incorporating the results
from the pilot study of 1000 Genomes Project.?” The rapid
accumulation of DNA variation data enabled the evaluation
of evolutionary constraints at the level of single nucleotide
polymorphisms (SNPs).?® Furthermore, advances in sequencing
technologies also opened new ways to explore how genetic
changes lead to diseases. Before the Human Genome Project,
the identification of potential cancer-causing genes often
relied on prior assumptions about the approximate location
of mutated regions in the genome or some information about
their biological function.® Consequently, traditional approaches
could indirectly favor better-characterized ordered proteins
and introduce a bias against disordered segments. Cancer
genome projects can decipher the genetic background of
cancer without such biases by directly analyzing the differences
between cancer and normal cells at the DNA level.*® From the
currently available studies of breast, colorectal,®'** pancreatic
cancers>> and glioblastoma,* an unexpectedly complex land-
scape of cancer emerged. According to this, cancer is a result
of the accumulation of a relatively large number of mutations
each of which carries a small fitness advantage towards tumor
progression. While there are a few frequently occurring muta-
tions, the distribution of mutations is dominated by a much
larger number of infrequently mutated genes.*

With the rapid explosion of data on sequence variations and
the expanding catalogue of cancer-associated mutations, we
can have a fresh look on how the structural properties of
proteins determine the distribution of neutral and cancer-
associated mutations. In this work we tested the hypothesis
regarding the biological cost of protein disorder in terms
of single point mutations. We considered cancer-associated
proteins identified by traditional biochemical essays as well as

Table 1 The number of proteins and residues for the 12 cancer-
associated mutation databases and the polymorphism database.
The number of mutations and/or polymorphisms are also shown
where applicable

Number of
Datasets Proteins Residues Mutations Polymorphisms
SP_cancer 1403 1250776 5246 —
SP_cancer_annotated 113 91683 1555 —
SP_poly 11510 7776050 — 36583
CGP_br/col_1 924 795543 1239 3536
CGP_br/col_2 1335 1332469 1739 6098
CGP_pan 711 769634 790 3848
CGP_glio 1089 1074168 1195 5794
CGP_CAN_br/col_1 174 203731 395 908
CGP_CAN_br/col_2 243 298114 513 1372
CGP_CAN_pan 64 72317 130 289
CGP_CAN_glio 36 43031 77 210
COSMIC 8957 6898559 22708 26435
COSMIC_census 261 238130 5375 673

by the various cancer genome projects. Using these datasets,
the distributions of commonly occurring polymorphisms and
cancer-associated mutations within ordered and disordered
regions of proteins were investigated. A functionally relevant
subclass of disordered segments corresponding to disordered
binding regions was also studied in a similar manner. In order
to explore indirect relationships between cancer and the struc-
tural state of proteins, we also considered functional categories
of cancer-associated proteins. A closer look at interesting
examples can give further insights into the role of protein
disorder in cancer-associated proteins.

Results

We have compiled 12 datasets of cancer-associated proteins
from various resources (see Data and methods and Table 1).
The datasets differed in their size and the primary way the
specific proteins were identified. It is worth noting that in
this study, genetic variations were restricted to single amino
acid substitutions, therefore proteins that were associated
with cancer via chromosomal translocations or copy number
variations were not considered.

The first type of dataset was collected from the SwissProt
database,® primarily from literature searches (SP_cancer).
A subset of this dataset with specific annotation in the OMIM
database was also considered (SP_cancer_annotated). These
two datasets, especially the annotated subset, are expected to
be dominated by the cancer mutations identified in more
traditional ways. The second type of datasets was compiled
from four cancer genome projects. Two of these corresponded
to breast and colorectal cancers (CGP_br/col_1 and CGP_br/
col_2),*!2 one to pancreatic cancer (CGP_pan)*® and another
one to glioblastoma (CGP_glio).** In each case, a subset of
genes were selected that were more likely to contain driver
mutations. These mutations are expected to actively contribute
to the tumorigenesis as opposed to passenger mutations which
occur purely by chance. These CAN sets were also analyzed
separately (CGP_CAN). The largest dataset was compiled
from the COSMIC database (COSMIC).> It included cancer
mutation data collected both from the literature and the
outcomes of large-scale cancer genome projects. An additional
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dataset corresponded to a more restricted subset of proteins in
COSMIC that were part of cancer census genes.’’ These pro-
teins could be casually linked to oncogenesis (COSMIC_census).
The number of proteins, amino acids and mutations in each
dataset are given in Table 1.

Protein disorder in cancer-associated proteins

We evaluated the disorder content in our datasets to confirm
that protein disorder is common in human cancer-associated
proteins.!” The length and average disorder content were
analyzed in these datasets. As a reference, we used the complete
human proteome downloaded from the SwissProt database.®®
The disorder content was calculated using the IUPred disorder
prediction method.***® The results were confirmed with two
other popular disorder prediction methods, DISOPRED2? and
VSL2.#!

Fig. 1 shows the disorder content and the percentage of
proteins with disordered regions over 30 residues, as well
as the average length of proteins in the various datasets as
compared to the average values of the human proteome
obtained with TUPred. In contrast to earlier results,”® the
percentage of disordered residues in these datasets was not
significantly different compared to the background (Fig. 1 and
Table S1 (ESIY)). Significant differences were only observed in
the case of two breast—colorectal datasets (CGP_br/col_2 and
CGP_CAN br/col_2) and the COSMIC census dataset. In
the case of SP_cancer_annotated data, the disorder content
actually decreased compared to the average disorder content
in the human proteome, although this difference was not
statistically significant. These results did not depend on the
choice of the disorder prediction software, as DISOPRED2
and VSL2, two other fundamentally different methods pro-
duced remarkably similar outputs (see Fig. S1, ESIZ). It should
be noted that Iakoucheva es al.'® compared the disorder
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Fig. 1 Average ratio of disordered residues (A), ratio of proteins
containing > 30 residue long disordered regions (B) and length (C) in
the 12 datasets analyzed. Black horizontal lines represent the average
values obtained for the proteins of the human proteome taken from
SwissProt. Flags show the confidence interval of « = 0.01 calculated
from the standard error of the mean of randomly selected samples
from the human proteome (see Data and methods). Significant
differences are marked with asterisks (see Table S1, ESIf).

content of cancer proteins to those of all eukaryotic proteins
in the SwissProt database. This could explain why the differ-
ences in their work were much larger compared to our work.

There was, however, a significant increase in the proportion
of proteins containing long disordered segments among cancer-
associated proteins compared to the human proteome. With
the exception of SP_cancer_annotated and the CGP_CAN_glio
datasets, all differences were significant. The results calculated
with IUPred (Fig. 1B) were again confirmed by the two other
prediction methods (Fig. S1, ESIf). In agreement with earlier
results,*? cancer-associated proteins were also significantly longer.
The increase in length and in fraction of proteins with long
disordered segments points to the increased modularity and
complexity of cancer-associated proteins.

Polymorphisms in ordered and disordered regions

The rates of evolution are largely governed by the stringency of
functional and structural constraints. As ordered and disordered
segments in proteins have distinct properties in this regard,
these characteristic differences are expected to be reflected in
the distribution of genetic variations in these regions. To test
this assumption, we analyzed the differences in the distribution
of SNPs within disordered and ordered segments of cancer-
associated proteins. Polymorphism data were collected from
the SwissProt resource and the dbSNP database (release 132).
On average, we observed around five polymorphisms per
thousand amino acid positions, although this number varied
slightly among the various datasets (see Table 1).

For each protein in our datasets, we tallied the number of
observed polymorphisms in ordered and disordered segments.
These numbers were compared to the expected number of
polymorphisms based on the assumption that the mutations
are distributed evenly in the sequence. The results presented in
Fig. 2A show the relative difference between the observed and
expected number of polymorphisms within both disordered
and ordered segments predicted with IUPred. A more detailed
account of the results for each dataset including the p-values
showing the statistical significance is presented in Table S2
(ESIZ). The results indicate that a significantly larger number
of polymorphisms fell within disordered segments compared
to ordered regions. The enrichments ranged from 7.7%
(CGP_CAN_pan) to 45.9% (CGP_CAN_glio) in the various
datasets, with an average of 15.0% (see Table S2, ESI}). With
the exception of some of the CAN gene sets, the differences
were statistically significant in all datasets and largely agreed
for all three disorder prediction methods (see also Fig. S2A
and S3A, ESIi). These data indicate that in cancer-associated
proteins, disordered regions generally are more tolerant to
mutations compared to ordered proteins. This trend is in agree-
ment with the lower evolutionary conservation of disordered
proteins, observed at various levels. 2843

Cancer-associated mutations

As a next step we investigated if there is any preference of
cancer-associated mutations towards order or disorder in
proteins. The cancer-associated mutations collected from
various sources were projected onto positions in the protein
sequence, and the order/disorder status of the corresponding
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Fig. 2 Over- and under-representation of mutations in disordered
(red) and ordered regions (blue) calculated with ITUPred, as compared
to background distributions (see Data and methods). (A) The distribu-
tion of polymorphisms as compared to the uniform random distribu-
tion; (B) the distribution of cancer-associated mutations as compared
to the uniform random distribution and (C) the distribution of cancer-
associated mutations as compared to the expected values weighted by
the distribution of polymorphisms shown in (A). Significant differences
are marked with asterisks (see Table S2, ESIf).

residues was determined by the IUPred disorder prediction
algorithm. Similarly to polymorphisms, the observed number
of mutations within ordered and disordered segments was
compared to the expected number of mutations based on the
assumption that the mutations are distributed evenly in the
sequence.

Compared to polymorphisms, cancer-associated mutations
followed a reversed trend and were more likely to appear
within ordered regions (Fig. 2B). This tendency was strongest
in the SwissProt datasets, but was also present in the four
CGP_CAN, as well for the complete COSMIC dataset and its
subset of cancer census proteins. The SwissProt and COSMIC
datasets produced statistically significant differences (see Table S2,
ESI{). Results obtained with IUPred again were in agreement
with results of the two other disordered prediction methods
(Fig. S2 and S3, ESIi). The complete dataset of cancer
genomes showed a slightly different trend. In these cases,
cancer-associated mutations were slightly tilted towards
disordered segments. The weak preference of these sequence
variations for disordered segments can be due to the higher
number of randomly occurring passenger mutations present in
these datasets. Indeed, the normalization which takes into

account the uneven distribution of polymorphisms, compen-
sated for this behavior. As a result, the underrepresentation of
cancer-associated mutations within disordered regions became
even more apparent and unequivocal within all datasets
analyzed (Fig. 2C). The normalization also increased the
statistical significance of the results (Table S2, ESI{). The
reversed trend was statistically significant in the manually
curated datasets (SP_cancer, SP_cancer_annotated, COSMIC,
and COSMIC_census). Some of the cancer genomes project
also produced significant differences after the normalization,
despite the increased noise present in these datasets due to
the higher content of passenger mutations. Altogether, these
results clearly contradicted the original hypothesis about the
increased risk of cancer associated with protein disorder, at
least in terms of single nucleotide mutations.

Disordered binding regions

As disordered proteins are quite heterogeneous both in terms
of their structural and functional properties, deviations from
the general behavior can occur in certain cases. We specifically
analyzed predicted disordered binding regions that are expec-
ted to be enriched in functionally relevant sites. Disordered
proteins often function via binding to other macromolecules
that involves a disorder-to-order transition.>'® Although
binding to other macromolecules can induce a transition to a
fully or at least partially ordered structure in the case of many
IDPs, their complexes have distinct properties compared to
complexes formed by ordered proteins.***” The actual binding
regions often correspond to short, localized elements in the
sequence and have unique sequence properties compared to
both ordered and disordered segments in general.*® Using
a sequence based prediction method, called ANCHOR,**#
we examined the distribution of polymorphisms and cancer-
associated mutations within disordered binding regions.

Based on the predictions, a distinct group was formed from
the residues of disordered binding regions. Residues not
predicted as disordered binding sites were divided into two
separate groups depending on whether they were predicted
as disordered or as ordered. Disordered binding residues are
usually part of a disordered segment, however, in some cases
they can also correspond to local dips in the prediction profile
in which case they are predicted as ordered.*® Therefore, both
disordered and ordered datasets contained fewer residues
compared to the previous analysis. The results for the three
groups are presented in Fig. 3A—C and Table S3 (ESIf). There
are significant differences among the three sets in the distri-
butions of observed SNPs (Fig. 3A), with the exception of
the small CAN gene sets. While SNPs were clearly over-
represented in disordered segments and underrepresented in
ordered regions, disordered binding regions fell between these
two categories, but their behavior was still closer to disordered
segments. One of the CAN gene sets (pancreatic cancer)
differed slightly from this trend, in this case more SNPs were
observed in disordered binding regions than in disordered
segments in general.

The distribution of cancer-associated mutations within
disordered binding regions was largely similar to that of disordered
regions in general, with some differences in the case of the cancer
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Fig. 3 Over- and under-representation of mutations in disordered
binding regions (orange), disordered (red) and ordered regions (blue)
calculated with ANCHOR, as compared to background distributions
(see Data and methods). (A) The distribution of polymorphisms as
compared to the uniform random distribution; (B) the distribution of
cancer-associated mutations as compared to the uniform random
distribution and (C) the distribution of cancer-associated mutations
as compared to the expected values weighted by the distribution of
polymorphisms shown in (A). Significant differences are marked with
asterisks (see Table S3, ESIY).

genome datasets (Fig. 3B). These deviations can also be attributed
to the increased number of passenger mutations within disordered
segments and disappeared when the uneven distribution of poly-
morphisms was taken into account. In this normalized data,
disordered binding regions had a smaller depletion of cancer-
associated mutations in most cases compared to disordered regions
in general (Fig. 3C). This behavior was expected for regions with
increased functional importance.

Functional correlations

We also analyzed cancer-associated proteins in terms of their
functional categories and their number of protein—protein
interactions. First, we assessed which functional groups were
overrepresented within cancer-associated proteins. For this
analysis, the GeneOntology functional categories were used
(see Data and methods). The occurrence of each of the con-
sidered 50 biological processes and 41 molecular functions in
the COSMIC_census dataset was compared to the expected
occurrence of these functions in the human proteome. The list
of biological processes and molecular functions that exhibited

statistically significant differences is shown in Table 2. The
significantly enriched processes among cancer-associated pro-
teins included signal transduction, involvement in cell-cycle and
proliferation, DNA- and protein binding, phosphorylation
and regulation of transcription. These proteins on the other
hand were significantly depleted in transport processes in general
and particularly in ion transport. In other cases, the differences
were not significant at the o = 0.01 level. In general, our results
are in complete agreement with an earlier study,** and correlate
well with the functional enrichments of disordered proteins.>!'*

Cancer-associated proteins represent a specific group of
proteins that are enriched in certain functions, contain more
disordered regions, generally are longer and involved in a
larger number of interactions (25.5 per protein as compared to
5.5 per protein in the human proteome). However, all these
features also correlate with each other. To untangle these
complicated relationships, we studied the association between
these distinct features. Specifically, we considered the length of
the protein, the ratio of its residues residing in disordered
segments or disordered binding regions, the number of cancer-
associated mutations taken from the COSMIC census data-
base and the number of protein—protein interactions as well as
the above identified significant functional classes (see Data and
methods). The mutual information and the Jaccard distances
were calculated between all pairs of features. The obtained
distances between the different features are shown in Table 3.
These distances were also subject to multidimensional scaling
to reduce the dimensionality to two. The resulting scaled
location of each feature is presented in Fig. 4.

It can be seen that the association between the ratios of
residues in disordered regions and disordered binding sites is
the highest indicating the relatively constant ratio of disordered
residues that are involved in binding. Apart from this strong
association, the functional features shared the most information
with all the other features. This indicated the central role of
function that largely determines the disorder content together
with the amount of disordered binding regions, the number
of protein—protein interactions, the required length for a given
protein and its involvement in cancer. These data suggest that
the association between increased amount of protein disorder
and cancer in terms of single nucleotide mutations is indirect.

Examples

Besides analyzing the general features of cancer-associated
proteins, a few examples are also presented here to gain further
insights into how disordered regions and their binding sites
contribute to the function of these proteins. The examples
were selected from the COSMIC dataset and stand out with
the largest number of mutations falling into ordered (p53,
PTEN) or disordered regions (f-catenin, ACP). The domain
structure (according to PFAM?Y), the predicted disordered
regions and disordered binding regions and the distribution of
cancer-associated mutations are shown in Fig. 5. Interestingly,
these proteins basically contained no neutral polymorphisms.

p33. The largest number of mutations occurred within p53
(TP53). It is a transcription factor that regulates a large number
of genes (>100 genes) and controls a number of key tumor
suppressing functions such as cell cycle arrest, DNA repair,
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Table 2 List of GO biological processes and molecular functions that are significantly over- or under-represented in the COSMIC census
database as compared to the human proteome. p-values were obtained using the exact Fisher test (see Data and methods)

Number of COSMIC  Expected number of

census proteins with

proteins with the Over- or under-

GO ID Description the given term given term p-value representation
Biological processes ~ GO:0007165  Signal transduction 51 26 1.418 x 1073 0.96
GO:0008283  Cell proliferation 17 4 3.055 x 1073 3.25
GO:0006811  Ton transport 0 8 3.696 x 1073 —1.00
GO:0006810  Transport 9 24 5370 x 1073 —0.63
GO0:0007049  Cell cycle 20 7 8.084 x 1073 1.86
Molecular functions  GO:0005515  Protein binding 184 65 1.305 x 107 1.83
G0:0003677 DNA binding 84 27 4907 x 10710 2.11
GO:0000166  Nucleotide binding 72 25 6.844 x 1078 1.88
GO:0004672  Protein kinase 36 6 5.573 x 1077 5.00
activity
GO0:0003700  Transcription 44 12 3.463 x 107° 2.67
factor activity
GO0:0016301  Kinase activity 37 8 3.192 x 107° 3.63
GO:0016740  Transferase activity 48 18 5.276 x 107> 1.67
G0:0030528  Transcription 17 5 7.340 x 1073 2.40

regulator activity

Table 3 Jaccard distances of the 6 features calculated on the COSMIC census database as compared to the human proteome (see Data and

methods)
Length Disorder % Binding regions % COSMIC census mutations Interactions Functions

Length 0.0000 0.9871 0.9860 0.9597 0.9776 0.9157
Disorder % 0.0000 0.5170 0.9753 0.9896 0.9208
Binding regions % 0.0000 0.9732 0.9860 0.9162
COSMIC census mutations 0.0000 0.9444 0.8808
Interactions 0.0000 0.8670
Functions 0.0000

. 3 I
senescence and apoptosis.’>>> p53 protein is expressed at a low

level in normal cells and at a high level in response to DNA
damage and oncogenic transformation. Whilst the activation of
p53 often leads to apoptosis, p53 inactivation facilitates tumor
progression. From structural point of view, it is composed of the
central DNA binding domain that is largely ordered, and the
disordered N- and C-termini (Fig. 5A).>**° These disordered
regions harbor several binding sites. Specifically, binding part-
ners for the N-terminal regions include MDM2, RPA 70N and
the B subunit of RNA polymerase I1.*® The C-terminal contains
the tetramerization domain that becomes ordered only upon
forming a tetramer. The dynamic nature of this complex,
however, is underlined by the presence of the nuclear localiza-
tion signal hidden within this structure.® A remarkable example
for the plasticity of disordered binding regions is presented by a
short segment near the end of the sequence that was observed
to bind to several partners, such as S1008, CBP, Cyclin A2
and sirtuin, in different local conformations.!' Although p53
contains a significant amount of disorder that is essential for
its central role, cancer-associated mutations are concentrated
within the ordered DNA binding domain.>*

PTEN. PTEN is also among the most frequently inactivated
tumor suppressor genes in various cancers, with the second
largest number of mutations collected in COSMIC. The PTEN
gene encodes a dual specificity phosphatase that can act on both
proteins and phosphoinositide substrates.’”*® It negatively
regulates the intracellular level of phosphatidylinositol-3,4,5-
triphosphate in cells and functions as a tumor suppressor by

negatively regulating Akt/PKB signaling pathways. PTEN
contains two key domains, the phosphatase (catalytic) domain,
and the C2 (lipid membrane-binding) domain (Fig. 5B).*® The
C-terminal region is disordered, and the very end of the sequence
contains the disordered binding region that can form a complex
with the PDZ domain.*®® The observed cancer-associated mutations
occur throughout the length of PTEN, but they are enriched
in the C2 and in especially the phosphatase domains (Fig. 5SB).
Therefore, this protein is another example where cancer-
associated mutations clearly prefer ordered regions. Although
p53 and PTEN were thought to act independently as tumor
suppressors, with an interesting twist, it turned out that they
can interact both directly and indirectly.®' The sites of the
physical interaction were localized within the C2 domain of
PTEN and the C-terminal region of p53, which is involved
in multiple interactions.®> The complex crosstalk between
these two proteins is also supported by the recent finding
demonstrating that PTEN and p53 somatic mutations are
mutually exclusive in the case of human breast cancers.®*

B-catenin. B-catenin (CTNNBI) goes against the general
trend with a significantly higher number of cancer-associated
mutations falling into disordered segments. B-catenin is an
essential structural component of the cadherin-based cell
adhesion complex, and it is also involved in the Wnt/Wingless
growth factor signaling pathway.®* In cell adhesion, B-catenin
helps link cadherin adhesion molecules to cytoskeletal actin
filaments. In its signal transduction role, 3-catenin functions as
a transcriptional co-activator of target genes involved in cell
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Fig. 4 Two-dimensional mapping of various features based on the
distances calculated on the COSMIC census database relative to the
human proteome. Coordinates were obtained using multidimensional
scaling (see Data and methods) by projecting the original Jaccard
distances into two dimensions. The widths of the connecting lines are
inversely proportional to the original Jaccard distances (see Table 3).

differentiation and proliferation.®® The core region of B-catenin
is composed of 12 copies of a 42 amino acid sequence motif
known as an armadillo repeat (Fig. 5C). These repeats form a
superhelix of helices that features a long, positively charged
groove.®® This groove mediates the interaction of B-catenin
with several unrelated partners, largely based on charge

p53

transactivation motif

A i w .hl.llihlﬁl“iwwmﬂhﬁhu bl
el -

complementarity. Besides the central repeat region, the protein
also contains short disordered segments on both termini.
Nearly all cancer-associated mutations are located in the
N-terminal disordered region (Fig. 5C). Of particular impor-
tance is the second predicted disordered binding site that also
contains a short linear motif, the DSGxxS diphosphodegron.
This region is recognized by the SCF-B-TrCP E3 ligase with
the binding site located at the top face of the fTrCP1 WD40
B-propeller.” The complex formation targets B-catenin for
proteasome destruction depending on the phosphorylation
state of its degron.®® Mutations in this region can lead to
malignant transformation by increasing the cytoplasmic pool
of B-catenin. This prompts its translocation to the nucleus,
where it activates downstream elements of the Wnt pathway
leading to cell overgrowth.®*

APC. A large number of cancer-associated mutations within
disordered regions are also present in another key element of
the Wnt signalling pathway, the adenomatous polyposis coli
(APC) protein.®” Mutations of this protein frequently occur in
colorectal tumors.”® APC is a large (2843 residues) protein with
several putative functions in cell cycle control, differentiation,
migration, apoptosis, and the maintenance of chromosomal
stability. It acts as a tumor suppressor based on its ability to
bind to p-catenin and to promote its rapid degradation.”"”* By
downregulating CTNNBI1, ACP acts as a negative regulator in
Whnt signaling. The central region of APC contains multiple
B-catenin interaction motifs, including three 15 amino acid
repeats and seven 20 amino acid cysteine-rich repeats.”>’* The
large majority of cancer-associated mutations are located
within the first three 20 amino acid repeats (Fig. 5SD). The
protein contains several additional domains or motifs, such as

B
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phosphatase (catalytic) domain
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15 amino acid repeats

regions axin-binding motifs

Fig. 5 Domain structure, location of disordered binding regions and disordered segments and the number of cancer-associated mutations per
position shown for (A) p53, (B) PTEN, (C) B-catenin and (D) APC. Black horizontal lines mark the full length proteins, colored boxes below show
the various Pfam domains, red and orange boxes above show the disordered and disordered binding regions, respectively. The black boxes above
the structural descriptions show the number of known cancer-associated mutations for each residue.
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the oligomerization domain, armadillo repeats, axin binding
repeats, basic region, and EB-1 interaction domain. With the
exception of the armadillo repeats, these regions are largely
disordered and contain several binding regions. Nevertheless,
the cancer-associated mutations are significantly less frequent
within these regions. This also indicates that it is not disorder
in itself, but it is rather the specific function that can pose an
increased biological risk in this case.

Discussion

IDP regions are important elements of cancer-associated
proteins.'? In general, disordered proteins are fundamentally
different from globular proteins both in their structural and
functional properties. This necessitates the understanding of
how these regions contribute to the development of cancer.

Ordered and disordered proteins are expected to differ in
terms of their tolerance to mutations. The basic assumption is
that neutral polymorphisms are less likely to occur in positions
with stronger structural and functional constraints. In globular
proteins, functionally relevant sites are often restricted to a
few residues that form the active site, but nearly all residues
contribute to the formation of the 3D structure at some
level.”>7® This represents a large evolutionary constraint for
globular proteins. Functionally important residues of IDPs,
such as residues directly involved in binding or undergoing
post-translational modifications, can experience constraints
similar to the active sites of globular proteins. In terms of
structural constraints, however, mutations generally are expec-
ted to have a smaller impact on the structural properties of
disordered segments, due to the lack of a well-defined structure.
The increased evolutionary constraints of ordered residues
compared to disordered ones have been observed at various
evolutionary distances, ranging from human polymorphisms,
to the divergence between mouse and human.** Similar con-
clusions were drawn from the comparison of evolutionarily
related sequences from different organisms that indicated that
disordered segments were generally less conserved.*** Devia-
tions from this trend were observed in only a few cases and
were mostly attributed to the involvement in protein—protein
interactions.**

In complete agreement with this view, the larger tolerance to
mutations of disordered segments was also present in cancer-
associated proteins. Our results showed that a significantly
fewer number of SNPs were observed in ordered regions
compared to disordered regions in cancer-associated proteins.
In contrast, cancer-associated mutations were more likely to
occur within ordered segments. This effect was even larger,
when the uneven distribution of polymorphisms was taken
into account. These results suggest that disordered residues are
more tolerant to mutations at two levels. Firstly, disordered
regions can allow a larger number of genetic variations with-
out affecting the function. Secondly, if a mutation occurs, it is
more likely to cause cancer if the affected residue is located
within an ordered region. The lower sensitivity of disordered
regions to genetic variations is likely to originate from the
specific structural properties of these regions. The analysis of
disordered binding regions showed that functionally relevant
sites within disordered regions can slightly deviate from this

behavior. Disordered binding regions could be placed between
disordered regions in general and ordered regions, both in
terms of the appearance of polymorphisms and cancer associated
mutations. These suggest stronger evolutionary constraints within
disordered binding regions, in accordance with their functional
importance. Nevertheless, within the broader context of binding
regions, only a few residues might be directly responsible for the
specificity of the binding.”” These residues could present even
higher evolutionary constraints.

While results obtained on the various datasets agreed quite
well, there were some variations. These differences can be
associated with potential biases of the datasets. For example,
since cancer genome projects rely on identifying nucleotide
changes between normal and cancer cell lines at the level of
genome, differences can also occur by random sites that are
not actively involved in tumorigenesis. Mutations that occur
randomly throughout the sequence do not bias our results,
although they could decrease the statistical significance of the
observed differences. However, we observed that neutral SNPs
were not distributed randomly, but were more likely to occur
within disordered regions. We accounted for this by using a
different type of normalization. This leads to a more consistent
picture with more pronounced differences, showing that cancer-
associated mutations are more likely to occur within ordered
regions. The normalization had the largest effect on the pure
data of cancer genomes projects, where a higher number of
non-disease causing mutations were expected. In the other cases,
the results did not change much. Nevertheless, passenger
mutations can also be present in the other databases. This is
supported by the fact that only a few neutral polymorphisms
were described in the case of our examples while they had the
highest number of cancer-associated mutations. Due to the
potential problems of passenger mutations, we used the term
““cancer-associated mutation” throughout the manuscript. To
weed out these mutations, further studies are needed. One of
the important conclusions of our work is that such random
mutations are not distributed evenly and affect disordered
regions even more. This phenomenon should be taken into
account in selecting driver mutations.

Other databases may suffer from different types of biases.
For example, the SP_cancer_annotated dataset had a smaller
percentage of disordered residues, in contrast to the increase of
protein disorder in all other datasets. The preference of cancer
associated mutations for ordered residues was also unusually
high in this case. We suspect that the slightly different behavior
in this case originates from the experimental biases of tradi-
tional approaches that could have favored ordered proteins.
We could observe some differences within the various cancer
genome projects as well, for example in the distribution of
disordered binding regions (Fig. 3). The results obtained for
breast and colorectal cancers agreed well in the two cases, but
there were some differences when the CAN gene sets of glio-
blastoma and pancreatic cancer were considered. Although
larger statistical variations can be expected in these cases due
to the small size of these datasets, the results caution us that
different types of cancer might be associated with different
molecular and functional properties. Nevertheless, the 12 data-
sets analyzed in this work presented quite a consistent picture
altogether, despite their different sizes, origins, and potential
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biases. The consistency of these results lends confidence to
our findings, showing that while in cancer genes neutral poly-
morphisms are more likely to occur within disordered regions,
cancer-associated mutations are more common in ordered
regions.

Our general finding is in contrast with the results obtained
in the analyses of another major form of genetic aberrations
leading to cancer, chromosomal translocations. In this case, a
direct link between disorder and cancer was found.?® This was
rationalized based on that ordered proteins are more likely to
be misfolded and degraded as a result of translocation, while
disordered proteins could survive with an aberrant function.>°
A third form of commonly occurring genetic variations is copy
number variation (CNV), which corresponds to the enrich-
ment or depletion of certain genomic regions. CNVs are
frequently observed in cancer and other diseases. In a recent
study, a strong correlation between dosage sensitive gene
products and protein disorder was found, and it was related
to the interaction promiscuity of IDPs.?! Interestingly, in two
of the analyzed examples mutations affected disordered
regions that regulated the level of B-catenin, a central element
of the Wnt signalling pathway. These examples are in agree-
ment with the observation that disordered proteins are
generally under tight cellular control.”®”® In contrast, the level
of p53 is regulated by MDM2.5 The specific binding site,
however, did not show an increased rate of cancer-associated
mutations (Fig. 5A). In order to resolve these seemingly
contradictory results, cancer-associated mutations have to be
placed into a network context. The network view was also
suggested to be crucial in order to reduce the complexity of the
landscape of cancer genomes.**

In conclusion, our results clearly show that protein disorder
in itself is not responsible for the increased biological risk in
terms of cancer-associated mutations. It seems plausible that
the functional involvement of a protein determines both its
disorder content and its involvement in cancer, thus presenting
a correlation between these two features, without an existing
casual link between them. Our study was restricted to single
amino acid changes, however, other type of genetic alterations
can also lead to cancer. A strong association between protein
disorder and cancer was suggested in copy number variations
or chromosomal translocations. The exploration of the role of
protein disorder in these cases necessitates many further
studies and taking into account the specific functions of these
proteins and the way they are regulated. The present work,
nevertheless, demonstrated that genetic mutations affect ordered
and disordered regions in different ways, in accordance with the
distinct structural and functional properties of these segments.
In order to understand the background of various diseases, these
differences have to be taken into account.

Data and methods

Datasets

SwissProt cancer datasets. We used three different resources
to collect various cancer-associated genetic variations. The
first dataset was downloaded from the UniProt/SwissProt
Knowledgebase®® and was derived primarily from literature

reports using strict inclusion criteria. This dataset contains
polymorphisms with no clinical relevance, disease related
amino acid mutations and some unclassified variants. Cancer-
associated mutations were collected from the pre-compiled
database available at http://www.uniprot.org/docs/humsavar.
In the full dataset (SP_cancer) those entries were kept, where
the ‘Disease name’ field either matched one of the selection
keywords (‘cancer’, ‘tumor’, ‘lymphoma’, ‘leukemia’, ‘carcinoma’,
‘glioma’, ‘glioblastoma’, ‘melanoma’ and ‘sarcoma’) or had an
OMIM reference to a type of cancer (checked on the http://
www.omim.org/ site). A smaller list was also created by
selecting the mutations from SP_cancer that had ‘Disease’
annotations in the database omitting ones with ‘Unclassified’
tags (SP_cancer_annotated).

Cancer genome project datasets. The second type of datasets
corresponded to four cancer genome projects collecting the
result of comprehensive genome-wide analyses. Two of these
studies described the mutations of breast and colorectal cancer
(CGP_br/col_1 and CGP_br/col_2 datasets®'*?), one focused
on pancreatic cancer (CGP_pan dataset™) and one on glio-
blastoma (CGP_glio dataset®®). In these studies, somatic
mutations in cancer were determined by sequencing the major
fraction of human genes and identifying nucleotide changes.
Any alterations that were also present in normal samples or
could be found in single-nucleotide polymorphism (SNP)
databases were removed. The list of somatic mutations could
still contain nonfunctional “passenger’ alterations. To distin-
guish genes likely to contribute to tumorigenesis from those
in which passenger mutations occurred by chance, a list of
candidate cancer genes (CAN genes) was established based on
the probability that the number of mutations in a given gene
was greater than expected from the background mutation rate.
The mutations described in these selected genes were used to
compile the four datasets CGP_CAN_br/col_1, CGP_CAN_br/
col 2, CGP_CAN_pan and CGP_CAN_glio. The list of gene
identifiers and the nucleotide changes were downloaded from
the supplementary materials of the original publications.

COSMIC. The third dataset was collected from the COSMIC
database.*® This is currently the most comprehensive catalogue
of somatic mutations in cancer. Data are gathered from two
sources, publications in the scientific literature (vS52 contains
11437 curated articles) and the full output of the genome-wide
screens from the Cancer Genome Project (CGP) at the Sanger
Institute, UK. This dataset also incorporated the outcome
of cancer genome projects. A small subset of the COSMIC
database was also part of the cancer census datasets that were
casually linked to oncogenesis.?” These genes constituted the
COSMIC_census dataset.

Although there could be some overlap between the three
datasets, we opted to keep them separately in order to be able
to observe any potential biases. Our analysis was restricted
to single missense substitutions. Altogether we analyzed 12
different datasets. The number of proteins and mutations in
each dataset are listed in Table 1.

Polymorphisms. In the case of SP datasets, the polymorphisms
present in the SwissProt resource were also collected in the
SP_poly dataset and were used as reference.>> In all other
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cases, polymorphisms were collected using the UCSC Genome
Browser.®® Single genes were mapped to the genomic location
corresponding to the UCSC Santa Cruz hgl9/GRCh37 build.
Those sequences, that could not be mapped, were changed or
retracted, were discarded from further analyses. The poly-
morphism data were obtained by mapping the SNPs of dbSNP
(release 132)*° to the genomic coordinates. This release con-
tained over 13 million SNPs. It also incorporated the results of
the 1000 Genomes pilot projects that collected variations via
whole genome shotgun sequencing from two families with high
coverage and 179 individuals with low coverage.?” We used the
Common SNPs corresponding to uniquely mapped variants
that appear in at least 1% of the population. The commonness
of these variations suggests that these are likely to be neutral
polymorphisms with no clinical relevance. To ensure the quality
of the polymorphisms data, we only used validated SNPs.

All cancer associated mutations and polymorphisms were
transformed into a common format specifying the used identi-
fier of the sequence, the sequence position of the mutation and
the original and mutated amino acids. This format enabled a
simple selection at the level of unique mutations, therefore
identical polymorphisms were only counted once. The numbers
of polymorphisms are also listed in Table 1.

Human proteome. The proteins of the human proteome were
downloaded from the ‘“‘complete proteome” page of the
UniProt database. Only reviewed entries were kept, resulting
in a dataset of 20232 proteins.

Functional annotations

Functional classifications were based on GeneOntology
(GO)®' terms assigned to human proteins in UniProt. We
retrieved all GO terms for all proteins in the human proteome
and mapped them to high level GO terms described in the
Generic GOslim subset of GO. This subset contained 127
terms covering all three parts of GO annotations: biological
processes (50 terms), cellular components (36 terms) and
molecular functions (41 terms). All proteins from COSMIC,
were possible, were mapped to UniProt sequences and were
assigned the relevant GOslim terms.

Interactions

Protein—protein interactions were taken from the current
release of the IntAct database (www.ebi.ac.uk/intact/).5?

Statistical analysis

Comparison of the 12 cancer databases and the human
proteome. The average ratio of disordered residues, ratio of
proteins containing >30 residue long disordered regions
and average length were calculated in the 12 cancer datasets
analyzed (Fig. 1). These averages were compared to the
average values calculated in the human proteome. For each
of the 12 datasets, standard errors of the mean were calculated
by selecting 10 000 random samples from the human proteome
of the same size as the respective dataset. In each of the 10 000
random selections, the means were calculated. From these
means the standard error of the mean was established and
used to test the difference between the random samples and the
database average. The mean values, standard errors and the

appropriate p-values are shown in Table S1 (ESIf). Fig. 1
shows the confidence intervals of « = 0.01 (corresponding to
2.576 standard errors) in each case.

Over- and under-representation of polymorphisms and cancer-
associated mutations. For each protein in our dataset, the
sequences were downloaded from the Uniprot database or
the UCSC Genome Browser. Using the sequence, the IUPred
method*** was used to assess which residues were part of
disordered regions. These results were also calculated with
two other disorder prediction methods, DISOPRED2’ and
VSL2*' The ANCHOR method®®* was used to predict
regions involved in disordered binding regions. While there
are several methods to predict disordered residues, ANCHOR
is the only publicly available method for the prediction of
disordered binding regions. For each protein, the number of
polymorphisms and cancer-associated mutations within these
regions were calculated. These numbers were compared to the
expected number of mutations calculated in the following way:
to calculate the expected number of mutations for ordered
and disordered regions, the number of observed mutations was
divided according to the ratio of ordered and disordered
residues in the given sequence. This model takes into account
that the number of mutations can change from one protein
to another. The number of expected and observed mutations
was summed up separately for ordered and disordered seg-
ments. Using these numbers, the statistical significance of the
differences in the two distributions was assessed by the y” test.

In this null model we assumed that the selection pressure
on disordered and ordered regions is the same, and the prob-
ability that a mutation occurs in ordered or disordered regions
is equal. We expect that the observed differences are mainly
the result of selection acting at the protein level. It should be
noted that other factors can also contribute to the selections, for
example, by affecting the stability of DNA, mRNA, or inter-
actions with regulatory factors. We checked that taking into
account the different codon usage, or differences in transition—
transversion rates does not affect our results.

In the case of cancer-associated mutations, an additional
model was used to calculate the expected number of muta-
tions. This took into account the uneven distribution of poly-
morphisms between ordered and disordered regions. The
model was based on a normalization factor calculated from
the ratio of the observed number of SNPs relative to their
expected number. The normalization factor was calculated for
disordered and ordered residues, in each dataset. The expected
number of mutations was recalculated by weighting them
according to the normalization factor for disordered and
ordered residues within each dataset. Using these references,
the statistical significance could be calculated similarly to the
previous case. Unfortunately, current data do not enable us to
calculate this factor for proteins individually. However, when
datasets were divided into subgroups, for example based on
the number of mutations, the results did not change.

Distributions of functional categories. The distribution of
each GO term was analyzed using the COSMIC_census
dataset. To determine significantly over- or under-represented
terms, the distribution of these terms in the human proteome
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was used as a reference. A random subset was selected from
the human proteome dataset and was parsed for occurrence
numbers of each term. This was repeated 100 times and then
the average occurrence of each term was calculated. These
occurrence numbers were compared to the occurrence num-
bers in the COSMIC_census dataset using left and right sided
Fisher tests to assign significance values to the under- and
over-representation of terms.

Features. The calculated length, ratio of disordered residues
and disordered binding residues, interaction numbers and the
number of COSMIC census mutations for COSMIC census
proteins and the randomly selected reference human proteins
were categorized into 5 bins to provide a coarse-grained
description. The boundaries of the bins for each feature are
shown in Table S4 (ESIf). The sixth feature describing the
functional involvement of the proteins was represented by
‘functional profiles’. These profiles were calculated based on
the significantly over- and under-represented GO terms shown
in Table 3. For each protein, a 13 element binary vector was
assigned that showed which of the 13 considered GO terms the
protein was annotated with.

Mutual information and Jaccard distance. The association
between different features calculated on proteins was measured
by calculating the mutual information (/(X,Y)) between all X
and Y pairs of features using the standard formula:

1X,Y) =3 plx.y)log, (p%>

where p/(x) and p”(y) are the probability distributions of the
features X and Y respectively and p(x,y) is their joint probability
distribution. As the maximal information of different features
can vary (and hence their maximal mutual information can
also vary), to be able to compare the association of different
parameter pairs directly, the mutual information was scaled:

D(X, Y):l—%

where H(X,Y) is the joint entropy of X and Y:

H(X7 Y) = _Zzp(xay) lOgZP(xvy)

The resulting D(X,Y) Jaccard distance is a universal metric
with D(X,Y) = 1if X and Y are completely independent and
D(X,Y) = 0if X and Y are identical.

The multidimensional scaling of the obtained distances was
calculated using the R package.
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Abstract: Many proteins contain intrinsically disordered regions (IDRs) which carry out important
functions without relying on a single well-defined conformation. IDRs are increasingly recognized as
critical elements of regulatory networks and have been also associated with cancer. However, it is
unknown whether mutations targeting IDRs represent a distinct class of driver events associated with
specific molecular and system-level properties, cancer types and treatment options. Here, we used
an integrative computational approach to explore the direct role of intrinsically disordered protein
regions driving cancer. We showed that around 20% of cancer drivers are primarily targeted through
a disordered region. These IDRs can function in multiple ways which are distinct from the func-
tional mechanisms of ordered drivers. Disordered drivers play a central role in context-dependent
interaction networks and are enriched in specific biological processes such as transcription, gene
expression regulation and protein degradation. Furthermore, their modulation represents an alter-
native mechanism for the emergence of all known cancer hallmarks. Importantly, in certain cancer
patients, mutations of disordered drivers represent key driving events. However, treatment options
for such patients are currently severely limited. The presented study highlights a largely overlooked
class of cancer drivers associated with specific cancer types that need novel therapeutic options.

Keywords: intrinsically disordered regions; protein modules; short linear motifs; molecular switches;
cancer genomics; driver gene identification; cancer hallmarks; drug targets

1. Introduction

The identification of cancer driver genes and understanding their mechanisms of
action is necessary for developing efficient therapeutics [1]. Many cancer-associated genes
encode proteins that are modular, containing not only globular domains but also intrin-
sically disordered proteins/regions (IDPs/IDRs) [2—4]. IDRs can be characterized by
conformational ensembles; however, the detailed properties of these ensembles can vary
greatly from largely random-like behavior to exhibiting strong structural preferences, with
the length of these segments ranging from a few residues to domain-sized segments [5-7].
The function of IDRs relies on their inherent conformational heterogeneity and plasticity,
enabling them to act as flexible linkers or entropic chains, mediate transient interactions
through linear motifs, direct the assembly of macromolecular assemblies or even drive the
formation of membraneless organelles through liquid-liquid phase separation [5-8]. In
general, disordered regions are core components of interaction networks and fulfill critical
roles in regulation and signaling [4]. In accordance with their crucial functions, IDPs are
often associated with various diseases [9], in particular with cancer. The prevalence of
protein disorder among cancer-associated proteins was generally observed [10]. However,
cancer-associated missense mutations showed a strong preference for ordered regions,
which indicates that the association between protein disorder and cancer might be indi-
rect [11]. Nevertheless, a direct link between protein disorder and cancer was suggested in
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the case of two common forms of generic alterations: chromosomal rearrangements [12]
and copy number variations [13]. Cancer mutations were shown to occur within linear
motif sites located in IDRs [14]. In a specific case, the creation of IDR-mediated interactions
was suggested to lead to tumorigenesis [15]. However, it has not been systematically
analyzed whether mutations of IDRs can have a direct role driving cancer development or
what the main molecular functions and biological processes altered by such events are.

In recent years, thousands of human cancer genomes have become available through
large-scale sequencing efforts. The collected genetic variations revealed that cancer samples
are heterogeneous and contain a large number of randomly occurring, so-called passenger
mutations. Therefore, one of the main challenges for the interpretation of cancer genomics
data is the identification of genes whose mutations actively contribute to cancer devel-
opment, the so-called driver genes. When samples are analyzed in combination, various
patterns start to emerge that enable the identification of cancer driving genes [16]. These
signals can highlight genes which are frequently mutated in specific types of cancer [17,18],
biological processes/pathways that are commonly altered in tumor development [19,20] or
traits that govern tumorigenic transformation of cells [21]. The positional accumulation
of mutations within specific ordered structures, domains or interaction surfaces was also
shown to be a strong indicator of cancer driver roles [22-26]. The number of driver genes is
currently estimated to be in the low to mid hundreds [27], but this number could increase
with the growing number of sequenced cancer genomes [18]. However, most of the known,
well-characterized driver genes are associated with ordered domains of proteins. Overall,
the structural and functional properties of the affected proteins determine their oncogenic
or tumor suppressor roles, which, in the case of context-dependent genes, can also depend
on tissue type or the stage of tumor progression.

The complex relationship between protein disorder and cancer can be demonstrated
through two well-characterized examples, p53 (corresponding to gene TP53) and 3-catenin
(CTNNBI). As a tumor suppressor, p53 is most commonly altered by truncating mutations,
but it also contains a large number of missense variations. Mutations collected from multi-
ple patients across different cancer types tend to cluster within the central region of p53
which corresponds to the ordered DNA-binding domain [28]. In contrast, significantly
fewer mutations correspond to the disordered N- and C-terminal regions which are in-
volved in numerous, sometimes overlapping protein—protein interactions [29]. In particular,
almost no mutations are located within the N-terminal region corresponding to a so-called
degron motif, a linear motif site recognized by the E3 ligase MDM?2 that plays a critical
role in regulating the degradation of p53 [30]. Furthermore, the tetramerization domain
in the C-terminal part is also less affected by cancer mutations. This region represents
a so-called disordered domain, a conserved region that forms a well-defined structure
in its oligomeric form. The tetrameric ordered structure masks a nuclear export signal,
which needs to become exposed for the proper function of p53, highlighting the intrinsic
dynamic properties of this region [31]. The oncogenic 3-catenin presents a completely
different scenario. In terms of domain organization, 3-catenin also contains a disordered N-
and C-terminal and an ordered domain in between [32]. However, in this case the cancer
mutations are largely localized to a short segment within the N-terminal disordered region
which corresponds to the key degron motif regulating the cellular level of 3-catenin in the
absence of Wnt signalling [11,14].

The aim of this work was to explore if other IDRs, similarly to 3-catenin, play a poten-
tial driver role in cancer. Based on cancer mutations collected from genome-wide screens
and targeted studies [33], we identified significantly mutated protein regions [34] and
classified them into ordered and disordered regions by integrating experimental structural
knowledge and predictions. Automated and high-quality manually curated information
was gathered for the collected examples to gain better insights into their functional and
system-level properties, and to confirm their roles in tumorigenic processes. We aimed
to answer the following questions: What are the characteristic molecular mechanisms,
biological processes and protein—-protein interaction network roles associated with proteins
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mutated at IDRs? At a more generic level, how fundamental is the contribution of IDPs
to tumorigenesis? Are IDP mutations just accessory events, or can they be the dominant
molecular background to the emergence of cancer? Is there a characteristic difference in
terms of treatment options between patient samples targeted mostly within ordered and
disordered regions?

2. Material and Methods
2.1. Identification of Driver Regions in Cancer-Associated Proteins

To collect mutation data, cancer mutations were retrieved from the v83 version of
COSMIC (Catalogue Of Somatic Mutations In Cancer) [33] and the v6.0 version of TCGA
(The Cancer Genome Atlas). Mutations used from both databases included only missense
mutations and in-frame insertions and deletions. Mutations were filtered similarly to the
procedure described in [34]. Mutations from samples with over 100 mutations were dis-
carded to avoid the inclusion of hypermutated samples. Samples including a large number
of mutations in pseudogenes or mutations indicated as possible sequencing/assembly
errors in [35] were also discarded. Redundant samples were filtered out. Mutations falling
into positions of known common polymorphisms [36] or genomically unconserved regions
based on the PhastCons method [37] were filtered out. The final set of COSMIC mutations
used as an input to region identification consisted of 599,137 missense mutations, 4189 in-
sertions and 12,670 deletions from 253,568 samples. The final set of TCGA mutations used
as an input to region identification consisted of 274,109 missense mutations, 2775 insertions
and 2900 deletions from 7058 samples.

Driver regions were identified using iSiIMPRe [34] with the filtered mutations from
COSMIC and TCGA, separately. Then, regions obtained from COSMIC and TCGA muta-
tions were merged, and p-values for significance were kept from the dataset with the higher
significance. Only regions with high significance (p-values lower than 10~°) were kept.

2.2. Structural Categorization of Driver Regions

Regions were assigned ordered or disordered status based on the structural anno-
tation of the corresponding functional unit, incorporating experimental data as well as
predictions. For this, we collected experimentally verified annotations for disorders from
the DisProt [38] and IDEAL [39] databases, and for disordered binding regions from the
DIBS [40] and MFIB [31] databases. We also mapped known PDB structures [41]. Structure
of a monomeric single domain protein chain was taken as a direct evidence for order. In
contrast, missing residues in case of X-ray structures and mobile regions calculated for
NMR ensembles using the CYRANGE method [42] were taken as indication of disorder.
Pfam families annotated as the domain type were considered as ordered, while families
annotated as disordered were assigned as disordered. All these types of evidence were
extended by homology transfer.

Pfam entities with no instances overlapping with any protein regions with a clear
structural designation were annotated using predictions, together with protein residues
not covered by known structural modules. Such protein regions were defined as ordered
or disordered using predictions from IUPred [43,44] and ANCHOR [45,46]. Residues
predicted to be disordered or to be part of a disordered binding region, together with their
10 residue flanking regions, were considered to form disordered modules. Regions shorter
than 10 residues were discarded. Regions annotated as disordered were also checked using
additional prediction methods using the MobiDB database [47] and structure prediction
using HHPred [48]. The final ordered/disordered status of the identified regions was
based on manual assertion, taking into account information from the literature if available
(Supplementary Table S1). For the disordered regions, the level of supporting information
for the disordered region is also included (Supplementary Table S2). Please note that
we use gene symbols to refer to their protein products throughout the manuscript, with
corresponding names of protein products also specified in the Supplementary Table S2.
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2.3. System-Level Analyses

Gene Ontology terms (GO) [49,50] were used to quantify interaction capabilities,
involvement in various biological processes, molecular toolkits and hallmarks of cancer.
In each case, a separate collection of GO terms (termed GO Slim) was compiled. Each
GO Slim features a manual selection of GO terms that are independent from each other,
meaning that they are neither child or parent terms of each other. Terms were assigned a
level showing the fewest number of successive parent terms that include the root term of
the ontology namespace (considered to be level 0).

GO term enrichments in a set of proteins were calculated by first obtaining expected
values. Expected mean occurrence values for GO terms together with standard deviations
were calculated by assessing randomly selected protein sets from the background (the
full human proteome) 1000 times. The enrichment in the studied set is expressed as the
difference from the expected mean in standard deviation units.

GO for molecular toolkits: biological_process terms attached to proteins with identi-
fied regions were filtered for ancestry. The resulting set was manually filtered, yielding
93 terms which were manually grouped into 16 toolkits. Enrichments for toolkits were
calculated as the ratio of the sum of expected and observed values for individual terms.
Individual terms and enrichments for each toolkit are shown in Supplementary Table S3.

GO Slim for assessing interaction capacity: Terms from levels 1-4 from the molecu-
lar_function namespace were filtered for ancestry and only the more specific terms were
kept, i.e., terms from levels 1-3 were only included if they had no child terms. Only terms
describing interactions containing the keyword “binding” were kept. Individual terms are
shown in Supplementary Table S4.

GO for the assessment of process overlaps: Terms from levels 1-4 from the biologi-
cal_process namespace were filtered for ancestry and only the most specific terms were
kept. Only those terms were considered that were attached to at least one protein from the
set studied (full human proteome, ordered drivers or disordered drivers). Individual terms
are shown in Supplementary Table S5.

GO for hallmarks of cancer: Terms were chosen from the biological_process namespace
via manual curation using the GO annotations of known cancer genes as a starting point.
Terms were only kept if they showed a significant (p < 0.01) enrichment on proteins in the
full census cancer driver set compared to randomly selected human proteins. Individual
terms and enrichments for each hallmark are shown in Supplementary Table S6.

To characterize the network properties of the selected examples, binary protein—
protein interactions for the human proteome were downloaded from the IntAct database [51]
on 06 May 2018. Data were filtered for human-human interactions, where interaction part-
ners were identified by UniProt accessions. Interactions from spoke expansions were
excluded. Interactions were kept in an undirected way. (Values for disordered drivers are
quoted in Supplementary Table S2).

3. Results
3.1. Disordered Protein Modules Are Targets for Tumorigenic Mutations

For the purpose of our analysis, it was necessary to use an approach that could identify
not only cancer drivers, but also the specific regions directly targeted by cancer mutations.
We used the iSiMPRe [34] method, which can highlight significantly mutated regions with-
out prior assumptions about the type or the size of such regions and was shown to perform
similarly to other methods in identifying cancer drivers [52]. Cancer mutations were col-
lected from the COSMIC and TCGA databases and were pre-filtered (see Section 2.1). The
filtering steps were necessary to eliminate cases with a random accumulation of mutations
with no biological significance, especially in the case of IDRs [34]. We restricted our analysis
to high-confidence cases to minimize the chance of false positives. The order/disorder
status of the identified significantly mutated regions was determined based on experimen-
tal data or homology transfer, when available, or by using a combination of prediction
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approaches (See Data and Methods). Cancer drivers were manually characterized as tumor
suppressors (TSGs), oncogenes and context-dependent cancer genes based on the literature.
Altogether, we identified 178 ordered and 47 disordered driver regions in 145 proteins
from the human proteome (Supplementary Table S1, Figure 1A). The ratio of disordered
driver regions was lower than expected on the ratio of disordered residues (21% vs. 30%).
This was the case for both oncogenes and tumor suppressor genes, but not for context-
dependent genes. Further underlining the relevance of IDRs, context-dependent cancer
drivers also had more residues and mutations within disordered regions in general, together
with a slightly higher proportion of disordered drivers (see Supplementary Figure S1).
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Figure 1. The distribution of ordered and disordered driver protein regions. (A) The distribution of ordered and disordered
driver protein regions and their distribution among oncogenes, tumor suppressor genes (TSG) and context-dependent
genes. (B) Oncogene scores of full genes and oncogene scores explained by the identified regions in oncogenes and
context-dependent driver genes. “Unaccounted” corresponds to the fraction of mutations not in the identified, high
significance regions.

The identified driver regions typically represent compact modules, usually not cover-
ing more than 10% or 20% of the sequences in the case of oncogenes and tumor suppressors,
respectively (Supplementary Figure S2). It was suggested that true oncogenes are recog-
nizable from mutation patterns according to the 20/20 rule, having a higher than 20%
fraction of missense point mutations in recurring positions (termed the oncogene score [53]).
In contrast, tumor suppressors have lower oncogene scores, and predominantly contain
truncating mutations. Figure 1B shows that the 20/20 rule holds true for the vast majority
of the identified region-harboring oncogenes and context-dependent genes, even based
on the oncogene scores calculated from the identified regions alone. This underlines that
the identified driver regions are the main source of the oncogenic effect in almost all cases.
While most drivers contain both ordered and disordered modules, oncogenesis is typically
mediated through either ordered or disordered mutated regions. This effectively partitions
cancer drivers into “ordered drivers” and “disordered drivers,” regardless of the exact
structural composition of the full protein.

While many of the disordered drivers have already been identified previously as
cancer drivers, our analysis identified 13 additional examples that were not included in the
list of identified cancer drivers collected recently [27]. However, even in these cases there
is literature data supporting their importance in driving cancer (Supplementary Table 52).
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3.2. Disordered Drivers Function via Distinct Molecular Mechanisms

We collected available information about the possible mechanisms of action of the
disordered regions that are altered in cancer (Figure 2, Supplementary Table S2). Although
this information was partially incomplete in several cases, it still allowed us to highlight
the distinct properties of the identified disordered drivers.
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Figure 2. IDP regions mutated in cancer. The classification of identified disordered cancer drivers. Protein names in gray
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indicate known switching mechanisms either via post-translational modifications (PTMs) or overlapping functions. In
protein architecture schematics, blue ovals represent folded domains, blue lines represent disordered regions and red
rectangles represent disordered driver modules. Boxes placed between two categories indicate dual functions. For detailed
mutation profiles for each gene, see the online visualization links in Supplementary Table S2.

Several of the identified highly mutated disordered regions correspond to linear motifs,
including sites for protein—protein interactions (e.g., USP8, FOXO1 and ESR1) or degron
motifs that regulate the degradation of the protein (e.g CTNNB1, CCND3 and CSF1R).
However, other types of disordered functional modules can also be targeted by cancer
mutations. IDRs with autoinhibitory roles (e.g., modulating the function of adjacent folded
domains) are represented by EZH2, a component of the polycomb repressive complex 2.
While the primary mutation site in this case is located in the folded SET domain, cancer
mutations are also enriched within the disordered C-terminus that normally regulates the
substrate binding site on the catalytic domain. Another category corresponds to regions
involved in DNA and RNA binding. The highly flexible C-terminal segment of the winged
helix domain is altered in the case of FOXA1, interfering with the high affinity DNA
binding. For the splicing factor SRSF2, mutations affect the RNA binding region (Figure 2).
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Larger functional disordered modules, often referred to as intrinsically disordered
domains (IDDs), can also be the primary sites of cancer mutations. Mutated IDDs exhibit
varied structure and sequence features. In VHL, the commonly mutated central region
adopts a molten globule state in isolation [54]. The mutated region of APC incorporates
several repeats containing multiple linear motif sites, which are likely to function collec-
tively as part of the (3-catenin destruction complex [55]. In CALR, cancer mutations alter
the C-terminal domain-sized low complexity region, altering Ca2* binding and protein
localization [56].

Linker IDRs, not directly involved in molecular interactions, are also frequent targets
of cancer mutations. The juxtamembrane regions located between the transmembrane
segment and the kinase domain of KIT and related kinases are the main representatives
of this category. Similarly, the regulatory linker region connecting the substrate- and the
E2-binding domains is one of the dominant sites of mutations in the case of the E3 ubiquitin
ligase CBL.

One of the recurring themes among cancer-related IDP regions is the formation of
molecular switches (Supplementary Table S2). The most commonly occurring switching
mechanism involves various post-translational modifications (PTMs), including serine
or threonine phosphorylation (e.g., CCND3, MYC and APC), tyrosine phosphorylation
(e.g., CBL, CD79B, and CSF1R), methylation (e.g., histone H3s [H3F3A /H3F3B/HIST1H3B])
or acetylation (e.g., ESR1). An additional way of forming molecular switches involves
overlapping functional modules (Figure 2). In the case of PAX5, the mutated flexible
linker region is also involved in the high-affinity binding of the specific DNA binding
site [57]. Cancer mutations of the bZip domain of CEBPA disrupt not only the DNA
binding function, but the dimerization domain as well [58]. In addition to their linker
function, the juxtamembrane regions of kinases are also involved in autoinhibition and
trans-phosphorylation, regulating degradation and downstream signaling events [59,60].

The collected examples of disordered regions mutated in cancer cover both oncogenes
and tumor suppressors, as well as context-dependent genes (Figure 2). There is a slight
tendency for tumor suppressors to be altered via longer functional modules, such as IDDs.
Nevertheless, with the exception of linkers in tumor suppressors and IDDs in context-
dependent genes, every other combination occurs even within our limited set.

3.3. Disordered Driver Mutations Preferentially Modulate Receptor Tyrosine Kinases,
DNA-Processing and The Degradation Machinery

Disordered and ordered drivers can employ different molecular mechanisms in order
to fulfill their associated biological processes. To quantify these differences, we assembled
a set of molecular toolkits integrating Gene Ontology terms (see Data and Methods and
Supplementary Table S3). Based on this, we calculated the enrichment of each molecu-
lar toolkit in both disordered and ordered drivers in comparison with the full human
proteome, highlighting enriched and possibly driver class-specific toolkits (Figure 3A).
Receptor activity is the most enriched function for both types of drivers, owing at least
partially to the fact that receptor tyrosine kinases can often be modulated via both ordered
domains and IDRs (Figure 1B). In contrast, the next three toolkits enriched for disordered
drivers are highly characteristic of them. These are gene expression regulation and the
modulation of DNA structural organization—together representing the structural and the
information content-related aspects of DNA processing—and the degradation of proteins,
mainly through the ubiquitin-proteasome system. In addition, RNA processing, transla-
tion and folding is also characteristic of disordered drivers; and while this toolkit is not
highly enriched compared to the human proteome in general, ordered drivers are almost
completely devoid of this toolkit.

Among the highlighted functional groups, receptor tyrosine kinases (RTKs) are well-
known to be major players in tumorigenesis [61]. While for several RTKs the major
mutational events are oncogenic kinase domain mutations, there are also RTKs that contain
a secondary disordered mutation site with lower incidence rates, or an alternative primary
site which usually shows context dependent behavior. Several RTKs are clear examples of
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this context dependence: gastrointestinal stromal tumor mutations prefer IDR mutations
in both KIT and PDGFRA [62], while leukaemia prefers catalytic site mutations in KIT.
Group III receptor tyrosine kinases in general (including KIT, FLT3 and PDGFRA) are
especially prone to be mutated at their disordered juxtamembrane regions (Figure 3B). In
some cases, such as FLT3, these IDRs are the main sites for tumorigenic mutations [63].
However, RTK IDR mutations are not restricted to group III receptor tyrosine kinases, as
MET also often harbors missense mutations at its juxta-membrane loop region. These
mutations include missense mutations affecting the Tyr1010 phosphorylation site and
exon 19 skipping, removing a degron located within this region [64]. In contrast, CSFIR
mutations accumulate in the negative regulatory motifs (a c-Cbl ubiquitin ligase binding
motif) in the receptor tail, leading to the overactivation of the receptor [65] in various
haematopoietic cancers.

A Receptor B
Transport across activity Transcription and gene
the membrane expression regulation Juxtamembrane
A loop (linker)
Chemical DNA DNA structural R Regulatory
irodiAcation organization Disordered linear motifs
) Altering protein
Metabolism stability and 1
. degradation 3§
Transport inside R 9 X l
the cell Signaltransduction||  ---Q P VS VU VT N 4 e
Altering protein Molecular assembly Ligand-binding M
localization and disassembly domain Cys
RNA processing, _ Klna"slt\ae?’grrnam Catalytic site
translation and folding Protein PTM
Modulation of Cell adhesion Ordered
interactions ~ Cytoskeletal
organization
Transactivator
motif(s) Adjacency control Ordered Substrate
! . 3 segments a recognition
N2\ A Disordered intertace Ubiquitin
. removal
Other linear \ / i v signal
motifs ' O ¢
— \
Uﬁg'aus':n Deubiquitylase
Ordered DNd/‘\)[I:]\;r::ng Coactivator Activity-
surface bmdu:gndomaln clomrol Phimaiy
interface oops Regulato = 2
degron Sotie”  Disordered

Figure 3. Pathways and processes modulated by disordered driver mutations. (A) Overrepresentation of molecular toolkits

defined based on gene ontology (GO) terms for ordered (blue) and disordered (red) drivers, compared to the average of

the whole human proteome. Categories enriched in disordered drivers represented in bold. B-D: schematic examples of
receptor tyrosine kinases (RTKs) (B), transcription factors (C) and components of the ubiquitin ligase machinery (D) that are
modulated through disordered driver regions. Typically, these proteins have a modular architecture. Functional modules

that are mutated preferentially in disordered or ordered regions are placed above or below the middle line.

Cancer mutations often target various elements of the transcriptional machinery,
including transcription factors, repressors, transcriptional regulators and coactivators/
corepressors [66] (Figure 3C). In most cases, transcription factors are targeted through linear
motifs that regulate the degradation (EPAS1, CTNNB1, MYC and NMYC) or localization
of the protein (FOXO1). Mutated IDRs can also directly affect the activity of the protein.
These regions often work in conjunction with a separate DNA-binding domain and can
shift affinities for various DNA-binding events (such as FOXA1 mutations preferentially
affecting low-affinity DNA binding [67]), or can disrupt interaction with cofactors (such as
the SMAD3 interaction of the FOXL2 [68]). In the case of bZip-type dimeric transcription
factors, mutations can affect the interaction through the modulation of the disordered
dimerization domain. Depending on the activating/repressive function of individual
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transcription factors, IDR-mutated proteins can be both oncogenes (with MYOD1 mutations
promoting the dimerization with MYC [69]), or tumor suppressors (with ID3 mutations
impairing its repressor activity [70]). Disordered mutational hotspots also target other
elements of the transcription machinery, affecting either covalent or non-covalent histone
modifications and altering histone PTMs or histone exchange/movement along the DNA.
However, the exact role of several other proteins involved in chromatin remodelling is still
somewhat unclear (SETBP1 or ASXL1).

The alteration of protein abundance through the ubiquitin-proteasomal system (UPS)
is a central theme in tumorigenesis [30]. Interestingly, ubiquitination sites are seldom
mutated directly. More commonly cancer mutations directly alter degron motifs which
typically reside in disordered protein regions (Figure 3D). Such mutations lead to increased
abundance of the protein by disrupting the recognition by the corresponding E3 ligase.
Complementing degron mutations, ubiquitin ligases are also implicated in tumorigenesis
(Figure 3D). These enzymes are typically highly modular and can harbor driver mutations
in both ordered and disordered regions (Supplementary Table S1). FBXW?7 is mutated
at its ordered substrate-binding domain, paralleled with target degron mutations in its
substrates, MYC and MYCN. In contrast, VHL, which is the substrate recognition com-
ponent of the cullin-2 E3 ligase complex, is targeted through a large disordered driver
region, with its target EPAS1 bearing a mutant degron. The activity of CBL, the main E3
ligase responsible for the regulation of turnover for RTKSs, is targeted through a disordered
linker/autoregulatory region in acute myeloid leukemia (AML) and other hematopoietic
disorders. In addition to the disruption of ubiquitination, the enhancement of deubiquitina-
tion can also provide a tumorigenic effect. USP8, the deubiquitinase required for entry into
the S phase, is mutated at its disordered 14-3-3-binding motif, enhancing deubiquitinase
activity in lung cancer [71].

3.4. Disordered Mutations Give Rise to Cancer Hallmarks by Targeting Central Elements of
Biological Networks

Almost all of the analyzed IDRs are involved in binding to a molecular partner, even
some of the linkers owing to their multifunctionality. Therefore, we analyzed known
protein—protein interactions of ordered and disordered cancer drivers in more detail (see
Data and Methods). Our results indicate that both sets of drivers are involved in a large
number of interactions and show increased betweenness values compared to average
values of the human proteome, even compared to the direct interaction partners of cancer
drivers (Figure 4A). However, this trend is even more pronounced for disordered drivers.
The elevated interaction capacity could also be detected at the level of molecular function
annotations using Gene Ontology (see Supplementary Table S4 and Data and Methods).
Figure 4B shows the average number of types of molecular interaction partners for both
disordered and ordered drivers contrasted with the average for the human proteome. The
main interaction partners are similar for both types of drivers, often binding to nucleic
acids, homodimerizing or binding to receptors. However, disordered drivers are able
to physically interact with a wider range of molecular partners, and are also able to
more efficiently interact with RNA and the effector enzymes of the post-translational
modification machinery. This, in particular, can offer a way to more easily integrate and
propagate signals through the cell, relying on the spatio-temporal regulation of interactions
via previously demonstrated switching mechanisms (Supplementary Table S2).

The high interaction capacity and central position of disordered drivers allows them
to participate in several biological processes. The association between any two processes
can be assessed by quantifying the overlap between their respective protein sets (see Data
and Methods). We analyzed the average overlap between various processes using a set of
non-redundant human-related terms of the Gene Ontology (Supplementary Table S5). The
average overlap of proteins for two randomly chosen processes is 0.15%, showing that as
expected, in general biological processes utilize characteristically different gene/protein
sets. Restricting proteins to the identified drivers and only considering processes connected
to at least one of them, the average overlap between processes increased to 3.00% for or-
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dered drivers and 5.80% for disordered drivers (Figure 4C). This shows that the integration
of various biological processes is a distinguishing feature of cancer genes in general and for
disordered drivers in particular, and that IDPs targeted in cancer are efficient integrators of
a wide range of processes.
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Figure 4. Characteristics of cancer drivers at the network/pathway and cellular levels. (A) Average degree (top) and

betweenness (bottom) of all human proteins, showing the direct interaction partners of drivers, ordered drivers and

disordered drivers. (B) The average occurrence of various types of interaction partners for the whole human proteome

(grey circle), ordered drivers (blue circle) and disordered drivers (red circle). Values in circles show the average number of

types of interactions together with standard deviations. The most common interaction types are shown in grey boxes, with

connecting lines showing the fraction of proteins involved in that binding mode. Only interaction types present for at least
1/8th of the proteins are shown. (C) Top: An example subset of disordered drivers with associated biological processes
marked with arrows (dashed and solid arrows marking processes involving only one or several disordered drivers). Bottom:

Average values of overlap between protein sets of various biological processes, considering the full human proteome (grey),

ordered drivers (blue) and

disordered drivers (red). Process names in grey represent processes that involve at least two

disordered drivers, names in white boxes mark other processes attached to disordered drivers. (D) Overrepresentation of

hallmarks of cancer for ordered (blue) and disordered (red) drivers compared to all census drivers.

Cancer hallmarks describe ubiquitously displayed traits of cancer cells [21]. In order
to quantify the contribution of drivers to each of the ten hallmarks, we manually curated
sets of biological process terms from the Gene Ontology that represent separate hallmarks
(see Data and Methods and Supplementary Table 56). Enrichment analysis of these terms
shows that all hallmarks are significantly overrepresented in census cancer drivers com-
pared to the human proteome (Supplementary Figure S3A), serving as a proof-of-concept
for the used hallmark quantification scheme. Furthermore, comparing drivers with iden-
tified regions to all census cancer drivers shows a further enrichment (Supplementary
Figure S3B), indicating that the applied region identification protocol of iSiIMPRe is able
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to pick up on the main tumorigenic signal by pinpointing strong driver genes. Separate
enrichment calculations for ordered and disordered drivers show that despite subtle dif-
ferences in enrichments, in general all ten hallmarks are overrepresented in both driver
groups (Figure 4D). This indicates that while the exact molecular mechanisms through
which ordered domain and IDR mutations contribute to cancer are highly variable, both
types of genetic modulation can give rise to all necessary cellular features of tumorigenic
transformation. Hence, IDR mutations provide a mechanism that is sufficient on its own
for cancer formation.

3.5. Disordered Drivers Can Be the Dominant Players at The Patient Sample Level

We assessed the role of the identified drivers at the patient level using whole-genome
sequencing data from TCGA; 10,197 tumor samples containing over three and a half million
genetic variations were considered to delineate the importance of disordered drivers at the
sample level across the 33 cancer types covered in TCGA. In driver region identification,
we only considered mutations with a local effect (missense mutations and in frame indels),
which naturally yielded only a restricted subset of all true drivers. However, in patient-
level analyses, we also considered other types of genetic alterations of the same gene in
order to get a more complete assessment of the alteration of identified driver regions per
cancer type (see Data and Methods).

In spite of the incompleteness of the identified set of driver genes, we still found
that on average about 80% of samples contain genetic alterations that affect at least one
identified ordered or disordered driver region. Thus, the identified regions are able to
describe the main players of tumorigenesis at the molecular level (Figure 5A). While at the
protein level typically either ordered or disordered regions are modulated (Figure 1B), at the
patient level most samples show a mixed structural background, most notably in colorectal
cancers (COAD and READ). Some cancer types, however, show distinct preferences for
the modulation of a single type of structural element. For thyroid carcinoma (THCA) or
thymoma (THYM), the molecular basis is almost always the exclusive mutation of ordered
protein regions. At the other extreme, the modulation of disordered regions is enough for
tumor formation in a considerable fraction of cases of liver hepatocellular, adrenocortical,
and renal cell carcinomas, together with diffuse large B-cell lymphoma (LIHC, ACC, KIRC
and DLBC). These results, in line with the previous hallmark analyses, show that IDR
mutations can constitute a complete set of tumorigenic alterations. Hence, there are specific
subsets of patients that carry predominantly or exclusively disordered driver mutations in
their exome.

Whole genome sequencing data was also used to assess the cancer type specificity
of disordered drivers (Figure 5B). Basically, all studied cancer types have at least one
disordered driver that is mutated in at least 1% of cases, with the exception of thyroid
carcinoma (THCA). There are only four disordered drivers that can be considered as generic
drivers, being mutated in a high number of cancer types. p53 presents a special case in this
regard, as it is the main tumor suppressor gene in humans and thus is most often affected
by gene loss or truncations which are likely to eliminate the corresponding protein product.
These alterations abolish the function of both the ordered and disordered driver regions at
the same time (the DNA-binding domain and the tetramerization region). In contrast, the
other three generic disordered drivers are predominantly altered via localized mutations in
their disordered regions: the degrons of 3-catenin and NRF2 and the central region of APC,
and hence these are true disordered drivers which are commonly mutated in several cancer
types. However, the majority of disordered drivers show a high degree of selectivity for
tumor types, being mutated only in very specific cancer types. This specificity is strongly
connected to the tumorigenic roles of disordered drivers (Figure 5C). Considering 1%
of patient samples as the cutoff, tumor suppressors are typically implicated in a broad
range of cancer types, while oncogenes on average show a high cancer type specificity.
Context-dependent disordered drivers are often mutated in only a very restricted set
of cancers.
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samples (0.49) from 8444 samples.

Strikingly, the identified disordered drivers can have an even more dominant role.
In several rarer cancers or more specific cancer subtypes which are not included in the
broad classes described in TCGA (including both malignant and benign cases), mutations
in a specific disordered driver are the main, or one of the main, driver events (Table 1).
Altogether, this list includes 18 of our disordered cancer drivers. In the collected cancer
types, targeting disordered regions can have a potentially huge treatment advantage,
and in many cases, the counteraction of these IDR mutations may be the only viable

therapeutic strategy.
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Table 1. Cancer types with mutation incidence rates around or above 10% in the disordered driver gene of interest per total

patients studied.

Tumor Type (Name) Implicated Gene Product Malignancy Incidence Reference
Diffuse large B-cell lymphoma . o
(ABC subtype) CARD11 malignant 9.6-10.8% (7/73,4/37) [72,73]
Burkitt lymphoma CCND3 malignant 14.6% (6/41) [74]
Diffuse large B-cell lymphoma . o
(ABC subtype) CCND3 malignant 10.7% (3/28) [74]
Diffuse large B-cell lymphoma . o
(PCNS subtype) CD79B malignant 31.6% (6/19) [75]
Acute myeloid leukaemia CEBPA malignant 15% (16/104) [76]
Myelodysplasia and acute . o
myeloblastic leukemia CSF1R malignant 12.7% (14/110) [77]
Endometrioid endometrial CTNNB1 malignant 87.0% (47/54) 78]
carcinoma (low-grade)
Ovarian endometrioid carcinomas . o
(low-grade) CTNNB1 malignant 53.3% (16/30) [79]
Hepatocellular carcinoma . o
(HBV /HCV related) CTNNB1 malignant 26% (32/122) [80]
Desmoid tumor CTNNB1 benign 73% (106/145) [81]
Juvenile nasopharyngeal CTNNB1 benign 75% (12/16) [82]
angiofibroma
Paraganglioma EPAS1 possibly malignant 17% (7/41) [83]
Adult granulof)i;f;} tumors of the FOXL2 malignant 93-97% (52/56, 86/89) [84,85]
Pedjiatric anaplastic . 17.9-27.1%
astrocytoma/glioblastoma H3F3A malignant (5/28,35/129) [86]
Giant cell tumor of bone . o
(stromal cell) H3F3A benign 92% (49/53) [87]
Chondroblastoma (stromal cell) H3F3B benign 95% (73/77) [871]
GIST KIT malignant 47% (57/121) [88]
Extraute.rme leiomyoma and MEDI12 (po§s1bly) 19% (6/32) [89]
leiomyosarcoma malignant
Phyllodes tumor of breast MED12 possibly malignant 49% (41/83) [90]
Uterine leiomyoma MED12 benign 70% (159/225) [91]
Rhabdomyosarcoma MYOD1 malignant 20% (10/49) [92]
Esophageal squamous cell NFE2L2 malignant 9.6% (47/490) [93]
carcinoma
B-cell progenitor acute . o
lymphoblastic leukemia PAX5 malignant 34-39% (40/117,94/242) [94,95]
Chronic myelomonocytic leukemia SETBP1 malignant 25% (14/56) [96]
Atypical Chronic Myeloid SETBP1 malignant 24.3% (17/70) [97]
Leukemia
Chronic myelomonocytic SRSF2 malignant 47% (129/275) [98]
leukaemia
Pituitary adenoma USP8 possibly malignant 14% (6/42) [99]
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3.6. Cancer Incidences Arising through Disordered Drivers Lack Effective Drugs

Next, we addressed how well disordered drivers are targetable by current FDA
approved drugs, as collected by the OncoKB database [100]. This database currently
contains 83 FDA-approved anticancer drugs, either as part of standard care or efficient
off-label use (see Data and Methods). These drugs have defined exome mutations that
serve as indications for their use. The majority of these drugs target ordered domains,
mostly inhibiting kinases. Currently only seven drugs are connected to disordered region
mutations, which correspond to only four sites in FGFR and c-Met. These drugs act
indirectly, targeting ordered kinase domains, to counteract the effect of the listed activating
disordered mutations.

This represents a clear negative treatment option bias against patients whose tumor
genomes contain disordered drivers. Considering all mutations in patient samples gathered
in TCGA, the fraction of disordered driver mutations actually serves as an indicator of
whether there are suitable drugs available. Patients with mostly ordered driver mutations
have a roughly 50% chance that an FDA-approved drug can be administered with the
expected therapeutic effect. This chance drops to 10% for patients with predominantly
disordered mutations (Figure 5D). Thus, incidences of cancer arising through disordered
driver mutations are currently heavily under-targeted, highlighting the need for efficient
targeting strategies for IDP-driven cancers.

4. Discussion

In recent years, cancer genome projects have revealed the genomic landscapes of many
common forms of human cancer. As a result, several hundred cancer driver genes have been
identified whose genetic alterations can be directly linked to tumorigenesis [27]. Only a few
of these genes correspond to “mutation mountains,” i.e., genes that are commonly altered in
different tumor types, while most of the cancer drivers are altered infrequently [53]. Cancer
driver genes are associated with a set of core cellular processes, also termed hallmarks [21].
At a more detailed level, however, drivers are surprisingly heterogeneous in terms of
molecular functions and cellular roles. In this work we showed that cancer drivers are
also diverse in terms of their structural properties. Using an integrated computational
approach, we identified a set of cancer drivers that are specifically targeted by mutation
in a disordered region. IDRs represent around 30% of residues in the human proteome
and are also an integral part of many cancer-associated proteins. Despite the critical roles
of these regions, they are often not the main sites of driver mutations [11]. Our results
confirmed that driver mutations that alter the proper functioning of ordered domains of the
encoded protein are slightly overrepresented compared to those that modulate the function
of disordered regions. Nevertheless, in a significant number of cases, corresponding to
around 20% of the mutated drivers, cancer mutations specifically target disordered regions
(Figure 1A).

The critical role of these disordered drivers in tumorigenesis is supported not only
by the enrichment of single nucleotide variations and in-frame insertions and deletions,
but also by literature data (Supplementary Table S2). Disordered drivers are associated
with known cancer hallmarks through specific biological processes (Figure 3A) and show
strong evolutionary conservation [101]. Driver mutations within IDRs are present in
samples across a wide range of cancer types, and can also be the main, or one of the
main, driver events for several tumor subclasses, including both malignant and benign
cases (Table 1). Our work highlighted several novel drivers that are not yet included in the
previous collections of cancer driver genes previously assembled based on a combination of
computational methods [27], indicating a hidden bias in the identification of driver genes.

The collection of disordered cancer drivers highlighted many interesting examples
that carry out important functions without relying on a well-defined structure, extending
the list of IDR with disease relevance. Many of the collected cases correspond to linear
motif sites which mediate interactions with globular domains, regulating interactions
and localization or cellular fate of proteins. However, the collected examples represent a
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broader set of functional mechanisms, encompassing DNA- and RNA-binding regions,
linkers, autoinhibitory segments and disordered domains. These functional modules can
also regulate the assembly of large macromolecular complexes and regulate the activity
of neighboring domains. The key to the proper functioning of the targeted IDRs is their
structural disorder, which enables them to undergo drastic conformational changes de-
pending on context-dependent regulation. While in most cases it has been clarified how
mutations of the critical IDR disrupt the balance between the different functional states,
our understanding of this mechanism is still incomplete for several examples (Figure 2,
Supplementary Table S2). For instance, the mutation and conservation pattern of MLH1
highlights a novel linear motif site within the disordered linker region of MLH1 with un-
known function. In the case of p14Arf, the functional role of the mutated region needs to be
revisited in the light of recent evidence on the relevance of phase separation organizing the
nucleolus [102]. ASXL1 and EP300 are both involved in chromatin remodelling, but little is
known about the functional roles of the disordered regions targeted by cancer mutations.
At the patient level, samples in general contain a combination of genetic alterations
that involve both ordered and disordered drivers. However, patients with mostly IDR
mutations typically have significantly limited treatment options. Most current anticancer
drugs target ordered protein domains, and are inhibitors designed against enzyme activity
(using either competitive or noncompetitive inhibition) [103-105]. In general, current
successful drug development efforts mainly focus on ordered protein domains derived
within the framework of structure-based rational drug design [106]. However, IDPs can
potentially offer new directions for cancer therapeutics [107]. Currently tested approaches
include the direct targeting of IDPs by specific small compounds, or blocking the globular
interaction partner of IDPs [108,109]. The successful identification of disordered drivers
and corresponding tumor types provides the first step in providing the means for new
therapeutic interventions in cancer types that currently lack treatment options.

5. Conclusions

In this work, we went beyond a simple association between IDRs and cancer by taking
advantage of the avalanche of data produced by systematic analyses and large-scale se-
quencing projects of cancer genomes. Our work underlines the direct driver role of IDRs in
cancer. It provides fundamental insights into the specific molecular mechanisms and regu-
latory processes altered by cancer mutations targeting IDRs, highlighting important regions
that need further structural and functional characterizations. Furthemore, we showed
that many already known cancer drivers rely on intrinsic flexibility for their function and
identified novel cancer drivers that had been overlooked by current driver identification
approaches, revealing a structure-centric bias that still exists in these methods. Importantly,
our work also demonstrates the relevance of disordered drivers at the patient level and
highlights a strong need to expand treatment options for IDRs. By looking at the timeline
of the COSMIC database, we can observe a steady growth of disordered drivers with every
new release (Supplementary Figure S4). Nevertheless, our study was restricted to cases
that were targeted by point mutations or in-frame insertions or deletions, therefore the
location of alterations can be directly linked to the perturbed functional module. However,
there are additional disordered drivers that are altered via more complex genetic mecha-
nisms in cancet, such as specific frameshift mutations (e.g., NOTCH1 [110]), chromosomal
translocations (e.g., BCR [111], ERG [112]) or copy number variations (e.g., p14ARF [113]).
Altogether these observations suggest that we can expect the emergence of further exam-
ples of genetic alterations of driver genes that interfere with structurally disordered regions
as the number of cancer studies increase/ Furthermoe, this paper also highlights cancer
types where novel drug design strategies targeting disordered regions are needed.

Supplementary Materials: The following are available online at https://www.mdpi.com/2218-2
73X/11/3/381/s1, Figure S1: The distribution of residues and cancer mutations, Figure S2: Iden-
tified regions are compact functional units, Figure S3: Overrepresentation of cancer hallmarks,
Figure S4: Growth of disordered cancer drivers, Table S1: List of regions identified using iSIMPRe,
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based on both COSMIC and TCGA mutations, Table S2: Identified disordered driver genes with all
annotations, Table S3: Gene Ontology terms used in the quantification of molecular toolkits used
by cancer driver genes, Table S4: Gene Ontology terms used in the quantification of interaction
capabilities, Table S5: Gene Ontology terms used in the quantification of biological process overlaps,
Table S6: Gene Ontology terms used in the quantification of hallmarks of cancer.
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Abstract: Cancer is a heterogeneous genetic disease that alters the proper functioning of proteins
involved in key regulatory processes such as cell cycle, DNA repair, survival, or apoptosis. Mutations
often accumulate in hot-spots regions, highlighting critical functional modules within these proteins
that need to be altered, amplified, or abolished for tumor formation. Recent evidence suggests that
these mutational hotspots can correspond not only to globular domains, but also to intrinsically
disordered regions (IDRs), which play a significant role in a subset of cancer types. IDRs have distinct
functional properties that originate from their inherent flexibility. Generally, they correspond to more
recent evolutionary inventions and show larger sequence variations across species. In this work,
we analyzed the evolutionary origin of disordered regions that are specifically targeted in cancer.
Surprisingly, the majority of these disordered cancer risk regions showed remarkable conservation
with ancient evolutionary origin, stemming from the earliest multicellular animals or even beyond.
Nevertheless, we encountered several examples where the mutated region emerged at a later stage
compared with the origin of the gene family. We also showed the cancer risk regions become quickly
fixated after their emergence, but evolution continues to tinker with their genes with novel regulatory
elements introduced even at the level of humans. Our concise analysis provides a much clearer
picture of the emergence of key regulatory elements in proteins and highlights the importance of
taking into account the modular organisation of proteins for the analyses of evolutionary origin.

Keywords: intrinsically disordered regions; linear motifs; gene duplications; de novo; evolutionary
origin

1. Introduction

Most human genes are thought to have an extensive and very deep evolutionary history. In line
with the thought “Nature is a tinkerer, not an inventor” [1], major human gene families date back to
the earliest Eukaryotic evolutionary events, or even beyond. The very oldest layers of human genes
encode metabolically, structurally, or otherwise essential proteins that typically go back to unicellular
evolutionary stages. Mutations to this core biochemical apparatus can prove disruptive to all aspects
of cellular life, and indeed, there are known mutational targets associated with genome stability and
cancer. In contrast to these “caretaker” genes, a more novel set of genes have emerged at the transition
to a multicellular stage. These “gatekeeper” proteins are involved in cell-to-cell communication,
especially in early embryonic development and tissue regeneration. Gatekeeper genes that control cell
division are among the best known cancer-associated oncogenes and tumor suppressors [2].

In order to establish the evolutionary origins of cancer genes, Domazet-Loso and Tautz carried
out a systematic analysis based on phylostratigraphic tracking [3]. By correlating the evolutionary
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origin of genes with particular macroevolutionary transitions, they found that a major peak connected
to the emergence of cancer genes corresponds to the level where multicellular animals have emerged.
However, many cancer genes have a more ancient origin and can be traced back to unicellular organisms.
These trends seem to apply to the appearance of disease genes [4] and novel genes in general as
well [5]. These studies were based on the evolutionary history of the founder domains. However,
new genes can also be generated by duplication either in whole or from part of existing genes, when
the duplicate copy of a gene becomes associated with a different phenotype to its paralogous partner.
This mechanism can also influence the emergence of disease genes [5].

By taking advantage of the flux of cancer genome data, several new proteins have been identified
to play a direct role in driving tumorigenesis during recent years [6]. One of the key signatures of
cancer drivers is the presence of mutation hotspot regions, where many different patients might show
a similarly recurrent pattern of mutations [7]. These hotspots are typically located within well-folded,
structured domains. However, many cancer associated proteins have a complex modular architecture,
incorporating not only globular domains, but also intrinsically disordered segments, which can also
be sites of cancer mutations. In our recent work, we systematically collected disordered regions
that are directly targeted by cancer mutations and analyzed their basic functional and system level
properties. [8]. While only a relatively small subset of such disordered cancer drivers was identified,
their mutations can be the main driver event in certain cancer types. These disordered regions can
function in a variety of ways including post-transcriptional modification sites (PTMs), linear motifs,
linkers, and larger sized functional modules typically involved in binding to macromolecular complexes.
These disordered cancer drivers have a characteristic functional repertoire and increased interaction
potential, and their perturbation can give rise to all ten hallmarks of cancer independently of ordered
drivers [8].

In general, owing to the lack of structural constraints, disordered segments show more evolutionary
variability [9]. In particular, linear motifs can easily emerge to a previously non-functional region of
protein sequence by only a few mutations, or disappear as easily, leaving little trace after millions or
billions of years [10]. However, elements fulfilling a critical regulatory function might linger on for
a longer time. So far, the evolutionary origin of intrinsically disordered regions that have a critical
function proven by a human disease association has not been analyzed.

In the current study, we studied the evolutionary origin of disordered cancer risk regions.
For this, we used a dataset of cancer driving proteins in which cancer mutations specifically targeted
intrinsically disordered regions [8]. We retrieved phylogeny data from the ENSEMBL Compara database.
Using a novel conservation and phylogenetic-based strategy, we determined the evolutionary origin
not only at the gene level, but also at the region level. In addition, we also investigated the emergence
mechanism of disordered cancer risk regions and how evolutionary constraints, selection, and gene
duplications events influenced the fate of these examples. Finally, we presented interesting case studies
that demonstrate the ancient evolutionary origin of these examples and the continuing evolution of
their genes built around the critical conserved functional module.

2. Materials and Methods

2.1. Dataset

We used a subset of the previously identified disordered cancer risk regions [8]. These regions
were identified based on genetic variations collected from the COSMIC database [11] using the method
that located specific regions that are enriched in cancer mutations [7]. Disorder status of these regions
was verified based on experimental data collected from dedicated databases and from the literature
when available, or based on consensus disorder prediction methods [8]. Mapping was not feasible for
CDKN2A isoform (Tumor suppressor ARF), because it was not present in the ENSEMBL database
we used in our study), hence this protein was excluded from the further analyses. Proteins in which
both disordered and ordered cancer regions were identified were filtered out in order to be able to
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focus clearly on the disordered regions. Regions that were primarily mutated by in-frame insertion
and deletion and contained less than 15 missense mutations were also excluded because of our
conservation calculation method (see below). Finally, histone proteins were merged, keeping the single
entry of HIST1H3B. Ultimately, we obtained a list of 36 disordered cancer risk regions of 32 proteins
APC (Adenomatous polyposis coli protein): 1284-1537, ASXL1 (Polycomb group protein ASXL1):
1102-1107, BCL2 (Apoptosis regulator Bcl-2): 2-80, CALR(Calreticulin): 358-384, CARD11 (Caspase
recruitment domain-containing protein 11): 111-134; 207-266; 337-436, CBL (E3 ubiquitin-protein
ligase CBL): 365-374, CCND3 (G1/S-specific cyclin-D3): 278-290, CD79B (B-cell antigen receptor
complex-associated protein beta chain): 191-199, CEBPA (CCAAT/enhancer-binding protein alpha):
293-327, CSF1R (Macrophage colony-stimulating factor 1 receptor): 969-969, CTNNB1 (Catenin
beta-1): 32-45, EIF1AX (Eukaryotic translation initiation factor 1A, X-chromosomal): 4-15, EPAS1
(Endothelial PAS domain-containing protein 1): 529-539, ESR1 (Estrogen receptor): 303-303, FOXA1
(Hepatocyte nuclear factor 3-alpha): 248-268, FOXL2 (Forkhead box protein L2): 134-134, FOXO1
(Forkhead box protein O1): 19-26, HISTIH3B (Histone H3.1): 28-28, ID3 (DNA-binding protein
inhibitor ID-3): 48-70, MED12 (Mediator of RNA polymerase II transcription subunit 12): 4444,
MLH1 (DNA mismatch repair protein Mlh1): 379-385, MYC (Myc proto-oncogene protein): 57-60,
MYCN(N-myc proto-oncogene protein): 44—44, MYOD1(Myoblast determination protein 1): 122-122,
NFE2L2 (Nuclear factor erythroid 2-related factor 2): 20-38; 75-82, PAX5 (Paired box protein Pax-5):
75-80, RPS15 (40S ribosomal protein 515): 129-145, SETBP 1 (SET-binding protein): 858-880, SMARCB1
(SWI/SNF-related matrix-associated actin-dependent regulator of chromatin subfamily B member 1):
368-381, SRSF2 (Serine/arginine-rich splicing factor 2): 95-95, USP8 (Ubiquitin carboxyl-terminal
hydrolase 8): 713-736, VHL (von Hippel-Lindau disease tumor suppressor): 54-136; 144-193.

2.2. Evolutionary Framework

In this work, we calculated the evolutionary origin of cancer risk regions within our dataset of
disordered proteins. Our approach focused on the age of orthologous gene families, instead of focusing
on the evolutionary origin of founder domains. Assignment of age of human gene families (origin)
was carried out using the ENSEMBL genome browser database. To identify the origin of individual
human gene families, we fetched the phylogenies and analysed the evolutionary supertrees built by the
pipeline of the ENSEMBL Compara multi-species comparisons project [12,13]. The used release (99) of
the project contained 282 reference species including 277 vertebrata, 4 eumetazoa, and 1 opisthokonta
(S. cerevisiae) species. Note that, in these phylogenies, the most ancient node can be the ancestor of
yeast. The origin of the gene family was identified by taking the taxonomy level of the most ancient
node of the phylogenetic supertrees. Taxonomy levels were broken into major nested age categories
(mammals, vertebrates, eumetazoa, opisthokonta), similarly to previous studies [14].

To define the evolutionary origin of regions, we built a customized pipeline that included collecting
and mapping mutations from COSMIC database to ENSEMBL entries, constructing multiple sequence
alignments of protein families, and mapping the cancer regions among orthologs and paralogs.
According to the ENSEMBL supertrees, protein sequences of human paralogs (including the cancer
gene) and their orthologs were queried from the database using the Rest API function. Then, multiple
sequence alignments of the corresponding sequences were created with MAFFT (default settings) [15].
On the basis of the sequence alignments, cancer regions were mapped onto the sequences. In the
mapping step, cancer regions were considered as functional units (linear motifs, linkers, disordered
domains) and borders of the regions were defined according to this. When the highly mutated regions
covered only a single residue, it was extended to cover the known functional linear motif or using its
sequence neighbourhood. On this basis, the subset of paralogs, in which the mapped cancer region
was found to be conserved, was identified.

Next, the set of sequences containing regions that showed evolutionary similarity to the mutated
regions were identified among the collected orthologs and paralogs. Conservation of the regions among
paralogs was evaluated relying on two strategies, by calculating the similarity of mutated positions in
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the cancer risk regions (see below) and based on HMM profiles. This consideration was taken into
account in order to reduce the chance of false conservation interpretation arising from the difficulty of
aligning disordered proteins. The HMM profiles were built from conserved cancer regions of vertebrate
model organisms using the HMMER (version 3.3) method [16]. The identified region hits were manually
checked to minimize the chance of false positives or negatives. Next, we identified the evolutionarily
most distant relative in which the cancer region was declared to be conserved. As a result, the origin
of the region could differ from the origin of the orthologous gene family, when paralogue sequences
that contained the conserved motif had a more ancient origin. Basically, we treated the cancer risk
regions as the founder of the family. The taxonomy level of this ortholog was defined as the level in
which the cancer region emerged in the common ancestor of this ortholog and H. sapiens.

2.3. Region Conservation

Within the identified cancer risk region, some of the positions could be more heavily mutated
and are likely to be more critical for the function of this region. We took this into account when
calculating the region conservation. Mutations for each position collected from the COSMIC database
were mapped to the corresponding ENSEMBL human entry. On the basis of the sequence alignment
corresponding to the cancer risk regions, we identified the positions that were similar to the reference
sequence. Two positions were considered similar when the substitution score was non-negative
according to the BLOSUMS62 substitution matrix. A given cancer region was considered to be conserved
between homologs, when the conserved residues carried more than 50% of missense mutations.

2.4. Positive Selection: Selectome and McDonald and Kreitman (MK) Test Results

For each entry in our dataset, we collected information about positive selection using the Selectome
database (current version 6) [17]. This database contains collected sites of positive selection detected
on a single branch of the phylogeny using the systematic branch-site test of the CODEML algorithm
from the PAML [18] phylogenetic package version 4b. The ratio of non-synonymous and synonymous
substitutions (w) can be interpreted as a measurement of selective pressure indicating purifying
(w values < 1), neutral (w values = 1), or positive (w values > 1) selection. In our work, positions
under positive selection that have a posterior probability higher than 0.9 were extracted from the
database and mapped onto our gene set.

However, the branch-site model generally cannot detect species-specific positive selection.
Potential cases of human-specific positive selection may be detected effectively by comparing divergence
to polymorphism data, as in the McDonald and Kreitman (MK) test. Human-specific positive selection
detected by MK test previously calculated [19] was mapped onto our dataset of disordered cancer genes.

3. Results

3.1. Evolutionary Origin of Genes and Regions

Altogether, we collected 36 cancer risk regions of 32 disordered proteins and investigated the
evolutionary origin at the level of genes and regions. The age estimation of disordered cancer genes
was obtained using the last common ancestor of descendants using the ENSEMBL supertrees, which
includes phylogeny of gene families returning not only individual gene history, but also relationships of
ancient paralogs and their history (see Material and Methods). Using this strategy instead of analysing
the evolution of individual genes or simply the emergence of the founder domain, we could define the
origin of regions more precisely, even the ancient ones, without introducing any bias of overprediction
of origins. However, some ambiguity still remained and was manually checked (Supplementary
Materials 1). The genes were traced back to opisthokonta (in accordance with the ENSEMBL database)
and divided into four major phylostratigraphic groups, which are associated with the emergence of
unicellular, multicellular organisms, vertebrates, and mammals.
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Previous results identified the level of eumetazoa as the main age for the emergence of cancer
associated proteins [3]. We observed a similar trend in the case of disordered cancer proteins.
Specifically, we found that 21 disordered cancer proteins, the majority of cases, have emerged at the
level of eumetazoa (Figure 1). Fourteen cases were found to be even more ancient and could be traced
back to single cell organisms, at least to opisthokonta. The only protein that emerged more recently,
at the level of vertebrates, was CD79B, the B-cell antigen receptor complex-associated protein 3 chain.
Its appearance is in agreement with the birth of many immune receptors [20] and is assumed to be
driven by the insertion of transposable elements.
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Figure 1. Conservation-based evolutionary origin of disordered cancer regions and genes. (A) The
orange and sky blue squares represent the origin of genes and regions, respectively. Gunmetal squares
indicate the same evolutionary origin at both region and gene levels. (B) Summary barchart of origins
in the three gene-age categories.



doszt anyi . zsuzsanna_45 22

Biomolecules 2020, 10, 1115 6 0of 17

In around half of the cases (21), the emergence of the mutated region was the same as the
emergence of the protein (Figure 1). Strikingly, these included five cases (EIF1AX, HISTIH3B, MLH1,
RPS15, SMARCB1) where not only the gene/protein, but also the region primarily mutated in human
cancers were very ancient and could be traced back to unicellular organisms. Fifteen regions with
Eumetazoa and one with Vertebrata origin could be traced back to the same level as their corresponding
gene. However, in several cases, the emergence of the region was a more recent event compared
with the emergence of the gene. Of these, eight regions emerged at the Eumetazoa and seven at the
Vertebrate level. In general, there was only one level difference between the emergence of the gene and
the region at this resolution. The only exception was SETBP1. In this case, the region itself emerged
at the vertebrate level. However, the gene could be traced back to opisthokonta level, although the
eumetazoa origin cannot be completely ruled out (see Supplementary Materials 1). Overall, many
of the disordered regions were more recent evolutionary inventions compared with the origin of
their genes, and date back to the common ancestors of eumetazoans or vertebrates. Nevertheless,
the ancestors of all of the regions were already present from the vertebrate level.

3.2. Position Conservation

Overall, these results point to the ancient evolutionary origin of disordered regions involved in
cancer, not only at the gene level, but also at the region level. To take a closer look, we also calculated the
conservation of individual positions within the regions based both in terms of homologous substitutions
and identity. The results show that these residues are highly conserved even compared with the
conservation of the whole sequence (Figure 2). Here, 86% of the regions have more than 0.8 average
conservation value even based on identities (Figure 2A). Among the cases with the four lowest values,
the conservation of VHL, CALR, and APC, which all correspond to relatively longer segments, was still
relatively high. The only outlier was BCL2. In this case, the mutations are distributed along the
N-terminal, encompassing the highly conserved BH4 motif, as well as the linker region between the
BH4 and C-terminal part, which is conserved only in mammals (Figure S1).
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Figure 2. Representation of average conservation values. (A) Sorted conservation values for each region
having positions with at least one mutation and for the whole protein. Squares (dark blue—region,
green—whole sequence) and triangles (light blue—regions, green—full sequence) represent BLOSUM62
and identity based conservation values, respectively. The outlier at the very end of the sequence
corresponds to the region of BCL2. (B-D) The number of regions and average conservation value of
regions having positions with at least 1, 15, and 25 mutations, respectively. The conservation values are
based on BLOSUMBS62 and identity, and the number of regions are colored by dark, medium, and sky
blue, respectively.
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Next, we investigated how this average value is altered when only the highly mutated positions
are considered. We repeated that analysis for positions that had at least 15 and 25 missense mutations,
which slightly decreased the number of regions considered. The remaining 28 and 17 regions with
positions having at least 15 and 25 mutations had 0.93, 0.89, 0.96, and 0.92 average conservation values
based on substitutions and identity, respectively (Figure 2C,D). This reflects a very clear trend with
positions with a higher number of cancer mutations showing higher evolutionary conservation.

We also collected sites of potential positive selection mapped onto our genes based on the
Selectome database [17], which provides information on likely molecular selection both at the level
of the evolutionary branch and the sequence position based on the ratio of non-synonymous and
synonymous substitutions (w). According to these results, positive selection affected only three genes
on the human lineage in our dataset, CALR, CTNNBI, and VHL. All of these selections could be
mapped onto the vertebrates division with multiple positions (see Material and Methods) (Table 1).

Table 1. Positive selection within disordered cancer genes. Positions within cancer risk regions are
colored blue. The numbers in brackets are the posterior probability of positive selection for each position.

Gene Positions under Positive Selection Referring to the Human Protein Sequence
CALR 83(0.971), 155(0.971), 177(0.990), 267(0.995), 307(0.994), 336(0.991), 360(0.999)
CTNNB1  121(0.999), 206(0.993), 250(0.998), 287(0.991), 411(0.998), 433(0.993), 525(0.997), 552(0.998), 556(0.916)
VHL 127(0.957), 132(0.942), 141(0.923), 171(0.947), 183(0.963), 185(0.920)

However, these positions showed limited overlap with the mutated regions. In the case of
CTNNBI, none of the positions under selection overlapped with the cancer mutated region. In the
case of CALR, there was only a single position under selection within the cancer risk region, but it
was not directly targeted by cancer mutations. In the case of VHL, six positions were detected with
selective pressure and five of them were situated within the significantly mutated region. However,
none of them corresponded to a highly mutated residue.

Taking advantage of an earlier analysis [19], we also analyzed if there was any human specific
positive selection. As the w based approach can not be used without uncertainty to identify
human-specific positive selection, this work relied on the McDonald and Kreitman (MK) test,
which compares the divergence to polymorphism data using closely related species, such as human and
chimp. There was only a single entry in our database, ESR1, that showed human specific evolutionary
changes (see case studies).

3.3. Contribution of Duplications to the Emergence of Disease Risk Regions

Gene duplications often drive the appearance of a novel function through the process called
neofunctionalization. In these cases, after a duplication event, one copy may acquire a novel, beneficial
function that becomes preserved by natural selection. Here, we have evaluated whether the emergence
of disordered cancer regions corresponds to such neofunctionalization events. For this analysis,
we collected paralog sequences and evaluated if there were regions present in these sequences that
showed clear evolutionary similarity to the cancer mutated region.

The evolutionary history of many genes is quite complex and can involve multiple duplication
events. We focused on the level where the cancer regions emerged and distinguished the following
scenarios based on the relationship between the duplication and the presence of the region among
the paralogs. The first scenario corresponds to duplication induced neofunctionalization. In this case,
an ancient cancer region emerged directly after a given gene duplication and became preserved in
only one of the branches that appeared after the duplication (Figure 3A). There are two basic scenarios
in which the duplication cannot be directly linked with the emergence of the regions. One possible
scenario is when both branches contain the region, which indicates that the region must have emerged
before the duplication (Figure 3B). The other possible scenario is when the region emerged at a later
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evolutionary stage after a duplication, and duplication cannot be directly linked to neofunctionalization
(Figure 3B).
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Figure 3. The mechanisms of emergence of regions by neofunctionalization and de novo.
(A) Demonstration of the model of duplication induced (neofunctionalization) cancer region emergence.
(B) Depiction of the two sub-scenarios of the de novo region emergence. Mallow boxes and arrows
explain the evolution of the region. Red and green triangles symbolize the further evolution of paralogs
after gene duplications.

Surprisingly, the duplication induced neofunctionalization was much less common than we
expected, with only seven cases showing this behaviour. One example for this scenario is presented by
the 3-catenin family, where the degron motif [21] based cancer risk region that emerged after duplication
is present only on the branch of 3-catenin and junctional plakoglobin (JUP). In contrast, we found
that 23 regions have evolved by de novo emergence, which seemed to be the dominant mechanisms
for the emergence of the analyzed cancer mutated disordered regions (Figure 4A). For example, ID3
underwent multiple duplications, but all paralogs contain the cancer risk region, which indicates that
the region emerged prior to the duplication. Another example is ESR1, in which case the paralogs
were born at the level of eumetazoa; however, this event is not directly linked to the emergence of the
cancer region, which appeared only at the level of the ancient vertebrates. In addition, there were two
singletons in our dataset, RPS15 and SMARCB1, which did not have any detectable paralogs. In the
cases of ASXL1, CCND3, SETBP1, and the first region of CARD11, the evolutionary scenarios could
not be unambiguously established. These six examples formed the “Other” group.
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Figure 4. Categorization of emergence scenarios and evolutionary fates of cancer regions. (A) The
number of regions that have emerged by duplication or de novo. Six regions were not categorized
(Other). (B) Classification of cancer regions in terms of their evolutionary fate after emergence.

We also analyzed if additional duplication events occurred after the emergence of regions and
whether the novel paralogues retained the regions. There are basically three scenarios that can occur:
(i) the region is preserved without any further duplications; (ii) the region spreads and becomes
preserved in all of the novel duplicates; (iii) partial loss scenario, that is, the region is preserved in some
duplicates, but is lost in others. Our results show that the most common evolutionary fate is the second
one (Figure 4B). In 29 cases, at least one duplication that inherited the region can be observed after
the emergence of the cancer region. In contrast, only five regions were not duplicated. Some ancient
cases, such as MLH1 and USPS, are also included among the non-duplicated ones, which means that
the reason for the lack of duplications is not the short evolutionary time. The partial loss scenario
was observed in only two cases, in the case of VHL and NFE2L2. For instance, in the case of VHL,
there was a relatively recent gene duplication at the level of mammals. While the N-terminal segment
is present on both paralogs (VHL and VHLL), the C-terminal segment is only present in VHL, but was
lost from VHLL. In a similar fashion, NFE2L2 underwent a more recent gene duplication at the level
of vertebrates, but the newly emerged paralog did not retain the two linear motifs that are primarily
targeted by cancer mutations.

3.4. Case Studies

3.4.1. MLH1

One of the most ancient examples in our dataset corresponds to MLH1 (MutL Homolog 1),
an essential protein in DNA mismatch repair (MMR). As one of the classic examples of a caretaker
function, mutations of MLH1 can lead to cancer by increasing the rate of single-base substitutions and
frameshift mutations [22]. Several positions of MLH1 are mutated in people with Lynch syndrome, also
known as hereditary nonpolyposis colorectal cancer (HNPCC). However, according to the COSMIC
database of somatic cancer mutations, the most common mutation of MLH1 is V384D. Mutational
studies of V384D using yeast assays and in vitro MMR assay did not indicate a strong phenotype,
but still showed a limited decrease of MMR activity [23]. However, it was shown that the (mostly
germline) V384D variant is clearly associated with increased colorectal cancer susceptibility [24], and it
is highly prevalent in HER2-positive luminal B breast cancer [25].

MLH]1 is an ancient protein that is present from bacteria to humans. It has a highly conserved
domain organization that involves ordered N- and C-terminal domains connected by a disordered
linker [26] (Figure 5). This underlines the functional importance not only of the structured domains,
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but also of the connecting disordered region. In our previous work, we identified the region from 379
to 385 to be significantly mutated [7], which is located within the disordered segment. Recently, it was
shown that the linker can regulate both DNA interactions and enzymatic activities of neighboring
structured domains [27]. In agreement with the linker function, both the composition and length of this
intrinsically disordered region (IDR) are critical for efficient MMR. Overall, most of the linker shows
relatively low sequence conservation, however, the identified cancer risk region is highly conserved
from across all eukaryotic sequences (Figure 5), in an island-like manner. Although the exact function
of this region is not known, the strong evolutionary conservation indicates a highly important function,
not yet explored in detail.
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Figure 5. Alignment of MLH1 orthologs generated with MAFFT [15] and domain structure of human
MLH1. The segment of the alignment represents the cancer region (highlighted by a rectangle) with the
missense mutation distribution depicted by gray bars. Domains are depicted by yellow, disordered
regions by red boxes, while the green box indicates the cancer risk region.

3.4.2. VHL

VHL, the Von Hippel-Lindau disease tumor suppressor protein possesses an E3 ligase activity.
It plays a key role in cellular oxygen sensing by targeting hypoxia-inducible factors for ubiquitylation
and proteasomal degradation. To carry out its function, VHL forms a complex with elongin B, elongin
C, and cullin-2 and the RING finger protein RBX1 [28,29]. VHL has an a-domain (also known as the
VHL-box, residues 155 to 192) that forms the principal contacts with elongin C, and a larger 3-domain
(residues 63 to 154) that directly binds the proline hydroxylated substrate, HIF1x. The positions
mutated across various types of cancers cover a large part of the protein, including both the o« and
domains. While these regions form a well-defined structure in complex with elongin B, elongin C,
and cullin-2, they are disordered in isolation and rapidly degraded [30].

The VHL gene emerged de novo at the level of Eumetazoa together with HIFx and PHD,
the other key components of the hypoxia regulatory pathway. However, more recently, the gene
underwent various evolutionary events. The VHL gene showed slightly higher evolutionary variations
compared with other cancer risk regions (Figure 2). Some positions, including K171, showed signs of
positive selection at the level of Sarcopterygii, which might implicate the occurrence of an important
evolutionary event. It was shown that the SUMO E3 ligase PIASy interacts with VHL and induces
VHL SUMOylation on lysine residue 171 [31]. VHL also undergoes ubiquitination on K171 (and K196),
which is blocked by PIASy. In the proposed model of the dynamic regulation of VHL, the interaction
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of VHL with PIASy results in VHL nuclear localization, SUMOylation, and stability for blocking
ubiquitylation of VHL. Meanwhile, PIASy dissociation with VHL or attenuation of VHL SUMOylation
facilitates VHL nuclear export, ubiquitylation, and instability. This dynamic process of VHL with
reversible modification acts in concert to inhibit HIF1« [32].

A novel acidic repeat region appeared at the N-terminal region of the protein at the level of
Sarcopterygii, and this region underwent further repeat expansion in the lineage leading up to humans
(Figure 6). These GXEEx repeats are generally thought to confer additional regulation to the long isoform
of VHL (translated from the first methionine), with a number of putative (USP7) or experimentally
detected (p14ARF) interactors [33]. Although poorly studied, this repetitive region also seems to
harbour casein kinase 2 (CK2) phosphorylation as well as proteolytic cleavage sites, regulating VHL
half-life (consistent with a deubiquitinase, such as USP7 binding role) [34]. As a result of a recent
gene duplication, the human genome even encodes a VHL-like protein (VHLL), which has lost the
C-terminal segment including the o« domain. Consequently, VHLL cannot nucleate the multiprotein
E3 ubiquitin ligase complex. Instead, it was suggested that VHLL functions as a dominant-negative
VHL to serve as a protector of HIF1o [35]. This example demonstrates that, while the basic cancer risk
region remains largely unchanged during evolution, additional regulatory mechanisms can emerge to
further fine-tune the function of the protein.
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Figure 6. Schematic representation of the evolutionary scenario of the VHL family and the functional
units of the members. Repeat units in varying numbers and the « and 3 core domains are depicted
by green and yellow boxes, respectively. Red stripe in the & domain of human VHL indicates
K171 identified to emerge by positive selection on the Sarcopterygii branch (mapped K171 to other
Sarcopterygii are also indicated by red stripes).

3.4.3. ESR1

Estrogen receptor 1 (ESR1) is a member of the nuclear hormone receptor family with eumetazoan
origin. The most common mutation in both primary and tamoxifen therapy associated samples
corresponds to a single mutation (K303R). This single site emerged more recently (Figure 7) and is
located in a rather complex switch region adjacent to the ligand-binding domain (Figure S2). The highly
mutated K303 of ESR1 (more than 200 K303R missense mutations are seen in COSMIC) is a part of a
motif-based molecular switch region involving several mutually exclusive PTMs. At positions 302,
303, and 305, methylation by SET7/9, acetylation by p300, and phosphorylation by PKA or PAK1 were
observed in previous studies, respectively [36—40]. Our results show that this region is conserved only
in Sarcopterygii, which indicates a relatively young evolutionary origin of the switching mechanism.
However, while the methylation and acetylation sites are well conserved, the phosphorylation motif
appears to be specific only to H. sapiens. We came to this conclusion because R300 and K302 as well
as L306 are required for the protein kinase A (PKA) phosphorylation consensus and the oncogenic
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mutation K303R is expected to turn this region into an even better PKA substrate [41,42]. Curiously,
these residues are not found in any other mammal, supposing species specific adaptive changes.

Comparison of substitutions and polymorphic sites is a powerful approach to identify specific
changes in a pair of closely related species, like H. sapiens and chimpanzee. Relying on this approach,
198 of 9785 analyzed genes were identified to show human-specific changes including ESR1 [19].
In ESR1, there are three more changes besides R300 and K306 (L44, Q502, S559) between H. sapiens and
chimp that are also thought to be adaptive substitutions according to the MK test. Phosphorylation of
5559 was experimentally identified, suggesting this residue is also a H. sapiens specific PTM [43,44],
but there is no specific data in the literature about the biological function of L44 and Q502. Yet, we know
that phosphorylation of S305 allows the increase of estrogen sensitivity by external stimuli other than
steroids, and permits ESR1 activity even when the canonical estrogen effect is completely blocked
by tamoxifen [40,42]. In mice, ESR1 activity is essential for the estrogen effect and normal estrous
episodes [45,46]. Although we lack information, we theorize that this human-specific signaling
crosstalk might somehow be connected to the continuous menstrual cycle of H. sapiens (quite unusual
among mammals), or some other human-specific reproductive adaptation.
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Figure 7. Insertion-free sequence alignment of estrogen receptor 1 (ESR1) orthologs and domain

structure of human ESR1. The alignment generated with MAFFT [15] represents the cancer region with
sites of post-translational modifications. Borders of non-depicted insertion of zebrafish are indicated by
lower case letters. The highly mutated position (K303R) is highlighted by a rectangle. PTM sites are
indicated by circles above the alignment. H. sapiens specific changes are colored in red. Domains are
depicted in yellow, disordered regions are depicted by red boxes, while the green boxes indicate the
cancer risk regions.

4. Discussion

In our study, we aimed to estimate the evolutionary origin of disordered regions that are specifically
targeted in cancer. Intrinsically disordered protein regions play essential roles in a wide-range of
biological processes and can function as linear motifs, linkers, or other intrinsically disordered
domain-sized segments [47]. They are integral parts of many cancer associated proteins and, in a
smaller number of cases, they can also be the direct targets of cancer driving mutations. In general,
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IDRs are believed to be of more recent evolutionary origin, and exhibit higher rates of evolutionary
variations compared with that of folded globular domains [9]. However, this is not what we see in
the case of disordered cancer genes. Instead, we observed that cancer-targeted disordered regions are
extremely conserved with deep evolutionary origins, which underlines their critical function. The two
main ages for emergence of disordered cancer genes can be linked to unicellular organisms and the
emergence of multicellularity, in agreement with the result of phylostratigraphic tracking of cancer
genes in general [3].

One of the most unexpected findings of our study is the examples of disordered cancer genes that
can be traced back to unicellular organisms. Mechanistically, the group of cancer genes that emerged
in unicellular organisms were suggested to play a caretaker role and contribute to tumorigenesis
by increasing mutation rates and genome instability. In contrast, cancer genes that emerged at the
level of multicellularity were suggested to typically have a gatekeeper function and promote tumour
progression directly by changing cell differentiation, growth, and death rates [48]. MLH]1 is one of
the best characterized examples of a gene with a caretaker function [49]. It is involved in mismatch
repair (MMR) of DNA bases that have been misincorporated during DNA replication. Thus, disruptive
mutations of MLH1 greatly increase the rate of point mutations in genes and underline various
inherited forms of cancer. However, the most commonly seen alterations in patients are located in the
flexible internal linker. Mutational studies indicate that this highly conserved segment might not be
directly involved in MMR, but likely has an important, currently uncharacterized function. The other
ancient examples are also involved in basic cellular processes, however, they are associated with a
broader set of functions. HISTIH3B, SMARCB1, and SETBP1 are involved in epigenetic regulation and
their mutations can alter gene expression patterns [50,51]. Mutations of EIF1AX and RPS15 are likely
to perturb translation events [52,53]. However, SRSF2, which is responsible for orchestrating splicing
events, can also have a global influence on cellular states [54]. Therefore, the caretaker function is also a
subject of evolution and some of its components emerged as a result of more recent evolutionary events.

A clear novelty of our approach is to focus at the origin of sub-gene elements; that is, regulatory
regions, modules, and domains, instead of full genes. The genes can be built around founder genes that
have an extremely ancient origin, but their biological function and regulation can change fundamentally
during subsequent evolution. In several cases, the origin of the cancer mutated region was substantially
more recent than the origin of the gene. Nevertheless, after their emergence, disordered cancer regions
were fixated rapidly and showed little variations afterwards. However, their evolution at the gene
level was not set in stone and there are several indications that this process continues indefinitely.
In several cases, the cancer genes underwent gene duplications, further regulatory regions were added,
or fine-tuned by changing some of the less critical positions. We highlighted a fascinating case when
such an event occurred when our species, H. sapiens, separated from its primate relatives.

In general, the rate of gene duplications is very high (0.01 per gene per million years) over
evolution, which provides the source of emergence of evolutionary novelties [55]. According to the
general view, paralogs go through a brief period of relaxed selection directly after duplications—this
time ensures the acquisition of novelties—and subsequently experience strong purifying selection,
preserving the newly developed function. However, our results showed that only a few disordered
cancer regions have emerged in a duplication induced manner and the vast majority of disordered
cancer regions emerged de novo, independent of duplications. The evolution of disordered regions
is better described by the ex-nihilo motif theory, which is based on the rapid disappearance and
emergence of linear motifs by the change of only a few residues within a given disordered protein
segment [10]. This evolutionary phenomenon is commonly observed in the case of linear motifs,
for example, in the case of NFE2L2. This protein carries a pair of crucial linear motifs that have emerged
in the ancient eumetazoa, but are not preserved in the most recent duplicates. In an evolutionary
biology aspect, our results suggest that the evolution of functional novelties in the case of disordered
region mediated functions requires a more complex model.
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Exploring the evolutionary origin of cancer genes is an important step to understand how this
disease can emerge. This knowledge can also have important implications of how their regulatory
networks are disrupted during tumorigenesis and can be incorporated into developing improved
treatment options [56]. In this work, we focused on a subset of cancer genes that belong to the class
of intrinsic disordered proteins, which rely on their inherent flexibility to carry out their important
functions. While the selected examples represent only a small subset of cancer genes, they are
highly relevant for several specific cancer types [8]. In general, disordered proteins are evolutionarily
more variable compared with globular proteins, however, the disordered cancer risk regions showed
remarkable conservation with ancient evolutionary origin, highlighting their importance in core
biological processes. Nevertheless, we found several examples where the region specifically targeted
by cancer mutations emerged at a later stage compared with the origin of the gene family. Our results
highlight the importance of taking into account the complex modular architecture of cancer genes in
order to get a more complete understanding of their evolutionary origin.
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Figure S1: Sequence alignment of BCL2 cancer region. Figure S2: Schematic representation of the evolutionary
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selected cases.
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