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Machine Learning Methods for Protein Model Quality Estimation

Md Hossain Shuvo

(ABSTRACT)

Protein model quality estimation helps at various stages of the computational prediction
of protein three-dimensional (3D) structures, which are essential for numerous biological
processes. Existing quality estimation methods for monomeric and multimeric protein mod-
els fall short of leveraging the latest technological breakthrough in deep learning that has
recently revolutionized protein structure prediction, particularly in harnessing the power
of a symmetry-aware network informed by the Protein Language Model (pLM) and the
integration of important evolutionary and structural information, limiting their ability to
improve quality estimation performance. Moreover, despite the significant progress made
by AlphaFold2 in predicting highly accurate protein models, existing methods fall short of
the estimation of high-resolution protein model quality and its application in improving the
accuracy of predicted protein models. Therefore, the objectives of my research include 1) the
development of quality estimation methods for monomeric protein models by learning effi-
cient structural representation with the application of the latest deep learning architectures;
2) the application of our quality estimation methods to improve the structural accuracy of
computationally generated protein models; and 3) the development of multimeric protein
model quality estimation methods with deep graph learning of protein-protein interface.
The benefits of achieving these objectives are two-fold for the broader scientific community.
Firstly, it will enable the evaluation of protein models without the presence of experimentally
determined protein structures. Secondly, our protein model quality estimation methods can
potentially guide the overall structure prediction process and improve the structural accuracy

of predicted models.



Machine Learning Methods for Protein Model Quality Estimation

Md Hossain Shuvo

(GENERAL AUDIENCE ABSTRACT)

In my research, I developed protein model quality estimation methods aimed at evaluating
the reliability of computationally predicted protein models in the absence of experimentally
solved ground truth structures. These methods specifically focus on estimating errors within
the protein models to quantify their structural accuracy. Recognizing that even the most
advanced protein structure prediction techniques may produce models with errors, I also
developed a complementary protein model refinement method. This refinement method
iteratively optimizes the weakly modeled regions, guided by the error estimation module
of my quality estimation approach. The development of these model quality estimation
methods, therefore, not only offers valuable insights into the structural reliability of protein
models but also contributes to optimizing the overall reliability of protein models generated

by state-of-the-art computational methods.
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Chapter 1

Introduction

1.1 Protein structure prediction

Proteins are the essential macromolecules that catalyze various biological processes including
gene expression and regulation, signal transduction, and chemical reactions in living systems
[1, 2]. Existing protein structure determination approaches include X-ray crystallography,
electron microscopy (EM), and nuclear magnetic resonance (NMR) [3, 4]. However, experi-
mental approaches are time-consuming, expensive, and require extensive human effort, lead-
ing to a substantial gap between the number of known protein sequences and experimentally
solved proteins [5, 6]. Therefore, computational approaches to protein structure prediction
offer an alternative strategy to experimental protein structure prediction [7]. Recent techno-
logical breakthroughs have fueled the development of protein structure prediction methods
with AlphaFold2, RoseTTaFold, ESMFold, HelixFold-Single, and OmegaFold demonstrating

complementary strengths and delivering highly accurate protein structures.|2, 8, 9, 10, 11].

1.2 Protein model quality estimation

Protein model quality estimation is the problem of evaluating the quality of the computa-
tionally predicted structural models in the absence of experimentally determined structures
[12]. Methods for quality estimation of computationally predicted protein structural models

serve as a key component of protein structure prediction [13, 14] in validating and evaluating

1



2 CHAPTER 1. INTRODUCTION

predicted protein models at multiple stages of a structure prediction pipeline thus greatly
affecting its prediction accuracy [15, 16]. The computational prediction of protein 3D struc-
tures is cost-effective and faster compared to the experimental strategies [8, 17| and there
has been significant progress in developing computational approaches, achieving state-of-
the-art accuracy [2, 9, 18]. Despite the progress and recent breakthrough by AlphaFold2 [2]
in protein structure prediction, the quality of the predicted structure can be very variable,
thus prompting uncertainty about their reliability [19]. Quality estimation for predicted
protein models (a.k.a. protein model quality estimation) can accurately inform about their
reliable and unreliable regions through the accurate estimation of structural error from the
experimental structure [14, 20, 21] essentially informing about the reliability of the predicted
structure. The estimation of structural error helps in further improving their structural qual-
ity [20, 22, 23] essentially improving the structural reliability of predicted protein models

through iterative structural refinement.

1.3 Approaches to protein model quality estimation

Approaches to protein model quality estimation methods are broadly categorized into ‘single-
model’ methods and ’consensus’ approaches. The single-model method estimates the quality
of protein models based on the model itself [14, 20, 21]. On, the other hand, consensus
approaches (a.k.a. multi-model approach) depend on a pool of models to score the quality
of each of the models in the pool [24, 25, 26]. Therefore, consensus methods are not widely
applicable, specifically when there is a lack of a large pool of models. Single-model methods,
however, are free from such a limitation and can be independently employed for scoring and

model selection.

Single-model methods can be broadly categorized into two major classes: monomeric pro-

tein model quality estimation and multimeric protein complex model quality estimation.
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Monomeric protein quality estimation methods [14, 20, 21], assess the quality of protein
models with a single chain. On the other hand, multimeric model quality estimation meth-
ods [27, 28, 29|, evaluate the quality of protein complexes with multiple subunits. Techniques
for both monomeric and multimer protein complex quality estimation, play integral parts in
the prediction of protein monomeric and protein multimeric complex prediction pipelines,

respectively.

1.4 Deep learning in protein model quality estimation

Methods for both monomeric and multimeric model quality estimation are increasingly
adopting the recent advancements in deep learning architectures, delivering improved qual-
ity estimation performance. For instance, Ornate[30], 3DCNN [31], ProQ4 [32], DOVE [33],
leverage deep Convolutional Neural Network (CNN) [34]. Several protein model quality
estimation methods including QDeep [21], DeepACCNet [20], ResNetQA [12], DeepUMQA
[35] leverage ResNet [36] which has emerged as the improvement over CNN and transformed
the training of deep Convolutional Neural Networks. Recent advancement in several Graph
Neural Networks (GNN)-based architecture has also gained significant attention in the do-
main of protein model quality estimation problems as proteins can inherently be represented
by graphs. Both monomeric and multimeric protein model quality estimation methods in-
cluding GraphQA [37], ProteinGCN [38], PIQLE [27], VorolF_ GNN [29], GNN-DOVE [39],
TRscore [28], GDockScore [40], DeepRank-GNN-esm [41], EnQA [42] leverage GNN-based
architecture including Graph Convolutional Network (GCN) [43], Graph Attention Network,
(GAT)[44] Graph Transformer Network (GTN), [45] and Equivariant Graph Neural Network
(EGNN) [46]. Overall the application of the latest deep learning architectures improves the
quality estimation performance as demonstrated by these existing approaches to protein

monomeric and multimeric quality estimation.
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1.5 Limitation and challenges to protein model quality

estimation

State-of-the-art protein model quality estimation methods adopt various strategies to eval-
uate the quality of both the monomeric and multimeric structures. For instance, methods
for monomeric protein models use various combinations of features and employ different
machine-learning approaches including Support Vector Machine (SVM) and Random Forest
for estimating the quality of a protein model [47, 48, 49]. In addition to these traditional
machine-learning-based methods, a growing number of approaches are employing deep learn-

ing including multi-layer perceptron and convolutional neural networks (CNNs) [30, 31]

Additionally, methods for multimeric protein complexes estimate the quality by evaluating
the accuracy of the interface region of the interacting proteins within the complex. While
estimating the quality, existing approaches learn the voxelized representation of the protein-
protein interface with the application of convolutional neural networks (CNNs) [28, 50].
Recently, representation learning with graph neural networks [51] is gaining significant at-
tention, leading to the development of several protein complex model quality estimation
methods by applying graph attention network (GAT) [39, 44] and graph transformer net-
works (GTN) [39, 45].

Despite their effectiveness, these existing approaches have several limitations. For instance,
single-model quality estimation methods for monomeric protein models do not consider some
key factors including the incorporation of inter-residue distance [52] information and an en-
semble learning of very deep residual neural networks (ResNets) [36] that has emerged as a

breakthrough deep learning technology
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Additionally, state-of-the-art quality estimation methods for multimeric protein complexes
have two major shortcomings. First, they do not consider several key information for efficient
representation of multimeric protein models. For instance, they do not consider the geometry
of the interaction interface that carries important structural information for protein com-
plexes [53]. Additionally, most of the protein complex model scoring approaches typically
rely on the physicochemical properties or energetic contributions of the interacting atoms
but do not consider evolutionarily information in the form of multiple sequence alignments
(MSAs) as well as the sequence. Second, while employing graph neural network-based models
including Graph Convolutional Neural Network (GCN), Graph Attention Network (GAT),
and Graph Transformer Network (GTN) that operate efficiently on protein graphs lacking
a fixed order and providing important invariant properties regardless of node permutation,
they do not exploit the symmetry-aware Equivariant Graph Neural Network (EGNN) that
can inherently capture symmetry under certain rotations and translations when operating on
3D objects such as proteins, providing additional benefits including equivariance to rotation

and translation while also maintaining invariance to node permutation.

1.6 Research objectives and outcomes

The primary objective of my research is to develop protein model quality estimation methods
to accurately evaluate the structural quality of computationally generated protein models
by addressing the limitations of existing protein model quality estimation methods with the
application of data-driven machine learning approaches. Here we introduce novel techniques
for estimating the quality of protein models that leverage the latest advancements in deep
representation learning. Our approaches involve new strategies to model the structural
characteristics of proteins, leading to better representation learning and resulting in improved

performance in estimating the quality of both the monomeric and multimeric protein models.
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In terms of the monomeric protein model quality estimation method, we present the distance-
based method as the first approach to apply the power of an ensemble of very deep residual
neural network architectures for performing residue-level error estimates to accurately predict
the quality of their quality. We additionally, present a protein model refinement method by
integrating the error estimation module of our monomeric protein model to quantify their
unreliable regions and then applying an optimization algorithm to iteratively improve their

structural quality.

In terms of the multimeric protein model quality estimation, we apply a deep graph neural
network to develop a method for estimating the quality of multimeric protein complexes
through the prediction of protein-protein interface quality. Ours is the first method to lever-
age multimeric interaction geometries and evolutionarily information along with sequence-
and structure-derived features to estimate the protein-protein interface quality. We further
develop an improved multimeric protein model quality estimation method by applying a
symmetry-aware Equivariant Neural Network (EGNN) integrated with large Protein Lan-
guage Model (pLM)-based embeddings.

We perform comprehensive benchmarking of our methods on benchmark datasets against the
state-of-the-art competing methods. We additionally validate the efficacy of our methods
through comprehensive testing in blind settings under the model quality assessment category

of Critical Assessment of Protein Structure Prediction (CASP) experiments.

1.7 Dissertation outline and contributions

The document is structured as follows, covering five research outcomes from Chapter 2 to

Chapter 6 and the Conclusion and Future plan in Chapter 7:

In Chapter 2, we present our Research Outcome 1 of developing a quality estimation

method for monomeric protein models by training an ensemble of very deep residual neural
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networks (ResNets) with the incorporation of distance information, titled

“QDeep: distance-based protein model quality estimation by residue-level ensemble error
classifications using stacked deep residual neural networks” [21] [published in Bioinfor-

matics]

In Chapter 3, we present our Research Outcome 2 of developing a high-resolution quality
estimation method with an integrated scoring framework for evaluating monomeric protein

structures, titled

iQDeep: an integrated web server for protein scoring using multiscale deep learning models”

[54] [Published in Journal of Molecular Biology]

In Chapter 4, we present our Resesarch Outcome 3 of developing a high-accuracy pro-
tein structure refinement method with the application of deep learning-based ensemble error

estimates to improve the structural accuracy of monomeric protein models titled

“DeepRefiner: high-accuracy protein structure refinement by deep network calibration” [23]

[Published in Nucleic Acids Research)]

In Chapter 5, we present our Resesarch Outcome 4 of developing a protein-protein in-
terface quality estimation method for evaluating multimeric protein models by leveraging
graph representation learning with the integration of interfacial geometries and evolutionar-

ily information, titled



8 CHAPTER 1. INTRODUCTION

PIQLE: protein-protein interface quality estimation by deep graph learning of multimeric

interaction geometries” [27] [Published in Bioinformatics Advances]

In Chapter 6, we present our Resesarch Outcome 5 of developing an improved protein-
protein interface quality estimation method for evaluating multimeric protein models by
leveraging the symmetry-aware Equivariant Graph Neural Network (EGNN) integrated with

protein language model-based ESM-2 embeddings, titled

“EquiRank: improved protein-protein interface quality estimation using protein-language-

model-informed equivariant graph neural network”

In Chapter 7, we present a list of our publicly available scientific software disseminated to

the broader scientific community, along with their usage and statistics.

In Chapter 8, we conclude by outlining our future plans.



Chapter 2

QDeep: distance-based protein model
quality estimation by residue-level
ensemble error classifications using

stacked deep residual neural networks

2.1 Abstract

Protein model quality estimation, in many ways, informs protein structure prediction. De-
spite their tight coupling, existing model quality estimation methods do not leverage inter-
residue distance information or the latest technological breakthrough in deep learning that
has recently revolutionized protein structure prediction. We present a new distance-based
single-model quality estimation method called QDeep by harnessing the power of stacked
deep residual neural networks (ResNets). Our method first employs stacked deep ResNets
to perform residue-level ensemble error classifications at multiple predefined error thresh-
olds, and then combines the predictions from the individual error classifiers for estimating
the quality of a protein structural model. Experimental results show that our method con-
sistently outperforms existing state-of-the-art methods including ProQ2, ProQ3, ProQ3D,
ProQ4, 3DCNN, MESHI, and VoroMQA in multiple independent test datasets across a

wide-range of accuracy measures; and that predicted distance information significantly con-

9
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tributes to the improved performance of QDeep. Availability and implementation: https:

//github.com/Bhattacharya-Lab/QDeep.

2.2 Introduction

Estimating the quality of a computationally generated protein structural model serves as
a key component of protein structure prediction [13, 55]. Model quality estimation assists
in validating and evaluating predicted protein models at multiple stages of a structure pre-
diction pipeline, thus greatly affecting its prediction accuracy [15, 16] Methods for model
quality estimation can be broadly categorized into two major classes that include ‘single-
model’ methods and ‘consensus’ approaches. Single-model methods estimate structural qual-
ity purely from the model itself [14, 30, 31, 49, 55, 56, 57, 58| whereas consensus approaches
exploit information from other models in a pool of possible alternatives [24, 25, 59, 60]. As
such, performance of consensus approaches can be tremendously affected by the size and
diversity of the model pool [13, 15, 61], sacrificing their generality and large-scale use in
standalone structure prediction systems. Single-model methods, on the other hand, are free
from such limitation and can be independently employed for scoring and model selection.
As a result, singlemodel quality estimation methods are gaining increasing attention by the
community in the recent editions of Critical Assessment of techniques for protein Structure
Prediction (CASP) experiments [13, 59, 62|, the universal standard for objectively evaluating
the state-of-the-art of protein structure prediction.

Single-model quality estimation methods use various combinations of features and employ
different machine-learning approaches for estimating the quality of a protein model without
any knowledge of the experimental structure by learning a mapping from the features to
its quality. For instance, ModelEvaluator [47] uses structural features to train support vec-
tor machine (SVM), REMQA [48] utilizes structural features and potential energy terms for

training random forest, ProQ2 [49] uses evolutionary sequence profile combined with contacts
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and other structural features to train SVM. In addition to these traditional machine-learning-
based methods, a growing number of approaches are employing deep learning, some of which
delivering top performance in the most recent CASP13 experiment [13, 59]. For example,
ProQ3D [14] and ProQ4 [32] exploit the strengths of multi-layer perceptron and 1D fully
convolutional neural network (CNN), respectively. Other recent methods, such as Ornate
[30] and 3DCNN [31, 56] take advantage of 3D CNNs, attaining state of-the-art performance.
Despite their effectiveness, these approaches do not consider some key factors that can sig-
nificantly improve single-model quality estimation performance. First, accurate prediction
of inter-residue distance information has dramatically improved the nature of protein model
generation [52, 63, 64] but none of the quality estimation methods incorporate distance
information. Second, very deep and fully convolutional residual neural network (ResNet)
[36] has emerged as a breakthrough deep learning technology that has revolutionized many
computer vision tasks and very recently protein contact or distance prediction [65, 66], but
their power has not yet been harnessed in estimating model quality. Third, most of these
machine-leaning-based approaches typically rely on a single trained predictor for quality esti-
mation either at the global or local level. That is, they do not make use of ensemble learning.
In this article, we present a brand-new distance-based single-model quality estimation method
QDeep by training an ensemble of stacked deep ResNets. Such architecture can perform
residue-level ensemble error classifications at multiple predefined error thresholds. Here, we
use 1, 2, 4, and 8A as the error thresholds to model the GDT-TS score [67] by predicting
the likelihood of the error between the Ca atom of any residue of a model to be within rA
from the corresponding aligned residue in the experimental structure, where re{1,2,4,8}.
Combined predictions from the individual error classifiers can then be used to estimate the
quality of a protein structural model. We train QDeep using a redundancy-removed set of
proteins from CASP9 and CASP10, validate the performance of the individual deep ResNet
models on CASP11, and then evaluate its quality estimation performance on CASP12 and

CASP13 targets. Our experimental results show that our method yields much better perfor-
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mance than existing methods and also results in better discrimination between ‘good’ and

‘bad’ models. The improved performance of QDeep is deeply driven by our effective integra-
tion of distance information for single-model quality estimation. QDeep is freely available

at https://github.com/Bhattacharya-Lab/QDeep.

2.3 Materials and Method
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Figure 2.1: Flowchart of QDeep. (A) Multiple sequence alignment generation. (B) Distance-
based, sequence versus structure consistency-based and ROSETTA centroid energy terms-
based features collection. (C) Architecture of stacked deep ResNet classifiers at 1, 2, 4, and
8A error thresholds. (D) Residue-level ensemble error classifications and their combination
for model quality estimation.

The flowchart of QDeep is shown in Figure 2.1, which consists of four steps: multiple sequence
alignment generation, feature collection, stacked deep ResNets training, and residue-level

ensemble error classifications and their combination for model quality estimation.

2.3.1 Multiple sequence alignment generation

We generate multiple sequence alignment (MSA) (Fig. 2A) using HHblits [68] with a query
sequence coverage of 10% and pairwise sequence identity of 90% against whole-genome se-

quence database Uniclust30 [69] for three iterations with an E-value inclusion threshold of
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103. We also experiment the inclusion of other whole-genome sequence database UniRef90
[70] and metagenome database Metaclust [71] using the DeepMSA [72] pipeline to generate
more sensitive and diverse MSA with improved coverage and alignment depth. The gen-
erated MSA serves as the key input to inter-residue distance prediction as well as other

sequence-based features, such as secondary structure and solvent accessibility.

2.3.2 Feature collection

As shown in Figure 2B, we generate a total of 23 features for describing each residue of a
model that includes distance-based weighted histogram alignment, sequence versus structure

consistency, and ROSETTA centroid energy terms. We briefly describe them below.

Distance-based weighted histogram alignment

We predict inter-residue distance map of the target protein by feeding the MSA to DMP-
fold [52] and obtain the initial distance prediction without any iterative refinement (i.e.,
rawdistpred.current files) containing 20 distance bins with associated likelihoods between
the interacting residue pairs. The distance map is then converted to 5 evenly distributed
distance intervals: 6, 8, 10, 12, and 14Aby summing up likelihoods for distance bins below
specific distance thresholds and considering only the residue pairs having likelihoods of at
least 0.2 to reduce noise. We calculate observed inter-residue distance histogram for each
model in the model pool at the same 5 distance intervals mentioned above to perform dy-
namic programming alignments of the predicted and observed distance histograms through
eigen-decomposition [73] 2010). The 5 alignment scores, each of which ranges between 0 and
1, are used as 5 distance-based features after multiplying with empirically selected weights
of 0.10, 0.25, 0.30, 0.25, and 0.10 for alignment scores at distance bins 6, 8, 10, 12, and 144,

respectively, to allow higher emphasis on the distance intervals between 8 and 12A.
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Sequence versus structure consistency

Number of effective sequences: We use the normalized number of effective sequences (NEFF)
[72] as a feature. NEFF is calculated as the reciprocated sum of the number of sequences in
the MSA with a sequence identity >80% to the n'* sequence, divided by the total number

of sequences in the MSA.

Sequence profile conservation score: We generate a sequence profile by searching the NR
database using PSI-BLAST v2.2.26 software [74] with an E-value of 0.001. The information
per position score from the resulting position-specific scoring matrix is then used as a feature

after applying sigmoidal transformation to scale the score between 0 and 1.

Secondary structure (SS) and solvent accessibility (SA): We predict SS and SA using SPI-
DERS3 [75] and use residue-specific binary agreement between predicted and observed SS as

well as the squared error between predicted and observed relative SA as features.

Angular root mean square deviation (RMSD): We use normalized RMSD between the two
backbone dihedral angles (¢,) predicted from the sequence using SPIDER3 and their ob-

served values computed from the models as two features, which are computed as:

1
AngularRMSD = \/— Z (min(xe; — xp, 2™ — |220 — 241]))? (2.1)
n =
: 1
NormalizedAngular RMSD = 5 (2.2)
1+ (AngularRMSD>
w/4

where 1, is the vector of / or w angle sequence for n residues predicted from the amino acid
sequence and xo; is the vector of the corresponding observed ¢ or ¥ angle sequence for n

residues in the model.
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ROSETTA centroid energy terms

We use 12 ROSETTA [76, 77] centroid energy terms as features that include residue envi-
ronment (env), residue pair interactions (pair), ¢ density (cbeta), steric repulsion (vdw),
radius of gyration (rg), packing (cenpack), contact order (co), statistical potentials for SS
formation (hs_ pair, ss_pair, sheet, rsigma), and centroid hydrogen bonding (cen_hb). We

apply sigmoidal transformations to scale the energy terms before using them as features.

Sliding window

In order to capture the local interactions among residues, we employ a sliding window of 21
around the central residue (i.e., 10 residues on both sides) similar to [55]. This results in
a 483-dimensional feature vector for each residue. N- or C-terminal residues having one or
more missing neighbors on either side are padded with additional 0’s to match the feature

dimension.

2.3.3 Architecture of stacked deep ResNets

Figure 2C shows a high-level overview of the architecture of our stacked deep ResNets. Each
network consists of 13 residual blocks with three 1-dimensional convolutional layers in each
block. We adopt the bottleneck design [36] for the residual modules with a kernel size of
1x1,1x 3, and 1 x 1, respectively, for three convolutional layers in each residual block.
Here, the 1 x 1 layers at the beginning and at the end of each residual block are used to
reduce and restore the dimensionality of the feature vector, thus maintaining consistency in
the dimensionality of feature maps throughout the network. We input L x 483 x 1 feature
to a convolutional layer with a kernel size of 1 x 7 and filter of 64 x 1. Afterwards, the
feature is transformed into 64-dimensional feature vector using a 1 x 1 convolutional layer

of the first residual block with a filter size of 64 x 1. In each of the residual blocks, a
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‘shortcut connection’ between the input and the output layer, skipping the intermediate

layer is established. This connection works as identity mapping and its outputs are added to
the output from all previously stacked layers and passed to the pre-activation phase of the
final layer of a residual block. As depicted in Figure 2C, the input x in the i** layer is added
to the input of the final layer of a residual block. Therefore, the activation in the output

layer for a specific residual block is applied to the x; + F'(x;41)

y = Faip, {W; + 1} + W,.X;) (2.3)

where F is the ReLU activation function, W is the weight vector in a particular layer i, W
is the additional parameter to the model, representing the linear projection by the shortcut
connection, applied to match the dimension, which is implemented by 1 x 1 convolution. Our
entire deep residual network is divided into three stages with three residual blocks in the first
stage, four in the second stage, and six in the last stage. In Figure 2C, n defines the output
channels for the residual block in each stage that are set to 128, 256, and 512, respectively.
Therefore, in the first block of each stage, the feature map is halved and the filter size is
increased by a factor of 2. The dimensionality of the feature map remains the same in the
consecutive blocks in a stage. We apply batch normalization on the input features before
passing to the convolutional layer in the first stage of the residual network. The utilization
of this setting, therefore, minimizes the internal covariate shift as well as the need for the
Dropout [78]. At the end of the residual blocks, we use an average pooling layer with a pool
size of 2 that reduces the number of parameters and helps in faster computation. Finally, a
flatten layer accepts the pooled feature map to transform into a 1-dimensional vector and

passes to the fully connected (i.e., dense) layer.



2.3. MATERIALS AND METHOD 17

2.3.4 Model training

We collect submitted models from CASP9 and CASP10 [79, 80] experiments for a total of
220 protein targets, whose experimental structures are publicly available. On average, there
are 282 models per target. To remove redundancy, we perform MUFOLD clustering [81]
and select the centroid of the top 10 clusters. It should be noted that not all the targets
have all 10 clusters and MUFOLD fails to execute for 5 targets, resulting in a total of 2,130
redundancy-removed models having 303,675 residues for 215 CASP targets. We prepare four
sets of features at 1, 2, 4, and 8A error thresholds with the same training data by assigning a
binary label to each one of the residues after calculating the errors between the Ca atoms of
each of the residues in the model and the corresponding aligned residue in the experimental
structure using the LGA program [67]. We assign a label of 1 (positive class) to the feature
set of each of the residues if the error is within rA (where r ¢ {1, 2, 4, 8}A following GDT-
TS), 0 (negative class) otherwise. We train an ensemble of four independent ResNet models
using the four sets of features at 1, 2, 4, and 8A error thresholds. As ConvlD accepts an
input shape of a 3D tensor with batch, steps, and channel, respectively, we reshape the
feature vector into L x 483 x 1 prior to passing to the input layer. We train the networks
with the maximum number of epochs of 120 and an optimal batch size of 64 that best fits
the GPU limit. Also, to avoid overfitting, we use EarlyStopping callback of Keras [82] with
a patience value of 20. We optimize the model using the binary crossentropy loss function

and first-order gradient-based Adam optimizer [83].

2.3.5 Residue-level ensemble error classifications and their com-

bination for model quality estimation

Figure 2D shows the residue-level ensemble classifications and their combination for model

quality estimation. We consider each one of the four deep ResNet models as an independent



CHAPTER 2. QDEEP: DISTANCE-BASED PROTEIN MODEL QUALITY ESTIMATION BY

RESIDUE-LEVEL ENSEMBLE ERROR CLASSIFICATIONS USING STACKED DEEP RESIDUAL

18 NEURAL NETWORKS
residue-specific error classifier, while their ensemble collectively estimates the structural

quality of a model. For each classifier, the output layer with the sigmoid activation function
predicts the likelihood of residue-level errors at 1, 2, 4, and 8A error thresholds. We set a
likelihood cutoff of 0.5 to convert the likelihood of a residue-level error to binary classification,
where a likelihood value greater than the cutoff is classified as 1, indicating the residue-
specific error to be within rA error level (e {1, 2, 4, 8}A) and 0 otherwise. For a given error
threshold at rA, we calculate the aggregated error for the whole model by summing up the
number of residues belonging to the positive class N r. Analogous to GDT-TS score, we

estimate the quality of a model by combining the ensemble of residue-level classifiers as:

N1+ N2+ N4+ N8
4L

QDeep — score = (2.4)
where N1, N2, N4, and N8 are the number of aligned residues within 1, 2, 4, and 8Aerror
thresholds, respectively, and L is the length of the target protein. Consequently, QDeep-score

lies between [0, 1] with a higher value indicating better quality.

2.3.6 Evaluation method and programs to compare

We validate the individual residue-level classifiers using the ‘stage 2’ model pool (150 mod-
els/target) for 82 CASP11 targets[84] with publicly available experimental structures. For
evaluating model quality estimation performance, we use the stage 2 model pool for 40 and
20 targets from CASP12 and CASP13, respectively [59, 84], with a total of 9,000 models for
both datasets. The training and test datasets are non-overlapping with an average pairwise
sequence identity of 21%. We use three evaluation criteria to measure the performance of
model quality estimation: (i) ability to reproduce the true model-native similarity scores,
(ii) the ability to find the best model, and (iii) the ability to distinguish between good and

bad models. For the first criterion, we use average per-target and global Pearson, Spearman,
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and Kendall’s Tau correlations between the estimated scores and the true GDT-TS accuracy
considering all models in a given dataset. Consequently, a higher correlation indicates better
performance. For the second criterion, we use average GDT-TS loss which is the difference
between the true GDT-TS of the top model selected by the estimated score and that of
the most accurate model in the pool. A lower loss, therefore, indicates better performance.
For the third criterion, we perform receiver operating characteristics (ROC) analysis using
a cutoff of GDT-TS = 0.4 to separate good and bad models. Meanwhile, the area under
ROC curves (AUC) quantifies the ability of a method to distinguish good and bad mod-
els. We compare our new distance-based single-model method QDeep with state-of-the-art
single-model quality estimation methods that include ProQ2 [49], ProQ3 [55], ProQ3D [14],
ProQ4 [32, 59], 3DCNN [31], MESHI [85], and VoroMQA [86]. For CASP12 targets, all
tested methods are run locally with parameters set according to their respective papers. For
CASP13, we directly obtain quality estimation predictions submitted by the tested methods

from the data archive of the CASP official website.

2.4 Results

2.4.1 Validation of individual residue-level classifiers

We validate the performance of our individual deep ResNet-based classifiers on 82 CASP11
targets. Figure 2.2 shows the ROC curves for each of the classifiers trained at error thresholds
of 1, 2, 4, and 8A, respectively. All individual classifiers achieve AUC values ~0.8, demon-
strating their effectiveness at various error thresholds. Of note, the AUC values steadily
increase at higher values of error thresholds. This is not surprising because at a lower error
threshold, the proportion of residues belonging to the positive class is very low. That is,
the number of positive and negative labels is extremely unbalanced. For example, in the

training dataset, the ratios between the positive and negative labels are 0.27 (88,36/331,318),
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Figure 2.2: Accuracy of the individual residue-level classifiers at 1, 2, 4,

thresholds on the validation set of 82 CASP11 targets

and 8A error

0.54 (147,194/273,084), 0.93 (202,373/217,927), and 1.57 (256,740/ 163,566) for 1, 2, 4, and

8A error thresholds, respectively. The sparsity of positive labels at lower error thresholds

may be the reason behind their somewhat lower performance. Nonetheless, they still deliver

reasonable residue-level classification performance. Binary classification performance met-

rics, such as F1, MCC, Precision, and Recall for the individual classifiers at various error

thresholds are reported in Supplementary Table 2.4.
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Table 2.1: Performance of single-model quality estimation methods on CASP12 and CASP13
stage 2 datasets, sorted in decreasing order of average per-target Pearson correlations.

Dataset  Method Avgr® Avg p® Avg 7¢ Avgloss? Global 1 Global pf  Global 79
QDeep 0.740 0.657 0.492 0.051 0.863 0.871 0.678
ProQ3D 0.688 0.631  0.467  0.086 0.851 0.847 0.660

CASP12 3DCNN 0.661  0.585  0.427  0.081 0.834 0.818 0.620
ProQ2 0.624 0.556  0.404  0.091 0.784 0.770 0.577
ProQ3 0.604 0.536  0.390 0.071 0.806 0.793 0.600
VoroMQA 0.560 0.502 0.362  0.105 0.604 0.603 0.444
QDeep 0.752 0.692 0.512 0.088 0.866 0.868 0.678
ProQ4 0.733  0.667  0.507  0.089 0.667 0.642 0.491

CASP13 MESHI 0.713 0.663 0.492 0.070 0.833 0.845 0.659
ProQ3D 0.671 0.619 0.457 0.084 0.849 0.811 0.626
VoroMQA-A 0.665 0.606 0.442  0.092 0.769 0.767 0.574
VoroMQA-B 0.651  0.592 0.429  0.072 0.754 0.750 0.554

Note: Values in bold represent the best performance.

abcPer-target average Pearson, Spearman, and Kendall’s Tau correlation with respect to
true GDT-T'S score

dPer-target average loss with respect to true GDT-TS score

efeGlobal Pearson, Spearman, and Kendall’s Tau correlation with respect to true GDT-TS
score
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2.4.2 Performance evaluation on CASP datasets

Table 2.1 reports the performance of our new method QDeep and five other top-performing
single-model quality estimation methods on CASP12 and CASP13 stage 2 datasets. QDeep
consistently outperforms all other tested methods for both CASP12 and CASP13 sets across
almost all performance criteria. For instance, QDeep attains the highest per-target average
Pearson correlation of 0.740 in CASP12, which is much better than the second-best ProQ3D
(0.688). Additionally, QDeep attains the lowest average GDT-T'S loss of 0.051, which is sig-
nificantly lower than the second-best ProQ3 (0.071). Furthermore, QDeep always delivers
the highest global correlations in CASP12. The same trend continues for CASP13 set, in
which QDeep attains the highest per-target average Pearson correlation of 0.752, better than
the second-best ProQ4 (0.733). In terms of GDT-TS loss in CASP13, however, MESHI at-
tains the lowest average GDT-TS loss (0.070) as it adopts an additional loss enrichment step
in its pipeline. QDeep has an unusually high GDTTS loss of 0.455 for the CASP13 target
T1008, which raises its average GDT-TS loss. On further inspection, we find that the align-
ment depth of the MSA for T1008 is zero having no identifiable homologous sequences. If
T1008 is excluded, the average loss of QDeep becomes 0.068. Considering all targets though,
the average GDT-TS loss of QDeep in CASP13 is still comparable to the other tested meth-
ods. The global correlations attained by QDeep are always the highest in CASP13. Of note,
ProQ4, the second-best performing method in CASP13 after QDeep in terms of per-target
average correlations, consistently exhibit poor global correlations. MESHI, the method at-
taining the best average GDT-TS loss in CASP13 does not deliver top performance in terms
of per-target average correlations. That is, there are complementary aspects of model quality
estimation that can lead to performance trade-offs. Our new method QDeep strikes an ideal
balance to deliver top-notch performance across various facets of model quality estimation

simultaneously.
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Figure 2.3: The ability of single-model quality estimation methods to distinguish good and
bad models in (A) CASP12 and (B) CASP13 stage 2 datasets. A cutoff of GDT-TS = 0.4
is used to separate good and bad models

To investigate the ability of QDeep to distinguish good and bad models in comparison
with the other tested methods, we perform ROC analysis using all models for all targets in
CASP12 and again, QDeep consistently achieves the highest AUC values for both CASP12
and CASP13. The AUC of QDeep is slightly higher than the second-best ProQ3D in CASP12
and noticeably higher in CASP13, demonstrating its better performance in separating good
and bad models compared to the others. It is interesting to note that among the other tested
methods, deep learning-based approaches, such as ProQ4, ProQ3D, and 3DCNN routinely
delivers better performance in both CASP12 and CASP13 datasets. Among the ProQ se-
ries of predictors, deep learning-based methods, such as ProQ3D and ProQ4 perform better
than SVM-based approaches like ProQ2 and ProQ3. While these methods themselves are
intrinsically different making it difficult if not impossible to firmly conclude the underlying
cause of their performance differences, the trend of superior performance of deep learning-
based methods may indicate the inherent advantage of transitioning from traditional machine

learning to deep learningbased approaches for model quality estimation task.

To investigate the effect of various deep architectures on quality estimation performance
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Table 2.2: Performance comparison of deep ResNet models used in QDeep with other deep

learning architectures on CASP12 and CASP13 stage 2 datasets.

CASP12 stage 2 CASP13 stage 2

Avg r* Avg o Avg 7¢ Avgloss? Avgr® Avg p® Avg 7¢  Avg loss?

ResNet 0.740 0.657 0.492 0.051 0.752 0.692 0.512 0.088

LSTM 0.716 0.596 0.452  0.059 0.735 0.668 0.500  0.116
CNN 0.657 0581 0433  0.097 0.735 0.660 0487  0.116

Note: Values in bold represent the best performance.

ab.cPer-target average Pearson, Spearman, and Kendall’s Tau correlation with respect to
true GDT-T'S score

dPer-target average loss with respect to true GDT-TS score

when everything else remains the same, we compare deep ResNet with long short-term
memory (LSTM) [87] and CNN [88] by performing controlled experiments. Equivalent to
the ResNet model ensemble employed in QDeep, we train ensembles of four independent
LSTM and CNN residue-specific error classifiers at 1, 2, 4, and 8A ° error thresholds using
the same features sets and same training data used in QDeep. The model architectures
and training procedure for the LSTMs and CNNs are described in Supplementary Methods.
Table 2.2 presents the head-to-head performance comparison between ResNets, LSTMs, and
CNNs on CASP12 and CASP13 stage 2 datasets. The results show that ResNet delivers
the best performance across all performance criteria, while LSTM consistently outperforms
CNN. ResNet attains the highest per-target average correlations and the lowest average
GDT-TS losses in both CASP12 and CASP13 sets. LSTM attains an average GDT-TS loss
of 0.059, which is lower than all tested methods in CASP12 and second only to the ResNet
architecture of QDeep. In CASP13, LSTM delivers better per-target average Pearson (0.735)
and Spearman (0.668) correlations than all other methods except ResNet-based QDeep.
The results further emphasize the advantage of using sophisticated deep architecture, such
as LSTM for model quality estimation. Our new method QDeep goes one step further
by training an ensemble of state-of-the-art stacked deep ResNets classifiers, delivering the

best predictive performance. Meanwhile, the novel use of distance information in QDeep
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substantially improves the performance, as discussed later. In summary, the advantage of

QDeep in single-model quality estimation over the others is manifold.

2.4.3 Impact of deeper sequence alignment

Table 2.3: Performance comparison of variants of QDeep on CASP12 and CASP13 stage 2
datasets.

CASP12 stage 2 CASP13 stage 2

Avg. 1 | Avg. p° | Avg. 7¢ | Avg. Avg. 1 | Avg. p° | Avg. 7¢ | Avg.
loss? loss?
QDeep | 0.740 0.657 0.492 0.051 0.752 0.692 0.512 0.088

QDeep
DeepMSA 0.741 0.667 0.505 0.062 0.777 0.720 0.538 0.084

QDeep | g err L0601 | 0.442 | 0.065 0.668 | 0613 | 0.445 | 0.091
NoDistance

Since a large number of features used in QDeep is dependent on MSA, which has been shown
to significantly affect contact prediction, SS prediction and threading [72], we replace our
alignment generation component with DeepMSA [72] to generate deeper sequence alignments
by integrating whole-genome and metagenome sequence databases and retrain the ensem-
ble of four stacked deep ResNet models with the same architecture and training procedure

mentioned earlier (hereafter called QDeepPeePMS4)

. To study the impact of deeper MSA in
model quality estimation, we perform head-to-head performance comparison between QDeep
and QDeep”PMS4  To make a fair comparison, we use the same test datasets of CASP12
and CASP13 with the same feature sets. As reported in Table 2.3, QDeep”¢PMSAfurther
improves per-target average correlations in both datasets. The improvement is particu-
larly noticeable for CASP13, in which QDeep”¢PM54 attains average per-target Pearson,
Spearman, and Kendall’s Tau correlations of 0.777, 0.720, and 0.538, respectively, that are
much higher than QDeep trained on standard MSA. In terms of average GDT-TS loss,
QDeep?ePM54 results in slight improvement in CASP13 but visible worsening in CASP12.

In Supplementary Figure 2.4, we show the performance of the individual classifiers at 1, 2,
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4, and 8A error thresholds by performing ROC analysis on our validation set comprising

of 82 CASP11 targets. Except 8A error threshold, all other deep ResNet classifiers trained
on deeper alignments attain higher AUC values compared to their counterparts using stan-
dard MSA. That is, deeper sequence alignments can be advantageous to further improve
the performance of our new quality estimation method QDeep, particularly by enhancing
its ability to better reproduce true model-native similarity scores. To understand whether
it is possible to further improve the performance by fine-tuning the hyperparameters of the
ResNet architecture to better leverage the deeper sequence alignments, we train shallower
and deeper ResNet architectures. For the shallower architecture, we stack 2 blocks in each
of the three stages, resulting in a total of 6 residual blocks for each independent residue-
level error classifier. The deeper architecture consists of a total of 20 residual blocks for
each independent residue-level error classifier having 6, 7, and 7 blocks sequentially for the
three stages. As described in Supplementary Methods, these two variants of our original
13-residual-blocks-QDeep?¢PM54 are trained using the same features with deep MSAs and
same training data. Head-to-head performance comparison reported in Supplementary Ta-
ble 2.5 reveals minor performance variations between the variants, with all architectures
outperforming the other tested methods for both CASP12 and CASP13 sets in majority of
performance criteria. The deeper architecture with 20 residual blocks performs better than
the shallower architecture with 6 residual blocks, particularly for CASP13. Our original
ResNet architecture of QDeep?¢PM54 consistently delivers the best performance over the

variants across all assessment metrics, validating its effectiveness for quality estimation

2.4.4 Contribution of distance information

To evaluate the contribution of distance information in QDeep, we retrain an extra set of the
same ensemble classifiers at 1, 2, 4, and 8A error thresholds after excluding distance-based

features, while still utilizing deep MSA for feature generation (hereafter called QDeep?oDistance),
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Head-to-head performance comparisons on the same test sets of CASP12 and CASP13

NoD:istance

datasets reveal that QDeep performs much worse than the original distance-based

eep metnod, et alone 1S varian eep ramed using deep alignments an 1S-
QD thod, let alone it iant QDeepP¢PMS4 trained using d li ts and di

NoDistance

tance information. As shown in Table 2.3, QDeep substantially degrades per-target
average Pearson, Spearman, and Kendall’s Tau correlations in both CASP12 and CASP13
sets. There is also a noticeable increase in the average GDT-TS loss. Clearly, the exclu-
sion of distance information negatively affects the estimation of model quality performance.

The results underscore the importance of incorporating distance information in single-model

quality estimation methods, such as QDeep.

2.5 Conclusion

This article presents QDeep, a new distance-based single-model protein quality estimation
method based on residue-level ensemble error classifications using stacked deep ResNets.
Experimental results show that QDeep works much better than existing approaches across
various accuracy measures of model quality estimation. QDeep outperforms not only cur-
rently popular ProQ) series of methods including its most recent editions ProQ3D and ProQ4
but also top-ranked single-model quality estimation methods participating in the most recent
13th edition of CASP. Among the competing methods, deep learning-based approaches show
a general trend of superior performance. Our new method QDeep takes a leap forward by
employing cutting-edge deep learning architecture to effectively integrate predicted distance
information with other sequential and structural features, leading to improved performance.
Different from the other state-of-the-art methods, such as ProQ4 and MESHI that focus
only on some aspects of quality estimation, our method works well on a wide-range of ac-
curacy metrics to deliver an overall well-rounded performance. Controlled experiment on
multiple datasets confirms that the improved performance of QDeep is primarily attributed

to our effective integration of distance information that can be further improved in part by
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incorporating deeper sequence alignments. This should make distance-based protein model

quality estimation a promising new avenue for many more single-model methods in the near

future.
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2.8 Supplementary Information

Table 2.4: Performance of individual classifiers at 1, 2, 4, and 8A error thresholds on 82
CASP11 targets.

Dataset re F? MCCe Precision Recall
1A 0.49 0.33 0.51 0.48
CASP11 24 0.70 0.52 0.74 0.66
4A 0.81 0.57 0.76 0.85
8A 0.85 0.56 0.83 0.88
2Deep ResNet classifier trained at a distance threshold of r
PF1 score

°Matthew’s correlation coefficient
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Figure 2.4: Accuracy of the individual residue-level classifier at 1, 2, 4 and 8A error thresholds
on 82 CASP11 targets. The classifiers are trained using the features generated by integrating

deep MSA

2.8.1 Supplementary Method

Architectures of various deep learning models for model quality estimation

To investigate the effect of various deep learning models on quality estimation performance
when everything else remains the same, we train Long Short-Term Memory [87] and Convo-

lutional Neural Networks [88] in addition to the deep ResNet architecture used in QDeep.
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Long Short-Term Memory (LSTM):

We construct an LSTM network by stacking LSTM layer with 64 LSTM blocks and two
subsequent hidden dense layers with 32 and 16 nodes, respectively. Similar to the deep
ResNet model ensemble employed in QDeep, we train ensembles of four independent LSTM
residue-specific error classifiers at 1, 2, 4, and 8A error thresholds using the same features
sets and same training data used in QDeep. We use “relu” activation function for each of the
dense layers, and “sigmoid” activation function for the output layer to return a probability
value between 0 and 1 for each of the classes by using a probability threshold of 0.5 for each

of the predictors to classify the residue-level error to be within rA (where r € {1, 2, 4, 8}A).

Convolutional Neural Network (CNN):

We construct a CNN architecture having 5 sequential stacked layers. We use 64 filters for
each of the layers with a kernel size of 3 and “relu” activation function. To reduce the
feature dimensionality, we add a MaxPoolinglD layer with a pool size of 2 after every two
convolutional layers. Additionally, to scale the activation we use BatchNormalization layer
after every 2 convolutional layers. To reduce overfitting, we add a Dropout layer with a 50%
dropout after every 2 convolutional layers. Subsequently, we add a Flatten layer followed by
a fully connected dense layer as an output layer. The Flatten layer transforms the feature
into 1D vector before it is passed to the output layer. Once again, we train ensembles of
four independent CNN residue-specific error classifiers at 1, 2, 4, and 8A error thresholds
using the same features sets and same training data used in QDeep. We use “sigmoid”
activation function in the dense layer to return a probability value between 0 and 1 for each
of the classes by using a probability threshold of 0.5 for each of the predictors to classify the

residue-level error to be within rA (where r € {1, 2, 4, 8}A).
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Training various architectures of deep residual neural networks (ResNets)

In addition to the original deep ResNet model employed in the QDeep method that con-
sists of 13 residual blocks (hereafter called ResNetP1?), we investigate the effect of the
hyperparameters of the ResNet architecture on quality estimation performance by training
additional ResNet models. We vary the number of residual blocks to train two variants of
the original ResNet architecture: one shallower ResNet having 6 residual blocks for each
independent residue-level error classifier (hereafter called ResNetP%) and the other deeper
ResNet having 20 residual blocks for each independent residue-level error classifier (hereafter
called ResNetB?°). For ResNetB6, we stack 2 blocks in each of the three stages, whereas
for ResNetB?°, we stack 6, 7 and 7 blocks sequentially for the three stages. Similar to the
original ResNetB' architecture, we adopt the same bottleneck design [36] for ResNetB®
and ResNetB?Y) architectures. We use the same set of features powered by deep multiple
sequence alignments and the same training data for training. For the additional ResNet ar-
chitectures of ResNetB% and ResNetB?°, we independently train ensemble of four stacked
deep ResNet models for residue-level error classifications at 1, 2, 4, and 8A error thresholds

using the same training method as used for our original ResNetB'® (QDeep) architecture.

Table 2.5: Performance comparison of various ResNet architectures on CASP12 and CASP13
stage 2 datasets. Values in bold represent the best performance.

CASP12 stage 2 CASP13 stage 2

Avgr® | Avg.p® | Avg. ¢ | Avg. loss? | Avg.r® | Avg.p® | Avg.7¢ | Avg. loss?
ResNetB° | 0.722 | 0.640 | 0.482 | 0.070 0.710 | 0.656 | 0.484 | 0.109
ResNetB™ o o1 | 0667 | 0.505 | 0.062 0.777 | 0.720 | 0.538 | 0.084
(QDeep)
ResNetB™| 0.716 | 0.637 | 0.478 | 0.065 0.742 | 0.684 | 0.507 | 0.103

abcPer-target average Pearson, Spearman and Kendall’s Tau correlation with respect to true
GDT-TS score.
4 Per-target average loss with respect to true GDT-TS score.



Chapter 3

iQDeep: an integrated web server for
protein scoring using multiscale deep

learning models

3.1 Abstract

The remarkable recent advances in protein structure prediction have enabled computational
modeling of protein structures with considerably higher accuracy than ever before. While
state-of-the-art structure prediction methods provide self-assessment confidence scores of
their own predictions, independent and open access system for protein scoring is still needed
that can be applied for a broad range of predictive modeling scenarios. Here, we present
iQDeep, an integrated and highly customizable web server for protein scoring, freely avail-
able at http://fusion.cs.vt.edu/iQDeep. The underlying method of iQDeep employs
multiscale deep residual neural networks (ResNets) to perform residue-level error classifica-
tions, and then probabilistically combines the error classifications for protein scoring. By
adjusting the error resolutions, our method can reliably estimate the standard- or high-
accuracy variants of the Global Distance Test metric for versatile protein scoring. The
performance of the method has been extensively tested and compared against the state-
of-the-art approaches in multiple rounds of Critical Assessment of Techniques for Protein

Structure Prediction (CASP) experiments including benchmark assessment in CASP12 and
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CASP13 as well as blind evaluation in CASP14. The iQDeep web server offers a number of
convenient features, including (i) the choice of individual and batch processing modes; (ii)
an interactive and privacy-preserving web interface for automated job submission, tracking,
and results retrieval; (iii) web-based quantitative and visual analyses of the results including
overall estimated score and its residue-wise breakdown along with agreements between vari-
ous sequence- and structural-level features; (iv) extensive help information on job submission
and results interpretation via web-based tutorial and help tooltips.

Keywords: Protein scoring; Accuracy estimation; Deep learning; Protein structure prediction

3.2 Introduction

Protein scoring is a critical component of protein structure prediction [13, 21, 24, 84, 89]. Pro-
tein scoring has been gaining noticeable attention in the Critical Assessment of Protein Struc-
ture Prediction (CASP) experiments under the accuracy estimation category [62, 90, 91, 92].
Promising progress has been made in the CASP14 accuracy estimation category [90] with
various deep learning-based methods performing well. Among them is our previously pub-
lished method QDeep [21], introducing several new advances for the first time including
the incorporation of the deep residual neural networks (ResNets) architectures for protein
scoring, effective integration of predicted inter-residue interaction with other sequential and
structural features, and the use of ensemble learning. With rapid new developments in
the field of protein structure prediction [2, 9, 93|, however, the scoring resolution used in
our original QDeep method no longer represents the state of the art. Recent advances in
deep learning-based protein structure prediction methods such as AlphaFold2 [2] have en-
abled computational prediction of protein with considerably higher accuracy than what has
been achieved before. As such, the development of high-resolution protein scoring methods
commensurate with the increasing accuracy of structure prediction methods is of critical

importance.
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While our original QDeep method uses the Global Distance Test Total Score (GDT-TS)
[67] as the ground truth metric, the recent advances in structure prediction [9, 18, 67, 93]
and refinement [20, 23, 94, 95, 96] make the high-accuracy variant of the Global Distance
Test (GDT-HA) [97] more suitable as the ground truth metric. Furthermore, an integrated
protein scoring framework that can alternate between the standard and high accuracy vari-
ants of the Global Distance Test on-demand in order to control the scoring resolution, can
enhance the versatility of protein scoring by covering a broad range of predictive modeling
scenarios. Open availability of such a versatile method via a publicly accessible web server
has the potential for broad dissemination and a field-wide impact.

Here we present iQDeep, an integrated and fully configurable web server for protein scor-
ing using multiscale deep learning models. iQDeep employs multiscale deep residual neural
networks (ResNets) to perform residue-level error classifications at multiple predefined error
resolutions, and then probabilistically combines the predictions from the multiscale error
classifiers for protein scoring. Building on the original QDeep method, we train a new set
of ResNet classifiers to perform residue-level ensemble error classifications at finer-grained
error resolutions explicitly targeting the GDT-HA metric. The residue-level error classifica-
tions from the multiscale ResNets can then be probabilistically combined for quantitating
the accuracy of a predicted protein model. By adjusting the resolutions and probabilistic
combination of the multiscale ResNets, our method can reliably estimate the standard- or
high-accuracy variants of the Global Distance Test metric for protein scoring. The inter-
active and privacy-preserving web interface of iQDeep allows customizable job submission,
tracking, and results retrieval with quantitative and visual analysis along with extensive help
information on job processing and results interpretation. The performance of the underlying
methods has been rigorously tested and compared against the state-of-the-art approaches
in multiple rounds of CASP experiments including benchmark assessment in CASP12 and
CASP13 and blind evaluation in CASP14. The iQDeep web server is freely available at

http://fusion.cs.vt.edu/iQDeep.
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3.3 Results and Discussion

Our previously published method QDeep [21] performed quite well on CASP12 and CASP13
benchmarking datasets. Additionally, it has been tested in a strict blind mode in CASP14
under the group name “Bhattacharya-QDeep”. We use the CASP14 dataset to evaluate the
performance of iQDeep and compare against 24 groups participating in CASP14 accuracy
estimation category, including our own group “Bhattacharya-QDeep”. The CASP14 bench-
marking dataset consists of 10,494 models for 70 targets submitted by the CASP14 tertiary
structure predictors. Given the progress made in protein structure prediction, we use the
high-accuracy variant of the Global Distance Test (GDT-HA) as the ground truth metric for
evaluation. For performance assessment, we use a twofold evaluation criteria: (1) ability to
reproduce the ground truth scores, and (2) ability to distinguish acceptable from incorrect

models.

3.3.1 Reproducing ground truth scores

To evaluate the ability to reproduce the ground truth scores, we calculate the global Pear-
son correlation (Pearson r) and the average absolute difference (AGDT-HA) between the
estimated scores and the ground truth GDT-HA scores for all models in the CASP model
pool. Meanwhile, higher Pearson r and lower AGDT-HA indicate enhanced ability to re-
produce the ground truth scores. Figure 3.1 shows the performance of iQDeep and the
groups participating in CASP14 accuracy estimation category, including our own group
“Bhattacharya-QDeep” employing the original QDeep method. The results demonstrate that
iQDeep achieves state-of-the-art performance. For example, iQDeep attains a Pearson r of
0.646, outperforming “Bhattacharya-QDeep”, and better than most of the CASP14 predic-
tors except “BAKER-ROSETTASERVER”, “BAKER-experimental”, “3DCNN__prof”, and
“RaptorX-QA” groups [12, 20, 31]. Remarkably, iQDeep attains the lowest AGDT-HA of
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0.119, which is significantly better than second best performer “RaptorX-QA”, let alone
our previously published method QDeep implemented in “Bhattacharya-QDeep”. It is in-
teresting to note that “BAKER-ROSETTASERVER” and “BAKER-experimental”, despite
attaining high Pearson r, underperform in terms of AGDT-HA. In contrast, iQDeep and
two CASP14 groups “RaptorX-QA” and “3DCNN__prof” deliver consistent performance. In
summary, iQDeep exhibits excellent all-round ability to reproduce ground truth scores.
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Figure 3.1: Reproducibility of ground truth scores for iQDeep and 24 groups participating in
CASP14 accuracy estimation category in terms of (A) global Pearson correlation coefficient
and (B) average absolute difference between the estimated scores and the ground truth GDT-
HA scores in CASP14 dataset.® iQDeep is not a participating group in CASP14.

3.4 Distinguishing acceptable from incorrect models

In addition to reproducing the ground truth scores with high fidelity, the ability to discrim-
inate between acceptable and non-acceptable prediction is critically important. We measure
the separation between acceptable (GDT-HA > 0.3 [98]) and incorrect models using a re-
ceiver operating characteristic (ROC) curve. As shown in Figure 5.2, the Area under the

ROC Curve (AUROC) of iQDeep and our CASP predictor “Bhattacharya-QDeep” employing
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the original QDeep method achieved AUROC of 0.826 and 0.816, respectively. Once again,
iQDeep outperforms our previously published method QDeep. The AUROC of iQDeep is
only slightly lower than the top performing CASP predictor “BAKER-ROSETTASERVER”,
and better than multiple well-known CASP groups including “ProQ2” [84, 99], “ProQ3” [62],
“ProQ3D”, and “VoroMQA” [13]. Overall, iQDeep can reliably discriminate between accept-

able and incorrect predictions.
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Figure 3.2: Distinguishability of acceptable vs. incorrect models for iQDeep and 24 groups
participating in CASP14 accuracy estimation category using a receiver operating character-

istic (ROC) curve. The numbers reported are the Area under the ROC Curve (AUROC)
values.® iQDeep is not a participating group in CASP14.
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3.5 DMaterials and Methods

3.5.1 Overview of iQDeep pipeline

Figure 3.3 shows the flowchart of iQDeep webserver consisting of front-end and back-end
modules. The front-end module performs the input validation, allows users to select cus-
tomizable job parameters, monitors the job processing, and enables results retrieval with
quantitative and visual analysis. The back-end module processes the job, manages the job
queue, and ensures web storage management and retrieval of job-related metadata. Users
are able to protect the privacy of their jobs by selecting a private mode of job processing

and results retrieval.

Front-end module

The front-end of the web server provides an interface for job submission, performs input
validation, and returns the results back to the user. While the default job submission mode
requires minimum user input that includes a valid protein structure and a job name, users
can perform on-demand customization of the job parameters including selecting the scoring
mode, scoring resolution, and job privacy. Users may select “single” or “batch” scoring mode
for processing just a single or a pool of models, respectively. The scoring resolution parameter
provides users the choice of selecting a specific set of multiscale deep learning models trained
at error resolutions targeting the GDT-TS metric as implemented in our original QDeep
work (scoring resolution “standard”), or the newly introduced finer-grained error resolutions
explicitly targeting the GDT-HA metric (scoring resolution “high”). The privacy parameter
allows the users to configure the privacy of their job. The input validation ensures correctness
of all the inputs to ensure seamless job execution. The front-end module also offers a web-
based analysis of the scoring results through easily interpretable and interactive web-based

plots and three-dimensional molecular visualizations. An optional email address can also be
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provided for automated status updates of the job via email.
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Figure 3.3: The flowchart of iQDeep web server for protein scoring consisting of the front-end
module for automated job submission with input validation and interactive results analytics
and the back-end module for processing and managing jobs.

Back-end module

The back-end module of iQDeep performs job management using the queuing layer, controls
the database and web storages, processes protein scoring jobs in our in-house compute cluster,
and maintains client-server communication. The back-end module actively communicates
with the front-end module to accept validated jobs and return the results upon successful job
completion. After a job is successfully submitted, the queuing layer of the back-end module
starts preparing the job for processing using a first-in-first-out (FIFO) job scheduler. During
the job processing, the queuing layer first stores the job-related information and parameters
in the web storage and the corresponding job metadata in the database. It then sends the
job to the computational node for processing based on the selected job parameters, while
continuously monitoring the computational resource availability in our in-house compute
cluster. The back-end module maintains the client-server protocol by establishing a two-
way communication with the front-end module during the entire job processing phase to

periodically send the job updates to the front-end. Upon completion of the job, the back-end
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module sends the results back to the front-end for interactive and interpretable web-based
visual and quantitative analytics, with an optional email notification sent to the user, if an

email address is provided.

3.5.2 The architecture of multiscale deep learning models for pro-

tein scoring

iQDeep employs multiscale deep residual neural networks (ResNets) to perform multi-resolution
protein scoring. The standard scoring resolution represents our original distance-based pro-
tein scoring method QDeep|[21]. It employs an ensemble of four deep ResNets, each inde-
pendently trained to classify the residue level errors at four different error thresholds of 1,
2, 4, and 8A to target the GDT-TS [67] metric. The method leverages several distance-
based alignment features, sequence profile information, consistency between the predicted
and observed structural properties, and several biophysical energy terms, as described in the
published article of QDeep [21]. The residue-level ensemble error estimates are then com-
bined to estimate an accuracy score of a protein model, thereby estimating a probabilistic
equivalent of the GDT-TS metric. Building on our prior work, in iQDeep we train a new
set of ResNet classifiers having an identical architecture to perform residue-level ensemble
error classifications at finer-grained error resolutions of 0.5, 1, 2, and 4A to explicitly target
the GDT-HA metric. The predictions from the finer-grained error classifiers can then be

probabilistically combined for high-resolution protein scoring, as follows,

NO5+ N1+ N2+ N4
4

iQDeep score = (3.1)

where NO.5, N1, N2, and N4 represent the fraction of residues estimated to be within 0.5,
1, 2, and 4A from the corresponding residues in the experimental structure. The estimated

score ranges between 0 and 1 with a higher score indicating better model accuracy.
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3.5.3 Web server

Hardware and software

The iQDeep web server runs on a Linux x86_ 64 cluster with 2.50GHz Intel Xeon Silver
32-core processors. The underlying client-server architecture of iQDeep is implemented us-
ing server-side PHP and client-side Javascript scripting languages, and deployed through
an Apache web server with Common Gateway Interface (CGI). iQDeep uses MySQL rela-
tional database management system (RDBMS) for storing, retrieving, and updating job-
related information. Additionally, it uses the WebGL-based JavaScript library 3Dmol.js
[100] for interactive 3D molecular visualization. The iQDeep pipeline for protein scoring is
implemented using Python. The webserver is compatible with most modern web browsers

including Google Chrome, Mozilla Firefox, Safari, and Microsoft Edge.

Input and output

The iQDeep web server allows users to submit a job using only two required fields including
a job name and a valid protein structure for scoring. However, users can customize several
job parameters including scoring mode, scoring resolutions, and job privacy. An optional
email address can also be provided for automated status updates of the job via email. The
web server offers interactive results update using easy-to-interpret quantitative and visual
analytics. In addition to providing global estimated accuracy scores, the web server pro-
vides the residue-level local accuracy estimation to identify reliable and unreliable regions
of an input protein model along with interactive residue-wise visualization of estimated lo-
cal accuracies. A 3D representation of the protein structure with an option to download
the corresponding structure file is also provided. Users can also analyze several structural
properties through easily interpretable web-based graphical alignment between the observed

and predicted structural properties including secondary structure, solvent accessibility, and
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residue-residue contact maps at various distance thresholds. The full set of results, including
the global and local accuracy scores and text files containing the additional analyses, can be

downloaded as a compressed zipped archive.
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3.6 Supplementary Information

3.6.1 Architecture and training of multiscale deep learning models

in iQDeep
Dataset curation

In order to train the multiscale deep neural network architecture in iQDeep, we obtained
publicly available predicted protein models for 220 targets from the CASP9 and CASP10
experiments [101, 102]. Each target has an average of 282 protein models. In order to
eliminate any redundancy we use MUFOLD [81] to cluster all the models for each target to
identify the redundant models. For each target, we select a maximum of the top 10 clusters
and collect the model that represents the centroid of a corresponding cluster. As a result,

we obtained a final training set of 2,130 models for all targets.

Features extraction

To generate features for each of the models in the training dataset, first, we execute several

publicly available prediction programs to generate sequence-based descriptors as outlined
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below:

1. Sequence-derived information:
Multiple sequence alignment: We use HHblits [68] to generate Multiple Sequence
Alignment (MSA) for each of the protein sequences in the training dataset. For HH-
blits, we use E-value inclusion of 10-3, query sequence coverage of 10%, and pairwise

sequence identity of 90% to search Uniclust30 [69] database to generate MSAs.

Position-Specific Scoring Matrix: We use PSI-BLAST v2.2.26 [74] with E-value
of 0.001 for searching the NR database in order to generate Position-Specific Scoring
Matrix (PSSM).

Secondary structure, solvent accessibility, and backbone angles: We use SPI-
DER3 [103] to predict secondary structure, solvent accessibility, and backbone angles
(¢, ). We transform the 8-state predicted secondary structure into three-state sec-
ondary structures of Helix, Strand, and Coil. Subsequently, we transform the predicted
accessible surface area into 2-state solvent accessibility including buried and exposed.
In addition to predicting the structural properties, we calculate the observed secondary
structure, solvent accessibility, and backbone angles (¢, ¢) using the DSSP [104].
Distance histogram: We use DMPfold [52] to predict the inter-residue distance prob-
ability distribution at predefined distance bounds. We obtain the rawdistpred.current
file generated as the initial prediction without having any iterative refinement step.
For each of the interacting residue pairs, there are 20 distance bins with associated

likelihoods.

2. Featurization: For each of the residue in a protein model in the dataset, we generate
23 features as outlined below:
Sequence conservation score: We generate 1 feature of normalized information per-
position score. First, we extract the information per-position score from the predicted

Position Specific Scoring Metrix (PSSM) and then apply a sigmoidal transformation
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to generate a normalized score between 0 and 1 as follows:

1
—_— 3.2
1+ex; (3:2)
Where z; represents the sequence conservation score in the PSSM of a residue ¢ in the

model.

The number of effective sequences: We generate 1 feature of the number of ef-
fective sequences (NEFF) using the generated MSA. It is calculated as the summation
of the nth reciprocal of the total number of sequences in the MSA having a sequence
identity greater than 80%. We use NEFF as a global feature for a protein model.
Secondary structure and solvent accessibility: We generate 2 features for each
residue in the model for secondary structure and solvent accessibility by calculating
the agreement between predicted and observed secondary structure and solvent acces-
sibility. We use DSSP [104] to calculate the observed secondary structure and solvent
accessibility of the protein model. We assign 1 if there is a match between the pre-
dicted and observed secondary structures and 0, otherwise. Additionally, we calculate
the squared error between the predicted and observed solvent accessibility and nor-
malized the error between 0 and 1 using sigmoidal transformation.

Angular RMSD: We calculate 2 features of normalized angular RMSD between the

predicted and observed dihedral angles (¢, 1) as follows:

1 .
AngularRMSD = \/ﬁ Z (min(@o; — Tpi, 2 — |Toi — Tpi))? (3.3)
. 1
NormalizedAngular RMSD = 5 (3.4)
1+ (AngularRMSD)
w/4

Distance-based features: We generate 5 distance-based alignment features between
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the predicted and observed inter-residue distances, generated at 5 distance intervals of
6A, 8A, 10A, 124, and 14A. First, we use the DMPfold predicted distance histogram
to extract interresidue distance probability at the corresponding distance intervals.
Additionally, we calculate the observed distance histogram at 6A, 8A, 10A, 12A, and
14A from the model. We then perform dynamic programming-based alignment between
the predicted and observed distance maps using eigen-decomposition, resulting in 5
distance alignment scores. Finally, we assign the experimentally selected weights of
0.10, 0.25, 0.30, 0.25, and 0.10 to the distance alignment at 6A, 8A, 10A, 12A, and
14A, respectively to generate 5 distance-based features.

Residue-specific centroid energy scores by ROSETTA: We calculate 12 energy
terms for each model using Rosetta [76, 77] by adopting the centroid representation
of the model. We use the “ref2015” score to calculate the residue environment (env)
score, residue pair interactions (pair) score, ¢ density (cbeta), steric repulsion (vdw),
the radius of gyration (rg), packing (cenpack) density, contact order (co), statistical
potentials for secondary structure formation (hs_pair, ss_pair, sheet, rsigma), and
centroid hydrogen bonding (cen_hb). Once again, we use the sigmoid function to

normalize the scores between 0 and 1 and use them as features.

3. Dataset preparation for training multiscale deep learning models We construct a 1-
dimensional feature vector for each residue of the corresponding model by concatenat-
ing the aforementioned 23 features. We repeat this process for L residues in the model,
resulting in L x 23 feature matrix. We employ a sliding window of 21 (i.e., 10 residues
on both sides) around the central residue, resulting in 483-dimensional features. After-
wards, we assign binary labels to the resulting representative features for each residue
by calculating the distance error between the C atom of an individual residue and
the corresponding aligned residue in the experimental structure after performing the
sequencedependent analysis (SDA) between the model and the corresponding experi-

mental structure using the LGA program [67].
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For training the deep learning models in our standard-resolution variant of iQDeep,
we generate four sets of features at thresholds of 1, 2, 4, and 8A, and assign a label
of 1 to a feature vector if the distance between the aligned residues in the model and
the residue in the experimental structure is within the specified threshold. In our
high-resolution variant of iQDeep, we generate an additional four sets of features at

thresholds of 0.5, 1, 2, and 4A following the similar strategy

. The architecture of ResNet classifiers in iQDeep The underlying deep learning models
in iQDeep consist of deep Residual Neural Network classifiers (ResNets). Specifically,
we use a ResNet40 architecture for each classifier, consisting of a 39-layer deep 1-
dimensional convolutional neural network and a fully connected dense layer. The 39
convolutional layers are grouped into 13 residual blocks having 3 convolutional neural
in each block. We use a kernel size of 1 x 1, 3 x 3, and 1 x 1, respectively for the
three consecutive convolutional layers in the block, representing a bottleneck design
that helps in faster training [36]. Furthermore, a “shortcut connection” is established
between the first and the last layer of a residual block, bypassing the intermediate layer,
thereby performing an identity mapping by combining the initial input features xi with
the transformed x;,, feature from the intermediate layer. It is noteworthy to mention
that the initial input features are passed through an additional bottleneck layer with
kernel size 1 x 1 to match the dimension of the output layer of the corresponding
residual block. Afterward, ReLU activation is applied to the combined features vy,

represented as,

Where W represents the weight vector for specific layer i and Ws is the term used to
represent the linear projection of the input feature xi to match the feature dimension.

We further organize the 13 residual blocks into three consecutive stages with each stage
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having a different configuration. We group three residual blocks in the first stage, four
in the second stage, and six in the third stage. Additionally, we vary the size of the
filter of the residual blocks at every stage. We set a filter size of 128 for the convolu-
tional blocks for the first stage and increase the filter size by a factor size of 2 with a
filter size being 256 and 512 for the convolutional layers of the second and third stages
respectively. Convolutional neural networks use filters to extract features from the
original input vector and such increment in the size of the filter in the deeper layers
helps to extract more meaningful features. [105].

The ResNet model takes as input a feature vector of size of Lx483x1 where L rep-
resents the number of residues in a protein model and 483 is the number of features
for each corresponding residue (see Section 4.6.1). The input is first embedded into
a 64-dimensional feature vector with a convolutional layer with a kernel size of 1 x 7
and a filter size of 64 x 1. Subsequently, the feature vector is transformed using batch
normalization before it is passed to the first residual blocks. The use of batch normal-
ization serves to accelerate the training process and mitigate the internal covariation
shift, thus eliminating the need for Dropout operation [78].

After the feature vector is passed to the residual blocks, the input feature vector is
transformed by the initial convolutional layer within the block, which utilizes a kernel
size of 1 x 1 and afilter size of 128. The purpose of this convolutional layer is to
reduce the dimensionality of the input feature vector. Specifically, it transforms the
input feature vector to a 64 x 1 dimension, which is suitable for the subsequent convo-
lution operation. The convolution operation is performed using the reduced dimension
feature vector, and it produces an output feature vector of 128 x 1. To further enhance
the feature vector, the output from each convolutional layer is passed through a batch
normalization operation. We use an epsilon and momentum of 2 x 10—4 and 0.9,
respectively for the batch normalization. After the batch normalization, the output

is then passed through a rectified linear unit (ReLU) activation function, which adds
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a non-linearity to the output, allowing the network to learn complex features. This
transformed output is then passed to the next layer in the block.

In a particular stage, the feature vector is processed in a consistent manner by subse-
quent blocks. A shortcut connection is employed, in which the output feature vector
from the previous block is concatenated with its input feature vector. This technique
enables the training of deep neural networks by allowing information to propagate
more easily through the network. This process is repeated for all subsequent stages,
with variations in the number of residual blocks and the number of filters for the cor-
responding convolutional layer in the network. At the end of the residual blocks, we
use an average pooling layer with a pool size of 2 that helps in faster computation.
Afterwards, we add a flatten layer that accepts the pooled features and transformed
them into a 1D vector. The fully connected (dense layer) layer at the end, then accepts

the 1D vector and applies sigmoidal activation to return a probability value.

. Training of multiscale deep learning models For each of the variants of iQDeep, we
train an ensemble of four ResNet classifiers. For the standard-resolution variant, we
train the ensemble of ResNet classifiers using the generated features at four multiscale
thresholds of 1, 2, 4, and 8A. On the other hand, for the highresolution resolution
variant of iQDeep, we train an ensemble classifier with the features generated at finer-
grained multiscale thresholds of 0.5, 1, 2, and 4A.

During the training of each multiscale ResNet classifier, we use ridge regularization
(L2 regularization) with each of the convolutional layers in the network with a pa-
rameter set to 10—3. It helps to prevent overfitting during training [106]. we train
each of the classifiers with a maximum epoch set to 120 and a batch size of 64 to
effectively optimize the memory utilization of our GPUs. We optimize the model us-
ing binary CrossEntropy loss function and first-order gradient-based Adam optimizer
[83]. During the training, we exploit the FarlyStopping callback mechanism of Keras

that conditionally stops the model training in case of unimproved validation loss for
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20 consecutive iterations, imperatively helping in avoiding model overfitting.

6. Protein scoring using iQDeep In iQDeep, individual ResNet classifiers are utilized to
estimate the likelihood of a residue in the input protein model being within a predefined
deviation from the corresponding residue in the experimental structure. The ensemble
of ResNet classifiers, either for standard-resolution or high-resolution in iQDeep, are

employed to evaluate a protein model.

High-resolution protein scoring

The high-resolution scoring module of iQDeep utilizes an ensemble of four ResNet
classifiers that have been trained using error thresholds of rA, where r belongs to
the set 0.5, 1, 2, 4A. Each of the four ResNet classifiers independently estimates a
probability value for every residue in the model. The probability values computed
by the ResNet classifiers for the respective error thresholds of rA are subsequently
transformed into binary classes, where a probability value greater than 0.5 results in
a positive class and a probability value less than or equal to 0.5 results in a negative
class. A weighted combination of the number of positive classes, indicating the number
of residues belonging to a specific A, is then performed to score the protein model as

follows:
NO5+ N1+ N2+ N4
4

(3.6)

ZQD(B@]? SCOT €high—resolution —

where N0.5, NO.1, NO.2, and NO0.4 represent the fraction of residues estimated to be
within 0.5, 1, 2, and 4A from the corresponding residues in the experimental struc-
ture. The estimated iQDeep scorepgh—resoiution Score is equivalent to the GDT-HA

score, ranging between ( and 1 with a higher score indicating better model accuracy.

Standard-resolution protein scoring The standard-resolution scoring module of
iQDeep similarly utilizes an ensemble of four ResNet classifiers trained at rA (rel, 2,

4, 8A). Each of the four ResNet classifiers independently estimates the probability of
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a residue to be within rA. These probabilities are then transformed to binary values
(1 or 0) using a probability threshold of 0.5, with a value of 1 indicating that the
residue belongs to the corresponding resolution. Finally, a weighted combination of
the number of residues predicted to be within the 1, 2, 4, or 8A thresholds is used to

score the protein model as follows:

N1+ N2+ N4+ N8
4

iQDeep SCOT €high—resolution — (37)

where N1, N2, N4, and N8 represent the fraction of residues estimated to be within 1,
2, 4, and 8A from the corresponding residues in the experimental structure. The esti-
mated 1Q) Deep scoresiandard—resolutionScore is equivalent to the GDT-TS score, ranging

between 0 and 1 with a higher score indicating better model accuracy.

3.6.2 Protein structure prediction accuracy on CASP15 datasets

Supplementary Figure S1 presents the distribution of prediction accuracy of two recent
protein structure prediction methods AlphaFold2 [2] and RoseTTAFold [9], on a common
set of 60 targets. AlphaFold2 demonstrates high accuracy with an average GDT-TS score of
0.812, ranging from a maximum of 0.992 to a minimum of 0.378. Although not as accurate as
AlphaFold2, RoseTTAFold approaches the accuracy of AlphaFold2 with an average GDT-TS

score of 0.653, with a maximum score of 0.960 and a minimum score of 0.257.

However, when GDT-HA is used as the ground truth, the prediction accuracy is not as high
as that of GDT-TS. AlphaFold2 has an average GDT-HA score that is almost 18% lower
than its GDT-TS score, while RoseTTAFold’s average GDT-HA score is around 27% lower
than its GDT-TS score. This is due to the fact that GDTHA is more sensitive to small
structural errors and penalizes larger deviations from the experimental structures [98, 107,

108]. Therefore, focusing on the GDT-HA metric for the predicted structure should further
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Figure 3.4: Protein structure prediction accuracy of AlphaFold2 and RoseTTAFold on
CASP14 targets.

help in better evaluating the quality of highly accurate predicted structures, and thus helps
in further improving prediction accuracy. The results highlight the need for high-resolution

protein scoring methods that can accurately estimate the GDT-HA score.



Chapter 4

DeepRefiner: high-accuracy protein
structure refinement by deep network

calibration

4.1 Abstract

The DeepRefiner webserver, freely available at http://watson.cse.eng.auburn.edu/DeepRefiner/,
is an interactive and fully configurable online system for high-accuracy protein structure re-
finement. Fuelled by deep learning, DeepRefiner offers the ability to leverage cutting-edge
deep neural network architectures which can be calibrated for on-demand selection of adven-
turous or conservative refinement modes targeted at degree and consistency of refinement.
The method has been extensively tested in the Critical Assessment of Techniques for Protein
Structure Prediction (CASP) experiments under the group name “Bhattacharya-Server” and
was officially ranked as the No. 2 refinement sever in CASP13 (second only to “Seok-server”
and outperforming all other refinement severs) and No. 2 refinement sever in CASP14
(second only to “FEIG-S” and outperforming all other refinement severs including “Seok-
server”). The DeepRefiner web interface offers a number of convenient features, including (i)
fully customizable refinement job submission and validation; (ii) automated job status up-
date, tracking, and notifications; (ii) interactive and interpretable web-based results retrieval

with visual and quantitative analysis; and (iv) extensive help information on job submission

92


http://watson.cse.eng.auburn.edu/DeepRefiner/

4.2. INTRODUCTION 53

and results interpretation via web-based tutorial and help tooltips.

4.2 Introduction

Deep learning has transformed protein structure prediction. Recent editions of the Crit-
ical Assessment of Techniques for Protein Structure Prediction (CASP) experiments have
witnessed a major breakthrough in accurately predicting the structure of a protein from se-
quence information through the application of advanced deep neural network architectures
(63, 64, 109]. However, a predicted structure can still deviate from the experimental struc-
tures in terms of the accuracy of the backbone positioning or the side-chain conformation
or both [110]. The goal of protein structure refinement is to increase the accuracy of such
a moderately accurate starting structure by driving it towards the experimental quality.
Some of the most successful approaches for structure refinement rely on large-scale con-
formational search for low energy structures [7, 111, 112], which are time-consuming and
computationally expensive. To make structure refinement both accurate and fast, we pro-
posed refineD [96] which employed deep learning models to estimate residue-level errors from
a starting structure and then minimized the cumulative error through inexpensive energy-
minimization-based restrained relaxation for improved structure refinement. Due to the
advantages associated with computationally efficient energy minimization guided by deep
learning over time-consuming conformational search, several recent studies have sought to
guide refinement using deep learning [113, 114]; even though the full-fledged versions of these
methods are not yet publicly available. As such, a robust and publicly accessible webserver
that can perform high-accuracy structure refinement in a computationally efficient manner
guided by deep learning has the potential for broad dissemination and a field-wide impact.
With rapid new developments in the field, however, the residue-level error estimators used
in our original refineD method no longer represents the state of the art. In particular,

the recent CASP experiments [110] have witnessed significant new progress in inter-residue
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distance prediction through cutting-edge deep neural network training in conjunction with
metagenomic sequencing. Thus, integrating distance information for improved residue-level
error estimation combined with the power of state-of-the-art deep learning models is crit-
ically important to further improve protein structure refinement. Moreover, the ability to
leverage deep network architectures that can be calibrated for on-demand selection of adven-
turous or conservative refinement modes targeted at degree and consistency of refinement,
can enhance the versatility of such a method to a wide range of use cases.

Here we present DeepRefiner, an interactive and fully configurable webserver for high-
accuracy protein structure refinement by deep network calibration. DeepRefiner first esti-
mates residue-level errors from a starting structure using an ensemble of advanced deep neu-
ral network architectures and subsequently minimizes the cumulative error through energy-
minimization-based restrained relaxation, leading to five refined structures. The advanced
error estimation module in DeepRefiner employs a high-resolution version of our successful
application of very deep and fully convolutional residual neural networks [36] for distance-
based protein model quality estimation [21] at finer-grained error thresholds trained specif-
ically for structure refinement. DeepRefiner offers an interactive user interface that takes
a starting structure in PDB format as input and outputs five refined structures along with
their global and local quality estimations, comparison to the starting structure, and break-
down of residue-wise structural features. The customizable DeepRefiner interface provides
(i) choice of cutting-edge deep neural network architectures for estimating residue-level errors
including deep conditional neural fields and deep residual neural networks; (ii) on-demand
selection of adventurous or conservative refinement mode by calibrating the ensemble of deep
networks; (iii) comprehensive post-refinement analysis using MolProbity [115], GOAP [116],
OPUS-PSP [117], DFIRE [118], and RWplus [119]; (iv) fully automated job status update,
tracking, and notifications; (v) interactive and interpretable web-based results; and (vi) ex-
tensive help information on job submission and results interpretation via web-based tutorial

and help tooltips. Our method was rigorously tested in the most recent CASP refinement
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experiments [120] under the group name “Bhattacharya-Server” and was officially ranked as
the No. 2 refinement sever in CASP13 (second only to “Seok-server” and outperforming all
other refinement severs) and No. 2 refinement sever in CASP14 (second only to “FEIG-S”
and outperforming all other refinement severs including “Seok-server”). DeepRefiner web-

server is freely available at http://watson.cse.eng.auburn.edu/DeepRefiner/.

4.3 MATERIALS AND METHOD

4.3.1 Overview of the DeepRefiner pipeline
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Figure 4.1: The flowchart of the DeepRefiner pipeline consisting of the webserver front-end
module for submitting customizable refinement jobs through the interactive web interface
and retrieving the results with interactive visual analysis, and the back-end module that
processes the refinement jobs.

Figure 4.1 shows the flowchart of the DeepRefiner pipeline consisting of the webserver front-

and back-end modules. The front-end module offers an interactive web-based interface that


http://watson.cse.eng.auburn.edu/DeepRefiner/
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lets the user submit customizable refinement jobs, readily processes and validates user in-
puts, dynamically shows the job status and progress, presents statistics of the processed job,
and provides interactive visual analytics of the results; while the back-end module runs the
refinement jobs. Users can choose to protect the privacy of their jobs by submitting a private

refinement job where the refinement results will only be accessible to the submitter.

Front-end module. The front-end module of the webserver provides a web-based job submis-
sion interface where the user needs to provide only a starting structure in PDB format and a
job name as mandatory inputs. The interface offers a wide range of options for customizing a
refinement job including the ability to select deep network architectures, calibrate the refine-
ment modes for on-demand selection of adventurous or conservative refinement targeted at
degree and consistency of refinement, perform comprehensive post-refinement analysis, and
protect job privacy. Two deep neural network architectures for residue-level error estimation
are available, both independently supporting on-demand selection of adventurous or conser-
vative refinement modes by calibrating the model ensemble. The submitted refinement job
is then dynamically validated for consistency and passed on to the back-end via Common
Gateway Interface (CGI).

Back-end module. The back-end of the webserver consists of three sequentially interdepen-
dent layers including the webserver layer, queuing layer, and computing layer. The webserver
layer directly interacts with the front-end and maintains job statistics and status using a
MySQL database. The queuing layer performs job scheduling by implementing a first-in-
first-out (FIFO) job queue. Additionally, it continuously interacts with the webserver layer
to dynamically update job status and subsequently communicates with the front-end through
CGI. Once the queuing layer releases a job for execution, the job starts running in the com-
puting layer. The computing layer executes the job based on the supplied job parameters by
first employing the selected deep neural network architecture for estimating the residue-level

errors from the starting structure and then performing either adventurous or conservative
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refinement through energy-minimization-based restrained relaxation by calibrating the cho-
sen model ensemble to generate five refined structures. After completion of the refinement
job, the webserver performs comprehensive post-refinement analysis on the refined struc-
tures by estimating their global and local qualities; evaluating and reporting the scores of
several knowledge-based statistical potentials including GOAP, OPUS-PSP, DFIRE, and
RWPlus [116, 117, 118, 119]; performing MolProbity [115] analysis for assessing the physical
realism; and comparing to the staring structure in terms of backbone and side-chain posi-
tioning as well as the consistencies between structural properties such as secondary structure
and solvent accessibility. The results are returned to the front-end module for interactive
and interpretable web-based visual analytics (see Supplementary Figure 4.3) with an email

notification sent to the user, if an email address is provided.

4.3.2 Deep network calibration

Architectures of the deep learning models. DeepRefiner offers the choice of two deep neural
network architectures for estimating residue-level errors including deep conditional neural
fields (DeepCNF)[121, 122] and deep residual neural networks (ResNet)(11). DeepCNF ar-
chitecture was employed in our original refineD method [96] to classify every residue of the
starting structure to be within four fine-grained error thresholds of 0.5, 1, 2, and 4A by inde-
pendently training an ensemble of four DeepCNF classifiers. Collectively, the four classifiers
result in residue-level ensemble error classifications. The featurization for representing the
residues in the starting structure includes sequence profile, consistency between predicted
and observed structural properties (secondary structure and solvent accessibility), and bio-
physical energy terms. Our newly trained ResNet ensemble classifiers incorporate distance
information as additional features to perform residue-level ensemble error classifications at
the same fine-grained error thresholds of 0.5, 1, 2, and 4A. The ResNet classifiers represent

a high-resolution version of our successful application of distance-based protein model qual-
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ity estimation [21], while specifically targeting finer-grained error thresholds for structure
refinement (see the detailed description in section 4.11.1 in the Supporting Information).

Calibrating the model ensemble The residue level ensemble error estimates are then converted
into multi-resolution probabilistic restraints weighted by their associated likelihood values
and applied on the C atom of the starting structure in the form of Rosetta Coordinate
Constraint with FLAT HARMONIC function at 0.5, 1, 2, and 4A thresholds in conjunction
with the REF15 scoring function of Rosetta [123]. Subsequently, energy-minimization-based
restrained relaxation is iteratively employed for structure refinement (see section 4.11.2).
All restraints corresponding to the four thresholds can be simultaneously applied in a cu-
mulative manner for conservative refinement mode aimed at achieving consistently positive
refinement. Alternatively, restraints can be applied in a non-cumulative manner independent
of each other for adventurous refinement mode aimed at producing higher degree of struc-
tural changes. In summary, calibration of the model ensemble controls the characteristics
of the restrained relaxation, thus affecting the degree of conformational change that can be

used for achieving on-demand conservative or adventurous structure refinement.

4.4 RESULTS

4.4.1 Blind performance assessment in CASP

The refinement protocol employed in DeepRefiner has been extensively tested in the refine-
ment category of CASP13 and CASP14 in a strictly blind manner under the group name
“Bhattacharya-Server” and was ranked highly among all refinement servers. Table 4.1 shows
the performance comparison of “Bhattacharya-Server” with other participating server groups
under the refinement category of CASP13 and CASP14 in terms of the sum of overall Z-
scores calculated as the weighted sum of Z-scores for GDT-HA (22), GDC-sc [124], RMSD

[125], SphereGrinder [91], and MolProbity [115], following the same methodology adopted in
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Table 4.1: Performance comparisons of server groups participating in the refinement category
of CASP13 and CASP14. Groups are sorted by descending sum of overall Z-scores.

Sum overall Rank sum overall
Group name Group #
Z-score Z-score
Seok-server 156 21.686 1
Bhattacharya- 102 13.125 2
CASP13 Server
YASARA 004 12.976 3
MUFold server | 312 10.895 4
3DCNN 359 0.701 5
FEIG-S 013 35.344 1
Bhattacharya- 149 21.822 2
CASP14 Server
Seok-server 070 18.404 3
MULTICOM- 075 12.312 4
CLUSTER
MUFOLD 081 4.178 5

the previous rounds of CASP refinement assessments [126]. “Bhattacharya-Server” was offi-
cially ranked No. 2 among all other refinement server groups in both CASP13 (second only
to “Seok-server” and outperforming all other refinement severs) and CASP14 (second only
to “FEIG-S” and outperforming all other refinement severs including “Seok-server”). We
report the per-target Z-score in the supplementary information (see Tables 4.2 — 4.3 for per-
target Z-scores broken down by each accuracy metric involved in the calculation of the overall
Z-score). We further analyze the degree of structural refinement attained by ‘Bhattacharya-
Server’ for CASP13 and CASP14 refinement targets in terms of various accuracy measures
including GDT-HA, GDC-sc, and MolProbity scores with respect to length and accuracy
of the starting structures (in terms of GDT-HA) considering the best submission. The re-
sults demonstrate that most promising refinement cases are generally observed for smaller
targets having length less than 100 residues and those in the medium range of starting accu-
racies having starting GDT-HA scores between 40 and 60 units (see Supplementary Figures
4.4 and 4.5). The DeepCNF-based error estimation module used in ‘Bhattacharya-Server’

for both CASP13 and CASP14 shall further improve due to the incorporation of advanced
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ResNet-based ensemble error classifiers, ultimately improving the refinement performance of

DeepRefiner.

4.4.2 Case Study

In Figure 4.2, we present the refinement results for four representative CASP targets in-
cluding two targets R0957s2 and R1009 from CASP13; and two targets R1085-D1 and
R1065s2 from CASP14. DeepRefiner alternates between adventurous or conservative re-
finement modes by deep network calibration using either ResNet- or DeepCNF-based error
estimation. We also submit these four targets to the popular refinement webservers in-
cluding GalaxyRefine [127], GalaxyRefine2 [128], 3Drefine [107], and ModRefiner [129] for
performance comparison. In all cases, DeepRefiner outperforms the other servers by consis-
tently producing positive refinement. The adventurous refinement modes lead to noticeable
structural improvements with higher degree of refinement compared to the other methods,
whereas the conservative modes yield modest but positive refinement with higher consistency

even when all other methods produce negative refinement.

4.5 WEB SERVER

4.5.1 Hardware and software

The server runs on a Linux cluster of 2.20-GHz Intel Xeon E5-2698 v4 20-core processors.
The web application uses the PHP scripting language, JavaScript programming language,
and MySQL database. WebGL-based molecular visualization package 3Dmol.js [100] is used
to visualize the protein structures. The DeepRefiner pipeline is implemented using Python.
The webserver is compatible with most modern web browsers including Mozilla Firefox,

Google Chrome, Safari, and Microsoft Edge
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4.5.2 Input and output

The mandatory inputs are a job name and a starting structure for refinement in PDB format.
The customizable DeepRefiner interface provides users the ability to fully configure various
optional job parameters including deep learning model, refinement mode, post-refinement
analysis, and job privacy. An optional email address can also be provided for automated
status update of the refinement job via email. The number of residues in the starting
structure is limited to 500 for computational efficiency. The average run time is several
hours after the job enters the running state. Five refined structures ranked based on the
estimated global qualities, MolProbity scores, and various statistical potentials are visualized
in the interactive web interface and are downloadable in the PDB format. Information on
structural comparison between the starting structure and the refined structures is provided
in terms of GDC-sc, GDT-HA, GDT-TS, and C -RMSD. Structural agreement between the
starting structure and the refined structures in terms of secondary structure and solvent
accessibility is shown in a visually interpretable manner. Estimated local quality containing
the residue-level error estimates are visualized in a graphical format for the identification of
potentially unreliable local regions. The full set of results, including the refined structure
and text files containing the refinement analysis, can be downloaded as a compressed zipped

archive.

4.6 CONCLUSION

DeepRefiner presents a publicly available webserver for accurate and efficient protein struc-
ture refinement. DeepRefiner leverages cutting-edge deep neural network architectures that
can be calibrated for on-demand selection of adventurous or conservative refinement modes
targeted at degree and consistency of refinement. The method was successful in blind refine-

ment experiments in CASP13 and CASP14. DeepRefiner offers an interactive and versatile
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web interface for the submission, monitoring, results retrieval, and analysis of refinement
jobs in order to drive a moderately accurate starting structure towards the experimental

quality.

4.7 AVAILABILITY

DeepRefiner webserver is freely available at http://watson.cse.eng.auburn.edu/DeepRefiner/.

4.8 Supplementary data

Supplementary Data are available at NAR online.

4.9 Acknowledgement

This work was made possible in part by a grant of high performance computing resources
and technical support from the Alabama Supercomputer Authority and the Extreme Science

and Engineering Discovery Environment (XSEDE).

4.10 Funding

National Institute of General Medical Sciences [R35GM138146]; National Science Foundation
[11S2030722, DBI1942692]. Funding for open access charge: National Institute of General
Medical Sciences.

Conflict of interest statement. None declared.


http://watson.cse.eng.auburn.edu/DeepRefiner/

4.11. SUPPLEMENTARY INFORMATION 63

4.11 Supplementary Information

4.11.1 Feature generation for the advanced error estimation mod-

ule of DeepRefiner.

The advanced error estimation module of DeepRefiner based on deep residual neural net-
works (ResNet) uses both sequence-based predicted and structural features as well as the
features based on the consistency between predicted and observed structural properties to
represent each of the residues in the structure. The overall feature generation strategy is

briefly described below:

Generation of Multiple Sequence Alignment (MSA): To generate Multiple Sequence Align-
ment (MSA), we perform three iterations of HHblits [68] search with an E-value inclusion
of 103 against the protein sequence database Uniclust30 [69] with a query sequence cov-
erage of 10% and pairwise sequence identity of 90%. Subsequently, the generated MSA is
used for predicting various sequence-based features including secondary structure, solvent

accessibility, and inter-residue distance maps.

Generation of Position-Specific Scoring Matriz (PSSM): We generate PSSM from the query
sequence by performing a search against the NR database using PSI-BLAST v2.2.26 software
[74] with an E-value of 0.001.

Prediction of secondary structure, solvent accessible surface area, and backbone dihedral
angles: We use SPIDER3 [103] to predict three-class secondary structures (H/E/C), solvent
accessible surface area, and backbone dihedral angles (¢, ) from the query sequence. We

extract the observed secondary structure and solvent accessible surface area using DSSP

[104] or STRIDE [130].

Prediction of inter-residue distance maps: We use DMPfold [52] to predict the inter-residue
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distance maps. We obtain the rawdistpred.current file generated by DMPfold as the initial
prediction without any iterative refinement. For each of the interacting residue pairs, the
distance bins and their associated likelihoods are subsequently used for generating distance-

based features.

Featurization: We use 23 features for each residue in the structures that include:

(i) Sequence profile conservation score: We extract information per-position score for each
residue in the starting structure from the generated PSSM and subsequently apply the sig-
moid function to normalize the scores between 0 and 1 to be used as a feature. (i7) The
number of effective sequences: We use calNf ly program [65] that accepts Multiple Sequence
Alignment (MSA) to calculate the number of effective sequences (NEFF) by summing up the
nth reciprocal of the total number of sequences in the MSA with sequence identity greater
than 80% to the corresponding sequence. The resulting NEFF is used as a feature. (7ii)
Agreement between predicted and true secondary structure and solvent accessibility: We cal-
culate the residue-specific sequence-structure agreement between the predicted and observed
secondary structure and solvent accessibility. For each of the residues in the structure, we
assign a feature value of 1 if both predicted and observed secondary structures agree and 0
otherwise. Furthermore, we calculate the squared error between the predicted and observed
solvent accessibility and subsequently apply the sigmoidal transformation to normalize the
squared error. We then use them as two features. (iv) Angular RMSD: We calculate back-
bone dihedral angles (¢, 1) for each of the residues in the structure. Afterwards, we calculate
the angular root mean square deviation between the observed dihedral angles (¢,,,) and

SPIDERS3 (4) predicted backbone dihedral angles (¢,,,) as follows:

1
AngularRMSD = \/ - > (min(wy; — mi, 2m — |9i — 3;1]))? (4.1)

1

2
1+ (Angul;z&fMSD)

NormalizedAngular RMSD =

(4.2)
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Where x, and x, represent the vector of observed and predicted ¢ or v dihedral angles for
n residues in the structure. We subsequently normalize the angular RMSD values and use

them as two features.

(v) Distance-based weighted histogram alignment score: We use DMPfold predicted distance
histogram (i.e., rawdistpred.current file) to extract inter-residue distance distribution at 5
evenly distributed distance intervals of 6, 8, 10, 12, and 14A by summing up the likelihoods
values of all the bins below a specific distance threshold. To minimize noise, we discard
all residue pairs with likelihood values below 0.2. We also calculate the observed distance
histogram at 6, 8, 10, 12, and 14A from the structure to perform eigen-decomposition and
dynamic programming-based alignment between the predicted and observed histogram re-
sulting in 5 distance alignment scores. We subsequently multiply the raw alignment scores
at 6, 8, 10, 12, and 14A with empirically selected weights of 0.10, 0.25, 0.30, 0.25, and 0.10,

respectively, and use them as 5 distance-based features.

(vi) Rosetta centroid energy terms: We calculate 12 Rosetta centroid energy terms [76, 77]
including the residue environment (env), residue pair interactions (pair), ¢ density (cbeta),
steric repulsion (vdw), radius of gyration (rg), packing (cenpack) density, contact order (co),
statistical potentials for secondary structure formation (hs_ pair, ss_ pair, sheet, rsigma), and
centroid hydrogen bonding (cen_hb). Once again, we use the sigmoid function to normalize

the scores between 0 and 1 before using as features.

4.11.2 Training an ensemble of deep residual neural networks at

finer-grained error thresholds.

The advanced version of residue-level error estimator used in DeepRefiner is an improve-
ment over the deep networks utilized in our original refinement protocol refineD [96]. The

advanced error estimation module of DeepRefiner employs an ensemble of deep residual neu-
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ral networks (ResNet) trained at finergrained distance thresholds following a similar strategy
as leveraged by our successful application of protein model quality estimation method QDeep
[21]. Specifically, each ResNet classifier consists of 13 residual blocks, each consisting of three
1D convolutional layers with a kernel size of 1 x 1,1 x 3, and 1 x 1, which is similar to the
bottleneck design [36]. Each 1D convolutional neural network layer uses an L2- norm regu-
larization with a weight decay parameter of 0.0001 to prevent overfitting (14). 1 x 1 layers,
also known as “bottleneck layers” at the end of each residual block are used to preserve the
dimension of the network by reducing and restoring the dimensionality of the input feature
vector. Each classifier takes an input with a shape of L x 483 x 1 to its first convolutional
layer with a kernel and filter size of 1 x 7 and 64 x 1, which is subsequently transformed into
a 64-dimensional feature vector using 1 x 1 convolutional layer of the first residual block
with a filter size of 64 x 1. Each residual block in the network also establishes a “shortcut or
skip connection” between the input and the output layer, performing as an identity mapping
between the input and the output layer. We adopt a multi-stage design of the ResNet model
by sequential stacking 3 consecutive stages having 3, 4, and 6 residual blocks in the first,
second, and third stage, respectively, with an output channel dimension of 128, 256, and
512, respectively. At the end of the residual blocks, we use an average pooling layer with a
pool size of 2 that helps in faster computation by halving the number of parameters. After-
wards, we add a flatten layer that accepts the pooled features and transformed them into
a 1D vector. The fully connected (dense layer) layer at the end accepts the 1D vector and

applies sigmoidal activation to return a probability value for residue-level error classification.

To perform residue-level ensemble error classification, we independently train four binary
clagsifiers that can estimate the residue-level C errors at four error thresholds of 0.5, 1,
2, and 4A, analogous to GDT-HA. The ensemble classifiers leverage the same features for
representing each residue in the structures as described before. We assign a binary label to

each residue of the starting structure by calculating the Euclidian distance error between
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the C atom of a residue and the corresponding aligned residue in the experimental structure
after performing the sequence-dependent analysis between the model and the corresponding
experimental structure using the LGA program [67]. While assigning labels, we consider
four fine-grained error thresholds of 0.5, 1, 2, and 4A and assign a label of 1 if the distance
error is within a threshold and 0 otherwise. We train the ensemble classifiers by using a
maximum number of epochs of 120 and an optimal batch size of 64 that best fits the GPU
limit. To avoid overfitting, we use EarlyStopping callback of Keras [82] with a patience
value of 20. We optimize the model using the binary crossentropy loss function and first-
order gradient-based Adam optimizer. After training, each binary classifier estimates the
residue-level errors at four fine-grained thresholds of 0.5, 1, 2, and 4A. Collectively, the set

of four classifiers results in residue-level ensemble error classifications.

4.11.3 Iterative restrained relaxation for guiding protein structure

refinement.

After performing residue-level ensemble error classifications, we subsequently convert the
error estimates into multi-resolution probabilistic restraints weighted by their associated
likelihood values and apply on the C atom of the starting structure in the form of Rosetta
Coordinate Constraint with FLAT HARMONIC function at 0.5, 1, 2, and 4A thresholds in
conjunction with the Rosetta’s full atom Energy Function [123] toperform restrained relax-
ation. We use Rosetta’s FastRelax application [131, 132], which inherently performs several
rounds of side-chain repacking and gradient-based backbone minimization. We generate a
total of 100 refined models by iteratively applying restrained relaxation. Restraints are im-
posed simultaneously in a cumulative manner for conservative refinement mode aimed at
achieving consistently positive refinement, whereas imposing restraints in a non-cumulative
manner independent of each other leads to adventurous refinement mode aimed at producing

higher degree of structural changes.
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4.12 Global and local quality estimation of the refined

structures.

DeepRefiner uses the residue-level ensemble error classifications to estimate the global and
local quality of the refined structures. Ensemble of DeeCNF and ResNet classifiers estimate
the likelihood of each residue in the structure to be within rA (r € {0.5, 1, 2, 4} A) threshold.
A likelihood cutoff of 0.5 is then used for classifying a residue as 1 and 0 otherwise. Subse-
quently, the global quality score of a refined structure is calculated analogous to GDT-HA
by a weighted combination of the residue-level ensemble error classifications at 0.5, 1, 2, and

4A thresholds as follows:

N0.5+N1+N2+N4
4 x L

global _quality = (4.3)

Where L is the length of the structure and Ny 5, Ny, No, and Ny are the number of residues
predicted to be aligned with their corresponding residues in the native structure at 0.5, 1,
2, and 4A thresholds. Thus, global quality score ranges between [0, 1], with a higher score
indicating better global quality.

DeepRefiner further uses the residue-level error estimates at 0.5, 1, 2, and 4A thresholds
to estimate the residue-level quality score by employing an inverse S-score calculation as

follows:

r 1—pr
Zre{0.5,1,274} <><(p—’“\/7p)>
4

local _quality(r) = (4.4)

Where pr denotes the probability of iy, residue in the structure, predicted by a specific
classifier at A (r € 0.5, 1, 2, 4 A) threshold.
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4.13 Refinement evaluation.

To evaluate the performance of “Bhattacharya-Server” participating as a server group in
CASP13 and CASP14 refinement category, we use a combination of several accuracy mea-
sures including GDT-HA [97], RMSD [125], GDC-sc [124], SphereGrinder [91], and MolPro-
bity [115]. Specifically, we calculate the Zscores of various accuracy measures as routinely
performed by CASP assessors [133] by following a two step procedures considering all top-
ranked submissions. In the first step, all submissions with a Z-score lower than -2 are
discarded. In the second step, we use a penalty threshold of 0 in calculating the final Zscore
using the scores obtained from the first step. The penalty threshold of 0 assigns a score of
0 to any model having a Z-score less than 0. We subsequently rank the participating server
groups based on the sum of overall Z-score. Following previous CASP refinement assessment
[126], the overall Z-score is calculated as the weighted sum of Z-scores of GDT-HA, RMSD,

GDC-sc, SphereGrinder, and MolProbity scores as follows:

4 x ZGDTHA - Zrmsd + ZGDCfsc + Zsphgr - ZMP
8

Overall Z — score = (4.5)

The above scoring scheme emphasizes the accuracy of backbone positioning as measured
by GDT-HA score, which is widely used by the CASP assessors for refinement evaluation,
while integrating other complementary aspects of refinement including side-chain quality,
stereochemistry, and physical realism. The per-target Z-scores in terms of GDT-HA, RMSD,
GDC-sc, SphereGrinder, and MolProbity scores as well as the overall Z-score calculated as
the weighted sum of Z-scores for top server groups participating in CASP13 and CASP14

refinement experiments are reported in Table 4.2 and Table 4.3, respectively.
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Table 4.2: Per-target Z-scores for Seok-server (156), Bhattacharya-Server (102), YASARA
(004), MUFold_server (312), and 3DCNN (359) in CASP13 in terms of GDT-HA, RMSD,
GDC-sc, SphereGrinder and MolProbity scores as well as per-target overall Z-score calcu-
lated as the weighted sum of Z-scores for GDT-HA, GDC-sc, RMSD, SphereGrinder, and
MolProbity.
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Table 4.3: Per-target Z-scores for FEIG-S (013), Bhattacharya-Server (149), Seok-server
(070), MULTICOM-CLUSTER (075), and MUFOLD (081) in CASP14 in terms of GDT-HA,
RMSD, GDC-sc, SphereGrinder and MolProbity scores as well as per-target overall Z-score
calculated as the weighted sum of Z-scores for GDT-HA, GDC-sc, RMSD, SphereGrinder,
and MolProbity.
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Figure 4.2: Representative refinement examples from four CASP refinement targets. Deep-
Refiner yields better refinement than other methods by deep network calibration using either
ResNet- (A) R0975s2 and (B) R1009; or DeepCNF-based error estimation (C) R1085-D1 and
(D) R1065s2.
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Figure 4.3: Interactive quantitative and visual analysis of the refinement results by Deep-
Refiner.
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Figure 4.4: Degree of refinement for “Bhattacharya-Server” considering all CASP13 and
CASP14 refinement targets grouped by various length bins. Distributions of AGDT-HA,
AGDC-sc, and AMolProbilty scores for various length bins considering the best submis-
sion presented. Regions shaded in black illustrate improvement over the starting structure.
Numbers above the distribution plots indicate the percentages of refinement successes and

failures.



4.13. REFINEMENT EVALUATION. 75
- starting GOT-HA < 40 Iy 40 < starting GOT-HA = &0 \ GOT-HA = 60
4.1 ¥ | 0
46.45% 5. 56% 22.5% T7.5% 50.0% 60.0%
0.2 = 0.2 o 02 -
g
I
O
0.1 .14 0.1 =
0.0 = 0.0+ 0
T T T T T T T T T T L T T
15 10 & a & 10 16 168 10 5 o ] 10 18 1 10 & 0 5 i 15
AGOT-HA A GOT-HA LAGOT-HA
0.3 0.3 03
2.09% 90.91% 22.9% T7.5% 36,36% B3.64%
0.2 = 0.2 032 =
=
F
]
o
01+ 0,14 o4
00 0.0+ 00 =
T T T T T T T T T T T T T T
-1 -10 ] a -] 10 16 15 -10 =5 o a 10 15 -15 10 ] o ] 10 15
& GOC-50 A GOC-E & GOC-5c
[iF:] 0.5 0.8
90.91% 90 T2.5% 27.5% T4.19% 25.81%
0.6 = .6 G
=
# .4 0.4 0.4
T
o
0.2+ 0.2+ o
- 0.0 0.a
T  Em— T — T —rTTrTTT
5 4 -3 -2 -1 a 2 3 4 5 5 4 -3 2 1 0 1 2 3 4 B 5 4 -3 -2 1 0 1 2 3 4 5

A MolProbity

& MolProbity

A MolProbsty

Figure 4.5: Degree of refinement for “Bhattacharya-Server” considering all CASP13 and
CASP14 refinement targets grouped by various starting GDT-HA bins. Distributions of
AGDT-HA, AGDC-sc, and AMolProbilty scores for various starting GDT-HA bins consid-
ering the best submission presented. Regions shaded in black illustrate improvement over
the starting structure. Numbers above the distribution plots indicate the percentages of
refinement successes and failures.



Chapter 5

PIQLE: protein-protein interface
quality estimation by deep graph
learning of multimeric interaction

geometries

5.1 Abstract

Accurate modeling of protein—protein interaction interface is essential for high-quality pro-
tein complex structure prediction. Existing approaches for estimating the quality of a pre-
dicted protein complex structural model utilize only the physicochemical properties or en-
ergetic contributions of the interacting atoms, ignoring evolutionarily information or inter-
atomic multimeric geometries, including interaction distance and orientations.

Here, we present PIQLE, a deep graph learning method for protein—protein interface quality
estimation. PIQLE leverages multimeric interaction geometries and evolutionarily informa-
tion along with sequence- and structure-derived features to estimate the quality of individual
interactions between the interfacial residues using a multi-head graph attention network and
then probabilistically combines the estimated quality for scoring the overall interface. Exper-
imental results show that PIQLE consistently outperforms existing state-of-the-art methods

including DProQA, TRScore, GNN-DOVE and DOVE on multiple independent test datasets
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across a wide range of evaluation metrics. Our ablation study and comparison with the self-
assessment module of AlphaFold-Multimer repurposed for protein complex scoring reveal
that the performance gains are connected to the effectiveness of the multi-head graph atten-
tion network in leveraging multimeric interaction geometries and evolutionary information
along with other sequence- and structure-derived features adopted in PIQLE.

An open-source software implementation of PIQLE is freely available at https://github.

com/Bhattacharyalab/PIQLE.

5.2 Introduction

Protein-protein interactions are the actuators of numerous biological processes [134]. De-
spite the remarkable progress in predicting single-chain protein structures with very high
degree of accuracy [2, 9, 135], modeling the structures of protein complexes remains chal-
lenging [136, 137, 138]. Traditional protein-protein docking approaches as well as recent deep
learning-based protein complex structure prediction methods typically generate a number of
candidate structural models and rank them based on estimated confidence scores to select
the top-ranked model [137, 139, 140, 141, 142]. With the state-of-the-art protein structure
prediction methods approaching near experimental accuracy on single-chain predictions, ac-
curately modeling the protein-protein interaction interfaces is the key to successfully predict-
ing the structures of protein complexes. As such, high-fidelity estimation of the modeling
quality of protein-protein interaction interface from a computationally predicted complex
structure is critically important for characterizing protein-protein interactions [143, 144).

Encouraging progress has been made in protein complex scoring and quality estimation.
Physics-based approaches such as ZRANK [145] demonstrate effective scoring performance
using the weighted sum of several energy terms including van der Waals force, hydrogen bond-
ing, electrostatics, pair potentials, and solvation. ZRANK2 [146] further improves the scoring

performance by optimizing certain energy terms used in ZRANK. In addition to physicsbased
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approaches, state-of-the-art methods apply machine learning for the quality estimation of
complex models. For example, TRScore [35] estimates the quality protein complex models
by learning from a voxelized 3D grid representation of the protein-protein interface using
a deep convolutional RepVGG architecture. DOVE [50] applies a 3D convolutional neu-
ral network with voxelized representation of protein complexes, while incorporating atomic
interaction types and their energetic contributions. Additionally, it integrates knowledge-
based statistical potentials GOAP [116] and ITScore [147] to capture atomic interaction
energies, demonstrating competitive scoring performance. Recently, representation learning
with graph neural networks [51] is gaining significant attention, leading to the development
of several protein complex model quality estimation methods. For example, GNN-DOVE
[39] uses a graph attention network [44] by embedding protein complex interfaces as graphs.
DPROQ [148] uses a gated-graph transformer model (GTN) for complex quality estimation.
Despite the progress, these methods do not consider two key factors that can significantly
improve protein-protein interface quality estimation performance. First, the geometry of the
interaction interface often carries key information for protein complexes [53, 149], but none
of the protein complex model scoring methods incorporate multimeric interaction geome-
tries, including the inter-atomic distance and orientations of the residues at the interaction
interface. Second, most of the protein complex model scoring approaches typically rely on
the physicochemical properties or energetic contributions of the interacting atoms but do
not consider the availability of evolutionarily information in the form of multiple sequence
alignments (MSAs). That is, they ignore the quality of MSAs during scoring.

Here, we present a protein—protein interface quality estimation method called PIQLE by
deep graph learning of multimeric interaction geometries. PIQLE formulates protein— pro-
tein interface quality estimation as a graph learning task by constructing a graph considering
the residues at the interaction interface and estimates the interface quality by training a
multi-head GAT using sequence- and structure-derived node features along with evolution-

arily information and newly introduced edge features in the form of inter-atomic interaction
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distance and orientations capturing multimeric interaction geometries. Unlike the existing
GNN-based methods operating on voxelized representation of the protein—protein interface
to estimate the overall interface quality, PIQLE first estimates the quality of the individual
interactions between the interfacial residues by edge-level error regression and then proba-
bilistically combines the estimated quality of the interfacial residues for scoring the overall
interface. Large-scale benchmarking on multiple widely used protein docking decoy sets
demonstrates that PIQLE consistently attains better performance than existing complex
model quality estimation methods in terms of various evaluation measures including hit rate,
success rate, reproducibility of model-native similarity scores and distinguishability between
acceptable and incorrect models. By conducting rigorous ablation study and comparison with
the self-assessment module of AlphaFold-Multimer repurposed for protein complex scoring
on an independent dataset, we directly verify that the improved performance of our method is
connected to the effectiveness of the multi-head GAT in leveraging multimeric interaction ge-
ometries and evolutionary information along with the other sequence- and structure-derived

features. PIQLE is freely available at https://github.com/Bhattacharya-Lab/PIQLE.

5.3 Materials and methods

Figure 5.1 illustrates our protein-protein interface quality estimation framework consisting
of a graph representation of the interaction interface, featurization including multimeric in-
teraction geometries, and quality estimation of individual interacting residues by edge-level
error regression using multihead graph attention network followed by probabilistic combina-

tion for the estimation of the overall interface quality.
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Figure 5.1: Hlustration of the PIQLE framework for protein-protein interface quality estima-
tion. (a) The input predicted protein complex structure with its two interacting monomers
colored in grey and blue. (b) Multimeric interaction geometries characterized by the inter-
atomic distance and orientations of the residues at the interaction interface. (c) Graph
representation of the interaction interface and quality estimation of individual interacting
residues by edge-level error regression using multihead graph attention network followed by
a probabilistic combination.

5.3.1 Graph representation and featurization

We represent the protein-protein interface as a graph G = (V, E), in which a node veV
represents an interface residue and an edge ecF represents an interacting interface residue
pair. We consider an interface residue pair to be interacting if their C'f atoms (Ca for
glycine) are within 10A [150]. With such a graph representation, we use a total of 17
node features and 27 edge features describing each interface residue and their interactions
including sequence- and structure-based node features and multimeric interaction geometric

edge features. We describe them below.
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Node features

Residue encoding: We cluster 20 naturally occurring amino acids into 4 classes includ-
ing polar, nonpolar, positively charged, and negatively charged (Supplementary Table 6.1)
[151, 152, 153]. For a given residue belonging to one of these classes, we perform one-hot
encoding of the residue using 5 class bins with the last bin reserved for the non-standard
amino acids belonging to none of the 4 preceding bins, leading to 5 features for each node

in the interfacial graph (i.e., a binary vector of 5 entries).

Relative residue positioning: To capture the relative positional information for each residue,
we extract 1 feature for each node in the interfacial graph corresponding to each of the amino

acid residues in a sequence as follows:

relPos(aa) = % (5.1)

where aa™ is the position of the n'* residue in the sequence and L is the length of the

sequence.

Secondary structure and solvent accessibility: We use DSSP [104] program to calculate the
secondary structure and solvent accessibility from the structure. We transform 8-state sec-
ondary structures into 3-state by grouping them into helices, strands, and coils for each of
the residues in the sequence (Supplementary Table 5.1). Additionally, we discretize the real-
valued solvent accessibility into two states of buried and exposed using the solvent-accessible
surface area for the corresponding residue (Supplementary Table 6.1). We then use the one-
hot encoding of 3-state secondary structures and 2-state solvent accessibility, resulting in 5

features.

Local backbone geometry: We calculate phi (¢) and psi (1)) backbone torsion angles from the

structure to capture the local backbone geometry of each residue. We perform sinusoidal
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and cosine transformations of the angles to account for the periodicity of the angles [154],

leading to 4 features.

Evolutionarily information: We compute the number of effective sequences (N.sr) from the
MSAs of the individual monomer and concatenated MSA of the complex to account for
the depth of the MSAs, thereby considering the availability of evolutionarily information.
To generate MSAs from an individual monomeric sequence, we run HHBlits [155] for three
iterations with an E-value inclusion threshold of 10? for searching against the Uniclust30 [69)]
database with a query sequence coverage of 10% and maximum pairwise sequence identity

of 90%. [156]. We then calculate the normalized number of sequences as:

norm Neff
Nef eff = \/Z (52)

where N,y is the reciprocated sum of the number of sequences in the MSA having a sequence
identity greater than 80% to the N'* sequence and L is the length of the sequence [65]. We
calculate the normalized number of effective sequencesN, s following the approach described
in DeepMSA [72] Additionally, we concatenate both of the MSAs of the individual monomeric
sequences using GLINTER [157]following the method described in ComplexContact [158] and
compute Nz of the concatenated MSA using the same aforementioned strategy. Therefore,
each of the nodes in a graph has 2 evolutionarily features including the N.f¢ computed
from the MSA of its corresponding monomeric sequence and the Ns; calculated for the
concatenated MSA. The two evolutionarily features are then considered as global features

for all the nodes in the interface graph.

Edge features

Multimeric interaction distance: To capture multimeric interaction geometry, we discretize

the Euclidian distance between the C atoms (C for glycine) of the interacting interface
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residue pairs into 17 bins ranging from 2A to 10A having a bin width of 0.5A. The discretized

interaction distance is represented by one-hot encoding, resulting in 17 edge features.

Multimeric interaction orientation: In addition to Cp-CS distances, we also include the
orientations of the interacting interface residue pairs by extending the work of trRosetta
[109] for multimers. In particular, our multimeric interaction orientation is represented by 3
torsion (£2, T2, T91) and 2 planar angles (A2, A91), as shown in Fig. 5.1b. The € torsion angle
measures rotation along the virtual axis connecting the C atoms of the interacting interface
residue pairs, and 712, A2 (721, Ag1) angles specify the direction of the C atom of interface
residue from the first (second) interacting monomer in a reference frame centered on the
interface residue from the second (first) interacting monomer. Unlike the symmetric torsion
angle €2, # and A\ are asymmetric and depend on the order of the monomeric interacting
interface residue pairs. Once again, we perform sinusoidal and cosine transformations of the

angles, leading to 10 features.

5.3.2 Network architecture

Figure 5¢ shows the architecture of our multi-head GAT for protein—protein interface quality
estimation. The network consists of four multi-head graph attention layers [44]. All the
intermediate layers have four attention heads except for the output layer, which has one
attention head. We perform hyperparameter selection on an independent validation set
using grid search to determine the optimal number of layers and heads (Supplementary
Table 5.2). The input layer of the network takes the interfacial graph G consisting of nodes
V and edges E with the associated nodes and edge features as G(V;eR"*! x E;;eR°*!). We
use an empirically selected hidden dimension of 32 for the input layer with a scaling factor of
0.5 for each succeeding layer. Additionally, we perform a concatenation operation of all the
heads along the output dimension of 1. Therefore, the output dimension of each intermediate

layer depends on the number of hidden dimensions, and thus the output dimension of the
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multi-head attention layer 1 is as follows:

X! = //; h! (5.3)

where k represents the number of heads and h is the hidden dimension at layer 1. Of note,
each multi-head attention layer performs a series of operations before it feeds the output to
the next layer. First, we concatenate both the node and edge features and perform a linear
transformation to embed both the node (hli) and edge (e};) input features with the initialized

weight W to dimensional hidden features assigned to each node [44, 159] as follows:

2= Wlhﬁeﬁj (5.4)
where z represents the embedded features at layer 1 and W is the learnable network param-
eters, normalized using the Xavier weight initialization procedure at each layer to prevent
vanishing and exploding gradient problems [160]. We then compute an attention score a;;
between the neighboring nodes of each edge by performing self-attention on the incident

nodes as:

a.=o (W(zﬂzé)) (5.5)

)

where 2! and zj- are the embeddings of the incident nodes of an edge. Both embeddings
are concatenated, and a dot product is computed with a learnable weight vector W (W eRP)
where D represents the input dimension. Meanwhile, the node features of each node are
updated with the combination of neighboring node features and the attention score a;; as

follows:
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hl=o Z aﬁjzé (5.6)

5.4 Model training

For the assignment of the ground truth interface quality score during training, we first
calculate the observed C'f-C'3 distance between the interacting interface residue pairs in
the predicted complex structural model (dZ-‘Odel) and the corresponding residue pairs in the
native structure (d%““”e). We then assign a normalized ground truth interface quality score

z;; to the edge e;; as follows:

1 l fdg?"del < 10and d%““”e < 10

Rij = 1
|dmodel7d'n‘ative‘ 2
1+ *J ]

where ]d;?"del - d%‘m”e” is the observed edge-level error between the interacting interface

(5.7)

otherwise

residue pairs corresponding to the edge eij, and dy is a normalizing constant whose value is
set to 10A to be consistent with the 10A threshold used for defining interacting residue pairs
in the literature [150].

During model training, we learn the interface quality score z;; for each edge e;; through edge-
level error regression by optimizing the mean squared error loss function with sum reduction
using the Deep Graph Library [161]. We use the Adam optimizer [83] with a learning rate of
0.001 and a weight decay of 0.0005. The training process consists of at most 500 epochs on
an NVIDIA A40 GPU having an early stopping criterion with patience set to 40 to prevent

overfitting.
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5.4.1 Estimation of protein-protein interface quality

During the inference, we first estimate the interface quality score for each of the interacting
residue pairs in the interface graph through edge-level error regression by computing the dot

product between the predicted embeddings of the corresponding nodes as follows:

hy; = hi.h; (5.8)

where, h' and h; represent the node embeddings of nodes ¢ and j connected by the edge
e;; in the final layer of the multi-head graph attention network. We then probabilistically
combine the estimated quality scores of the individual interfacial residue pairs for estimating

the overall interface quality score ) as follows:

Q=) h (5.9)

where, || represents the number of interfacial residue pairs in the model and ;; is the esti-
mated interaction score for the edge e;;. The overall interface quality score () ranges between

0 and 1 with a higher score indicating better protein-protein interface quality.

5.4.2 Datasets

To train the graph attention network of PIQLE, we use the docking benchmark set of Dock-
ground [162] version 2 (hereafter called Dockground v2) containing 179 dimeric protein
complex targets having the length ranging from 92 to 894 residues with 100 complex struc-
tural models for each target, generated by docking the unbound structure of the receptor to

the ligand.
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To benchmark our method, we use the docking benchmark set of Dockground version 1 (here-
after called Dockground v1), comprising 61 dimeric protein complex targets having lengths
ranging from 107 and 892 residues. We discard all targets from the Dockground v1 test
dataset overlapping with our training set Dockground v2 using an average pairwise sequence
identity cutoff of 20%, resulting in 23 dimer targets with an average of 109 decoys per target.
Additionally, we use the Heterodimer-AF2 (hereafter called HAF2) [163] dataset consisting
of 13 targets having an average of 105 decoys per target with the length ranging from 78 to

1248 residues generated using AlphaFold-Multimer [138].

For ablation studies, we use the docking Benchmark version 4.0 [164] comprising 69 dimeric
protein complex targets having the length ranging from 23 to 822 residues that are nonover-
lapping to the targets in the training and benchmarking datasets (pairwise sequence identity
cutoff of 20%) with each target having 100 complex structural models generated by ZDOCK
[140]. Tt is worth noting that all the datasets used for training, benchmarking, and ablation
studies are non-overlapping with an average pairwise sequence identity of less than 20%

between any pair of datasets (Supplementary Table 5.3).

5.4.3 Evaluation metrics and competing methods

We assess the performance of our method using various evaluation metrics based on the
DockQ score [165] as the ground truth. Dock(@ incorporates various CAPRI measures in-
cluding Fv., LRMS, and iRMS to evaluate the quality of protein-protein docking models
[166]. FNat is defined by the fraction of native interfacial contacts in the model. The root
mean square deviations (RMS) for the ligand (LRMS) and interface (iRMS) between the

model and the target is calculated as follows:
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1

RMScaled(RM S, d;) = ————5
1+ (Rgf_s )

(5.10)

Where d; represents the scaling factors: dl for LRSM and d2 for iRMS. d1 and d2 are
optimized to be 8.5A and 1.5A respectively, based on the ability to separate models according
to CAPRI classifications in terms of F1 scores [165, 166]. Finally, the DockQ score is

calculated by combining all the above-mentioned scoring factors as follows,

(Fuat + RMS,qiea( LRM S, d1) + RM S,ouieq(iRM S, d2))

DockQ(FnatLRMS,iRMS,dl,d2) = 3

(5.11)

Where the DockQ score ranges between 0 and 1 with a higher score indicating better model
quality. Overall, the continuous Dock(Q) measure is able to rank and score docking models
at a more detailed atomic level of structural granularity. We use three evaluation criteria to
measure the protein-protein interface quality estimation performance: (i) ability to reproduce
the ground truth Dock(Q scores, (ii) ability to rank complex structural models, and (iii)
ability to distinguish acceptable from incorrect models. For the first criterion, we use the
Spearman correlation coefficient (p) between the estimated quality of the protein complexes
and their corresponding Dock( scores. Consequently, a higher correlation indicates better
reproducibility. For the second criterion, we use the top-N success rate (herein: SR) and
top-N hit rate (herein: HR) [35]. The top-N success rate is calculated as the percentage of

complex targets having at least one acceptable model among top N ranked models as follows:

SR(N) = @ x 100 (5.12)

where, S(NV) is the number of complex targets having at least one acceptable model among

top N ranked models and K is the total number of targets, where a cutoff of DockQ = 0.23
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is used to identify acceptable models [137]. The top-N hit rate is calculated as the fraction of
acceptable models among top-ranked models relative to all acceptable models in the entire

dataset as follows:

HR(N) = H;(N) x 100 (5.13)

where, H(N) is the total number of acceptable models among top N ranked models and M
is the total number of acceptable models in the dataset. Higher success and hit rate indicate
better ranking ability, especially for low values of N. We evaluate the success and hit rate
of topranked models for various values of N including top-1, top-5, top-10, top- 15, top-20,
top-25, and top-30. We further evaluate the methods’ ranking performance on the top-N
ranked models after categorizing them into acceptable, medium, and high-quality complex
models based on their DockQ scores using CAPRI criteria. For the third criterion, we per-
form receiver operating characteristics (ROC) analysis using a Dock( score cutoff of 0.23
to separate acceptable and incorrect models. Meanwhile, the Area Under the ROC curve
(AUC) quantifies the ability of a method to distinguish between acceptable and incorrect

models with a higher AUC indicating better distinguishing ability.

We compare the performance of PIQLE against a number of existing protein complex quality
estimation methods ranging from physics-based approaches to machine learning-based meth-
ods. As a representative physics-based method, we compare PIQLE against ZRANK2 [146],
which is an improved version of ZRANK [145]. For a fair comparison, we use a min-max
normalization strategy to scale ZRANK2 energy scores to the same range as the predicted

scores of other methods including PIQLE as follows:

X - Xmam

ZRANK2 = —————
szn - Xma:v

(5.14)
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where, X is the raw ZRANK2 estimated energy scores and X,,;, and X,,., represent the
smallest and largest estimated scores, respectively, considering all predicted complex struc-

tural models for a specific target.

We also compare the performance of PIQLE against various machine learning-based ap-
proaches including 3D Convolutional Neural Network (3DCNN)-based methods TRScore
[28] and four variants of DOVE [50]: DOVE-Atom20, DOVEAtom40, DOVE-GOAP, and
DOVE-Atom40+GOAP as well as recent graph neural network-based methods GNN-DOVE
[39] and DProQA [163]. We exclude the comparison to GNNDOVE and TRScore on the
Dockgorund v1 test dataset due to the overlap of the training datasets used in GNN-DOVE
and TRScore with the complex targets present in the Dockground v1 dataset. Meanwhile,

all methods are included for performance comparison on the HAF2 test dataset.

5.5 Results

5.5.1 Reproducing ground truth Dock(Q scores

a b
PIQLE A 0.519 PIQLE A 0.429
DOVE-Atom+GOAP -
DOVE_GOAP

o o3
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Figure 5.2: Reproducibility of ground truth DockQ scores for PIQLE (in gray) and the
competing methods (blue), sorted in decreasing order of Spearman correlations coefficient
(p) between the estimated qualities of the protein-protein interfaces and their corresponding

Dock(@ scores on (a) Dockground v1 and (b) HAF2 datasets.
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Figure 5.2 shows the Spearman correlation coefficients (p) between the estimated qualities
of the protein-protein interfaces and their corresponding ground truth Dock(Q scores for
PIQLE and the other competing methods. PIQLE consistently outperforms all other com-
peting methods in both Dockground vl and HAF2 datasets. On Dockground v1, PIQLE
attains the highest Spearman correlation of 0.519 which is much better than the second-best
3D Convolutional Neural Network (3DCNN)- based method DOVE-Atom20 (0.305), the re-
cent graph transformer network (GTN)-based method DProQA (0.111), and physics-based
scoring function ZRANK2 (0.159). The same trend continues for the HAF2 dataset, in
which PIQLE attains the highest Spearman correlation of 0.429 which is significantly better
than the other competing methods. 3DCNN -based method DOVE remains the second-best
method with its variant DOVE-Atom+GOAP attaining a Spearman correlation of 0.382.
The recent graph neural network-based methods DProQA and GNNDOVE, however, fail
to generalize on the HAF2 dataset attaining negative Spearman correlations of -0.015 and
-0.331, respectively. In summary, our method PIQLE delivers an improved ability to repro-

duce ground truth DockQ scores with high fidelity.

5.5.2 Ranking complex structural models

Figure 5.3a-5.3b show the complex model ranking performance of PIQLE and the other
competing methods in terms of the success rate (SR) metric, which evaluates the ability of
a method to select at least one acceptable model within top N ranked models. As shown
in Fig. 5a, PIQLE consistently achieves the highest SR among all methods for almost all
top-N rankings in the Dockground v1 dataset. The noticeably higher SR of PIQLE at low
values of N such as top-1 (~44%) and top-5 (~74%) is particularly noteworthy. In the HAF2
dataset (Figure 4.3b), PIQLE attains a higher top-1 SR of ~77of the other methods such
as ZRANK2 and DOVE-ATOMZ20 achieve comparable or higher SR values, particularly for

high values of N. Overall, PIQLE frequently attains higher success rates, particularly when



CHAPTER 5. PIQLE: PROTEIN-PROTEIN INTERFACE QUALITY ESTIMATION BY DEEP GRAPH

92 LEARNING OF MULTIMERIC INTERACTION GEOMETRIES
100
100
%
90
80
80
70 70
g 60 < 601
P T
s ®
o 50 @ 50
I [
S S
=1 =3
A 40 Y 40{ —— PIQLE
Y i —-—  DOVE-Atom20
0 - — PlaLE 304 DOVE-Atom40
4 ; —.—  DOVE-Atom20 DOVE-Atom40+GOAP
2 DOVE-Atom40 [ | DOVE-GOAP
& 20
: DOVE-Atom40+GOAP DProQA
S DOVE-GOAP ---- GNN-DOVE
10 ! 104 ——
DProQA TRScore
....... ZRANK2 e ZRANK2
0 04— . . , . ,
1 5 10 15 20 25 30 1 5 10 15 20 25 30
C Top-N Top-N
100 100
%
—— PIQLE — PIQLE
% —'— DOVE-Atom20 90| —— DOVE-Atom20 0
DOVE-Atom40 DOVE-Atom40
DOVE-Atom40+GOAP DOVE-Atom40+GOAP %
o1 DOVE-GOAP 801 e DOVE-GOAP
DProQA DProQA g”
04 ZRANK2 701 ---- GNN-DOVE e
—— TRScore
60 604 ZRANK2 m
2 50 2 50
- = 0
T B 1 S 10 S % B
2 401 ”
30 30
20 204
10 101
0 04
1 5 10 15 20 25 30 1 5 10 15 20 25 30
Top-N Top-N

Figure 5.3: Ranking complex structural models for PIQLE and the competing methods in
terms of success rate on (a) Dockground v1 dataset, (b) HAF2 dataset and hit rate on (c)
Dockground vl dataset, (d) HAF2 dataset based on top-1, top-5, top-10, top-15, top-20,
top-25, and top-30 models. A cutoff of DockQ = 0.23 is used to identify acceptable models.

N is low.
Figure 5.3c¢-5.3d show the ranking ability of PIQLE and the other competing methods in
terms of the hit rate (HR) metric, which evaluates the performance of a method based on

the total number of acceptable models among top-ranked models relative to all acceptable
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models in the entire dataset. As shown in Figure 5.3c, PIQLE significantly outperforms
all other competing methods by achieving the highest HR on Dockground v1 dataset, for
all values of N. For example, PIQLE improves the top-10 HR by more than 30% (37.079
vs 28.125) over the second-best method DProQA. PIQLE also consistently attains better
HR performance on the HAF2 dataset as shown in Fig. 5d. It is interesting to note the
somewhat low H R performance of all methods including ours on the HAF2 dataset. While
all methods, particularly the machine learning-based approaches achieve higher SR on the
HAF2 dataset, they appear to be less effective at selecting a large proportion of acceptable
models from a smaller number of top-ranked models measured by HR, suggesting a need
for further improvement. Nevertheless, our new method PIQLE strikes an ideal balance to
deliver top performance in terms of both success rate and hit rate across different datasets,
indicating its all-round ability in ranking complex structural models.

We further benchmark the ranking performance of PIQLE, and other competing methods on
the same test datasets based on the CAPRI classifications of acceptable, medium, and high
quality complex models in terms of Dock(Q scores (Supplementary Figures 6.7-6.9). Overall,
PIQLE delivers reasonable ranking performance across different Top-N success and hit rates

for acceptable, medium, and high quality complex models.

5.5.3 Distinguishing acceptable from incorrect models

In addition to reproducing the ground truth Dock(@ scores with high fidelity and accurately
ranking complex structural models, the ability to distinguish acceptable from non-acceptable
prediction is critically important. Figure 5.4 shows the area under the ROC curve (AUC) at-
tained by PIQLE and the competing methods on the test datasets. PIQLE consistently out-
performs all other competing methods by achieving the best AUC on both the Dockground
vl and HAF2 datasets. For the Dockground v1 dataset, AUC attained by PIQLE is 0.711
which is closely followed by the second-best performing method DOVE-Atom40+GOAP
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Figure 5.4: Distinguishability of acceptable vs. incorrect models for PIQLE and the com-
peting methods on (a) Dockground v1 and (b) HAF2 datasets. A cutoff of Dock@ = 0.23 is
used to separate acceptable from incorrect models.

with an AUC of 0.710. On the HAF2 dataset, PIQLE attains an AUC of 0. 743, which is
significantly higher than all competing methods including the second-best method DOVE-
Atom40+GOAP having an AUC of 0.648. In summary, PIQLE exhibits an improved ability

to distinguish between acceptable and non-acceptable prediction.

5.6 Case study

Figure 5.5 shows some representative examples of protein-protein interface quality estimation
by PIQLE for selected targets from Dockground vl and HAF2 datasets with varying degrees
of predictive modeling accuracy. For a reasonably well-predicted complex structural model
for Dockground v1 target 1rOr having a DockQ score of 0.732 (Fig. 5a), PIQLE estimates an
interfacial quality score of 0.625. Apart from a few false positive interacting residue pairs,
most of the interface regions in this predicted complex structural model are correct with an

F1 score of 0.674 considering the previously defined C-C distance threshold of 10A [150]
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Figure 5.5: Case study on protein-protein interface quality estimation by PIQLE using
predicted complex structural models for (a) Dockground vl target 1rOr, (b) HAF2 target
Tnkz, (c) Dockground v1 target 1ppf, (d) HAF2 target 7lxt. For each target, the interacting
protein chains are colored in blue (chain 1) and purple (chain 2) with the interface regions
highlighted in darker shades of blue and purple. The experimental structures for each target
are shown side-by-side with the observed interface regions annotated.

for identifying the true interacting residue pairs. For a moderate quality predicted complex
structural model for HAF2 target 7nkz having a Dock(Q score of 0.478 and several false
positive interacting residue pairs with an F1 score of 0.333 (Figure 5.5b), PIQLE estimates
a moderate interfacial quality score of 0.398. Additionally, Figure 5.5¢-5.5d show two low-
quality predicted complex structural models for Dockground v1 target 1ppf and HAF2 target
7Ixt having a Dock(Q score of 0.102 and 0.127, respectively, with noticeably wrong interfaces.
For these models, PIQLE estimates much lower interfacial quality scores of 0.143 and 0.130,

respectively.
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Figure 5.6: Ablation study on the independent ZDOCK validation dataset in terms of Spear-
man correlations coefficient (p) between the estimated qualities of the protein-protein inter-
faces and their corresponding DockQ scores by (a) gradually isolating individual feature
or groups of features during model training, (b) training two baseline graph neural net-
work models employing graph convolutional network (GCN) and graph transformer network

(GTN) architectures, and (c) the performance comparison between graph attention network
(GAT) in PIQLE and the ipTM scores by AlphaFold-Multimer.

5.7 Ablation study

To examine the relative importance of the features adopted in PIQLE, we conduct feature
ablation experiments by gradually isolating the contribution of individual feature or groups
of features during model training and evaluating the accuracy on the independent ZDOCK
validation dataset. Figure 5.6a shows the Spearman correlation coefficients (p) between the
estimated qualities of the protein-protein interfaces and their corresponding ground truth
Dock@ scores when various features are isolated from the full-fledged version of PIQLE.

The results demonstrate that all features contribute to the overall performance achieved by
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PIQLE. For example, we notice an accuracy decline when we isolate the sequence-based fea-
tures one by one including amino acid residue encoding (No residue encoding) and relative
residue positioning (No relative residue positioning). Importantly, discarding evolutionarily
information noticeably declines the overall performance (No evolutionarily information), in-
dicating the effectiveness of MSA-derived evolutionarily information. Not surprisingly, we
notice a dramatic performance drop when both the residue-based features and the evolution-
ary information are isolated (No residue + evolutionarily information). Similarly, we also
notice a performance drop when the feature based on local backbone geometry is discarded
(No local backbone geometry). Additionally, we notice a consistent accuracy decline when
we discard the newly introduced edge features based on multimeric interaction distance (No
multimeric interaction distance), multimeric orientation (No multimeric interaction orienta-
tion), and their combination (No multimeric interaction geometry). That is, the improved
performance of our method is connected to the effective integration of multimeric interaction
geometries.

To further investigate the contribution of the multi-head graph attention network model used
in PIQLE, we train two baseline graph neural network (GNN)-based models for protein-
protein interface quality estimation: graph convolutional network (GCN) [43] and graph
transformer network (GTN) [45]. All baseline networks are trained on the same training
dataset using the same set of input features as the full-fledged version of PIQLE. Follow-
ing the same approach as used for PIQLE’s graph attention network (GAT), we perform
hyperparameter selection for graph convolutional network (GCN) and graph transformer
network (GTN) on the same independent validation set using grid search to determine the
optimal number of layers and heads for GTN and the optimal number of layers for GCN
(Supplementary Table 6.2). Figure 6.6b shows the performance of PIQLE compared to the
baseline networks on the independent ZDOCK validation dataset in terms of the Spearman
correlation coefficients (p) between the estimated qualities of the protein-protein interfaces

and their corresponding ground truth DockQ scores. The multihead graph attention network



CHAPTER 5. PIQLE: PROTEIN-PROTEIN INTERFACE QUALITY ESTIMATION BY DEEP GRAPH
98 LEARNING OF MULTIMERIC INTERACTION GEOMETRIES

architecture of PIQLE significantly outperforms the other baseline networks, demonstrating
its effectiveness for protein-protein interface quality estimation task.

We further compare the performance of PIQLE with the interface predicted TM scores
(ipTM) predicted by the selfassessment module of AlphaFold-Multimer [138] repurposed for
protein complex scoring (Roney and Ovchinnikov, 2022). It is important to note that ipTM
is a self-assessment score generated by AlphaFold-Multimer for estimating the accuracy of
their own predicted complex structural models in terms of the quality of the multimeric inter-
action interface. As such, the ipTM scores predicted by AlphaFoldMultimer are not equiv-
alent to the interface quality scores estimated from an independent protein complex scoring
method, such as PIQLE. Nonetheless, the comparison may offer some interesting insights.
We utilize an extended version of the AF2Rank method [167] repurposed for protein com-
plex scoring based on the self-assessment module of AlphaFold-Multimer, freely available as
a Google Colab Notebook at https://colab.research.google.com/github/sokrypton/
ColabDesign/blob/main/af/examples/AF2Rank. ipynb as of February 26, 2023, for gener-
ating the ipTM scores. Figure 4.6¢ shows the performance in terms of Spearman correlation
coefficient (p) on the ZDOCK set for the estimated interface quality scores by PIQLE and
the ipTM scores predicted by the selfassessment module of AlphaFold-Multimer repurposed
for protein complex scoring. PIQLE convincingly outperforms (p = 0.367) the repurposed
self-assessment complex scoring of AlphaFold-Multimer (p = 0.349), even though the feature
ablated variants of PIQLE (Fig. 5a) as well as the baseline GNNs GTN and GCN (Figure
5.6b) fall short. The results further demonstrate the contribution of both the network archi-
tecture and features used in PIQLE for improved protein—protein interface quality estimation
performance beyond what is attainable by the self-assessment module of AlphaFold-Multimer

repurposed for protein complex scoring.
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5.8 Conclusion

This work introduces PIQLE, a new method for protein—protein interface quality estimation
by deep graph learning of multimeric interaction geometries. PIQLE exploits multi-head
GAT architecture leveraging multimeric interaction geometries and evolutionarily informa-
tion along with sequence- and structure-derived features to estimate the quality of the indi-
vidual interactions between the interfacial residues and then probabilistically combines the
estimated quality of the interfacial residues for scoring the overall interface. We demonstrate
that PIQLE attains state-of-the-art protein—protein interface quality estimation performance
by conducting large-scale benchmarking on multiple widely used protein docking decoy sets.
Our ablation study and comparison with the self-assessment module of AlphaFold-Multimer
repurposed for protein complex scoring on an independent validation set confirm the contri-
bution of various features adopted in PIQLE and the effectiveness of the multi-head GAT
architecture.

Our study leads to a number of future directions to consider: of particular interest is the
possibility of broadening the applicability of our method for higher order oligomers and large
protein assemblies. Further, a promising direction for future work is to consider the diver-
sity of predictive modeling ensemble and conformational states of the interacting monomers
for interface quality estimation for interacting proteins having multi-state conformational
dynamics. Finally, integrating complementary features, such as residue-level self-assessment
confidence estimates for the interacting protein chains and sequence-based disorder predic-
tion coupled with a richer deep graph representation learning framework may further boost
protein—protein interface quality estimation performance. We expect our method to be ex-
tended to other biomolecular interface characterization, including estimating the quality of

predicted protein interaction with other molecules, such as DNA, RNA and small ligands.
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5.9 Data availability

The raw data used in this study, including the datasets for train, test, and validation are col-

lected from publicly available sources. The Dockground v2 training set is available at https:
//dockground. compbio.ku.edu/downloads/unbound/decoy/decoysset2-1.0.tgz. The Dock-
ground v1 test set is available at https://dockground. compbio.ku.edu/downloads/unbound/
decoy/decoysl.0.ziphttps://dockground.compbio.ku.edu/downloads/unbound/decoy/decoys1.0.zip.
The Heterodimer-AlphaFold2 test set is available at https://zenodo.org/record/6569837/
files/DproQ_benchmark.tgz. The ZDOCK docking benchmark version 4.0 validation set

is available at https://zenodo.org/record/6569837/files/DproQ_benchmark.tgz.
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Table 5.1: Categorization of several node features adopted in PIQLE

Properties Category
ALA VAL LEU ILE PRO PHE MET TRP | Hydrophobic
GLY SER THR CYS TYR ASN GLN Hydrophilic
5-state amino acid encoding | LYS ARG HIS Basic
ASP GLU Acidic
Any other residues Neutral/None
G, H, I H
3-state secondary structure | E, B E
Other C
2-state solvent accessibility | RSA (ACC / Max. SA) <25% B
RSA (ACC / Max. SA) >25% E
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Table 5.2: Hyperparameter searches for graph attention network (GAT), Graph Transformer
Network (GTN), and Graph Convolutional Network (GCN) on the independent ZDOCK
validation dataset in terms of Spearman correlations coefficient (p) between the estimated
protein-protein interface quality scores and their corresponding DockQ scores.

Hyperparameter GAT GTN GCN
# Layers | # Heads Spearman Spearman Spearman
2 0.168 0.116
4 0.367 0.048
4 6 0.199 0.042 0-219
8 0.266 0.067
2 0.155 0.042
4 0.178 0.015
6 6 0.300 0.074 0.264
8 0.288 0.122
2 0.222 0.039
4 0.280 0.085
8 6 0.325 0.041 0.171
8 0.289 0.053
2 0.200 0.071
4 0.189 0.056
10 6 0.172 0.108 0.214
8 0.185 0.040
2 0.173 0.099
4 0.218 0.121
12 6 0.230 0.070 0209
8 0.227 0.044
2 0.220 0.127
4 0.199 0.036
14 6 0.202 0.095 0193
8 0.235 0.056
2 0.139 0.145
4 0.238 0.041
16 6 -0.020 0.037 0240
8 0.225 0.042
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Table 5.3: Pairwise sequence identity between training, testing, and validation datasets.

Datasets Dockground Dockground v2° | ZDOCK® HAF2¢
v1®

Dockground v1 0.183 0.192 0.162

Dockground v2 | 0.183 0.179 0.152

ZDOCK 0.192 0.179 0.133

HAF2 0.162 0.152 0.133

adtesting dataset
Ptraining dataset

®validation dataset

dHeterodimer-AF2 dataset
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Figure 5.7: Ranking complex structural models with acceptable quality for PIQLE and the
competing methods in terms of success rate on (a) Dockground v1 dataset, (b) HAF2 dataset
and hit rate on (¢) Dockground v1 dataset, (d) HAF2 dataset based on top-1, top-5, top-10,
top-15, top-20, top-25, and top-30 models. Models having DockQ scores ranging between
0.23 and 0.49 are considered acceptable quality models.
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Figure 5.8: Ranking complex structural models with medium quality for PIQLE and the
competing methods in terms of success rate on (a) Dockground v1 dataset, (b) HAF2 dataset
and hit rate on (¢) Dockground v1 dataset, (d) HAF2 dataset based on top-1, top-5, top-10,
top-15, top-20, top-25, and top-30 models. Models having DockQ scores ranging between
0.49 and 0.80 are considered medium quality models.
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Figure 5.9: Ranking complex structural models with high quality for PIQLE and the com-
peting methods in terms of success rate on (a) Dockground v1 dataset, (b) HAF2 dataset
and hit rate on (¢) Dockground v1 dataset, (d) HAF2 dataset based on top-1, top-5, top-10,
top-15, top-20, top-25, and top-30 models. Models having minimum DockQ scores of 0.80
are considered high-quality models.



Chapter 6

EquiRank: improved protein-protein
interface quality estimation using
protein-language-model-informed

equivariant graph neural networks

6.1 Abstract

Motivation: Quality estimation of the predicted interaction interface of protein complex
models helps in guiding the highly accurate protein complex structure prediction. Despite
recent progress fueled by symmetry-aware deep learning architectures and large-scale Pro-
tein Language Models (pLMs), existing methods for estimating protein complex quality have
yet to fully exploit the collective potentials of these advances for the accurate estimation of
protein-protein interface.

Results: We present EquiRank, an improved protein-protein interface quality estimation
method by leveraging the strength of a deeper symmetry-aware Equivariant Graph Neu-
ral Network (EGNN) and integrating the large-scale Protein Language Model-based ESM-2
embeddings. Our method estimates the quality of the protein-protein interface through an
effective graph-based representation of interacting residue pairs, incorporating diverse rep-

resentative features, including ESM-2 embeddings, and then by learning the representation
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using a symmetry-aware EGNN. Our experi-mental results demonstrate improved Ranking
performance on diverse datasets over our recent method PIQLE and several other protein
complex quality estimation methods including the self-assessment module of AlphaFold-
Multimer repurposed for protein complex scoring and VorolF GNN across different perfor-
mance evaluation metrics. Additionally, our ablation studies demonstrate the contributions
of both the Protein Language Model and the equivariance property of EGNN to improved
protein-protein interface quality estimation performance. Availability: EquiRank is freely

available at https://github.com/mhshuvol/EquiRank

6.2 Introduction

Protein-protein interactions play a fundamental role in driving a wide range of biological
processes [134, 168, 169]. Although there has been a significant leap toward solving the
monomeric protein models by AlphaFold2 [2], the prediction of their interactions still remains
challenging [136, 137, 138]. Existing protein complex modeling methods typically generate
alternative complex models (a.k.a. decoys) by performing conformational sampling of the
protein-protein interaction interfaces [139, 140, 141, 142] As such, the scoring of protein-
protein interfaces for the identification of the most accurate conformation is, therefore, an
important component of a successful protein complex structure modeling process [143, 144].
There has been promising progress in the development of various methods for estimating the
accuracy scores of protein complexes with the application of various machine learning models.
For instance, TRScore uses the ResNet-inspired [170] VGG network to learn the voxelized
representation of protein complexes for scoring protein complexes. Similarly, DOVE [39]
employs Convolutional Neural Network (CNN) [34] to score protein complexes, utilizing 3D
voxelized representation integrated with atomic energy. Recent advances in Graph Neural
Network (GNN)-based models have gained attention for their ability to effectively represent

molecular structures [51, 171] thus prompting their application to protein complex quality
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estimation problems. For instance, in our recent work, the PIQLE [27] method successfully
applies the Graph Attention Network [44] to estimate the accuracy of the protein-protein in-
terface. VorolF__GNN [29] estimates the accuracy of protein complexes leveraging attention-
based Graph Neural Network to learn atom-level graph derived from the Voronoi tessellation-
based interface representations. DProQA [163] employs a graph transformer network for
estimating the quality of protein complexes. GDockScore [40] utilizes a bi-directional graph
attention network for estimating the quality score of protein complexes. GNN-DOVE [39]
represents the protein interface and graph and employs Graph Attention Network (GAT) to
estimate the protein complex score. In addition to exploiting graphical representations of
protein complexes with several representative features, new protein complex quality estima-
tion methods leverage protein language models (PLMs), which have revolutionized diverse
predictive tasks, including protein structure prediction, protein function prediction, and pro-
tein engineering prediction, in recent years [10, 172, 173, 174, 175, 176, 177] For instance,
DeepRank-GNN-esm uses a graph neural network (GNN) that incorporates embeddings from
the transformer-based protein language model ESM-2 [10] to better capture the graph rep-
resentation of a protein complex. Despite the success of existing protein complex quality
estimation methods in applying GNN-based approaches, such as Graph Attention Network
(GAT) and Graph Transformer Network (GTN), operating efficiently on protein graphs
lacking a fixed order and providing important invariant properties regardless of node per-
mutation, they do not inherently capture symmetry under certain rotations and translations
while dealing with such 3D objects such as proteins [46, 178]. Therefore, considering the
inherent 3D structure of proteins, Equivariant Neural Network (EGNN) [46] is desirable
that incorporates the spatial location of each residue, providing properties such as equiv-
ariance to rotation and translation, while also maintaining invariance to node permutation.
Furthermore, the incorporation of embeddings from the Protein Language Model ESM-2,
trained on large-scale protein sequences, for a more comprehensive representation of nodes,

combined with EGNN, may enhance the overall robustness of the framework [179]. Here
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we present, an improved protein-protein interface quality estimation method EquiRank with
the application of a Symmetry-aware Equivariant Graph Neural Network (EGNN). Starting
from a given protein complex, EquiRank first extracts the interface graph of interacting
residue pairs. Subsequently, the nodes corresponding to residues and the edges correspond-
ing to their interactions are represented using various representative features including the
embeddings from the protein language model based ESM-2 model and our novel multimeric
geometries, as employed in our recently published protein-protein interface quality estima-
tion method PIQLE [27]. In addition to delivering improved quality estimation performance
for protein-protein interface over PIQLE, EquiRank demonstrates better performance than
contemporary state-of-the-art protein complex quality estimation methods across diverse
datasets and various accuracy measures. The observed improved performance as validated
through our ablation studies is directly connected to the integration of Protein Language
Models-based embeddings and the efficient equivariance properties of EGNN. EquiRank is

freely available at https://github.com/mhshuvol/EquiRank.

6.3 Method

6.3.1 Features generation

Interface graph representation: We represent a protein complex as an interface graph G = (V,
E) consisting of interacting residue pairs with each of the residues in the interface as a node
v € V and an interacting residue pair as an edge e € E as shown in Figure 6A. We extract the
interface residue pairs from a given protein complex based on the inter-residue distances of
their Cf (Ca for glycine) atoms. Specifically, we define a residue pair as interactive when the
distance between their Cj3 (Ca for glycine) atoms is less than 10A [27]. We represent each of
the nodes in the interface graph with 349 features including protein language model (pLM)-
based and AlphaFold2 distilled Multiple Sequence Alignment (MSA) features. Additionally,
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Figure 6.1: Flowchart of EquiRank framework for protein-protein interface quality esti-
mation. A) Generation of sequence- and structure-based features, including pLM-based
sequence embeddings and MSA-based encoding, and multimeric distance and orientation,
respectively, from the predicted protein complex structure with two interacting monomers
colored in blue and gray. B) Architecture of ensemble Equivariant Graph Neural Network
(EGNN). C) Edge-level regression of interacting residue pairs for transformed distance (d)
and normalized angular RMSD of multimeric orientations €2, A2, Ao1, To1, o1, and their
probabilistic combination for estimating the protein-protein interface quality.

we represent each of the edges with multimeric distance and orientation having 29 features.

Node feature: We generate a total of 349 features including both sequence- and structure-

based features for representing each of the nodes in the interface graph.

1. Protein Language Model (pLM) based features (33): We use the pre-trained ESM-2
model [10] having 15B parameters to generate the sequence embeddings having a shape
of L x 33, where L is the length of the sequence, for each of the amino acid sequences
of interacting monomer in the protein complex. Afterward, we perform a sigmoidal

transformation on the resulting embeddings to generate 33 Protein Language Model

(pLM)-based features.

2. Multiple sequence alignment features (256): We employ ColabFold [180] to generate
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Multiple Sequence Alignment (MSA) using MMseq2 [71] for each of the amino acid
sequences in the protein complex. The generated MSA is then input to the EvoFormer
blocks of AlphaFold2 [2], implemented in ColabFold, producing distilled MSA rep-
resentations encoded as a dictionary. Subsequently, we extract the first row of the
distilled MSA representation (“msa_ first_row” from the dictionary) and then apply

a sigmoidal transformation to generate 256 MSA features.

. Evolutionarily features (2): We generate evolutionarily features in the form of the
number of effective sequences (Neff) computed from the Multiple Sequence Alignment
(MSA) of the individual amino acid sequences within the protein complex and its
concatenated MSA, by following a similar methodology as adopted in PIQLE [146].
The number of effective sequences (Neff) represents the depth of the MSA thereby

considering the evolutionarily information.

. Amino acid encoding (21): We represent each of the nodes in the interface graph,
corresponding to a specific amino acid residue, using a one-hot encoded binary vector,
consisting of 20 naturally occurring amino acid types and a gap for non-standard amino

acid [65].

. Relative residue positioning (1) We obtain the relative positional information for each
node in the interface graph corresponding to each of the residues in the sequence of a

model as follows,

relPos(aa) = a% (6.1)

. Where aa™ is the n-th residue in the sequence and L is the length of the sequence.

. Secondary structure and solvent accessibility (13) We use the DSSP [104] program to
generate secondary structure and solvent accessibility from the structure. For each

of the residues corresponding to the nodes in the graph, we generate a binary vector
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10.

11.

of one-hot encoding for 8-state secondary structure types, resulting in 8 secondary
structure features. Additionally, we transform the 8-state secondary structure into
a 3-state by grouping them into helices, strands, and coils [27]. Subsequently, we
generate a one-hot encoded binary vector of 3-state secondary structures, resulting in
3 features. We discretize real-valued solvent accessibility into buried and exposed [146]

and generate 2 features by performing one-hot encoding of the corresponding types.

Local backbone geometry (4): To capture the local backbone geometry, we calculate
phi (¢) and psi (1) backbone torsion angles from the structure to capture the local
backbone geometry of each residue. Subsequently, we generate 4 features by performing

sinusoidal and cosine transformations of the angles [154].

Ultra shape recognition features (3): To capture the topological relationship between
the residue and the overall structure, we calculate residue-level Ultra Shape Recog-
nition (USR) [181] features. Following a similar approach as adopted in DeepUMQA
[35], we compute the residue-level USR feature representing the spatial relationship
information between the structure and each specific residue using three residue dis-
tance sets. Subsequently, we apply min-max transformation on all three distance sets
to generate normalized USR features for each residue of a corresponding node in the

interface graph, resulting in 3 USR features.

Residue orientation (3): To define the orientation of each amino acid residue, we
derive three features for each residue, corresponding to a node in the graph. These

features include two calculated as the unit vectors in the directions of C,,, |

—C,, and
Co, , — C4,, and one feature calculated as the unit vector of Cs, — C,,, based on the

assumption of tetrahedral geometry [94].

Residue neighbors (1): We calculate the number of spatial neighbors of a node in the
interface graph in terms of the overall structure where two residues are considered to

be neighbors if the distance of their Cf (Ca for glycine) atoms is less than 10A. Once
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again, we perform a min-max transformation to generate the normalized number of

neighbors, resulting in 1 feature.

12. Rosetta centroid energy terms (12): We generate 12 Rosetta [76, 77] centroid energy
terms following a similar approach as used in QDeep [21]. For each of the nodes in
the interface graph, we use the sigmoidal transformation of the energy terms for the

corresponding residue in the structure and use them as 12 energy-based features.

FEdge features

1. Multimeric interaction distance (17): In order to capture the geometry between the
interacting residue pairs, the Euclidean distance between their Cs (C, for glycine)
atoms represents the edges. We first discretized the distance from < 0.2 to < 10A
into 17 bins, each having a uniform bin width of 0.5A. Afterward, we use the one-hot
encoding of the discretized bin, resulting in 17 multimeric interaction distance-based

edge features.

2. Multimeric orientation (10): To capture the orientation information between the inter-
acting residue pairs, we extend the work of trRosetta [109] for multimers to represent
the edges in the interface graph with orientation features. Specifically, each edge is
represented by 3 torsion angles (€2, 75, 75;) and 2 planar angles (A;;, Aj;) [27]. The 2
torsion angle measures rotation along the virtual axis connecting the C's atoms of the
interacting interface residue pairs, and 7;;, Ai; (75:, Aji) angles specify the direction of
the Cj3 atom of the interface residue from the first (second) interacting monomer in
a reference frame centered on the interface residue from the second (first) interacting
monomer. Unlike the symmetric torsion angle {2, 7 and A are asymmetric and depend
on the order of the monomeric interacting interface residue pairs. Subsequently, we

perform sinusoidal and cosine transformations of the angles, leading to 10 features.

3. Relative positioning of the interacting residues (2): To capture the positional informa-
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tion of interacting residue pairs in the protein complex, we obtain the relative positional
information for each of the interacting residue pairs and subsequently combine them

to calculate the relative positioning of the interacting residue pairs as follows,

aal!  aajy

L L

relPos(aa) = (6.2)

Where aaj and aaj are the nth interacting residues in the structure, and L is the

length of the sequence.

4. Neighbors of interacting residue pairs (1): We calculate the number of spatial neigh-
bors of each of the interacting residue pairs in terms of the overall structure where two
residues are considered to be neighbors if the distance of their C5 (Ca for glycine)
atoms is less than 10A. As aforementioned, we perform min-max transformation to
generate the normalized number of neighbors for each interacting residue and subse-

quently use their weighted combination, resulting in 1 feature.

6.3.2 Dataset

To train our ensemble EGNN, we collect a total of 18,022 models for a non-redundant set of
1127 dimeric targets having lengths ranging from 67 to 1,375 (Supplementary Table 6.1). We
first collect 14, 400 models for 1, 097 heterodimeric targets from VorolF__GNN [29] (hereafter
called VorolF_ GNN__ train). We additionally incorporate 3, 622 models for 30 dimer targets
from both CASP13 and CASP14 in the training set. We benchmark the performance of
our method EquiRank and other competing methods on a set of 12,195 models for 284
targets having lengths ranging from 29 to 1,677 and diverse accuracy with both correct and
incorrect protein complex models (Supplementary Table 6.1). We use a DockQ threshold of
0.23 to differentiate between correct and incorrect models. First, we collect 2,845 models

for 235 targets from VorolF  GNN (hereafter called VorolF  GNN_ test) having 42% correct
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and 58% incorrect protein complex models. Additionally, we collected 2,500 models for
23 targets from Dockground version 1 [162] (hereafter called Dockground v1) consisting of
10.72% correct models and 89.28% incorrect complex models. Finally, we collect CASP15
datasets for protein complex targets having 6,850 decoys for 26 targets with 45.37% correct
and 54.63% incorrect decoys. Additionally, for ablation studies, we collect 2,814 models for
235 targets from VorolF  GNN (hereafter called VorolF GNN_ validation) having a model
length ranging from 96 to 1,222 (Supplementary Table 6.1). It is noteworthy that all the
datasets used for training, benchmarking, and ablation studies are non-overlapping with an

average pairwise sequence identity of < 23% between any pair of datasets (Supplementary

Table 6.2).

6.3.3 Evaluation metrics and Competing methods:

We evaluate the performance of our method PIQLE in terms of various evaluation metrics.
For all performance measures, we use the DockQ [165] score as ground truth. To evaluate
the methods’ ranking ability, we use per-target Spearman correlation coefficients between
the decoys’ predicted and the true Dock(Q scores. A higher correlation indicates a better
ranking ability of a method. Additionally, to evaluate the methods’ ability to accurately
distinguish between highly accurate models with others, we report the area under the ROC
curve (AUC) with a DockQ threshold of 0.80. A higher AUC value indicates better distin-
guishability of a method in terms of separating high-quality models. We compare the per-
formance of EquiRank against state-of-the-art existing complex quality prediction methods
using the same evaluation metric. We use several competing methods, leveraging di-verse
deep learning architectures. We compare EquiRank against graph neural network-based
methods VorolF__GNN [29] PIQLE [27], DProQA [163], GNN-DOVE [39], GDockScore [40],
and DeepRank-GNN-esm [41] Additionally, we compare our method with Convolutional
Neural Network (CNN)-based methods such as, variants of DOVE [33] and TRScore [28].
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Moreover, we compare our method with the interface-predicted TM scores (iPTM) predicted
by the self-assessment module of AlpaFold2-Multimer [138]. Specifically, we utilize an ex-
tended version of the AF2Rank [167] method repurposed for estimating the protein complex

quality based on the self-assessment module of AlphaFold2-multimer.

6.3.4 Network architecture

We employ a deeper Equivariant Graph Neural Network (EGNN) [46] to estimate the qual-
ity of the protein-protein interface as shown in Figure 1B. Our deep EGNN consists of four
stacked convolutional layers (EGNNConv), operating on the protein-protein interface graph.
It accepts both node (h,,) and edge (h.) features, as well as the Cartesian coordinate infor-
mation (h,) of the C (Ca for glycine) atoms of the interacting residue pairs (i,7). Each
EGNNConv performs a series of operations on the edge, node, and coordinate features of the
interface graph, denoted by ®., ®,, &, respectively. Each operation consists of two-layer

Multi-Layer Perceptrons (MLPs).

EGNNConv starts processing by performing edge embeddings for interacting residue pairs
using a message-passing operation on the edges (m;;) of the interacting residue pairs. This
is done by applying a two-layer MLP, ®., on the node features (h,) and edge features (a;;),

while considering the coordinates (z;,x;) features as follows,

mij = Pe(hy, g, [l — 25, aiy) (6.3)

IRRASE

Where m;; is the edge message between the interacting residue pairs i and j, and h! and

h are their node features at layer I. ||zl

L — 2%]|* is the Euclidean distance between the

Cartesian coordinates of the interacting residue pairs ¢ and j, a fundamental operation for
implementing equivariant message passing operation within EGNN, setting it apart from the

traditional Graph Neural Network (GNN).
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Afterward, the edge embedding m,; from the previous layer is used to update the coordinates
of residue i (x;) in the interacting residue pairs in the next layer (I 4+ 1). Specifically, the
coordinates of i (z;) are updated by the sum of all relative differences of interacting residue

pairs weighted by the edge embedding m,; as follows:

l+1) zi 4+ C Z rh — x D, (m;j) (6.4)
J#i

Where ! is the coordinates of residue 7 in the interacting residue pairs and (z! — ! ) is the
difference between their coordinates, m;; is the edge embedding from the previous layer. C

is a normalizing constant computed as where N is the number of neighbors of residue i.

o)

Afterward, the network aggregates all the messages from all the neighboring nodes of 7 to

update its features as follows,

=2 (6.5)

Finally, a non-linear transformation is applied to the aggregated message and the node
feature of 4 in the current layer (h!), producing the node embeddings with the updated node

features of residue 7 in the next layer (I + 1) as follows,

WD = @, (BE, m;) (6.6)

6.3.5 Model training

To train our ensemble EGNN models, we assign the ground truth interface quality scores to
each of the interacting residue pairs, representing edges e;; in the interface graph. Specifically,
we generate 6 sets of features by assigning ground truth multimeric geometry, including one
multimeric distance and five orientation labels. We calculate the multimeric distance label

by employing a similar approach as adopted in PIQLE [27], where we first calculate the
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observed C3 — C distance between the interacting interface residue pairs in the predicted
complex structural model (d?;Odel) and the corresponding residue pairs in the native structure

(d,?;"tive). We then assign a normalized ground truth distance score z;;(d) to the edge e;; as

follows:
1 if 29 < 10 A and di#tve < 10 A
zii(d) = 6.7
U( ) L otherwise (6.7)
dmodel _gnative
N (Caay
where d?;‘)del — d?jative‘ is the observed edge-level error between the interacting interface

residue pairs corresponding to the edge e;;, and dj is a normalizing constant whose value is

set to 10 A.

Additionally, to learn the orientation error, we assign multimeric orientation for each edge e;;
by calculating the normalized angular RMSD between torsion (€2, 7;;, 7;;) and planar angles
(Xij» Aji) of the interacting residue pairs in the predicted complex structural model (dj5°),
calculated by extending the work of trRosetta [109] for multimers and the corresponding

residue pairs in the native structure (d?]?“ive),

Zij(?) — \/(mm (‘G?J@tive o ag}odel ,27.‘, o |a?jative o a;r]}odel ))2 (68)

where @ represents the torsion angles €2, 7;;, 7;;, planar angles A;;, A;;. Once again, 7 and
are asymmetric and therefore depend on the order of the residues. Afterward, we normalize

the angular RMSD for the torsion angles 2 and 7 as follows:

Normalized Angular RMSD =

where 7 S {Tij,le',Q}.
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However, we use more stringent normalization criteria for the planar angle z;;(\) as follows:

1

Normalized Angular RMSD = —————
)

(6.10)

8

Both z;;(d) and z;;(£2, Aij, Aji, Tij, 75i) range between 0 to 1, with a higher score indicating
better similarity between the interacting residue pairs in the model and the corresponding

residue pairs in the native structure.

Therefore, we train our ensemble EGNN models on these 6 sets of features to independently
learn z;;(d) and z;;(€2, Nij, Aji, T35, Tji) through edge-level error regression by optimizing the
mean squared error loss function with sum reduction using the Deep Graph Library [50].
We use the Adam optimizer [83] with a learning rate of 0.001 and a weight decay of 0.0005.
The training process consists of at most 500 epochs on an NVIDIA A100 GPU, having an

early stopping criterion with patience set to 40 to prevent overfitting.

6.3.6 Estimation of protein-protein interface quality:

Figure 6C shows the estimation of the protein-protein interface quality in two steps. Using
each of the trained models, we first estimate the embeddings A} and R} for each of the
interacting residue pairs ¢ and j respectively. Afterward, we perform a dot product between
the estimated embeddings (R, hé) for each of the interacting residue pairs to individually

estimate their quality as follows,

o pl l

Where hl and hé» represent the node embeddings of the interacting residue pairs 7 and j
respectively, and h” is their estimated local quality score. For the global quality score, we

first perform a probabilistic combination of the local quality of all the interacting residue
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pairs |e| in the interface graph, estimated by each of the trained models as follows:

/
ZeijeE hi;

where k € {zij(d)797/\ija)\jinijaTji} (611)
Where |E| is the total number of edges in the interface graph, and @ is the global quality,
ranging between 0 and 1 from each of the ensemble models. Afterward, we estimate the
EquiRank score by performing an ensemble averaging of the global quality from each of the
models trained with ground truth multimeric distance, z;; and orientations €2, A\;;, Aji, 7ij, Tji

as follows,

Q(d) + Q) + Q(Nij) + Q(Nji) + Q(7i;) + Q(75:)
6

EquiRank score = (6.12)

Where EquiRank score ranges between 0 and 1, with a higher score indicating better

protein-protein interface quality.

6.4 Results

6.4.1 Ability to rank predicted models:

Figure 6.2 shows the ranking performance of EquiRank and other competing methods
in terms of per-target average Spearman correlation between the methods’ predicted and
ground truth DockQ (Basu and Wallner, 2016) scores on VorolF_GNN_ test and Dock-
ground v1 datasets. Our method EquiRank outperforms all other competing methods by
achieving the highest per-target Spearman on both VorolF GNN_ test and Dockground
vl datasets. On VorolF GNN_ test set EquiRank attains the highest Spearman corre-
lation of 0.701 which is more than 10% improvement than the second latest GNN-based

complex quality estimation method VorolF GNN. While substantially improving the per-
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Figure 6.2: Ranking performance of EquiRank and competing methods in terms of per-
target Spearman correlation coefficient (p) on A) VorolF_GNN_ test and B) DockGround1
datasets.
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formance over our recent method PIQLE, EquiRank attains much higher Spearman corre-
lation than any other GNN-based methods including DProQA and GNN-DOVE as well as
DeepRank integrated with pLM embeddings. Additionally, on the Dockground v1 dataset,
EquiRank attains the highest Spearman correlation of 0.473 than any other competing
methods. AlphaFold-multimer, having the second-best per-target Spearman correlation on
VorolF GNN dataset, attains a much lower correlation of 0.196 than EquiRank on this
dataset. Although these methods demonstrate better-ranking performance on the relatively
balanced VorolF GNN _ test dataset, their suboptimal performance on the Dockground v1
dataset, which lacks a similar balance between correct and incorrect protein multimeric
complexes, reveals limitations in terms of generalizability. As such, EquiRank strikes a good
balance in terms of its ranking performance on both near-balance and imbalance datasets.
Additionally, it is important to note that, EquiRank improves the ranking performance by
almost 28% (0.473 vs 0.370) than the second-best TRscore, while improving the perfor-
mance over our recent protein-protein interface quality estimation method PIQLE. Other
latest GNN-based approaches including GDockScore, DPoQA, and GNN-DOVE consistently
demonstrate sub-optimal performance, with GNN-DOVE having a negative per-target Spear-
man correlation of -0.047. Additionally, it is worth noting that EquiRank consistently
demonstrates better performance than the latest pLM-based method, DeepRank-GNN-esm,
indicating the collective contribution of both the Protein Language Model (pLLM)-based em-
beddings and the symmetry-aware Equivariant Neural Network. Overall, EquiRank exhibits

an improved ranking ability for a wide range of predicted protein complex models.

6.4.2 Ability to distinguish high-quality models

Figure 6.3 shows the ability of EquiRank and other competing methods method to suc-
cessfully distinguish high-quality models from other models on both Dockground v1 and
CASP15 benchmark datasets. As shown in Figure 6.3A, EquiRank attains the highest AUC
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Figure 6.3: Distinguishability of high-quality models for EquiRank and other competing
methods on A) Dockground vl and B) CASP15 datasets with a DockQ threshold of 0.8.



6.5. ABLATION STUDY 125

of 0.968 on Dockground v1 dataset among all other competing methods. The GNN-based
VorolF _GNN attains the second-best AUC of 0.936. However, other GNN-based methods
including GNN-DOVE, DProQA, and DeepRank-GNN-esm have limited distinguishability,
having much lower AUC compared to EquiRank. On CASP15 datasets, as shown in Figure
6.3B, EquiRank once again attains the highest AUC of 0.915 which is closely followed by the
second-best performing method GDockScore with an AUC of 0.908. Although VorolF GNN
achieves the second-best AUC in Dockground v1, its performance is notably lower with an
AUC of 0.849 compared to EquiRank. DeepRank-GNN-esm, utilizing Protein Language
Models (pLM)-based ESM-2 embeddings, demonstrates superior performance compared to
Dockground v1 (0.336 vs 0.835), yet notably lower than EquiRank. It is noteworthy to
mention that the CASP15 and Dockground vl datasets exhibit significantly different bal-
ance ratios, with CASP15 being much more balanced than Dockground v1 in terms of correct
and incorrect models (Supplementary Table 6.1). While the performance of other competing
methods varies when applied to different datasets with diverse model qualities, EquiRank
consistently achieves better performance, demonstrating its improved ability to distinguish

high-quality complex models.

6.5 Ablation study

To assess the relative importance of the features used in EquiRank for ranking performance,
we conducted ablation studies. In each ablation experiment, we isolated a single feature and
trained an ensemble EquiRank model. We then evaluated the ranking performance on the
VorolF  GNN_ validation dataset, measuring the per-target average Spearman correlation.
As shown in Figure 6.4, EquiRank with all features achieved the highest Spearman correlation
of 0.662, demonstrating the contributions of all features to improved ranking performance.
Importantly, the ablation of Protein Language Model (pLM)-based ESM-2 features resulted

in the worst ranking performance (No pLM embeddings), with an average Spearman cor-
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No pLM embeddings - 0.480 (-27.49%)
No MSA encoding - 0.506 (-23.56%)
No equivariance 1 0.561 (-15.26%)
No multimeric geometry - 0.638 (-3.63%)
No multimeric distance - 0.645 (-2.57%)
No multimeric orientation - 0.655 (-1.06%)
Spearman p

Figure 6.4: Ablation study on the independent VorolF GNN_ validation validation dataset
in terms of per-target average Spearman correlations coefficient (p) between the estimated
qualities of the protein-protein interfaces and their corresponding DockQ scores by gradually
isolating individual feature or changing network parameter model training.

relation of 0.480, indicating that the pLM contributes to improving performance by almost
28%, which is significantly larger than any other component of EquiRank. The improved
MSA encoding generated by AlphaFold2 also contributes substantially to improved ranking
performance (No MSA encoding), by more than 24%. Additionally, the novel representations
of multimeric geometry adopted in our recent work PIQLE contribute to improved ranking
performance (No multimeric geometry, No multimeric distance, No multimeric orientation),
although not as much as other sequence-based features. This suggests that they can be com-
plemented with our sequence-based representation, indicating a significant improvement over
PIQLE. To examine the contribution of the equivariance properties of EGNNs in EquiRank,
we disabled the equivariance update by making the model invariant. This modification
resulted in a suboptimal ranking performance (No equivariance), worsening the per-target
average correlation by more than 15%, from 0.662 to 0.561. This suggests the importance of
maintaining equivariance properties during the learning of protein-protein interface graphs.
Overall, our ablation studies demonstrate that both the representation from the Protein

Language Model and the equivariant neural network have significant contributions to the
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improved protein-protein interface quality estimation performance of EquiRank.

6.6 Conclusion

In this work, we present EquiRank, an improved protein-protein interface quality estimation
method. EquiRank introduces several new advances over our recent protein-protein interface
quality estimation method PIQLE including the application of a symmetry-aware Equivari-
ant Graph Neural Network and integration of several new sequence- and structure-based
features including Protein Language Model-based ESM-2 embeddings. EquiRank demon-
strates improved quality estimation performance over PIQLE and a wide range of protein
complex quality estimation methods in terms of accurately ranking protein complex models
and distinguishing high-quality models on large-scale benchmarking datasets. Additionally,
while existing protein complex quality estimation methods show varying performance on
near-balance and relatively imbalanced datasets, EquiRank exhibits consistent and improved
ability to rank and distinguish. Finally, through our ablation studies, we demonstrate that
the improved performance is directly attributed to the application of equivariance proper-
ties of EGNN and the integration of new sequence-based representation including Protein

Language model embeddings.

6.7 Supplementary Information
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Table 6.1: Distribution of training, testing, and validation datasets

Correct | Incorrect
Dataset Num targets | Num decoys | (DockQ | (DockQ
> 0.23) <0.23)
VorolF _GNN train 1,097 14,400 42% 52%
Training CASP13 20 2386 17.24% 82.76%
CASP14 10 1329 15.95% 84.05%
VorolFF  GNN test 235 2845 42% 58%
Testing Dockground v1 23 2500 10.72% 89.28%
CASP15 26 6850 45.37% 54.63%
Validation | VorolF GNN validation | 235 2,814 40.96% 59.14%

Table 6.2: Pairwise sequence identity between training, testing, and validation datasets.

VorolF | VorolF VorolF
Datasets GNN_ | GNN | GASP | CASP | CASP | Dockground | oy
) b 13 14 15 vl T .
train® test valdation
Voroif _
GNN__ 19.57% 21.28% | 22.28% | 20.08% | 19.83% 19.29%
train
VorolF
GNN__ 21.41% | 22.37% | 20.16% | 19.98% 19.40%
test
S?SP 20.0% | 17.64% | 17.53% 21.35%
fﬁSP 15.27% | 15.09% 22.42%
SE:ALSP 19.53% 20.08%
Dockground 19.97%
vl
Voroif
GNN__
validation

# Training datasets
b Testing datasets
¢ Validation datasets




Chapter 7

Scientific software development and

dissemination

Here, I present a list of scientific software developed as a first and co-author of the corre-

sponding work, along with their brief descriptions and usage. All the software mentioned

below is freely available to the broader scientific community for utilization.

1. QDeep [21]: distance-based monomeric protein model quality estimation using deep

Residual Neural Network.

Availability: https://github.com/Bhattacharya-Lab/QDeep

Input: protein models in PDB format, corresponding protein sequence in FASTA
format, and predicted inter-residue distance information.

Output: estimated quality score of the protein models, ranges between 0 and 1, with

a higher score indicating better estimated quality.

. iQDeep: [54] deep learning-based integrated protein scoring server

Availability: http://fusion.cs.vt.edu/iQDeep

Input: protein models in PDB format, and corresponding protein sequence in FASTA
format.

Output: estimated quality score with customized parameters, ranges between 0 and
1, with a higher score indicating better estimated quality. Visual analytics of the
structural properties of the input models.

Usage statistics: A total of 70 jobs have been processed from 10 countries.

129


https://github.com/Bhattacharya-Lab/QDeep
http://fusion.cs.vt.edu/iQDeep

130 CHAPTER 7. SCIENTIFIC SOFTWARE DEVELOPMENT AND DISSEMINATION

. DeepRefiner: [23] deep learning-based monomeric protein model refinement server
Availability: http://watson.cse.eng.auburn.edu/DeepRefiner

Input: starting structure of a protein model in PDB format.

Outupt: refined protein structures with visual analytics of their structural properties.

Usage statistics: processed 2,601 jobs from 71 countries

. PIQLE: [27] protein-protein interface quality estimation by deep graph learning of
multimeric interaction geometries.

Availability: https://github.com/Bhattacharya-Lab/PIQLE

Input: protein complex models in PDB format, and corresponding sequences in
FASTA format.

Output: estimated protein-protein interface quality, ranges between 0 and 1, with a

higher score indicating better estimated quality.

. SPECS: [182] multi-model method for improved protein scoring

Availability: https://github.com/Bhattacharya-Lab/SPECS

Input: protein models in PDB format and corresponding protein sequence in FASTA
format.

Output: quantitative score for the input protein models, ranges between 0 and 1,

with a higher score indicating better quality.

. EquiPPIS: [183] E(3) equivariant graph neural networks for robust and accurate
protein—protein interaction site prediction

Availability: https://github.com/Bhattacharya-Lab/EquiPPIS

Input: structural- and sequence-based features for protein complex models.

Output: predicted residue-level protein-protein interaction site.

. EquiPNAS: [179] EquiPNAS: improved protein-nucleic acid binding site prediction
using protein-language-model-informed equivariant deep graph neural networks.

Availability: https://github.com/Bhattacharya-Lab/EquiPNAS


http://watson.cse.eng.auburn.edu/DeepRefiner
https://github.com/Bhattacharya-Lab/PIQLE
https://github.com/Bhattacharya-Lab/SPECS
https://github.com/Bhattacharya-Lab/EquiPPIS
https://github.com/Bhattacharya-Lab/EquiPNAS
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Input: structural- and sequence-based features for protein-nucleic acids complex mod-
els.

Output: prediction of protein-nucleic acids binding sites.

. rrQNet [184]: deep learning method for protein contact map quality estimation by
evolutionary reconciliation.

Availability: https://github.com/Bhattacharya-Lab/rrQNet

Input: residue-residue contact map in RR format.

Output: estimated scores of the input contact maps


https://github.com/Bhattacharya-Lab/rrQNet

Chapter 8

Conclusion and Future work

Here we present our five research outcomes of developing data-driven methods for protein
model quality estimation by leveraging the latest advances in deep learning architectures.
We develop quality estimation methods for both the monomeric protein models having sin-
gle chains and for the multimeric protein complex models having multiple chains/subunits.
We introduce the first single-model monomeric quality estimation method that utilizes the
power of an ensemble of very deep Residual Neural Networks (ResNets) while integrat-
ing novel distance-based structural representation. We further, develop a high-accuracy
single-model protein quality estimation method by considering the recent breakthrough of
AlphaFold2 in achieving near-experimental accuracy in protein structure prediction. We
additionally, integrate the error estimation module of our quality estimation method to fur-
ther improve the accuracy of monomeric protein models. We afterward, shift our focus to
multimeric protein complexes due to their important role in catalyzing several biological
processes. In this context, we develop multimeric protein model quality estimation methods
by leveraging the strength of Graph Neural Network architectures which exhibit promise in
efficiently representing and learning molecular structures, such as proteins using graph-based
representation. We first develop a multimeric protein model quality estimation method by
deep graph learning of multimeric geometry, showing better performance compared to the
existing approaches to protein complex quality estimation methods. We afterward start
developing an improved multimeric protein model quality evaluation method by exploiting
recent symmetry-aware Equivariant Graph Neural Network (EGNN) with an integration

of Protein Language Model-based embeddings. Our methods have been rigorously tested
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and compared against the state-of-the-art approaches in multiple rounds of Critical Assess-
ment of Techniques for Protein Structure Prediction (CASP) experiments including diverse
benchmark sets of both monomeric and multimeric protein models. Overall, our methods
effectively assess the quality of computationally predicted monomeric and multimeric pro-
tein models, providing accessible tools for the broader scientific community to evaluate their

reliability when experimentally determined protein structures are unavailable.

In the near future, we plan to incorporate several advances to improve the performance of
the latest development of our multimeric protein model quality estimation methods over its
current state. Although EquiRank demonstrates better ranking ability, one of the major
limitations of EquiRank is the lack of ability to reproduce the ground truth Dock(@ scores.
Specifically, EquiRank presents an improved performance in reproducing the relative ranking
of the predicted protein complex models, however, we observe relatively higher differences
between its estimated scores and the ground truth DockQ score [165]. Therefore, our imme-
diate plan is to optimize the Equivariant Neural Network architecture within the EquiRank
framework to improve its representational ability to capture the sensitivity of the models’
ground truth scores. In that context, we will carefully calibrate the hyperparameters of
the underlying ensemble networks to observe their response during inference, ultimately to

obtain an optimal set of parameters.

Secondly, we plan to incorporate additional evaluation metrics to evaluate the method’s per-
formance in terms of providing complementary benefits. To evaluate the ability of EquiRank
and other competing methods to reproduce the actual ground truth DockQ scores, we will in-
corporate Mean Absolute Error (MAE) as an additional evaluation metric, with lower MAE
indicating better performance. Mean Absolute Error (MAE) is calculated as the average
absolute difference between the estimated score of a method and the corresponding ground

truth DockQ scores as follows,
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n

1
=" Ipi— 1 (8.1)

i=1
where n is the number of predicted complex models, p; is the estimated score of a multimeric

complex model i and p_ 1 is the corresponding ground truth DockQ scores.

Additionally, we will evaluate the performance of EquiRank and other competing methods
in terms of selecting the best model from a pool of predicted multimeric protein models in
terms of the top-1 DockQ loss. Top-1 DockQ loss is calculated as the difference between
the true DockQ score of the top model selected by the estimated score and that of the most
accurate model in the pool. Moreover, we may replace the DockQ score with the Quarternary
Structure (QS) [185] score as an interface similarity measure between the predicted and
experimental structures, which has been employed by the assessor of 15" Critical Assessment
of Protein Structure Prediction (CASP) experiments to evaluate methods’ performance. QS
score measures the similarity of interface region based on the shared interface contacts,
having the ability to discriminate between alternative quaternary structures and binding

modes and calculated as follows,

Zshared(M,N) w(mln(dM7 dN))(l - @>

QS-score = _
Zshared(M,N) w(mln(dM7 dN)) + Znon—shared w(dM) + Znon—shared w(dN)

(8.2)

where M is the predicted multimeric model, and N is the corresponding experimental struc-
ture. d is the Euclidean distance between the CS (Ca for Glycin) atoms of shared or
non-shared residue pairs within the protein multimer. Specifically, shared residue pairs are
defined as those with a Cf (Ca for Glycin) distance within 12A, while non-shared residue

pairs are those having a distance more than 12A.

Overall, introducing these new accuracy measures will offer a deeper understanding of the

generalizability of EquiRank, along with other existing methods for estimating the quality
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of protein multimeric complexes.

Finally, we aim to leverage our interface quality estimation method to guide the refinement
process for improving the structural accuracy of predicted multimeric protein complexes. Re-
finement of the predicted multimeric complexes helps in further improving their structural
accuracy. While, the monomeric protein quality estimation has been an integral part and
successfully integrated during the refinement of the monomeric protein model [20, 23], the
application of multimeric quality estimation in the problem of refinement has yet to explore.
Unlike most of the existing protein complex quality estimation methods, EquiRank esti-
mates the error of individual interacting residue pairs within a protein multimer. It allows
EquiRank not only to perform model ranking during the large-scale refinement sampling
using the estimated global score but also to guide the refinement by employing its individual

score of interacting residue pairs as constraints.
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