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ABSTRACT: Targeted covalent inhibition is a powerful therapeutic modality in the drug discoverer’s toolbox. Recent advances in 
covalent drug discovery, in particular targeting cysteines, have led to significant breakthroughs for traditionally challenging targets 
such as mutant KRAS, which is implicated in diverse human cancers. However, identifying cysteines for targeted covalent inhibition 
is a difficult task, as experimental and in silico tools have shown limited accuracy. Using the recently released CovPDB and 
CovBinderInPDB databases, we have trained and tested interpretable machine learning models to identify cysteines which are liable 
to be covalently modified (i.e., “ligandable” cysteines). We explored myriad physicochemical features (pKa, solvent exposure, residue 
electrostatics, etc.) and protein-ligand pocket descriptors in our machine learning models. Our final logistic regression model achieved 
a median F1 score of 0.73 on held-out test sets. When tested on a small sample of holo proteins, our model also showed reasonable 
performance, accurately predicting the most ligandable cysteine in most cases. Taken together, these results indicate that we can 
accurately predict potential ligandable cysteines for targeted covalent drug discovery, privileging cysteines which are more likely to 
be selective rather than purely reactive. We release this tool to the scientific community as CovCysPredictor. 

INTRODUCTION  
Covalent modification of nucleophilic residues in proteins is 
gaining traction as a high-value strategy in drug discovery.1–9 
Among the nucleophilic amino acid residues in proteins, cyste-
ine is the most nucleophilic, with its thiol sidechain playing di-
verse functional roles in biochemistry.10,11 The nucleophilicity 
of cysteines has been exploited in designing covalent drugs,12–

19 which tend to be therapeutically more potent with longer res-
idence time than their non-covalent counterparts. Additionally, 
cysteine’s nucleophilicity presents opportunities for tackling 
traditionally ‘intractable’ targets via novel chemical modalities, 
such as targeted protein degradation.20 However, not all cyste-
ines in proteins are suitable for covalent modification. For in-
stance, in Bruton’s Tyrosine Kinase (BTK) — a well-validated 
clinical target for the treatment of multiple B-cell cancers — 
there are three cysteines (C462, C481, and C527), but only 
C481 has been successfully targeted by several FDA-approved 
small molecule drugs, such as ibrutinib (Figure 1). Thus, iden-
tifying cysteine residues susceptible to covalent modification 
could inform targeted approaches in covalent drug discovery. 
Predicting the reactivity of a cysteine residue or its propensity 
towards covalent modification is a challenging task,21 which de-
pends on a number of complex factors including pKa, accessible 
surface area, acidity, residue microenvironment, steric and 

electrostatic effects, and hydrogen bonding interactions.22,23 A 
given cysteine’s pKa is widely variable depending on the neigh-
boring residue microenvironment,21,24 with experimentally 
measured cysteine pKa values ranging from 2.9 to 11.1.25  A 
measure of the reactivity of a Cys residue can be deduced from 
its pKa,26 which informs the relative proportion of charged thi-
olate to neutral thiol species. Cysteines with a lower pKa have a 
greater proportion of reactive thiolate species available for 
chemical protein modification. Traditional structure-based in 
silico methods are often limited in their predictive performance 
of experimental cysteine pKa,24,27 and accurate prediction of 
cysteine pKa residues in proteins remains an unsolved problem 
in computational biochemistry.28 Moreover, there are limited 
comprehensive datasets of experimental cysteine pKa values, 
making rigorous validation and comparison of these methods 
difficult. 



   
 

 

Figure 1. Structure of BTK in complex with anticancer drug, ibru-
tinib, highlighting the different cysteine locations in the protein 
(PDB ID: 5P9J). Ibrutinib covalently binds to C481 of BTK.  

 
Despite these challenges, attempts have been made to predict 
cysteine pKa values. Most in silico approaches have relied on a 
combination of physicochemical features (e.g., residue pKa, sol-
vent exposure, etc.) from a structure-based perspective,29–38 and 
sometimes sequence-based information39 to assess the reactiv-
ity or ligandability of cysteine residues in protein targets.40 
Chemoproteomic approaches such as quantitative reactivity 
profiling aimed at labeling reactive cysteines at a proteome-
wide scale have also been developed;15,41 however, identifying 
site-selective cysteines appropriate for targeted covalent drug 
discovery efforts from such approaches is not straightforward.42 
Earlier work by Soylu and Marino29 saw the development of an 
algorithm and webserver to predict cysteine reactivity. Their al-
gorithm combined energy-based hydrogen-bond network con-
tributions with knowledge-based sequence profiling approaches 
to access cysteine reactivity in proteins.29 Other studies have 
performed statistical analysis on covalent modified cysteines to 
identify features that allow ligandable cysteines to be easily de-
tected.31 More recent approaches based on deep learning have 
aimed to abstract the problem to a graph-based neural network, 
which does not require explicit pKa or solvent exposure calcu-
lations.35 However, the model is sensitive to small perturbations 
in the positions of sidechains and, like many deep learning mod-
els, has parameters that are difficult to interpret. 
In this work, we utilized new datasets available for structures of 
covalently-modifiable residues (COVPDB43 and CovBinder-
InPDB44), focusing on cysteine residues. We assessed compu-
tational methods for protein structure preparation and residue 
property prediction to improve upon the classical models of cys-
teine reactivity which take residue pKa and solvent exposure 
into account. Based on this information and with the inclusion 
of additional features such as local amino acid environment and 
protein binding pocket information, we built a machine learning 
model to predict potential covalently-modifiable cysteines (i.e., 
“ligandable” cysteines) from protein structural data. Our highly 
interpretable logistic regression model shows good perfor-
mance, comparable to other “black-box” predictive machine 
learning models in the literature.31,35 Our results suggest that we 
can accurately predict ligandable cysteines from protein struc-
ture information, which is especially useful in accelerating the 

pace of early drug discovery efforts towards targeted covalent 
inhibitor design for clinical therapeutic benefit.  
 

MATERIALS AND METHODS 
 
Sources of Structural Data   
The structural data for proteins containing covalently modified 
residues were downloaded from the COVPDB43 and 
CovBinderInPDB44 databases. The COVPDB database consists 
of 959 high-resolution 3-dimensional biologically relevant co-
valent protein-ligand complexes with ligands bound to cysteine, 
mined from the Protein Data Bank (PDB).45 In total, 291 unique 
protein chains are represented; 748 ligands; and 59 warheads. 
The CovBinderInPDB database is a more recent structure-based 
covalent binder database which contains 1344 complexes con-
taining a covalently modified cysteine. CovBinderInPDB has 
421 unique protein chains, 1009 covalent binders, and 66 war-
heads represented in its database.44 We compiled datasets de-
rived from both COVPDB and from CovBinderInPDB. Cyste-
ine residues involved in disulfide bonds, Zn-finger motifs or 
other post-translational modifications were eliminated from our 
datasets. 
The data were then preprocessed using Chemical Computing 
Group (CCG) MOE software46 using a custom SVL script. We 
have recently performed a comprehensive benchmark assess-
ment of several methods for cysteine pKa prediction.28 The pKa 
predictor tool in CCG MOE yielded the lowest mean absolute 
error among the methods tested for accurate cysteine pKa pre-
diction.28 Protein structure preparation and refinement consisted 
of several tasks, including filling missing residues and loops 
within the structures, as well as restrained energy minimization 
following standard QuickPrep settings. After the protein struc-
ture preparation and refinement, we performed residue property 
calculations on the entire test set of structures. We computed 
four residue property descriptors in our calculations, namely: 
accessible surface area, percent exposure, residue charge, and 
pKa. The resulting data was then parsed to extract properties re-
lating to all cysteines (both modified and non-modified) in the 
dataset. We note that the covalent bonds between cysteine resi-
dues and ligands in the structures were broken prior to calculat-
ing residue descriptors, particularly pKa.  
Different protein preparation strategies were performed with 
the aim to improve the prediction accuracy for cysteine liganda-
bility. We performed QuickPrep calculations at various stages 
in the structure preparation workflow for the entire dataset prior 
to computing residue property descriptors. Scheme 1 provides 
a brief overview of the protein preparation workflow used in 
our study (see Supporting Information for details). We assessed 
the impact of different protein structural model choices on the 
predictive performance of the model descriptors, such as resi-
due pKa and percent solvent exposure. In particular, we as-
sessed the differences between predictions on protein com-
plexes left intact (chains together or ‘CT’) versus protein com-
plexes split into component chains (chains apart or ‘CA’). We 
also looked at whether running protein Quick Preparation — an 



   
 

 

available tool from CCG MOE — at different times during the 
process impacted our model’s predictive performance. 
 
Scheme 1. Flowchart describing the protein preparation strate-
gies used in our study for cysteine residue property prediction. 
QuickPrep was run at various times in the protein preparation 
workflow prior to residue property prediction. 
 

 
 
We were also interested in whether a more targeted in silico ap-
proach to refining side chains (beyond QuickPrep) would result 
in higher-quality pKa estimations, especially as we were observ-
ing cases in which sidechain orientations of residues neighbor-
ing cysteines in enzyme active sites were suboptimal. The ori-
entation of the cysteine sidechain and its neighboring sidechains 
is crucial for accurate pKa prediction. To address this concern, 
we performed sidechain conformer repacking and optimization 
with the Rosetta fixbb application in an attempt to correct poorly 
packed sidechain rotamers. Using a fixed backbone approxima-
tion, the neighborhood around each free and bound cysteine in 
each of the protein complexes was optimized using fixbb. We 
assessed neighborhood sizes of 7 Å, 8 Å, 9 Å, and 10 Å.  
As a control and to analyze the impact of the different protein 
preparation strategies on the results, property predictions were 
also performed on the protein structures without running Quick-
Prep or fixbb (the NQNC dataset). Full datasets are available in 
the Supporting Information; the exact number of represented 
cysteines per dataset varies depending on the preparation 
method, as QuickPrep will build in missing cysteines if infor-
mation is available. 
 
Machine Learning Model Construction 
Following the different structure preparation strategies, the data 
for the predicted residue descriptors were collected and split 

into test/train sets to build predictive machine learning (ML) 
models. We tested two types of ML models, namely: Logistic 
Regression (LR) and Random Forest (RF). We chose LR as the 
model of choice as it performed better than the RF model for 
our test case. Random seeds were set to ensure reproducibility 
of results. The model predicts the likelihood that a given class 
of cysteine in a target structure is covalently modifiable or not. 
An optimal cut-off value for the likelihood is calculated for each 
model based on the training set and is applied to the test set to 
attain a classification for each cysteine as either likely or un-
likely to be covalently modifiable. We examined many different 
features of cysteine residues for the model-building exercise, 
including pKa, solvent exposure, amino acid neighborhood, and 
electrostatic environment. Also, we adopted novel amino acid 
topological descriptors, T-Scale47 and ST-Scale,48 in our models 
to describe and capture the molecular structural information and 
residue local environment around the cysteines. Pocket analysis 
of cysteine locations in the protein structures was also incorpo-
rated as a feature in our ML model. The pocket finding software 
packages fpocket49 and Site Finder50 were used to predict po-
tential protein-ligand binding sites in the structures. 
In our ML model construction, we randomly selected 90% of 
the data for the training set and the remaining 10% for the test 
set. We utilized a random gene-wise split to assess whether pro-
spective predictions would generalize to new genes and protein 
families. To ensure reproducibility, a set of random seeds was 
used to generate each test/train split. Because we were most in-
terested in the correct prediction of true positives and the avoid-
ance of false positives and false negatives in the context of us-
ing this model for drug discovery, F1 score was used to evaluate 
the model performance. The reported F1 score was the average 
across 10 random splits of the data for the different sets of co-
variates explored. We examined a variety of features to find the 
most parsimonious set of features that provided the best F1 score 
on the test set. These features comprise an interpretable set of 
physicochemical aspects of a given cysteine residue that predict 
its liability to covalent reactivity. 
 

RESULTS AND DISCUSSION   
 
Cysteine pKa, solvent exposure, local amino acid envi-
ronment, and pocket inclusion correlate to the likelihood 
of cysteine modifiability  
  We began with a quantitative exploration of the CovPDB-de-
rived dataset after removing protein systems without a properly 
covalently bound cysteine (e.g., those with cysteine bound to a 
metal), without any protein preparation or processing other than 
solvent, ion, and ligand removal. This set consisted of 886 com-
plexes comprising 7246 cysteines, of which 1392 were cova-
lently bound. We prioritized examining features that were likely 
to be physically and chemically meaningful. Prior models have 
often included cysteine pKa and percent solvent exposure.31 On 
average, ligandable cysteines tend to have a downshifted pKa 
relative to unliganded (or free) cysteines (Figure 2). This ob-
servation has been used as the basis of many predictive models 



   
 

 

for covalent modifiability of cysteine residues.31 In the dataset 
that we examined, we also see a statistically significant differ-
ence between the pKa of the covalently-bound cysteines and 
free cysteines. The observed pKa range is broad, as would be 
expected based on the variability in experimental cysteine pKa 
values. 
 

 
Figure 2. Computed pKa for unbound (red) and bound (blue) 
cysteine residues. There is a downshift in predicted cysteine pKa 
values for bound cysteines compared to the unbound ones. The 
horizontal black line indicates a pKa of 8.6, which is the intrin-
sic or reference pKa for cysteine residue in aqueous solution.51 
 
   The second major factor in most models is the percent solvent 
exposure: because cysteines that are not solvent exposed are un-
likely to encounter (and thus bind to) a covalent inhibitor, it is 
reasonable to include solvent exposure as a model term that im-
pacts likelihood of ligandability. In our datasets, covalently-
modifiable cysteines are not linearly separable from free un-
liganded cysteines based on solvent exposure alone (Figure 3). 
Here, we use the log of the solvent exposure to increase sensi-
tivity at the lower end of the percent solvent exposure scale, 
adding a small pseudo-value to avoid taking the log of 0. While 
covalently-modifiable cysteines are typically more solvent-ex-
posed than their non-modifiable counterparts, there are a num-
ber of exposed cysteines that nonetheless are not covalently 
modified in the presence of a small molecule. This discrepancy 
may be due to the selectivity of the covalent binders in our da-
tasets from COVPDB and CovBinderInPDB, as ligands availa-
ble in these databases are unlikely to be indiscriminately bind-
ing small molecules due to the publication bias towards active, 
selective compounds. Training a model to predict relatively se-
lective compounds, however, is an asset for the drug hunter as 
an indiscriminately binding small molecule is not likely to be 
very useful. 
  In addition to these two major factors, we were interested in 
exploring how the local amino acid environment and the inclu-
sion of pocket information around cysteine residues affected 
our ability to accurately predict the ligandability of a cysteine.  
  The local amino acid environment is also important: it directly 
impacts the pKa and may therefore serve as a reasonable re-
placement for pKa given the difficulty of accurate in silico pre-
diction of cysteine pKa values. 
 

 

 

 
Figure 3. (a) Percent solvent exposure for unbound and bound cys-
teines. (b) Log percent solvent exposure for unbound and bound 
cysteines. Because of the log-normal distribution of solvent expo-
sure percentages, the log transformation makes trends in the data 
clearer, exposing a clear difference in average exposure between 
bound and unbound. The transformed data also satisfy correlation 
test assumptions and yield a Pearson’s r of 0.50. 

 
  We explored three different ways of encoding amino acid en-
vironment: the T-scale47 of the local amino acids, the ST-scale48 
of the local amino acids, and frequency encoding of the local 
amino acids. For the purposes of our study, “local amino acids” 
were those within 8 Å of the sulfur of the cysteine residue. The 
T-scale and ST-scale encodings used the approach recom-
mended in their papers. The frequency encoding was performed 
by counting the number of each unique amino acid in the neigh-
borhood, giving a total of 20 new features for the model. If there 
were three alanines in the radius of the sulfur of the cysteine 
residue, for example, the value of the “A” feature would be 3. 
  While T-scales and ST-scales are intended to capture many at-
tributes of the surrounding amino acids, and not just their num-
ber, we found better separation between our cases using the sim-
ple frequency encoding method rather than incorporating T-
Scales or ST-Scales. The additional discriminative power of the 
model may be in part due to the greater number of associated 
features (20 features, in the case of frequency encoding; 5 or 8 
features in the case of T-scales or ST-scales respectively), but 
the added interpretability of the model in using direct encoding 
of the amino acid environment is a benefit to the scientists using 
the model, and the number of parameters is still reasonable with 
respect to the number of training samples. 
  The final category of features considered was that of pocket 
inclusion. In these datasets, fpocket inclusion (Table 1) was a 
more discriminative criterion than SiteFinder inclusion (Table 
2), even accounting for several different cut-offs for which de-
tected pockets were included. 

Table 1. FPocket pocket inclusion  

  Cysteine bound? 

FPocket pocket detected? yes no 

 yes 1279 1023 

 no 113 4831 
 



   
 

 

FPocket pocket detection gives a good true positive and true 
negative rate, with a Pearson’s r of 0.63. 
 

Table 2. SiteFinder Pocket inclusion  

 
  Cysteine bound? 

SiteFinder pocket 
detected? yes no 

 yes 1320 2129 

 no 72 3725 
 
SiteFinder pocket detection gives a good true positive rate, but 
the false positive rate is much higher than FPocket. The corre-
lation with cysteine binding status is concomitantly lower, with 
a Pearson’s r of 0.46. 
 
Protein preparation and sidechain repacking do not have 
a substantive impact on model performance 
We explored different protein preparation strategies to investi-
gate the impact of protein structural models on predicted resi-
due properties and model performance. Using the QuickPrep 
application in CCG MOE, protein complexes were prepared to 
yield a good initial starting structure prior to residue property 
predictions. The QuickPrep calculations were performed at dif-
ferent stages in the structure preparation workflow for the entire 
dataset of protein complexes (Scheme 1). Both single protein 
chain and multimeric complexes were considered in the calcu-
lations. In addition to the QuickPrep calculations, sidechain re-
packing and optimization of residues around cysteines were 
performed via the Rosetta fixbb application. The fixbb was per-
formed for residues 10 Å from the sulfurs of cysteines in the 
protein structures. Our results suggest that the different protein 
preparation strategies do not have a strong impact on the pre-
dictive performance of the model when considering different 
predictors such as pKa alone, log solvent exposure alone, fre-
quency AA encoding alone, and other models (Figure 4). We 
did observe that when chains are separated (the “chains apart” 
or CA datasets) at different times in the preparation, we do see 
that the log solvent exposure is a statistically significantly 
worse predictor of ligandability, indicating that chains-together 
(CT) is a better strategy. We hypothesize that many of the 
chains present in these structures may be found similarly bound 
in vivo, and so separating them may artificially inflate predicted 
cysteine solvent exposure. 
 

 
  Figure 4. All model performance results are not significantly 
different than NQNC with the same covariates, with the excep-
tion of the SQCA/DQCA log_exp only model, which were sta-
tistically significantly worse (p < 0.05). 
 
  After visual inspection of several proteins, we wanted to assess 
whether repacking sidechains using Rosetta fixbb would result 
in better model performance. While QuickPrep does do some 
optimization of sidechains, it is not as comprehensive as the Ro-
setta repacking protocol. However, using Rosetta to repack 
sidechains within a 10 Å distance of each cysteine was not ef-
fective in raising the predictive performance over the NQNC 
baseline (Figure 5). 
 

 
  Figure 5. None of the models are statistically significantly dif-
ferent, except that DQCA has a significantly lower performance 



   
 

 

than NQNC for the log_exp covariate model as shown in Figure 
5. 
   Further, we were able to assess the differences in predicted 
pKa and solvent exposure after Rosetta repacking, to elucidate 
some of the reason why prediction was not improved after the-
oretically improving the estimate of the local environment. We 
found that the differences in pKa and solvent exposure clustered 
around zero, with noisy spread seemingly randomly distributed. 
These distributions were not different between bound and un-
bound cysteines (Figure 6). 
 

 
  Figure 6. (a) Over all cysteines bound and unbound, the dis-
tribution of differences pre- and post-repacking is shown. (b) 
Distribution of differences for unbound cysteines only. (c) Dis-
tribution of differences for bound cysteines only.  
 
  With the lack of impact observed for both different protein 
preparation strategies as well as Rosetta sidechain repacking, 
we proceeded to use the NQNC dataset to build our final model. 
Our choice of model covariates was chosen based on a search 
of the potential space of model covariates (see Supporting In-
formation); ultimately, it was found that a model that included 
the log solvent exposure, the presence of the cysteine in any 
fpocket-detected pocket, and the frequency encoded amino acid 
environment had the highest median performance across 10 ran-
dom splits, giving an F1 score of 0.73. We call this model with 
the highest median performance CovCysPredictor. 
   A benefit of using an interpretable model such as logistic re-
gression is that the coefficients can be examined to gain a better 
understanding of the model, and predictions can be traced back 
to specific contributions from different coefficients (Table 3). 
We observe that the coefficients attached to the twenty amino 
acids reveal some chemically-relevant trends: for example, the 
presence of a cysteine near the cysteine of interest decreases the 
probability of that cysteine being ligandable, possibly because 

of the presence of a disulfide bond between the two cysteines. 
Histidine is strongly positively correlated with the presence of 
a bound cysteine in the training set, which is sensible as it is 
often implicated in catalytic dyads/triads in cysteine-containing 
enzymatic processes. Glycine, the smallest amino acid, is posi-
tively correlated with ligandability, which may be due to the 
increased solvent exposure. 
 
Table 3. Model coefficients of best-performing model 

Intercept -7.62   
log solv. exp. 1.18   

any fpocket 2.75 aa category 
chemical  
justification 

G 0.55 special solvent exposure 
A 0.31 hydrophobic  
V -0.14 hydrophobic  
L 0.43 hydrophobic  
I -0.22 hydrophobic  
P -0.17 special  
M -0.40 hydrophobic  
C -0.55 special disulfide 
F 0.33 hydrophobic  
Y 0.51 hydrophobic  
W 1.12 hydrophobic (see text) 
H 0.87 positive catalytic dyad 
K 0.14 positive  
R 0.16 positive  
Q -0.10 polar-uncharged  
N 0.24 polar-uncharged  
E 0.03 negative  
D -0.61 negative catalytic triad? 
S 0.34 polar-uncharged  
T 0.01 polar-uncharged  

 
 The coefficients of our logistic regression model reveal chem-
ically relevant predictors of cysteine ligandability 
   
Some of the coefficient directions, however, are less straight-
forward to interpret. Aspartic acid, for example, which is occa-
sionally part of a catalytic triad with cysteine and histidine, is 
negatively correlated with ligandability. As part of the catalytic 
triad, it should be positively correlated with ligandability, oth-
erwise the presence of the negative charge near cysteine is ex-
pected to increase its pKa leading to lower ligandability. Tryp-
tophan is highly positively correlated with ligandability. These 
unexpected findings point to opportunities to understand the na-
ture of ligandable cysteines better in future work. 
 
Our simple, interpretable logistic regression model has 
comparable performance to other predictive ML models  
  Recent attempts to predict a cysteine’s liability towards cova-
lent modification have grown to include several tools based on 
more modern machine learning techniques, such as support vec-
tor machines,31 graphical neural networks,35 and decision tree-
based models.52 These tools represent gains in accuracy com-
pared to earlier models but also have considerable increases in 
complexity. 
 



   
 

 

Table 4. Comparison of our method to other structure-based 
cysteine ligandability prediction methods. *CovBinderInPDB’s 
entries that were not present in CovPDB were used as a valida-
tion set  

Method Dataset F1 AUPRC Accuracy 
CovCysPredictor 
(Ours) CovPDB 0.73 0.82 0.86 

  
CovBinder-
InPDB* 0.66 0.78 0.85 

PriDeepCoSI Du et al35  0.62  

DeepCoSI Du et al35  0.76  

SVM Zhang et al31   0.85 
 
  Unfortunately, there is no standard dataset or standard set of 
metrics used by methods for predicting cysteine ligandability. 
Uniformity and transparency of datasets used is critical for a 
fair assessment of available tools. However, in the case of 
Zhang et al,31 it is unclear exactly what data was used as the 
website once used to host their data is unavailable. We therefore 
present their reported accuracy metric as a promising, but ulti-
mately not definitive, comparison to our own model’s perfor-
mance on a different dataset. In the case of Du et al,35 their ex-
ternal website used to host their training/testing data is also un-
available at the time of writing, although their training set is 
present in the supplemental material of their publication. Be-
cause their training and testing set has enormous overlap with 
our training set, it would not be fair to use their data as a test set 
for our algorithm.  
    Therefore, within the constraints of available data, we can 
show a side-by-side comparison of our models’ area under the 
precision-recall curve (AUPRC) and accuracy with published 
results, which tentatively show our model to perform favorably 
(Table 4). Our model still performs favorably or equally well 
when tested on an orthogonal dataset (the PDBs in CovBinder-
InPDB that are not present in CovPDB). In addition, our model 
is considerably more interpretable than deep learning ap-
proaches and takes considerably less training time. We recog-
nize the limitations of these analyses; any meaningful compari-
son between these tools is inherently limited by the lack of data 
availability and useful published benchmark sets with reliable, 
long-term storage solutions. We hope that the external datasets 
we have used, CovPDB and CovBinderInPDB, will become the 
benchmarks that tools use in the future. We make our data avail-
able in the Supporting Information attached to this manuscript 
as well as in GitHub. 
 
Predictive power is partially maintained even when ana-
lysing apo versions of holo proteins from our dataset 
  The databases CovPDB and CovBinderInPDB both contain 
holo protein structures that contain the protein system as well 
as the covalently bound small molecule. In the ideal case, we 
would have trained on paired apo/holo datasets to create the 
most robust possible model. However, such a robust paired da-
taset does not yet exist. We were interested to see whether the 
predictive power of our model was nevertheless maintained 

even on apo protein structures, as scientists are more likely to 
find our tool useful if it has accurate predictions before any 
small molecule has been successfully covalently bound to the 
protein. 
   To assess the accuracy of CovCysPredictor on apo structures, 
we randomly selected a small set of proteins where a matched 
holo/apo pair were available. Then, the structures were cleaned 
of solvent, ions, cofactors, DNA, and RNA using open source 
tools (PyMOL,53 Python/BioPython54) as we recommend in our 
GitHub for those who do not have access to MOE. The results 
in full are available in the Supporting Information. 
   We first assessed the performance of our model on the holo 
structures which were taken from our datasets (potentially seen 
in training). We found that 64% (7/11) of the holo structures in 
our holo/apo dataset were predicted correctly (Table 5). When 
assessing apo structures that our model had never seen before, 
64% (7/11) of the apo structures were also predicted correctly. 
Using the strict criteria that both holo and apo versions of the 
protein are correctly predicted, we find a total success rate of 
around 36% (4/11, Figure 7A). However, assessing correctness 
here is nuanced. For example, for the pair 7b9m/6y58, the 
CYS45 that was known to be modifiable was not predicted to 
be modifiable; however, the rank order of the cysteines in the 
structures was correct, and the most likely cysteine was cor-
rectly identified as CYS45, even though the score fell below the 
threshold to be reported. Thus, the rank ordering was still relia-
ble even though the absolute score was not. 
 
Table 5. The 11 assessed holo/apo pairs, showing the known 
covalently-modifiable cysteine based on the holo structure, and 
the predicted ligandable cysteines for the holo and apo struc-
tures. 

holo/apo pair known cys holo pred cys apo pred cys 

3zva/3zv8 147 147 147 

5rfo/5r8t 145 145 145 

7b9m/6y58 45 none none 

7brp/7bro 145 145;300 145;300 

1uk4/1uk3 145 300 145;300 

1a54/1a55 197 197 none 

3v4o/3v55 464 none 464 

1cte/1cpj 29 29;240 29;240 

6yl1/6yl6 80 118 118 

3o6t/3nof 37 37 none 

1meg/1ppo 25 25 25 
 
    Another example of the ambiguity of “incorrect” assigna-
tions is found with 6yl1/6yl6 CDK2 structure where the gate-
keeper phenylalanine is mutated to a cysteine (F80C) to enable 
covalent binding in the active site for inhibitor development. In 
this case, the predicted CYS118 is not the “ground-truth” 



   
 

 

CYS80 based on 6yl1 structure, but CYS118 is also known to 
be covalently modifiable.55  
    A final example of the difficulty of ascertaining accuracy 
compared to ground truth is found with the 3o6t/3nof pair, 
where 3o6t (holo) is correctly predicted but 3nof (apo) does not 
predict any modifiable cysteines. However, the structure for 
3nof contains a homodimer of the relevant protein whereas 3o6t 
contains a different heterocomplex. It would take knowledge of 
the biological system in question to be able to make the decision 
about whether the dimerization is likely to impact cysteine mod-
ification, but in this case, leaving the homodimer intact closed 
the cysteine off from being solvent accessible and therefore, it 
was predicted non-modifiable. 
 

 
Figure 7. (A) A correctly-predicted holo/apo pair, 1meg/1ppo. 
(B) The positioning of the sidechain on GLN201 in the 1a55 
structure (apo state) blocks access to the cysteine (C197) known 
to be ligandable in the holo state of this protein structure (1a54), 
and thus it is incorrectly predicted as unmodifiable in the apo 
form. 
    Broadly speaking, if we consider that a biologist running 
CovCysPredictor will be able to assess the appropriate state of 
a protein to be passed through the tool, all but one pair (10/11) 
was able to correctly (or at least reasonably) rank-order the cys-
teines for both holo and apo structures. The pair 1a54/1a55 was 
correctly predicted for the holo partner, but not the apo one, due 
to what appears to be an induced pocket which does not exist in 
the apo structure, but does exist in the holo structure when the 
sidechain of GLN201 does not occlude CYS197 (Figure 7B). 
Cryptic/induced pockets and structural flexibility in general are 
difficult for CovCysPredictor to handle, as it learns and predicts 
on given static structures. In the future, if a paired holo/apo da-
taset were available for training, factors such as the cysteine 
residue environment and the sulfur distance to the protein sur-
face in both apo and corresponding holo states could be in-
cluded as a feature to improve the likelihood of being able to 

predict the possibility of ligand-induced binding events of tar-
getable cysteine residues. 

CONCLUSIONS 
  In summary, we have examined two major recent protein 
structural databases (CovPDB and CovBinderInPDB) for de-
veloping a machine learning model to predict ligandable cyste-
ine sites in the proteome. Our approach involved training and 
testing an interpretable machine learning model to identify cys-
teines which are liable to be covalently modified in a selective 
fashion. We explored the inclusion or exclusion of different 
physicochemical features in our models, including residue pKa, 
solvent exposure, and residue electrostatics environment. In ad-
dition, we employed descriptors from protein-ligand pocket de-
tection algorithms, fpocket and SiteFinder, as features in our 
machine learning model to differentiate between purely reactive 
cysteines, which may be highly surface exposed, and “liganda-
ble” cysteines, which would ideally be placed in a pocket that 
could be selectively targeted by a small molecule drug. In de-
veloping our final logistic regression model, we also explored 
several protein preparation strategies and their impact on model 
predictive performance. Our resulting logistic regression model 
achieved comparable performance to other predictive more 
complex ML models, yielding an F1 performance of 0.73. Mov-
ing forward, we envision this model to provide valuable insights 
to guide early cysteine-targeting covalent drug design strate-
gies. Overall, our work demonstrates the potential of interpret-
able machine learning algorithms to impact efforts in early drug 
discovery.  
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