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Abstract

Understanding the intricate phenomenon of neuronal wiring in the brain is of topical in-

terest in neuroscience. In the fruit fly, Drosophila Melanogaster, the Dpr-DIP interactome

has been identified to play an important role in this process. However, experimental data sug-

gest that merely a limited subset of complexes, essentially 57 out of a total of 231, exhibit

strong binding affinity. In this work, we sought to identify the residue-level molecular basis

underlying the difference in binding affinity using a state-of-the-art methodology consisting

of standard binding free-energy calculations with the geometrical route and machine learn-

ing (ML) techniques. We determined the binding affinity for two complexes using statistical

mechanics simulations, achieving an excellent reproduction of the experimental data. More-

over, we predicted the binding free energy for two additional low-affinity complexes, devoid

of experimental estimation while simultaneously identifying key residues for the binding. Fur-

thermore, through the use of ML algorithms, linear discriminant analysis and random forest,

we achieved remarkable accuracy, as high as 0.99, in discerning between strong (cognate)

and weak (non-cognate) binders. The presented ML approach encompasses easily transfer-

able input features, enabling its broad application to any interactome, while facilitating the

identification of pivotal residues critical for binding interactions. The predictive power of the

generated model was probed on similar protein families from thirteen diverse species. Our

ML model exhibited commendable performance on these additional datasets, showcasing its

reliability and robustness across the species barrier.
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Introduction

The brain comprises a vast array of neurons linked by a complex synaptic connection network. Un-

derstanding how neurites distinguish synaptic partners in densely packed neuronal tissue remains

a central question in neurobiology.1,2 Roger Sperry’s chemoaffinity hypothesis proposed in the

1960s stated that neurons make specific connections based on the affinity of cell-surface labels.3

This concept was further refined into the idea that cell adhesion-like cell-surface proteins expressed

on neuron surfaces bind to each other and trigger downstream events leading to synapse formation

between appropriate partners.4 The realm of cell recognition encompasses cell adhesion molecules

known as cell-surface proteins (CSPs), which frequently arise from gene duplication events occur-

ring throughout evolutionary processes. Such duplications give rise to multiple members within

the CSP family, with each protein exhibiting a characteristic canonical binding interface indicative

of the particular family.5 In this case, the binding strength is solely responsible for the different

functions of each protein.5–7 In the fruit fly, the Defective proboscis extension response (Dpr)-Dpr

Interacting Proteins(DIP) interactome has been identified by Ozkan et al.8 to play that role. Out

of the 231 heterodimers formed by the 11 DIP and 21 Dprs, respectively, only 57 displayed high

affinity by surface plasmon resonance (SPR)9 assay5, assuming that the strong binding correspond

to cognate complexes leaving the remaining 174 complexes as non-cognate (weak binders). Due

to the high sequence similarity of these complexes, special efforts are required to understand the

mechanism underlying the specific association of the binding partners.

The availability of comprehensive structural information regarding our protein–protein com-

plexes has opened avenues for the use of empirical structure-based scoring methods that leverage

force fields and thermodynamics properties.10–12 In the MM/PBSA approximation, the binding

affinity is computed as the sum of its gas-phase energy (MM), the solvation free energy using

Poisson-Boltzmann continuum electrostatics and the solvent-exposed surface area (PBSA), and a

contribution due to the configurational entropy of the solute extracted from molecular dynamics

(MD) simulations.11,13–16 The MM/PBSA was tested for the Dpr-DIP interaction, resulting in a
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maximum distinguishability of 30 % between cognate and non-cognate complexes.17 However,

the numerous underlying approximations (implicit solvation and constant dielectric medium)18–20,

as well as the poor resulting discrimination obtained, call into question its general applicability

for protein–protein complexes. Since implicit solvation approaches cannot provide reliable es-

timates for the Dpr-DIP interactome, the idea is to use an explicit solvent model with enhanced

sampling to favor rare events such as binding or unbinding. Steered MD involves one protein being

pulled away from the other.21 This method allows the recovery of the binding free energy through

the Jarzynski equation at the hefty cost of multiple realizations in a near-equilibrium regime,22,23

under the questionable assumption that binding depends solely on the physical separation.24 The

utilization of this strategy necessitates a significant allocation of computational resources, render-

ing it incompatible with the processing of large datasets. The geometrical route,20 conceptualized

by Woo and Roux25 and generalized for protein–protein complexes by Gumbart et al.,20 offers a

framework with potential-of-mean force (PMF) calculations, in which the slow degrees of free-

dom of the reversible association are gradually restrained to enhance convergence and reduce the

computational cost while preserving estimates reaching chemical accuracy.

Alternative approaches using machine learning (ML) to predict, or classify binding partners at

a lower computational cost have emerged in the last decade, and are mostly directed at protein–

ligand complexes due to the interest of the pharmaceutical industry in the drug design field.26–31

Only a few applications have been dedicated to predicting the binding of protein–protein com-

plexes.17,32–34 The methodologies employed to address this challenge can be broadly categorized

into two distinct categories, leveraging either sequence or structural characteristics.35 In the case of

sequence-based approaches, features rely on evolutionarily conserved residues, hypothesized to be

essential for the function, and, therefore, for binding.36 The various types of input features include

(i) residue encoding, (ii) evolutionary information, (iii) residue physicochemical properties, and

(iv) predicted structural features.35 Residue encoding, using traditional techniques such as the one-

hot representation (vector of length twenty containing zeros representing the twenty amino acids.

The position in that vector representing the encoded residue will have a value of one to differentiate
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from the surrounding zeros), is insufficient to predict the protein interactions efficiently.35 Conse-

quently, evolutionary descriptors, like mutual information,36 are preferred. Inasmuch as structural

features are concerned, they usually consist of geometrical descriptors extracted from the structure,

such as the surface accessible to the solvent, the curvature of a set of atoms, or a set of invariant ge-

ometrical fingerprints.35,37 An inherent limitation of structure-based approaches is the quality and

availability of reliable structures linked to the difficulties to solve structures either experimentally

or theoretically.

In this work, we aimed at predicting amid a series of homologous protein–protein complexes

which ones are cognate, and at identifying the molecular basis of their formation at the residue

level. Towards this end, we first used the geometrical route20 as a precise method based on first

principles, and applied to a few complexes. Then, we turned to ML schemes using sequence-

based features to treat the whole Dpr-DIP dataset and identify the key residues responsible for

differentiating cognate and non-cognate complexes.

Methods

The following subsections briefly recap the methodology employed in this work, its theoretical

underpinnings, and describe the protocols of the calculations reported herein.

Binding Free-Energy Calculations

The formation of a protein–protein complex involves significant conformational changes, harden-

ing the ergodic sampling of configurational space within the simulation time amenable to MD.

In the realm of computational techniques for protein binding, importance sampling algorithms38

emerge as powerful tools. These algorithms operate by introducing external forces onto collective

variables (CVs) to accelerate the sampling of rare events, such as protein binding. These CVs
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are essential degrees of freedom involved in the reversible association, and can be controlled and

monitored during the course of the simulation.39 One of the straightforward CVs to control the re-

versible binding of two proteins is the Euclidean distance between their centers of mass (COMs).

However, it does not prevent random tumbling of the two molecular objects at play, nor confor-

mational changes upon association, slowing down the convergence of the separation potential of

mean force (PMF) calculation.38,40 To alleviate this shortcoming, a set of restraints using additional

CVs, representing the minimum information to define one partner with respect to the other one, are

applied in the course of the separation as prescribed in the geometrical route introduced by Gum-

bart et al.20 These CVs are the backbone distance root-mean-square deviations (RMSDs) of the

two proteins with respect to the reference, native conformation—i.e., in the bound state, the three

Euler angles describing their relative orientation, and two additional angles (polar and azimuth)

for their relative position. Applying geometrical restraints in the form of harmonic potentials onto

these CVs results in an effective loss in configurational entropy, corresponding to conformational

(∆Gsite
c ), orientational (∆Gsite

o ), and positional (∆Gsite
a ) free-energy contributions, which must be

accounted for in the computation of the standard binding free energy, both in the “bulk” (unbound

state) and “site” (bound state). Therefore, the geometrical route involves a series of independent

PMF calculations determined sequentially with the progressive introduction of restraints, prefacing

the separation PMF calculation restrained along the specific axis "a". The binding free energy can

then be expressed as a sum of these different free-energy contributions, namely,

∆G◦
b = ∆Gbulk

c −∆Gsite
c −∆Gsite

o −∆Gsite
a (θ, ϕ) + ∆Gbulk

o − 1

β
ln(S∗I∗C◦) (1)

where β = (kBT )
−1, with kB, the Boltzmann constant, and T , the temperature. C◦ represents the

standard concentration of 1 M, which corresponds to 1/1661 (Å3).41 I∗ is the separation term, and

S∗ is a surface term, which represents the fraction of a sphere of radius r∗, centered at the binding

site of the reference protein, accessible to its partner, that is,
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
I∗ =

∫
site

dr e−β
(
w(r)−w(r∗)

)

S∗ = r∗2
∫ π

0

dθ sin θ

∫ 2π

0

dϕ e−βua

(2)

Here, r∗ is a point located far away from the binding site, where the proteins no longer interact

with each other, and ua is the sum of the harmonic restraint potentials imposed on polar angles θ

and ϕ to restrain the separation along the axis a.

In some cases, additional RMSD restraints acting on protein–protein interfacial side chains

are required due to their exposure to the solvent and the possibility of their local conformational

change in the course of the separation,20 For the four selected complexes, specific side chains

from the residues displayed in Table 1 were restrained based on visual inspection of the starting

structures. The numbering of residues defined from the position in multiple sequence alignment

(MSA) to facilitate direct comparison between complexes. ARG150 is, however, present in a

region that lacks conservation between Dprs, hence, it is not assigned a number within the MSA.

Table 1. Side chains restrained residue numbers during the geometrical route using their
position in the MSA.

Complexes Dpr restrained residues DIP restrained residues
Dpr6-DIPα ARG150 (not in MSA),30,36 8, 9, 42, 44
Dpr6-DIPβ 10, 11, 22 9, 42, 44
Dpr6-DIPγ 20, 21, 32, 34 42
Dpr6-DIPθ 7, 10, 11, 20, 21, 30, 32 9, 40, 42

Computational assays

All simulations were performed using the NAMD3 program.42 The all-atoms macromolecular

CHARMM3643 force field and the TIP3P model44 were used to describe the proteins and the

water, respectively. All computational assays corresponded to a physiological concentration of
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NaCl of 0.15 M. The temperature (300 K) and the pressure (1 atm) were kept constant employing

a Langevin thermostat45 and the Langevin piston algorithm,46 respectively. Long-range electro-

static interactions were handled by the particle-mesh Ewald (PME) algorithm.47 Van der Waals

and short-range electrostatic interactions were truncated with a smoothed 12-Å spherical cutoff.

The equations of motion were integrated every 2 fs.

Theoretical models of each interacting moiety, namely their first immunoglobulin domain, were

generated using homology modeling and simulated for 200 ns at equilibrium.17 The starting struc-

tures for the binding free energy calculations were the resulting equilibrated complexes.17 They

were piped into the binding free-energy estimator 2 (BFEE2),48 a tool designed to help set up

binding free-energy calculations for protein–ligand complexes,49 and expanded to protein–protein

complexes by including RMSD calculations of the backbone of each protein, both in the bulk

and at the binding site. The well-tempered extended adaptive biasing force algorithm (WTM-

eABF)50 as implemented in the collective variable module (Colvars) of NAMD39 was chosen as

the importance-sampling algorithm. The PMFs were run sequentially for all complexes, starting

from the distance RMSD of the proteins with respect to the native conformation up to the physi-

cal separation of the two proteins. Once all the PMF calculations were completed, BFEE248 was

invoked again at the post-processing stage, to extract the individual contributions to the binding

affinity from each PMF, and to infer the final binding free-energy estimate.

Machine Learning strategies

Input features generation

One of the most demanding and pivotal aspects of ML lies in the generation of the input features.

These features serve to describe our protein–protein complex interacting regions (interfaces) for

every complex in a suitable format for ML algorithms35 We chose to rely on evolutionary features,

better at describing the binding interface at the residue level.35 The mutual information (MI) was

9



obtained based on a multi-sequence alignment of the first immunoglobulin domain for each protein

family17 performed with CLUSTAL-W.51 The MI is defined as the difference between individual

entropy at the residue position in the MSA, Hi and Hj , and the joint entropy Hij .

MI = −Hij +Hi +Hj =
∑
x,y

pij(x, y) log2
pij(x, y)

pi(x)pj(y)
(3)

where pi(x) and pj(y) stand for the occurrence probability of a given amino acid (x or y) at po-

sition i or j, pij(x, y) is the joint probability of the amino acids at the positions i and j in the

multiple sequence alignment. This metric is utilized to estimate how much information is gained

by accounting for the covariance of residues of DIP and Dpr rather than by treating them sepa-

rately. The MI between non-cognate pairs is treated as noise, since they are not supposed to have

co-evolved, and are, therefore, generated by simple combinatorial. Consequently, the MI generated

by non-cognate pairs is subtracted from the one obtained for cognate pairs. Only residue pairs with

a non-zero MI value were kept for the input features. To account solely for interacting residues

at the interface, the MI is then weighted by an inverse distance, either from α−carbon atoms ex-

tracted from the crystal structure of the Dpr10-DIPα52 since every complex shares the same fold,

or from the inverse distance between the COM of the side chains extracted from MD equilibrium

trajectories taken from reference 17. To consider the energetics associated with residue interac-

tions, a pairwise amino-acid (AA) potential is added to the MI and distance for every residue pair

of the complex. The sum of these features for all residues forms a score for the complex.

score =
∑

AApairs

(MI× distance× potential) (4)
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ML algorithms and parameters

To distinguish between cognate and non-cognate complexes, two different ML algorithms were se-

lected for their simplicity and their interpretability properties, namely linear discriminant analysis

(LDA)53 and random forest (RF).54 The scikit-learn library55 and the specific functions LinearDis-

criminantAnalysis and RandomForestClassifier in Python 3.8.556were employed. The selection

criteria selected for RF was the entropy with no limit on the entropy value or tree length to limit

tree growth. The training test consisted of 80% of the full dataset picked randomly, leaving the

remaining 20% as the validation set, and was repeated a thousand times to ascertain the robustness

of our results.

Extraction of sequences from the database

To test out the trained models on similar proteins from different Drosophila species, we searched in

the Uniprot database,57 for each DIP and Dpr, the most similar proteins based on their amino-acids

sequences, using BLAST (basic local alignment searching tool) version 2.9.0+.58 Each recovered

sequence was assigned to a specific DIP and Dpr based on similarity scores, the maximum being

100%, and the minimum 47.6%. In case of a conflict of assignment between two recovered se-

quences, the choice was made towards the one with the highest identity score. To define this score,

BLAST was used in combination with the BLOSSUM62 substitution matrix,59 recommended for

queries longer than 85 amino acids with a threshold of 10. Not all the DIPs and Dprs were re-

covered in the different selected Drosophila species, and the names of the missing proteins are

reported in Table 2.

Table 2. Summary of the Blast search reporting the name of proteins for which the sequence
was not recovered in Uniprot57 for all 14 Drosophila species considered in this study
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Species (Drosophila...) Missing DIPs Missing Dprs Cognate complexes Non− cognate complexes

... Melanogaster - - 57 174

... Busckii κ 19, 21 51 139

... Sechellia β, λ 7 42 138

... Persimillis β, ι, λ, κ 7,8,12,21 34 85

... Simulans β, δ, λ 5,7,12,21 37 99

... Rhopaloa β, η 8,11,21 42 120

... Guanche β, λ - 46 143

... Pseudoobscura Pseudoobscura - - 57 174

... Ananassae - - 57 174

... Kikkawai λ - 53 157

... Virilis β 3 47 153

... Grimshawi β, λ - 46 143

... Willistoni α 8,12,13,21 49 121

... Mojavensis - 3 54 166

Results and Discussion

Binding Free-Energy Calculations

The binding free-energy estimates, ∆G◦
b, of four Dpr-DIP complexes, were determined using the

geometrical route,20 and are reported in Table 3. Dpr6-DIPβ and Dpr6-DIPα are both cognate

complexes, for which the exact binding free energies are known experimentally.5 Conversely, Dpr-

6DIPθ and Dpr6-DIPγ are both non-cognate complexes, for which only a rough estimation of their

binding affinity is available.

Table 3. Binding free energy estimates using the geometrical route

Complex ∆G◦
b (kcal/mol) ∆G◦

b, exp (kcal/mol) Simulation time (µs)
Dpr6-DIPα −6.7 ± 0.1 −7.75 2.1
Dpr6-DIPβ − 5.4 ± 0.4 −6.55 2.3
Dpr6-DIPγ −4.5 ± 0.4 < −4.15 2.2
Dpr6-DIPθ −2.3 ± 0.6 < −4.55 1.5
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Figure 1. Separation PMFs of all Dpr6 complexes examined with the geometrical route. r stands
for the Euclidean distance between the protein COMs.

During the physical separation simulation, a progressive decay of the PMF in the shape of suc-

cessive plateaus was observed, mirroring a loss of interaction at the interface, most likely due to

side-chain isomerization in response to solvent exposure. As stated in the Methods section, intro-

ducing additional restraints on the RMSD of those interacting side chains was sufficient to correct

this artificial behavior, and recover the experimental value.5 The same procedure was applied to the

non-cognate complexes, and, as anticipated, binding free energies lower than those of the cognate

ones were obtained.

In the SPR assays,5 complexes with a dissociation constant (Kd) above 200 µM, which cor-

responds to binding affinities lower than −5.1 kcal/mol, were considered as non-cognate. Never-

theless, Cosmanescu et al. provided an estimation of the binding affinity, namely lower than −4.1
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and −4.5 for Dpr6-DIPγ and Dpr6-DIPθ, respectively. Our ∆G◦
b for Dpr6-DIPγ is slightly above

the experimental threshold, while remaining below the limit separating cognate from non-cognate

complexes (−5.1 kcal/mol). Dpr6-DIPθ computed binding affinity, on the other hand, is under the

expected value of −4.5 kcal/mol. The lesser accuracy of the dissociation constant measurements

due to less sensitive sensor chips5 precludes a more precise validation of our predictions for the

non-cognate complexes.

Comparing the different physical separation PMFs (see Figure 1), the depth of the wells reveals

a major difference between the cognate and non-cognate complexes. The non-cognate complexes

are close to −10 kcal/mol, and the cognates are in the −24 to −30 kcal/mol region, demonstrating

a stark contrast in their separation behavior, which could help roughly categorize the complexes

without the necessity to follow the entire geometrical route.
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Dpr6-DIP pair using MSA position

Dpr6-DIP pair using MSA position

Figure 2. Hydrogen-bonds occupancies obtained during the separation trajectories of the geomet-
rical route when the proteins are in close contact (in the 4 Å interval of the distance corresponding
to their PMF minima).
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Looking into the protein–protein interactions of simulated complexes, the hydrogen-bond oc-

cupancies (see Figure 2) for residue pairs detected by VMD60 were examined. A clear difference

arises between cognate (α, β) and non-cognate (γ, θ) complexes for the 10-40 and 30-9 pairs (using

the MSA Dpr-DIP residue positions). Furthermore, RMSD side-chain restraints are present for β

and θ in pair 10-40 for α and θ in pair 30-9, and yet a clear difference with a lower occupancy in the

case of the non-cognate complexes is observed in the separation simulations. This result confirms

that cognate complexes form more stable interactions than non-cognate ones. The close binding

affinity estimates for β (cognate) and γ (non-cognate) might stem from similar high occupancies

for several pairs (20-0, 34-19). Overall, the remarkable accord observed between the experimental

and the predicted binding affinities obtained using the geometrical route offers a compelling evi-

dence for the reliability and robustness of this methodology in effectively classifying complexes

and providing a more precise binding affinity than the experimental assay. Nevertheless, the spe-

cific tuning required to perform these calculations cannot be easily implemented for all Dpr-DIP

complexes within a reasonable time and bereft of human intervention.Table 3 shows that in an ideal

world, MD could be able to discriminate the complexes, but it is computationally prohibiting to do

all of the complexes now. Leveraging the documented affinities and a pre-establish classification

inferred from SPR assays,5 we turned next to supervised ML techniques to gain additional insight

into the distinction between the two types of complexes.

Machine Learning Strategies

Nandigrami et al.17 established that an LDA-weighted AIMS algorithm was able to discriminate

between cognate and non-cognate partners in a set of 231 complexes, achieving an accuracy of

approximately 0.88. In their work, they applied a pairwise amino-acids elementary potential, as-

signing a value of +2 to strong interactions (e.g., R and D) while highly repulsive interactions (e.g.,

K and K), were given a −2 value. However, this initial approach has certain limitations. Specif-

ically, it disregards the contribution of several amino acids (e.g., alanine, threonine, serine, and
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glycine) by attributing them a value of 0, thereby treating them as non-interacting residues. Due to

the inherent simplifications in this elementary pairwise potential, we sought a more accurate scor-

ing metric to describe the interaction of residue pairs. In particular, we considered four different

potentials obtained with different approaches, all presented in the Supporting Information (SI). Dill

and Thomas proposed a pairwise potential for amino acids, which was constructed iteratively un-

til it could effectively distinguish between native and decoy conformations.61 Following the same

aim, Dima et al.62 proposed a pairwise amino-acids potential using a coarse-grained representation

of the amino acids, therefore reducing their complexity while still capturing the essential interac-

tions. Similarly, Dosztányi et al.63 developed their pairwise interaction potential by employing

a quadratic form of the amino acids composition. This potential was derived through statistical

analysis of a comprehensive database of globular proteins, allowing residue-residue interactions

that contribute to the stability and folding of proteins to be identified. Furthermore, Betancourt et

al. conducted all-atom simulations in a water environment to extract the interaction potential of

all amino acids using radial density functions, which were then utilized to build a coarse-grained

model.64

Exchanging the elementary potential with those based either on calculations or experiments61–64

merely improved the accuracy by 0.04 at best, as reported in Table 4. Interestingly, the exclusion

of the four amino acids discussed previously did not adversely affect the final classification, hence

indicating that their contribution to the binding distinguishability was minimal and suggesting that

modification of the pairwise potential was not the crucial factor in enhancing the performance of

the ML algorithm. However, when using a neutral value of 1 as the interacting potential for all

amino acids as a control, the accuracy dropped to 0.5 when using LDA, emphasizing the impor-

tance of incorporating an interaction potential in input features for the classification algorithm.

Besides, this observation underscores that the elementary potential, despite its simplicity, con-

tains sufficient information for an accurate classification. Since the affinity between proteins is

non-linear, we replaced LDA with a non-linear classification algorithm, namely RF (see Methods

section for details). The RF model exhibited remarkable performance by achieving an accuracy of
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up to 0.98 when utilizing the elementary potential, surpassing the LDA’s accuracy by 0.1. Further-

more, testing each potential using the RF model revealed comparable accuracies across different

potential conditions, reaffirming our earlier assertion regarding the limited impact of distinct po-

tentials on classification accuracy.

Table 4. Accuracy results using different pairs amino acids potentials for LDA and RF

Potential
LDA RF

training validation training validation
Elementary17 0.8667 0.7707 0.9814 0.9252
Dill61 0.9241 0.8283 0.9923 0.9302
Dima62 0.9109 0.7849 0.9925 0.9339
Dosztányi63 0.8901 0.7471 0.9924 0.9311
Betancourt64 0.9164 0.8127 0.9922 0.9251

A thorough examination of the feature importance mapped back to specific residues in the RF

model provided insights into the key residues contributing to distinguishing between cognate and

non-cognate protein–protein complexes (Figure 3 B and C). However, upon further investigations

of the interactions mediated by these residues using the available MD equilibrium trajectories for

randomly selected complexes, no direct distinction could be established between cognate and non-

cognate complexes.

In addition to the potential, another parameter that can be fine-tuned to improve the description

of the complexes at the residue level is the distance embedded in the input features. To reflect the

actual interacting distance more accurately in the score than with a simple α−carbon atom distance

between pairs identical for all complexes, we took advantage of the equilibrium MD simulations.

Specifically, we extracted the distances separating the side-chains COMS from the MD trajectories

and calculated an average distance over the last 100 ns of the simulation. The updated ML results

are gathered in Table 5 below.

Incorporating the COM mean distance instead of that of α−carbon atoms, lead to similar results

for the training set when using both LDA and RF. However, a slight decrease in performance was

observed for RF, with a validation set loss of approximately 0.1, indicating a possible overfitting
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Figure 3. A) Interface pattern of Dpr1-DIPα with MSA important residue B) Dpr per-residue importance according
to the RF model and MSA position C) DIP per-residue importance according to the RF model with backbone distance
and MSA position.
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Table 5. Accuracy results for LDA or RF with side chains COM mean distance

Potential
LDA RF

training validation training validation
Elementary17 0.8230 0.6956 0.9998 0.8364
Dill61 0.9333 0.8082 0.9999 0.8650
Dima62 0.9267 0.7857 0.9999 0.8849
Dosztányi63 0.8886 0.7493 0.9999 0.8627
Betancourt64 0.8805 0.7200 0.9999 0.8390

problem, meaning that the model has overlearned some patterns from the training that are not

transferable to new data and can cause significant generalization problems. Surprisingly, the COM

mean distance from MD simulations did not provide any significant information to distinguish

between cognate and non-cognate complexes. Moreover, the identification of important residues

was found to be identical to that obtained using the α−carbon atom distance, neither showing gain

of additional structural information nor contributing to a better understanding of the distinctive

characteristics between cognate and non-cognate complexes.

Table 6. Accuracy results for LDA or RF with side chains COM mean distance and all pairs
at the interface

Potential
LDA RF

training validation training validation
Elementary17 0.9888 0.7596 1.0 0.8364
Dill61 0.9751 0.7811 1.0 0.873
Dima62 0.9682 0.7873 0.9999 0.8753
Dosztányi63 0.9677 0.7921 0.9999 0.8747
Betancourt64 0.9626 0.7450 0.9999 0.8671

In an effort to obtain a more comprehensive description of the binding interface and identify

critical residues, we extended our ML approach to include all residue pairs rather than focusing

on MI pre-selected residue pairs. This broader strategy resulted in an improved accuracy for the

LDA model, with values similar to those for the RF model with α−carbon distance. For the RF

model, the results are similar to the previous RF with MD distance showing no improvement.

LDA, with a more detailed and tailored description of the complexes, was able to perform on par

with RF, incorporating less information, emphasizing the importance of feature engineering when
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developing ML models for the classification of protein–protein complexes.

Analyzing the two per-residue profiles (see Figure 3B and 4A), we still identify identical critical

residues as when using MI interacting pairs, such as 5, 10, and 22 for the Dprs, with high impor-

tance scores above 0.5 in both cases. Residue 10 was identified as well through the hydrogen-bond

analysis with high occupancies for the cognate complexes in the geometrical route, demonstrating

its specific importance. In the case of the DIPs, residues 32 and 34 exhibited both a relative im-

portance above 0.5 for both the MI and all pairs. Interestingly, residue 32 was observed to form

hydrogen bonds with weak occupancy in the cognate complexes examined in the geometrical route

(see Figure 2)

While extending the analysis to include all residue pairs validated some critical residues iden-

tified through MI pairs, our investigation revealed that direct classification relying on these critical

residues interactions in the modeled complex structures is impossible. This finding is in line with

the study of Sergeeva et al., which demonstrates that the compatibility between complexes is pre-

dominantly governed by negative constraints rather than by the formation of new and stronger

interactions. These constraints were found to be specific to each binding subgroup defined by

Sergeeva et al.,65 emphasizing the need for careful consideration of subgroup-specific constraints

and, highlighting the challenge of generalizing the findings to other complexes.

Expanding to Drosophila Family Homodimers and to Other Species

To assess the robustness and further validate our ML approach differently, we applied the trained

ML algorithms (LDA or RF) to other Dpr-DIP complexes from other close species. Thirteen

species from the Drosophila family with the most DIP and Dpr matches in the Uniprot database57

were considered, namely Drosophila buskii, Drosophila sechellia, Drosophila persimillis, Drosophila

simulans, Drosophila rhopaloa, Drosophila guanche, Drosophila pseudoobscura pseudoobscura,

Drosophila ananassae, Drosophila kikkawai, Drosophila virilis, Drosophila grimshawi, Drosophila
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BA

Figure 4. Per-residues importance according to MSA position for the RF model using molecular
dynamics distance, all pairs at the interface, and the Dima potential62 for A) the Dprs and B) the
DIPs.
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Willistoni, and Drosophila mojavensis (see the detailed procedure in the Methods section).The

level of annotation in the Uniprot database for the recovered protein sequences of these thirteen

species is thin (score of one or two out of five in the majority), and several were only referred to

as their genetic loci (genetic position). This result can be explained by the focus on Drosophila

Melanogaster as a biologically relevant model, given the short lifetime, the high numbers of larvas,

and the low cost associated with their breeding.66,67

Table 7. Accuracy results for trained LDA and RF using the different species of Drosophila.

Species (Drososphila ...) LDA accuracy RF accuracy

... Busckii 0.92 1.0

... Sechellia 0.95 0.98

... Persimillis 0.99 1.0

... Simulans 0.98 0.99

... Rhopaloa 0.94 0.99

... Guanche 0.96 0.99

... Pseudoobscura Pseudoobscura 0.92 0.995

... Ananassae 0.92 0.99

... Kikkawai 0.93 0.98

... Virilis 0.94 1.0

... Grimshawi 0.95 0.96

... Willistoni 0.96 0.99

... Mojavensis 0.93 0.98

Due to the high percentage of identity for the found protein matches (the lowest being 44.4%

for Dpr12 in Drosophila Grimshawi, and 99% for the highest, see the SI), we assume that cognate

complexes in Drosophila Melanogaster were conserved in the different Drosophila species, and

that the fold was identical to reuse the Dpr10-DIPα α−carbon atoms distance. We chose the

Betancourt potential64, as it provided the best results with these conditions for both RF and LDA
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(see Table 4).

We obtained an accuracy in the range of 0.92−0.96 and 0.98−1.0, for LDA and RF, respec-

tively. It is noteworthy that the accuracies observed in our study align closely with the training

phase conducted on Drosophila Melanogaster, which demonstrates the remarkable consistency

and robustness of our strategy. We, therefore, anticipate that our ML models will exhibit a similar

level of proficiency when presented with novel Dpr-DIP complexes. Thus, the models will be able

to effectively distinguish and accurately classify these complexes as either cognate or non-cognate.

The Dpr-DIP interactome comprises also a few homodimers formed by DIPα, DIPη, DIPθ,

DIPζ , Dpr8, Dpr12 and Dpr21. We generated the input features for all possible homodimers us-

ing a distance taken from one specific DIP homodimer (DIPα, PDB: 6EFY). Using the already

trained LDA model, we successfully predicted the correct classes of such homodimers, except

for DIPζ , which corresponds to the weakest binding affinity amongst the three available mea-

surements, namely for DIPα, DIPη and DIPζ . This result underscores the predictive power of

the present methodology generalized from hetero– to homodimers, yet training only on a single

type of complexes. It is noteworthy, however, that RF fails to predict with the expected high

accuracy (0.54) the strongest candidates amongst the DIPs homodimers, which may stem from

a potential overfitting, as has been detected in previous analysis (see section Machine Learning

Strategies). The binding affinities of the homodimers are also weaker than those characteristic of

the heterodimers formed between the proper partners, which can explain the difficulty of RF to

accurately identify the strong binders. The homophilic interactions are hypothesized to play a role

in rescuing a default in heterophilic interactions.68

Members of the Dpr and DIP families are homologous to those of the IgLONs family in hu-

mans, which is composed of the opioid-binding protein/cell adhesion molecule-like (OPCML/OB-

CAM/IgLON1), the neurotrimin (NTM/IgLON2), the limbic system associated membrane protein

(LSAMP/IgLON3), the neuronal growth regulator 1 (NEGR1/IgLON4), and the IGLON5. They

can form hetero– and homodimers with a high affinity, i.e., −9.9 kcal/mol for the weakest complex,
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the IGLON4 homodimer.69 We tested our model on the 25 interaction combinations, considering

all complexes as cognate, given their affinity for one another.69 The distance feature was extracted

from the IgLON5/NEGR1 heterodimer structure with PDB accession number 6DLD.69 The model

was modified to use the MI directly in lieu of the MI difference between cognate and non-cognate,

since we do not have any non-cognate IgLON complex. The LDA model predicted all the com-

plexes as cognate, whereas RF failed to classify them accurately. To further verify the LDA results,

we assigned IgLON complexes with affinity below −11 kcal/mol as non-cognate complexes to use

the MI difference in the input feature. This LDA model still classifies all complexes as cognate,

which is expected given the greater affinity of IgLONs compared to that of the strongest Dpr-DIP

complex (−8.2 kcal/mol for Dpr9-DIPλ).5 The success of the LDA model for the IgLONS further

validates our findings that the algorithm is applicable to different species, or complexes. In stark

contrast, RF fails to predict on a different dataset, thus highlighting the limitations of the algorithm.

However, when aiming at identifying the key residues for binding in a particular dataset, with no

interest in transferability, RF outperforms LDA by learning better the specific patterns and lever-

aging the RF ensemble properties to obtain the relative residue importance in the classification.

Conclusion

In this work, we sought to elucidate the molecular basis differentiating strong (cognate) and weak

(non-cognate) binders of the Dpr-DIP interactome with state-of-the-art approaches resting on a

restraint-based method, the so-called geometrical route,20 and ML with RF54 and LDA.53 The ex-

cellent agreement between experimental and computational binding free energy estimates obtained

with the geometrical route20 for two cognate complexes underscores the predictive power of the

methodology. The estimation of low binding affinities for non-cognate complexes further validated

the method by providing low estimates that fit within the expected range. We emphasize the need

for specific side chain restraints in this particular family of proteins due to the exposure of the inter-
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face to water, although it may only sometimes be necessary.20 However, the geometrical route has

limitations of its own when dealing with a large number of congeneric complexes due to its com-

putational cost and unique tuning requirements, incompatible with high-throughput predictions.

As an alternative, we turned to ML methods, which are well-suited for handling large datasets.

The difficulty resides in choosing an appropriate description of the binding interface in a proper

format for the algorithm.35 We used input features composed of a multiple sequence alignment

(sequence-based approach) with a structure-based distance and a pre-established pairwise interac-

tion potential (physicochemical compatibility), proving that combining different types of informa-

tion is vital for accurate predictions. These three components are non-specific, so that the input

features can be seamlessly transferred to any similar biological interacting problem, like the bind-

ing specificity of cell-adhesion proteins, such as cadherins,6 as we demonstrated the transferability

of the trained LDA model to homologous proteins, namely IgLONs and Dpr-DIP homodimers.

Furthermore, using per-residue importance extracted from the RF model, we were able to identify

key residues necessary for Dpr-DIP binding. However, they are insufficient to use directly as a cri-

terion to separate randomly selected cognate and non-cognate complexes. It should be noted that

this observation is specific to the Dpr-DIP interactome,65 and should not hinder the identification

of essential residues for a different set of protein complexes. Additionally, we acknowledge that

our classification of Dpr-DIP complexes was based solely on in-vitro assays5, overlooking crucial

biological factors such as cell expression and localization, the importance of which has been in-

vestigated previously.70,71 These factors should be taken into account for a more comprehensive

understanding of the Dpr-DIP interactome at a biological level. Overall, our study provides in-

sights into the molecular basis of binding specificity in the Dpr-DIP interactome and highlights the

potential of combining physics-based and ML approaches to analyze protein–protein interactions

and quickly separate the wheat from the chaff—i.e., the strong binders from the weaker ones, act-

ing like a selection filter for high throughput. Our method is primarily aimed at protein families

with evolutionarily linked members due to the MSA requirement for the MI in the input features.

Furthermore, supervised ML requires prior knowledge of the “target” value to learn how to predict
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in the training process. Datasets with robust structural and thermodynamic information are scarce,

and mainly directed at protein–ligand complexes, e.g., PDBbind,72 which contains 19,433 protein–

ligand complexes versus 2,852 protein–protein complexes in the current version (2020), thereby

limiting the use of supervised ML algorithms for protein–protein standard binding free-energy

predictions.

Data and Software Availability

The input files required for calculating the binding free energies of all molecular assemblies in-

cluded in this study can be found in the Supporting Information. The geometric approach is in-

corporated into BFEE2, accessible at https://github.com/fhh2626/BFEE2. A concise tutorial on

utilizing BFEE2 for protein?protein standard binding free-energy calculations is also available in

the Supporting Information.

Supporting Information Available

The supporting information contains the free-energy contributions of the ∆G◦
b computations for

the four selected Dpr-DIP complexes, the pairwise amino-acid potentials, as well as the parameter

files, the initial configuration files, and the input files for the simulations described herein (ZIP).
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