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Supporting Text

Text S1. Feature generation for the advanced error estimation module of DeepRefiner.

The advanced error estimation module of DeepRefiner based on deep residual neural networks (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 Alignment (MSA), we
perform three iterations of HHblits (1) search with an E-value inclusion of 10 against the protein
sequence database Uniclust30 (2) with a query sequence coverage 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 Matrix (PSSM): We generate PSSM from the query sequence by
performing a search against the NR database using PSI-BLAST v2.2.26 software (3) with an E-value of
0.001.

Prediction of secondary structure, solvent accessible surface area, and backbone dihedral angles: We
use SPIDERS3 (4) to predict three-class secondary structures (H/E/C), solvent accessible surface area,
and backbone dihedral angles (¢, w) from the query sequence. We extract the observed secondary

structure and solvent accessible surface area using DSSP (5) or STRIDE (6).

Prediction of inter-residue distance maps: We use DMPfold (7) to predict the inter-residue 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 sigmoid function to normalize the

scores between 0 and 1 to be used as a feature.

(i) The number of effective sequences: We use calNf_ly program (8) that accepts Multiple Sequence
Alignment (MSA) to calculate the number of effective sequences (NEFF) by summing up the n" 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.

(iii) Agreement between predicted and true secondary structure and solvent accessibility: We calculate
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 backbone dihedral angles (¢, w) for each of the residues in the
structure. Afterwards, we calculate the angular root mean square deviation between the observed

dihedral angles (¢, Y,) and SPIDERS (4) predicted backbone dihedral angles (¢,, w,) as follows:

Angular RMSD = \/%Zi(min (|xoi — xpi|,27t — |x0i — xpi|)2
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Where x, and x,, represent the vector of observed and predicted ¢ or y dihedral angles for n residues in

Normalized Angular RMSD =

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 resulting 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 (9, 10) including the
residue environment (env), residue pair interactions (pair), cf 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.

Text S2. Training an ensemble of deep residual neural networks at fine-grained error thresholds.

The advanced version of residue-level error estimator used in DeepRefiner is an improvement over the
deep networks utilized in our original refinement protocol refineD (11). The advanced error estimation
module of DeepRefiner employs an ensemble of deep residual neural networks (ResNet) trained at finer-
grained distance thresholds following a similar strategy as leveraged by our successful application of
protein model quality estimation method QDeep (12). 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 (13). Each 1D convolutional neural network layer uses an L2-
norm regularization 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. 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
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 classifiers 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 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 (15). 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 (16) 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.

Text S3. 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 C4 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 (17) to



perform restrained relaxation. We use Rosetta’s FastRelax application (18, 19), 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 imposed 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.

Text S4. 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. Subsequently, 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:

Nos+ N, + N, + N,
4 XL

global_quality =

Where L is the length of the structure and Ngs, N4, N2, and N4 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:
rX (\/ 1- pr))
pr
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local_quality;(r) =

Where p; denotes the probability of i™ residue in the structure, predicted by a specific classifier at rA (r €
{0.5, 1, 2, 4} A) threshold.

Text S5: 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 measures including GDT-HA
(20), RMSD (21), GDC-sc (22), SphereGrinder (23), and MolProbity (24). Specifically, we calculate the Z-
scores of various accuracy measures as routinely performed by CASP assessors (25) 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 Z-



score 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 (26), 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 ><ZGDT,HA - Zrmsd + ZGDC—SC + Zsthr - ZMP
8

Overall Z — score =

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 S1 and Table S2, respectively.



Supporting Tables

Table S1. 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 calculated as the weighted sum of Z-scores for GDT-HA,
GDC-sc, RMSD, SphereGrinder, and MolProbity.

Target GDT-HA RMSD GDC-sc SphereGrinder MolProbity overall
156 102 004 312 35 | 156 102 004 312 359 | 156 102 004 312 359 | 156 102 004 312 35 | 15 102 004 312 359 | 156 102 004 312 359
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Table S2. 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.

Target GDT-HA RMSD GDC-sc SphereGrinder MolProbity overall
013 149 070 075 081 | 013 149 070 075 081 | 013 149 070 075 081 | 013 149 070 075 081 | 013 149 070 075 081 | 013 149 070 075 081
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Figure S1. Interactive quantitative and visual analysis of the refinement results by DeepRefiner.
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Figure S2. 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 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.
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Figure S3. 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 considering 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.
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