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Abstract 

This thesis is a literature review focused on folded proteins, their interactions, and 
the state-of-the-art computational methods for predicting folded protein–protein 
interactions (PPIs). PPIs can be divided into permanent and transient, depending 
on the lifetime of the protein complexes, which consist of two or more interacting 
proteins. Studying protein complexes and PPIs is essential for increased under-
standing of cellular behaviour and drug-discovery, as aberrant interactions have 
been connected to diseases. PPIs can be uncovered using experimental methods, 
such as nuclear magnetic resonance, X-ray crystallography, and cryo-electron mi-
croscopy. However, experimental methods are time-consuming and expensive 
compared to computational modelling, which offers a significantly faster and 
cheaper alternative. 
 
Computational PPI prediction methods have developed rapidly due to the increas-
ing amount of easily available protein sequence-structure data and advancements 
in machine learning algorithms. PPIs and protein complexes can be modelled using 
ab-initio docking, template-based docking, or machine learning based approaches, 
such as AlphaFold-Multimer. Ab-initio docking uses the structures of the unbound 
target proteins, whereas template-based docking relies on templates of known pro-
tein complexes. AlphaFold-Multimer uses multiple sequence alignments to predict 
interfacial contacts between the target protein sequences. The quality of PPI pre-
dictions can be assessed using different evaluation criteria, such as root-mean-
square-deviation (RMSD) and DockQ values, which are also applied in the CASP-
CAPRI blind prediction experiments. 
 
Computational methods offer viable alternatives to experimental methods for mod-
elling most folded PPIs. However, further development in the field of computa-
tional PPI prediction is still needed. For example, prediction of protein complexes 
involving antibodies often remains insufficient, even though predicting them could 
greatly contribute to the development of new medicines and treatments.  The future 
focus of the field is obtaining more data for the machine learning models, where 
experimental investigations are key. 
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Tiivistelmä 

Tämä kandidaatintutkielma on kirjallisuuskatsaus laskostuneiden proteiinien 
(engl. folded proteins) rakenteista ja vuorovaikutuksista sekä ajankohtaisista tieto-
konemallinnuksen menetelmistä, joita käytetään näiden vuorovaikutusten ennus-
tamiseen. Proteiinien väliset vuorovaikutukset voidaan jakaa lyhytaikaisiin (engl. 
transient) ja pitkäaikaisiin (engl. permanent) riippuen siitä, kuinka pitkäikäisiä 
näiden vuorovaikutusten muodostamat proteiinikompleksit ovat. Koska useimmat 
proteiinit vuorovaikuttavat keskenään soluissa, proteiinikomplekseja ja vuorovai-
kutuksia tutkimalla voidaan paremmin ymmärtää solujen aineenvaihduntaa ja ke-
hittää uusia lääketieteellisiä hoitomenetelmiä. Proteiinien välisiä vuorovaikutuksia 
voidaan kokeellisesti tutkia esimerkiksi röntgenkristallografialla, ydinmagneetti-
sella resonanssilla tai kryoelektronimikroskopialla, mutta kokeelliset menetelmät 
ovat hitaita ja kalliita verrattuna tietokonemallinnukseen, joka tarjoaa huomatta-
vasti nopeampia ja edullisempia vaihtoehtoja. 
 
Proteiinikompleksien ja -vuorovaikutusten mallinnus on kohdannut suuria edistys-
askeleita jatkuvasti lisääntyvän proteiinisekvenssi- ja rakennedatan sekä koneop-
pimisen hyödyntämisen myötä. Useiden kirjallisuuslähteiden ja tutkimusten pe-
rusteella ajankohtaiset proteiinikompleksien mallinnusmenetelmät hyödyntävät 
yksittäisten proteiinien rakenteita (engl. ab-initio docking), ennalta tunnettujen 
proteiinikompleksien rakenteista tehtyjä templaatteja (engl. template-based 
docking), tai koneoppimista, kuten AlphaFold-Multimer -ohjelman tapauksessa. 
Mallinnusmenetelmien tuloksia arvioidaan erilaisilla arviointikriteereillä, kuten 
virheen neliöllisillä keskiarvoilla (RMSD) ja DockQ-arvoilla, joita käytetään myös 
puolueettomasti järjestetyissä CASP-CAPRI -kokeissa.  
       
Huolimatta merkittävistä edistysaskeleista, alalta löytyy edelleen kohteita jatkoke-
hitykselle. Nykyiset mallinnusmenetelmät eivät esimerkiksi kykene hyväksytysti 
mallintamaan vasta-aineita sisältäviä proteiinikomplekseja, vaikka niiden mallin-
taminen voisi tarjota merkittäviä mahdollisuuksia uusien lääketieteellisten hoito-
jen kehityksessä. Alan tulevaisuus painottuu todennäköisesti koneoppimismallei-
hin, joiden opettamiseen tarvitaan nykyistä enemmän luotettavaa dataa. Proteiini-
vuorovaikutusten tutkimiseen käytettyjen mallinnusmenetelmien lisäksi myös ko-
keelliset menetelmät pysyvätkin edelleen ajankohtaisina, sillä kokeellista tietoa tar-
vitaan mallinnusmenetelmien kehitykseen sekä tulosten arviointiin ja vertailuun. 
 

Avainsanat  laskostuneet proteiinit, proteiinien rakenteet, proteiinien väliset vuo-
rovaikutukset, proteiinikompleksit, tietokonemallinnus 
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1 Introduction 
 

Proteins are structurally complex molecules that perform essential functions 

in cells of all living organisms. For example, proteins participate in molecular 

transport, gene regulation, supporting cell structures, extracellular signal-

ling, and enzymatic reactions [1]. It has been estimated that 80% of proteins 

interact with other proteins, forming active protein complexes by protein–

protein interactions (PPIs) [2]. Therefore, prediction of PPIs leads to in-

creased understanding of cellular processes and may facilitate the develop-

ment of new pharmacological treatments. 

 

Interactions between proteins depend on their tertiary structures. Protein 3D 

structures and PPIs can be uncovered using experimental methods, which 

are typically time-consuming and expensive [3]. Computational PPI predic-

tion methods offer less resource-consuming alternatives. They have devel-

oped at a high rate due to continuously increasing data on protein sequences 

and the corresponding structures [4]. Additionally, recent machine learning-

based approaches have provided significant increases in PPI prediction ac-

curacies [5].  

 

This thesis answers to research questions on how folded proteins interact 

with each other and what are the computational PPI prediction methods used 

to predict these interactions. First, folded protein structures, PPIs, and their 

significance in regulating biological processes will be covered. Next, the com-

putational PPI prediction methods, including ab-initio docking, template-

based docking, and a machine learning-based approach AlphaFold-Multimer 

will be introduced. Finally, the performance and assessment of these meth-

ods will be discussed by presenting evaluation criteria applied in The Critical 

Assessment of protein Structure Prediction and the Critical Assessment of 

Predicted Interactions (CASP-CAPRI experiments) [5]. 

 

Computational PPI prediction is considered as one of the upcoming break-

throughs in biological research, although further development is still re-

quired. For example, current computational prediction methods perform 

poorly in predicting short-living (transient) or flexible PPIs [4]. As proteins 

have by far the most complicated structures and functions of known mole-

cules [1], there also exists various types of PPIs that may require different 

prediction approaches. This thesis provides guidance for selecting the most 

appropriate computational method for predicting PPIs between the target 

proteins. 
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2 Proteins 
 

Proteins are the main building blocks of all cells [1]. They account for most 

of the cell’s dry mass, and they are responsible for various cellular functions 

due to their ability to adopt different shapes [1, 6]. For example, enzymes are 

proteins whose catalytic activities depend strongly on their spatial shapes, or 

“conformations” [7].  

 

Until the end of the 20th century, the understanding of proteins was domi-

nated by the structure-function paradigm, which assumed that an ordered 

three-dimensional conformation was a prerequisite for a functional protein 

[1]. However, intensive reassessment of this classical structure-function par-

adigm has shown that there also exist many intrinsically disordered proteins 

that have a high degree of conformational flexibility instead of a stable con-

formation [8]. These disordered regions account for up to 50% of eukaryotic 

proteomes [9]. Today, the activity of proteins is not indeed perceived as ei-

ther active or inactive based on ordered and disordered states, but instead, a 

continuum between these states [10]. This is important to be aware of, but 

not further discussed in this thesis. Additional information on disordered 

proteins and their interactions can be found in literature, such as [11-13]. This 

thesis focuses on folded proteins with ordered structures. 

 

2.1 Folded proteins 
 

Protein’s primary structure is assembled from a set of 20 different amino ac-

ids, which join into a linear chain that typically consists of 50 to 2000 subse-

quent amino acid residues [1]. This polypeptide chain is formed by covalent 

peptide bonds, that result from dehydration reactions between a carboxyl 

terminus (COOH) and an amino terminus (NH2) of adjacent amino acids [1]. 

The backbone of the polypeptide chain is a repeating structure of core atoms 

C, N, H, and O. Additionally, the backbone includes different side chains, that 

are unique for each amino acid and are not involved in peptide bond for-

mation [1]. Based on their electrical charge distribution, side chains are cat-

egorized into nonpolar, uncharged polar, negatively charged, and positively 

charged side chains [1]. Side chains determine the chemical properties of 

amino acids, and eventually entire proteins, since individual polypeptide 

chains differ only by the sequence and number of side chains while the back-

bone chemistry remains the same. 

 

Both the amino acid side chains and the polypeptide backbone participate in 

protein folding, a process in which the functional three-dimensional struc-

ture of a protein is achieved [14]. In the case of folded proteins, the polypep-

tide chain tends to fold into a 3D structure that has the lowest free energy 
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[15] and is therefore the most energetically favourable. Protein folding in-

volves formation of secondary and tertiary structures, which together ac-

count for the 3D conformation. The secondary structure refers to local spatial 

arrangements of adjacent amino acids, whereas the tertiary structure is the 

overall three-dimensional arrangement of the polypeptide chain including 

the recurring secondary structures [16]. Finally, a quaternary structure is 

achieved if tertiary structures of several polypeptide chains join together, 

which is the case for most proteins [17]. Figure 1 illustrates the primary, sec-

ondary, tertiary and quaternary structures, and how they are related to each 

other. 

 

 

 
Figure 1. A schematic showing the a) primary, b) secondary, c) tertiary, and 

d) quaternary structure of a protein. The amino acid side chains are denoted 

as “R” in the primary structure. [18] 

 

 

a) b) 

c) d) 
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Folding is regulated by noncovalent bonds, including van der Waals attrac-

tions, hydrogen bonds, electrostatic interactions, and most importantly, hy-

drophobic interactions [1, 14]. Noncovalent bonds are much weaker com-

pared to covalent peptide bonds between the backbone atoms. Therefore, the 

number of weak noncovalent bonds remarkably affects the stability of a fold 

[1]. The noncovalent bonds that participate in protein folding involve atoms 

of both the polypeptide backbone and the amino acid side chains. 

 

The protein’s secondary structure is achieved when noncovalent bonds, more 

specifically hydrogen bonds [16], form between nitrogen and oxygen atoms 

of N-H and C=O groups of the backbone [1]. In general, hydrogen bonds are 

interactions between an electronegative atom (O, F, N, or S in this context) 

and a hydrogen atom that is covalently connected to another electronegative 

atom [19]. Approximately 50% of the structures of all proteins are folded into 

secondary structures, which include two main recurring motifs, α-helices and 

β-pleated sheets [20] (see Fig. 1). Secondary structures can occur in all pro-

teins regardless of amino acid sequences, because the hydrogen bonds of sec-

ondary structures only involve atoms of the polypeptide backbone, the struc-

ture of which remains similar for all polypeptide chains. However, hydrogen 

bonds that stabilize the protein conformation may also occur between the 

polypeptide backbone and an amino acid side chain or between two side 

chains [1], but in this case, they do not participate in the secondary structure 

formation. Instead, they participate in forming the tertiary structure, where 

interactions also involve atoms of the amino acid side chains [21]. 

 

The tertiary structure of a protein is a compact 3D conformation with low 

surface-to-volume ratio [21]. The tertiary structure results from noncovalent 

bonds including hydrophobic interactions, ionic bonds, and hydrogen bonds, 

but also covalent disulfide bonds [22]. These disulfide linkages remarkably 

stabilize the protein fold, because a large amount of energy is required to 

break this covalent bond between sulfur atoms of two cysteine side chains 

[1]. Whereas cysteine side chains account for these covalent disulfide bonds, 

other amino acid side chains account for the noncovalent bonds. Uncharged 

polar side chains can form hydrogen bonds, and charged side chains can form 

ionic bonds [21], which are electrostatic attractions between two oppositely 

charged ions [23]. Furthermore, nonpolar side chains account for hydropho-

bic interactions [1], which are further discussed below. The different interac-

tions and chemical bonds responsible for forming and stabilizing the tertiary 

structure are compiled in Figure 2. 
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Figure 2. Schematic showing the variety of interactions and chemical bonds 

that stabilize the tertiary structure of proteins. [21] 

 

Hydrophobic interactions are generally described as the main driving force 

of protein folding and stability [14]. Hydrophobic effect describes the aggre-

gation process of nonpolar molecules and molecular surfaces in aqueous so-

lutions [24] as a result of hydrophobicity. When hydrophobic residues get 

closer to each other, they displace the water molecules between them into the 

bulk solution. The bulk water molecules can move more freely than the inter-

facial water molecules, which are more ordered at the solute-water interface. 

Thus, the displacement of water molecules into the bulk leads to increased 

entropy due to less structured water molecules [24]. This is entropically fa-

vourable [25] and contributes aggregation and protein folding. Even though 

the polypeptide chain becomes more ordered and loses entropy upon folding, 

for spontaneously folded proteins, this entropy loss is compensated by the 

increase in solvent (water) entropy and enthalpy gain that resulted from the 

binding process [26]. 

 

Due to the hydrophobic effects, the nonpolar amino acid side chains aggre-

gate and mostly form a protein’s internal core which is held together by Van 

der Waals attractions [1] and hydrogen bonds between the backbone groups 

[27]. On the other hand, the hydrophilic polar and charged side chains 

mainly cover the surface of the fold [1]. Therefore, the ratio between polar 

and nonpolar amino acid side chains greatly impacts the shape of a protein. 

Figure 3 illustrates the impact of the distribution of hydrophilic and hydro-

phobic residues to protein folding.  
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Figure 3. Schematic showing the distribution of the hydrophobic and hydro-

philic residues in the sequence and the 3D structure of a folded protein. [1] 

 

In addition to protein folding, noncovalent bonding can further occur be-

tween separate tertiary structures, resulting to a quaternary structure. Most 

cellular proteins form these active multimeric protein complexes [28] of two 

or more folded proteins, often referred to as “subunits” or “monomers”, with 

either same or different amino acid sequences [17]. The quaternary structure 

is critical for the correct function of protein complexes, and it is highly de-

pendent on the chemical structures between the subunit interfaces [17], 

which participate in protein–protein interactions. 

 

2.2 Protein–protein interactions 
 

About 80% of proteins interact with other proteins by PPIs, forming either 

binary or higher-order complexes [2, 17]. PPIs play central roles in various 

biological activities, such as metabolism, enzyme function, muscle contrac-

tion, cell signalling, cell cycle, and regulation of other biomolecules [29]. 

 

One way to classify PPIs is into permanent and transient PPIs based on the 

lifetime of the complex [30]. Permanent complexes have strong interactions 

and are often considered irreversible, whereas transient complexes more 

readily associate and dissociate, causing an equilibrium [30, 31].  Transient 

complexes are further divided into weak and strong transient. The weak tran-

sient complexes continuously associate and dissociate in solution [30], 

whereas the strong transient complexes less frequently dissociate or associ-

ate when triggered by, for example, a ligand molecule [31]. Ligands are small 

molecules such as other proteins, nucleic acids or sugars that can bind and 



 
 
 
 
 
 

12 

 

cause conformational changes to a protein [17, 30]. The strength and stability 

of this protein–ligand interaction can be characterized by binding affinity 

[32]. More specifically, binding affinity refers to the free energy change asso-

ciated with the binding process [33]. Experimentally, this is measured as the 

standard Gibbs free energy of binding (ΔG°) [34].  

 

High binding affinity between the subunit molecules indicates their high ten-

dency to associate into a complex, and on the contrary, low tendency for a 

complex to dissociate into its subunits. One way of experimentally quantify-

ing the binding affinity of any protein–ligand interaction is by determining 

the equilibrium dissociation constant (KD) [35], or its reciprocal equilibrium 

association constant (Ka) [32]. The KD can be measured experimentally by, 

for example, analytical ultracentrifugation [36] or NMR spectroscopy [37]. 

The KD and Ka are defined as Equation 1:  

 

𝐾D =
1

𝐾a
=

𝑘off

𝑘on
=

[P]∙[L]

[PL] 
                          (1)

    

, where koff is the dissociation rate constant, kon is the association rate con-

stant, [P] is the protein concentration, [L] is the ligand concentration, and 

[PL] is the concentration of the bound protein–ligand complex [32]. 

 

The KD can be used to calculate the standard Gibbs free energy of binding 

using Equation 2: 

 

Δ𝐺0 = −𝑅𝑇ln(𝐾d)                         (2) 

 

, where R is the ideal gas constant, T is temperature, and KD is the dissocia-

tion constant [38].  

 

The lower the KD value, the slower the dissociation rate, which signifies a sta-

ble complex due to greater free energy of binding. For weak transient inter-

actions, KD is typically in micromolar range, whereas strong transient inter-

actions may have KD values in nanomolar range. Thus, strong transient com-

plexes have longer lifetimes compared to weak transient complexes, which 

have lifetimes of seconds [31]. Also, the long-living permanent complexes 

have their KD in low nanomolar range [31]. For example, ribosomes belong 

to permanent complexes [39], and they have a lifespan of 6-7 days in animals 

according to Mathis et al. [40]. 

 

 

 

 



 
 
 
 
 
 

13 

 

Dividing PPIs into distinct groups is challenging, since the boundaries are 

not explicit, and the stability of a protein complex strongly depends on the 

physiological conditions and environment [30]. Thus, PPIs may be consid-

ered as a continuum between different classes. Figure 4 illustrates the tran-

sient-permanent classification of PPIs as a function of continuously increas-

ing binding affinity [31].  

 

 

 
 

Figure 4. Classification of PPIs into transient and permanent based on their 

binding affinities. [31] 

 

In addition to binding affinities and lifetimes, transient and permanent com-

plexes differ by their functions and interaction site properties. Transient in-

teraction sites contain more hydrophilic polar residues, whereas permanent 

interaction sites involve more hydrophobic residues [41]. Additionally, inter-

faces of transient interactions are typically smaller in size compared to per-

manent interfaces [41]. Transient PPIs are essential in providing quick re-

sponses in various cell signalling chains and biochemical pathways, such as 

hormone-receptor binding, signal transduction, and correction of misfolded 

proteins [39]. On the other hand, permanent interactions are required in 

structures of tighter bonding, such as enzyme-inhibitor, antigen-antibody, 

and large oligomeric enzyme complex structures [41].  

 

Because most cellular proteins form functional protein complexes with spe-

cific conformations, aberrant PPIs can cause diseases such as neurological 

disorders, infectious diseases, and cancers like leukemia or melanoma [42]. 
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Approximately 645,000 PPIs in the human interactome have been connected 

to diseases, but by far, drugs have been developed for only a small fraction 

(2%) of these [43] due to a low number of identified cavities where possible 

drugs could successfully be targeted to [42]. However, one example of a drug-

gable PPI target in cancer cells is the P53/MDM2 complex involving the on-

coprotein MDM2, which deactivates the tumor suppressor protein P53 [42] 

that can prevent uncontrolled cell division [44]. P53 could be reactivated by 

manipulating this interaction, which is seen as a potential approach in devel-

oping anti-cancer drugs [42]. This example demonstrates why PPI prediction 

is important and relevant in biological and medicinal research. Both experi-

mental and computational PPI prediction methods offer plenty of possibili-

ties to discover new protein complexes and druggable interaction sites. 

 

Experimental methods used for studying protein complexes either detect di-

rect physical interactions between proteins or determine the overall 3D 

structure of protein complexes. Experimental methods that detect physical 

interactions include yeast two-hybrid (Y2H), coimmunoprecipitation (Co-

IP), bioluminescence resonance energy transfer (BRET), and affinity purifi-

cation combined to mass spectrometry (APMS) [4]. On the other hand, ex-

perimental methods such as nuclear magnetic resonance (NMR), cryo-elec-

tron microscopy (cryo-EM), and X-ray crystallography are used to determine 

3D structures of protein complexes [4]. However, computational methods of-

fer faster and cheaper alternatives to the experimental ones. The field of PPI 

prediction has faced rapid development and breakthroughs after the advent 

of computational PPI prediction methods. 
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3 Computational methods for predicting protein–

protein interactions 
 

Computational methods model PPIs by using biological data, such as protein 

sequences or structures [6]. These methods include different molecular dock-

ing algorithms, that generally sample multiple binding poses between subu-

nit molecules [45] and rank these using, for example, empirical scoring func-

tions that evaluate the binding affinities among the sampled structures [46]. 

In other words, docking algorithms involve a sampling component and a 

scoring component [47]. However, instead of performing sampling and scor-

ing individually, the scoring function can be implemented during and after 

the sampling, which remarkably improves docking results [48]. Docking al-

gorithms used in PPI prediction can be divided into template-based and ab-

initio (template-free) docking algorithms depending on if a structure tem-

plate is used or not [49]. These docking methods are introduced in sections 

3.1 and 3.2. 

 

Besides docking algorithms, recently developed computational PPI predic-

tion methods are based on machine learning [6]. In general, machine learn-

ing is used to predict the behaviour of unseen test data based on known train-

ing data [50]. For PPI prediction, machine learning algorithms are typically 

trained with data on experimentally determined structures and PPIs of well-

studied organisms. For example, the training data input to a machine learn-

ing algorithm can be a pair of proteins labelled as interactive or non-interac-

tive [6]. The algorithm tries to identify relevant features of the protein struc-

tures in the training data, and the model’s performance is benchmarked us-

ing the unlabelled test data [6].  

 

Numerous computational methods have been developed for PPI prediction 

[29]. This thesis introduces ab-initio docking, template-based docking, and 

AlphaFold-Multimer, a novel machine learning-based approach recently de-

veloped for PPI prediction. According to multiple literature sources and stud-

ies, these computational approaches are frequently applied in PPI prediction. 

Other computational methods, such as phylogenetic profiling, interlog 

search methods, or gene co-expression-based methods [29], are outside the 

scope of this work.  

 

3.1 Ab-initio docking 
 

Ab-initio docking predicts structures of protein complexes using known 

three-dimensional structures of individual unbound proteins [51]. The gen-

eral steps of ab-initio docking algorithms are shown in Figure 5. The step 1 is 

obtaining the protein 3D structures, which the algorithm uses to perform a 
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sampling process in step 2. The sampling results t0 billions of possible pro-

tein complexes, where the individual proteins are bound together in different 

ways [52]. In step 3, the sampled complexes are ranked by scoring, which is 

a critical step in protein docking [48]. The ranking is typically done with so-

called empirical scoring functions [53], which estimate binding affinities for 

the predicted protein–ligand complex structures [46]. The complex with the 

highest ranking is considered as the most accurate [54], and therefore it is 

the final prediction.  

 

 
Figure 5. The principle of ab-initio docking algorithms. Edited from [52] 

 

Empirical scoring functions include energetic terms, such as van der Waals 

attractions, hydrophobic effect, hydrogen bonding, and deformation penalty 

[46, 55]. Deformation penalty refers to the unfavourable entropy change 

upon binding, because proteins obtain more constrained conformations 

compared to their free, unbounded states [46].  

 

Improving ab-initio methods is challenging without having a large database 

of complex structures [56, 57], because empirical scoring functions are typi-

cally calibrated with experimentally determined protein complex structures 

and their binding affinities [46], which are used to optimize the weights of 

energetic terms [55]. One example of an empirical scoring function is Equa-

tion 3 developed by Böhm [58]: 

 

ΔG𝑏𝑖𝑛𝑑 = ΔG𝐻−𝑏𝑜𝑛𝑑 ∑ 𝑓(ΔR, Δ𝛼)

𝐻−𝑏𝑜𝑛𝑑

+ ΔG𝑖𝑜𝑛𝑖𝑐 ∑ 𝑓(ΔR, Δα)

𝑖𝑜𝑛𝑖𝑐

 

                 + ΔGℎ𝑦𝑑𝑟𝑜𝑝ℎ𝑜𝑏𝑖𝑐 ∑ |𝐴ℎ𝑦𝑑𝑟𝑜𝑝ℎ𝑜𝑏𝑖𝑐|

ℎ𝑦𝑑𝑟𝑜𝑝ℎ𝑜𝑏𝑖𝑐

+ ΔG𝑟𝑜𝑡𝑜𝑟N𝑟𝑜𝑡𝑜𝑟 + ΔG0      (3) 

 

, where the first two terms consider “neutral” and “ionic” hydrogen bonds, 

the third term considers the hydrophobic effect, the fourth term is related to 

torsional entropy loss of the ligand, and the fifth term is a regression constant 

[59]. The calibration of this empirical scoring function was done using 87 
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protein–ligand complexes and their dissociation constants [59]. More de-

tailed information on the scoring function is provided in references [58-59]. 

 

Ab-initio docking yields acceptable predictions for about 40% of the top 10 

predictions [52]. Section 4 provides further discussion on how PPI predic-

tions are considered acceptable. Most ab-initio algorithms, such as ZDOCK, 

ROSETTA, and HADDOCK [51, 56, 60], can only predict binary complexes 

[51]. However, for example, ClusPro can also predict trimers [61]. The pre-

diction of larger complexes by ab-initio docking is challenging due to increas-

ing computational costs when the algorithm must calculate a larger energy 

landscape [56]. To predict larger and more challenging multimeric com-

plexes, template-based docking can be used instead [51]. 

 

3.2 Template-based docking 
 

Template-based docking can predict protein complex structures using the 

amino acid sequences of the unbound target proteins [52]. The general steps 

of template-based docking algorithms are illustrated in Figure 6. The step 1 

is obtaining the target amino acid sequences, which the algorithm uses to 

search for a known, applicable structure template from the Protein Data 

Bank [52] in step 2. When choosing the appropriate template, some sequence 

similarity is required between the target proteins and the proteins in the tem-

plate [52]. Using the sequence similarity, the target subunit sequences are 

superimposed and refined onto the template structure [51] in step 3, which 

results into the final complex structure prediction.  

 

 
 

Figure 6. The principle of template-based docking algorithms for an example 

heterodimer target. Edited from [52] 

 

Template-based docking relies on the evolutionary relationships between the 

target proteins and the template proteins [49]. Template-based docking as-

sumes that the 3D structures and the binding modes remain similar for 
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homologous proteins with similar amino acid sequences [49, 60]. Template-

based prediction approaches are also referred to as “comparative modelling” 

or “homology modelling” [56], which are based on the observation that pro-

tein pairs most probably interact in the same way if at least 30% of their se-

quences are identical [62]. On the other hand, if the sequence identity is less 

than 30%, it is more difficult to say whether the proteins will bind similarly 

or not [62].  

 

The accuracy and reliability of template-based docking highly depends on the 

quality and quantity of templates [49]. Good templates are especially availa-

ble for homo-oligomeric targets [52], because they tend to have conserved 

binding modes [63]. Homo-oligomers are complexes of two or more identical 

subunit proteins, and approximately 30-50% of all proteins assemble into 

these homo-oligomers, which are also referred to as homomers [64]. Indeed, 

templates are found to model a large majority of known PPIs involving pro-

teins with structural information [51], but only with lenient structural criteria 

[62]. In general, there exists a lack of available templates that are homolo-

gous and reliable enough [51], since good-quality templates are available for 

less than 20% of all known complexes to date [52]. 

 

Negroni et al. [62] demonstrated that for three quarters of cases, template-

based docking predicts at least one acceptable model in the top 10 models, if 

a carefully selected good-quality template is used. Additionally, Yan et al. 

[65] demonstrated using a dataset of 54 protein complexes from the Bench-

mark 4.0 test set by Hwang et al. [66] that template-based protein–protein 

docking had a success rate of 38.9%. The success rate was defined as “the 

number of cases with at least one correct model divided by the total number 

of cases in the test set when a specific number of predictions were consid-

ered” [65]. 

 

3.3 A machine learning-based approach: AlphaFold-Multi-

mer 
 

The field of PPI prediction faced a breakthrough in 2021, when Google Deep-

Mind team released the AlphaFold-Multimer (AF-M) program [67]. AF-M is 

specifically trained to predict multimeric interfaces between two or more in-

teracting proteins [68]. Currently, AF-M can directly predict protein–protein 

complexes of up to 20 protein chains [69]. AF-M aligns the inputted target 

protein sequences into a multiple sequence alignment (MSA) [68]. MSAs can 

be used to compare and identify similarities between the protein sequences. 

An example of an MSA is shown in Figure 7. 
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Figure 7. An example of an MSA comprising the first 90 amino acids of the 

acidic ribosomal protein P0 (L10E) from several organisms. The colours in-

dicate similarities between individual amino acid sequences. [70] 

 

The accuracy of AF-M predictions is mostly related to the quality of MSAs 

[71]. AF-M uses the MSAs of individual protein sequences to compare the 

correlation of their genetic information [68]. Since AF-M is based on ma-

chine learning, it can continuously learn and develop its ability to identify 

residue conservation and co-evolution directly from the MSAs [68]. How-

ever, constructing informative MSAs of multiple protein chains is often chal-

lenging for AF-M, because it requires careful sequence pairing in order to 

uncover information of the interfaces [68]. 

 

Along with the predicted interfaces, AlphaFold-Multimer provides two tem-

plate modelling scores, pTM and ipTM, that estimate model accuracy on a 

scale from 0 to 100 [72]. The pTM stands for a “predicted” template model-

ling score, and the ipTM stands for an “interface” pTM [68]. The pTM as-

sesses the average quality of the complex structure prediction, whereas the 

ipTM more strictly evaluates the accuracy of predicted interfaces only [68, 

72]. In practice, the overall confidence of an AF-M model is calculated by 

combining these pTM- and ipTM-scores into a weighted combination shown 

in Equation 4: 

 

𝑚𝑜𝑑𝑒𝑙 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 = 0.8 ∙ 𝑖𝑝𝑇𝑀 + 0.2 ∙ 𝑝𝑇𝑀                      (4) 

 

, which takes both inter-chain (ipTM) and intra-chain (pTM) scores into ac-

count [68].  
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Evans et al. [68] benchmarked AF-M on two datasets and showed that AF-M 

yielded best predictions for homomers. AF-M correctly predicted 72% of ho-

momeric interfaces, 36% of which were considered as high-quality predic-

tions. For heteromeric interfaces, the corresponding numbers were 70% and 

26%, respectively [68]. This difference in accuracies between homomeric and 

heteromeric interfaces may result from the tendency of MSAs to more readily 

encode evolutionary information for homomeric protein–protein interfaces 

compared to heteromeric interfaces, where the information is more limited 

[68].   

 

Due to its high accuracy percentages, AF-M may be considered as a break-

through in the field of PPI prediction. However, as a novel machine learning 

program, it still requires further improvements to better its performance. For 

example, Zhu et al. [72] showed that AF-M faced some difficulties in protein 

complex prediction due to AF-M’s limited memory or ability to produce com-

plete MSAs that consider all protein chains. Additionally, Evans et al. [68] 

observed that AF-M could not generally predict the binding of antibodies. 

Antibodies are immune systems proteins that bind with high affinity to for-

eign proteins called antigens [73], which participate in various immune func-

tions [74]. Due to their importance, antibody prediction remains as one of 

the important future work improvements regarding AF-M. 

 

In addition to machine-learning based PPI prediction approaches, such as 

AlphaFold-Multimer, machine learning can also be applied with beforemen-

tioned docking algorithms. It can be used to predict docking scores for mil-

lions of ligand molecules and their target proteins by explicitly docking only 

a smaller subset of molecules [45]. For example, Gentile et al. [75] used ma-

chine learning to predict docking scores for 1.36 billion molecules against 12 

target proteins, using only a few hundred thousand explicitly docked mole-

cules and their docking scores as training data. Due to its speed and scalabil-

ity, machine learning has the potential to significantly expand our under-

standing of PPIs and protein complexes. 
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4 CASP-CAPRI experiments and assessment proto-

col 
 

The field of PPI prediction is currently developing at a fast rate, and most 

algorithms and programs are continuously being updated. To improve the 

field, it is necessary to conduct quality assessment of prediction tools. Typi-

cally, evaluations done by the authors of prediction tools tend to be too opti-

mistic due to subjectivity and deep knowledge of the algorithm [76]. To avoid 

this, objective evaluation criteria and procedures are essential. The state-of-

the-art PPI prediction methods are generally evaluated by blind prediction of 

complex structures, after which the predicted complexes are compared to the 

known structures. This blind prediction assessment is applied in The Critical 

Assessment of protein Structure Prediction and the Critical Assessment of 

Predicted Interactions (CASP-CAPRI experiments) [5]. 

 

Community-wide CASP-CAPRI experiments test the performance of protein 

modelling methods that predict 3D structures of individual proteins (CASP) 

and protein complexes (CAPRI) by blind prediction [76]. As this thesis fo-

cuses on PPIs and protein complexes, only the CAPRI part of the experiment 

is the focus. The protein complex predictions of CAPRI are compared to un-

published protein complex structures that are experimentally determined by 

independent researchers and therefore unknown for the CAPRI predictors 

[77]. The assessment of the CAPRI predictions is done with DockQ scores and 

the standard CAPRI assessment protocol that includes three quality metrics: 

fnat, L-RMSD, and i-RMSDbb [5]. These quality metrics are illustrated in Fig-

ure 8. 
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Figure 8. Schematic showing the quality metrics of the CAPRI assessment 

protocol for protein complex prediction. (A) shows the features of a known 

reference protein complex involving a receptor, R, and a ligand, L, and (B) 

shows the quality metrics used for assessing the predictions. [76]  

 

One of the central CAPRI quality metrics are the root-mean-square-deviation 

(RMSD) values, more explicitly L-RMSD and i-RMSD values. In general, the 

RMSD values denote the distances between interfacial atoms of the predicted 

structure and the known reference structure when they are aligned [76]. The 

L-RMSD values apply to the interface atoms of the ligands only, whereas the 

i-RMSD values consider interface atoms of both ligand and receptor proteins 

[76]. Furthermore, i-RMSD values can be divided into i-RMSDbb and i-

RMSDsc values. The i-RMSDsc values consider distances of the interfacial 

side chain atoms, whereas the i-RMSDbb values apply to the interfacial back-

bone atoms [76].  

 

In addition to the RMSD values, the standard CAPRI assessment protocol 

uses fnat, which is defined as the fraction of atomic contacts that exist in both 

the predicted complex structure and in the native reference complex struc-

ture [5]. The values of fnat, L-RMSD, and i-RMSDbb are straightforwardly 

used to qualify CAPRI predictions into categories of acceptable quality, 
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medium-quality, high-quality, and incorrect [5]. For example, the high-qual-

ity CAPRI predictions must have fnat ≥ 0.5 and either L-RMSD or i-RMSDbb 

≤ 1.0 Å [76]. On the other hand, the medium-quality CAPRI predictions must 

have fnat ≥ 0.3 and either L-RMSD ≤ 5 Å or i-RMSDbb ≤ 2 Å. Furthermore, 

the acceptable CAPRI predictions must have fnat ≥ 0.1 and either L-RMSD ≤ 

10 Å or i-RMSDbb ≤ 4 Å [76].  

 

The CAPRI assessment protocol is complemented with DockQ scores [5], 

which are also used to categorize CAPRI predictions into acceptable, me-

dium-quality, high-quality, and incorrect [76]. The complementary DockQ 

scores are based on the same RMSD and fnat values that are used in the CAPRI 

assessment protocol [76]. The DockQ score is a weighted average of the L-

RMSD, i-RMSDbb, and fnat shown in Equation 5: 

 

DockQ =
1

3
(𝑓nat +

1

1+(
𝐿−𝑅𝑀𝑆𝐷

𝑑1
)

2 +
1

1+(
𝑖−𝑅𝑀𝑆𝐷𝑏𝑏

𝑑2
)

2)                        (5) 

 

, where d1 and d2 are scaling parameters with respective values of 8.5 Å and 

1.5 Å [76].  

 

DockQ scores range from 0 to 1. Predictions with DockQ ≤ 0.23 are consid-

ered incorrect, whereas the high-quality, medium-quality and acceptable 

predictions have respective values of DockQ ≥ 0.80, 0.49 ≤ DockQ < 0.80, 

and 0.23 ≤ DockQ < 0.49 [76]. For reference, the average DockQ score of the 

AlphaFold-Multimer program is 0.63 [68], which is within the limits of me-

dium-quality predictions. More explicit information on the assessment done 

in the CAPRI experiments is provided in references [5, 63]. 

 

PPI predictions can be readily assessed using publicly available tools, such as 

CAPRI-Q [76]. The CAPRI-Q is an enhanced version of the standard CAPRI 

assessment protocol, as it evaluates PPI predictions by applying the intro-

duced CAPRI assessment protocol, but also other complementary metrics in-

cluding DockQ scores, TM-scores (see subsection 3.3), and l-DDT tests [76]. 

The l-DDT test measures the conservation of distances of all heavy atom pairs 

between the predicted and the reference complex structures [76]. The l-DDT 

test is complementary to the CAPRI assessment protocol, which uses RMSD 

values to evaluate only the conservation of interfacial atom distances.  More 

explicit information on the CAPRI-Q tool and its free source code is provided 

in the reference [76]. The CAPRI-Q can be used to assess any PPI prediction 

in the same manner as in the assessment of the CASP-CAPRI experiments. 
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The CASP-CAPRI experiments are concurrently arranged every two years. 

CASP15-CAPRI experiment in 2022 had a remarkably larger number of tar-

gets and predictors compared to previous experiments [5], which reflects in-

creasing interest towards PPI prediction. The CASP15-CAPRI experiment 

comprised 37 target protein complexes [5], whereas the CASP14-CAPRI ex-

periment involved 12 target complexes [63]. The CASP15-CAPRI showed sig-

nificant improvements in predicting correct protein complex structures com-

pared to the CASP14-CAPRI experiment due to the development of machine 

learning-based methods, such as AlphaFold-Multimer, which was used to 

predict parts of a complex or the whole complex structure [5]. In CASP15-

CAPRI, 40% of the predicted final structures were considered as high-quality 

models, whereas in CASP14-CAPRI, the corresponding percentage was 8% 

[5]. However, even in CASP15-CAPRI, results were poor for complexes that 

involved antibodies, nanobodies, or conformational flexibility [5].  

 

Some CAPRI predictor groups have showed that machine learning can be im-

plemented with docking methods to yield better prediction accuracy. For ex-

ample, Kozakov/Vajda and Seok groups have suggested that inputting ma-

chine learning-based protein structure predictions to ab-initio docking algo-

rithms could increase the number of predicted interfaces with acceptable or 

medium accuracy levels [63]. In addition, it has been observed that ranking 

ab-initio docking predictions with a machine learning-based scoring func-

tion yielded a 10% increase in the number of near-native predictions [52]. 

The possibilities of integrating machine learning with other computational 

methods is worth noticing, but not further discussed in this thesis. The 

strengths and limitations of the computational PPI prediction methods in-

troduced in this thesis are compiled in Table 1. 
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Table 1. Summary of the strengths and limitations of the introduced compu-

tational methods for predicting folded protein–protein interactions. 

 
 Strengths Limitations 

Ab-initio dock-

ing 

● Can be used to predict com-

pletely novel protein complex 

structures or protein complexes 

with no available good-quality 

templates 

● Yields best predictions espe-

cially for heterodimers [52] 

● Currently, ab-initio dock-

ing is not able to predict 

complexes that contain 

more than 3 proteins. 

● Correct protein 3D struc-

tures must be obtained first, 

which may be time-consum-

ing for newly covered pro-

teins 

● Calibration of empirical 

scoring functions requires a 

large database of known 

complex structures  

Template-

based docking 

● Can be used to predict larger 

protein complexes compared to 

ab-initio docking 

● Performs well if a good-quality 

homologous template can be 

found, which is most often the 

case for homomers 

● Limited availability of 

good-quality templates 

AlphaFold-

Multimer 

● Suitable for large-scale PPI 

prediction and for predicting in-

terfaces of protein complexes in-

volving up to 20 individual pro-

tein chains 

● Achieves nearly equal predic-

tion accuracy for homomers and 

heteromers (72% vs. 70%) 

● Sometimes modelling may 

fail due to limited memory 

or out-of-time errors [72] 

● Low accuracy in predict-

ing antibody complexes 

● Limitations may occur in 

predicting complexes that 

are highly different from the 

training dataset 
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5 Summary 
 

This thesis introduced folded protein structures and protein–protein inter-

actions, as well as the state-of-the-art computational methods that are inten-

sively researched and applied in the field of PPI prediction. Experimental PPI 

prediction methods were also briefly mentioned, but the focus remained on 

computational prediction of PPIs between ordered, folded proteins. A long-

standing limitation of the PPI prediction methods introduced in this thesis is 

their inability to accurately predict flexible protein complexes with multiple 

conformational states or disordered regions [5]. While computational meth-

ods for predicting both ordered and disordered protein structures are con-

tinuously being developed, disorder prediction requires different approaches 

[78] and further development to predict not only individual protein struc-

tures but also their protein complexes [5]. Disordered proteins were not fur-

ther discussed in this thesis. 

 

To understand the computational modelling of folded PPIs, this thesis began 

with folded proteins and one way of classifying PPIs into transient and per-

manent complexes based on binding affinities. Next, the computational PPI 

prediction methods, including ab-initio docking, template-based docking, 

and a machine learning-based approach AlphaFold-Multimer, were intro-

duced. Ab-initio docking relies on experimentally determined 3D protein 

structures, which may not always be available especially for novel proteins. 

However, ab-initio docking remains useful for dimers and trimers with no 

suitable structure templates available [52]. If good-quality templates are 

found, template-based docking can be used to predict larger protein com-

plexes than ab-initio docking. However, the quality and the availability of 

templates need to be improved to retrieve the full potential of template-based 

docking. Combining template-based and ab-initio docking could help over-

come the limited availability of good-quality templates [52]. 

 

AlphaFold-Multimer can be considered as a breakthrough in the field of PPI 

prediction, as it has significantly improved prediction accuracies, as demon-

strated in, for example, the CASP15-CAPRI experiment. It yields acceptable 

predictions for most homo- and heteromeric interfaces. However, as is typi-

cal for new models, further improvements are still needed. For example, its 

ability to predict antibody-antigen interactions remains insufficient. There-

fore, ab-initio and template-based docking currently remain more suitable 

for modelling complexes involving antibodies [5].  

 

To conclude, the performance of computational PPI prediction methods var-

ies depending on factors such as the number of monomers and whether the 

complex is homomeric or heteromeric. To improve the accuracy of 
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computational PPI prediction, it is essential that developers openly report 

the strengths and limitations of their methods. Moreover, continuous bench-

marking and transparent assessment are required for further development 

of the field of PPI prediction along with its biological and medical applica-

tions.  
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