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ABSTRACT: The fourth-generation EGFR inhibitors targeting
L858R/T790M/C797S mutations are in clinical trials mostly, and it
is necessary to develop new inhibitors. In this study, an internal data
set containing 2302 multitarget EGFR inhibitors targeting the wild
type (83%) and the L8S8R (92%), L8S8R/T790M (96%), and
L8S8R/T790M/C797S (60%) mutations was collected. We
established a structure—activity relationship model for predicting
the bioactivities of multigeneration EGFR inhibitors by a multitask
deep neural network (MT-DNN). We also constructed four single-
task models on 1384 L858R/T790M/C797S (60%) mutation
inhibitors by support vector machine (SVM), random forest (RF),
XGBoost (XGB), and single-target neural network (ST-DNN),
respectively. The MT-DNN model significantly outperformed
single-task models on the external data set of 304 fourth-generation
EGFR inhibitors. Furthermore, the combined application of MT-DNN and SHAP/delta-SHAP value interpretability analysis offers
rigorous structural information from a global perspective. With SHAP/delta-SHAP methods, the MT-DNN model can mine the core
scaffold and important fragments of multigeneration EGFR inhibitors and provide valuable information from a structure—activity
relationship perspective to address the resistant mutation problem.
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B INTRODUCTION

The epidermal growth factor receptor (EGFR) is a member of
the tyrosine kinase receptor family and is one of the key targets
for treatment of various diseases. It can maintain the growth
and dynamic equilibrium of epithelial tissues." The EGFR
plays an important role in the development of many cancers,
such as lung cancer,” breast cancer,” and head and neck

emergence of the third-generation inhibitors osimertinib'’
and mobocertinib'® addressed the toxicity issue and were
approved for patients with T790M mutation cancer in 2015
and 2021, respectively. Along with L858R and T790M
mutations, the third point mutation C797S prevents the
formation of a covalent bond between cysteine and
osimertinib, leading to resistance.'’ Currently, there are no

cancer.” The EGFR is also the first cancer target discovered in
nonsmall cell lung cancer overexpressing in more than 60% of
patients.” EGFR inhibitors have had great success in clinical
cancer medical treatment, which are able to effectively improve
the median survival of cancer patients and are widely used in
both first-line and second-line treatments.”’

The first-generation EGFR inhibitors gefitinib and erlotinib
were approved in 2003 and 2004, respectively, for the
treatment of cancers carrying an abnormal EGFR.*’ These
small molecules inhibit both the wild-type (WT) EGFR and
single mutations in the EGFR, such as exon 19 deletions or
EGFR activating mutation L858R.'® However, their use in
treating cancer patients is limited due to acquired resistance
caused by T790M mutation.'”'* To overcome this acquired
resistance, the second-generation EGFR inhibitor afatinib was
developed in 2013;"’ neratinib'* and dacomitinib"® were
developed in 2017 and 2018 afterward, respectively. However,
they were disrupted due to dose toxicity caused by their
irreversible targeting of wild-type EGFR.'® Subsequently,
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available treatments to block disease progress when C797S
appears in cis with L858R and T790M>’ (Table 1). With
clinical trials of the fourth-generation inhibitor BLU-945"
terminated, it is urgent to develop the fourth-generation EGFR
inhibitors.

With the increasing use of machine learning in drug
discovery projects, Al-based computational methods have
become invaluable tools. These methods can analyze vast
amounts of data to identify potential drug candidates more
efficiently and accurately than traditional methods. Machine
learning algorithms such as deep learning, support vector
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Table 1. Representative Drugs and Inhibitory Targets of First-, Second-, and Third-Generation EGFR Inhibitors”

Targets of WT and resistant mutations

Generation of EGFR inhibitors FDA-approved drugs time
WT  L858R C797S L858R/T790M L858R/T790M/C797S
|
$e QA
NS ON/\'Q; - o HN\ = 2003, Trans:V
First Generation C'g s ° ) v 3 J x
. i 2004 Cis:x
Gefitinib Erlotinib
N/ /_>
0. - N =N
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o o e M 2013,
" § Q_/ oM Dose Trans:V
Second Generation NN My ) 2018, \ \ v
N %:} H %:} toxicity Cis:x
bt 4 - 2017
Afatinib Dacomitinib Neratinib
NP 5 oj/\ N
SOy P Ny
HN N NN Q 2015, Trans:V
Third Generation Oﬁ Mool 3 R J \/
2021 Cis:x
Osimertinib Mobocertinib

“Trans: trans mutations on different alleles; Cis: homeopathic mutations on the same allele.

machines, and random forests have been applied to predict
drug—target interactions, optimize molecular properties, and
design new drug candidates.”*” By leveraging the power of
machine learning, researchers can uncover patterns and
relationships within data that may not be immediately apparent
through conventional analysis techniques. This leads to the
development of more effective and targeted therapies. Al-based
computational methods can leverage drug design experiences
in successful cases to improve the efficiency of developing new
EGFR inhibitors.”»** In previous studies, we obtained several
highly active inhibitors against the WT EGFR in ligand-based
and receptor-based hierarchical virtual screening”>”° and used
a variety of machine learning methods to explore the 2D and
3D structure—activity relationship of WT and L858R/T790M
mutant inhibitors.”” Chang et al. developed a support vector
machine (SVM) classification model based on 221 EGFR
inhibitors with L858R/T790M/C797S mutations, integrating
both structural and nonstructural descriptors. Their SVM
classification model determined four potential hits through
virtual screening.28 Zhang and Li, using a data set of 539
fourth-generation EGFR inhibitors, established a series of
classification/regression models and found that the best SVM
and random forest models exhibited optimal predictive
capabilities.”” According to the reported EGFR machine
learning studies, although there are many studies on single-
mutation (L858R) and double-mutation (L858R/T790M)
types of EGFR inhibitors (the first-, second-, and third-
generations inhibitors),’*™** there are still few studies on
unsolved triple-mutation (L8S8R/T790M/C797S) EGFR
inhibitors (the fourth-generation inhibitors). The limited
application of machine learning in fourth-generation inhibitor
development primarily stems from lack of data.

Overcoming EGFR drug resistance typically involves two
strategies. One approach is to design multitarget inhibitors
against multiple cancer signaling pathways to achieve
cooperative inhibition and reduce resistance occurrence.’*”*°

11177

The other common strategy is to design new inhibitors based
on existing EGFR crystal structures, involving structure-based
functional fragment modifications and scaffold hopping on
existing first-, second-, and third-generation EGFR inhib-
itors.”’ 7 In addition to the known fourth-generation
inhibitors, it is helpful to use the information on the first-,
second-, and third-generation EGFR inhibitors to discover the
possible fourth-generation EGFR inhibitors. Two most
common resistance mutations, T790M and C797S, represent
only one amino acid changing in the active binding site of the
EGFR, indicating that there are most of the fragments in the
existing first-, second-, and third-generation EGFR inhibitors
that also work in the fourth-generation inhibitors. From the
perspective of protein homology, WT and L858R, L858R/
T790M, and L858R/T790M/C797S mutants differ by only
few amino acids, which means their similarity is close to 100%.
Therefore, this study proposes an approach to the EGFR drug
design strategy different from the two strategies above:
integrating inhibitors of WT, L858R, L858R/T790M, and
L858R/T790M/C797S mutants into a multitask neural
network to construct a structure—activity relationship model.

The multitask deep neural network (MT-DNN) refers to a
deep learning model trained together on multiple shared
tasks.*”*' The MT-DNN has been hugely successful in
characterizing the selectivity of kinase inhibitors."”*~** MT-
DNN models outperform single-task models for predicting the
bioactivity of small-molecule inhibitors of protein kinases, "”*°
and dense and highly related kinase prediction tasks bring
more positive transfer.””* Similar to the advantage of
perturbation-theory machine learning in multitarget drug
discovery,”* ™" the MT-DNN can simultaneously predict
multiple activities against different targets and offer a direct
physicochemical and structural interpretations. Compared with
applying the MT-DNN to a large kinome, our model is
constructed based on inhibitors against different mutants of
the EGFR, achieving at least three objectives: (1) focusing on
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the EGFR and its three mutants to reduce computational
resource consumption; (2) investigating if the performance of
the MT-DNN model is better than that of the single-task
model on the same task of EGFR inhibitors; and (3)
interpreting the structure—activity relationship of fourth-
generation EGFR inhibitors based on the MT-DNN model.

B MATERIALS AND METHODS

Data Set Preparation. Internal Data Set: 2302 EGFR
Inhibitors Targeting the WT and the L858R, L858R/T790M,
and L858R/T790M/C797S Mutants. We have collected 2302
inhibitors from the SciFinder,”> CHEMBL,*® and BindingDB57
databases as the internal data set (Table 2 and Table S1).

Table 2. Internal, External, and Decoy Data Sets of EGFR
Inhibitors in This Study

data set type label 0° label 1° sum  percentage®
internal WT 839 1066 1905 83%
set L858R 592 1528 2120 92%
L858R/T790M 754 1458 2212 96%
L858R/T790M/ 894 490 1384 60%
C797S
external L858R/T790M/ 191 113 304
set C797S
decoy set 1123

“Inhibitors with ICs, > 1 M on different EGFR types are regarded as
label 0. ®Inhibitors with ICs, < 1 M on different EGFR types are
regarded as label 1. “The percent of sum of the inhibitors to all the
2302 inhibitors.

There were 1905 (83%), 2120 (92%), 2212 (96%), and 1384
(60%) of 2302 EGFR inhibitors against the WT and the
L858R, L858R/T790M, and L858R/T790M/C797S mutants,
respectively; the data distribution is shown in Table 2.

External Data Set: 304 EGFR Inhibitors Targeting L858R/
T790M/C797S Mutation. We also used SciFinder and
Reaxys™ to search for the latest journals and patents on
EGFR L858R/T790M/C797S mutant inhibitors, collecting a
total of 304 inhibitors as the external data set (Table 2 and
Table S2).

Decoy Set: 1123 Molecules from the ZINC12 All-
Purchasable Subset. To test the performance of our model
on the decoy set, we used “MUBD-DecoyMaker 2.0”* to
generate a decoy set consisting of 1123 data points (Table 2).

Data Preprocessing. The inhibitors are all small-molecule
compounds. Each inhibitor has an inhibitory activity IC50 in
vitro for at least one of the three EGFR mutants: L858R,
L858R/T790M, or L858R/T790M/C797S. To ensure sim-
ilarity in binding modes for relevant learning, we exclude
inhibitors targeting only the allosteric site. We classify
inhibitors into highly and lowly active according to an IC50
threshold of 1 uM, whose activity values below 1 yM are
considered as highly active inhibitors and those equal to or
above 1 uM are considered as lowly active inhibitors.

We have set a criterion for data wash in order to improve the
data quality. If an inhibitor has conflicting activity labels from
different sources, we follow the majority rule and remove
conflicting data. Furthermore, if the experimental bioassay
results from a journal or patent are all highly or lowly active,
then we require a clear control group experiment. Otherwise,
we do not collect the data.

MT-DNN Model. Compared with single-task neural
networks, many studies have found that this shared mode

can significantly improve the model’s predictive performance,
especially for single tasks with insufficient data.***® Here, the
MT-DNN model treats L8S8R, L858R/T790M, and L858R/
T790M/C797S EGFR mutants and EGFR WT inhibitor data
as four related tasks.

The architecture of the MT-DNN model is illustrated in
Figure 1. Its architecture and training process are assisted by

1024 bits ECFP_4

S
T

WT L858R L8S8R/T L858R/
790M T790M/
C797S

Weighted Cross Entropy
Ninactive
= Xl y; logp; + (1 — i log(1 — py)]

Nactive

Figure 1. Architecture of the MT-DNN model. The model input is
the 1024-bit ECFP_4 fingerprint. The input of the n+1th layer is x,,,,
and the last layer consists of four y outputs. The loss function is a
balanced cross-entropy with weights.

Python’s PyTorch package (Version 2.0.1).°” The input of the
model only considers a two-dimensional structure of the
molecule, represented by a 1024-bit ECFP_4 ﬁngerprint.61
Architecture of the MT-DNN Model. The hidden layer
in the MT-DNN model is composed of a single modular
concatenation. This module sequentially connects a dropout
layer, a fully connected layer, an activation function layer, and a
normalization layer. The layer is updated using eq 1:
X4y = o(BN(W/(DO(X))) + b)) (1)

1

where X,; and X; represent the inputs of the i+1th and ith
layers, respectively. W; and b; represent the weight matrix and
bias of the ith layer, respectively. BN is the normalization layer
between the fully connected layer and the activation function.
DO is the dropout layer. The activation function layer o uses
the ReLU function. The model’s output layer contains four
prediction tasks corresponding to four different types of EGFR
inhibitors. They all use the Sigmoid function as activation
function. The label prediction probability for all tasks is
between 0 and 1. The predicted label probability y, for the Ith
task model is computed using eq I:

» = sigmoid((WL,(DO(X,_y)) + by_y)) )

Due to the imbalance of positive and negative samples for
EGFR WT and mutant inhibitors, our model inevitably tends
to predict learning for the more numerous samples during
training. In the internal data set, the percentages of positive
samples for the EGFR WT and the L858R, L858R/T790M,
and L858R/T790M/C797S mutants are 56, 72, 66, and 36%,
respectively. Given the imbalance of positive and negative
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samples, we used weighted binary cross-entropy as a loss
function for deep learning. Samples from the less numerous
samples are given a higher weight in model learning. The loss
function for each inhibitor is calculated using eq 3:

weighted cross — entropy

u Ninactivei
=—Z—’yilogpi+l—)§logl—pi
i=1 lvactive,i (3)

As mentioned earlier, there are four tasks corresponding to
prediction of four types of EGFR inhibitors. Nj,,cive; and
N, ctive,; Tepresent the number of negative and positive samples
for the ith task, respectively. y; represents the true label for the
ith task. p; represents the predicted probability for the ith task.
The training is terminated early if the Matthews correlation
coefficient (MCC) value does not improve after 40 learning
iterations.

Parameter Optimization. We used Bayesian optimization
for the Python (pyGPGO) package®® to optimize hyper-
parameters, which include dropout rate, batch size, number of
hidden layers, and size of hidden layers. The optimization
process is conducted 20 times (Table S3). Each optimization
process undergoes S-fold cluster cross-validation. The Butina
clustering algorithm based on Tanimoto similarity®” is used for
data division. Two molecules with a Tanimoto similarity of
greater than 0.8 are clustered together. The data are roughly
divided into five equal parts by the clustering algorithm. Each
part runs as a test set five times, and the average of five results
is taken as the final performance of the model under that
hyperparameter condition. Since similar molecules do not
appear in both the training set and the test set, the model
cannot simply make predictions based on the similarity
between molecules. Only by mining deep structural
information can the model improve its final performance.
The S-fold cluster cross-validation groups similar molecules
together, reducing the possibility of taking shortcuts of the
model. During parameter optimization, if the MCC does not
improve after five learning iterations, the training process is
terminated early.

Model Evaluation. We used grid search algorithms in
Python (SKlearn) to perform hyperparameter optimization for
SVMs, random forests, and XGBoost. BA (eq 4), sensitivity
(eq ), specificity (eq 6), MCC (eq 7), and AUC (eq 8) were
used to evaluate the model.

BA:( TP N TN )/2

TP + EN TN + FP (4)

= IN
TN + FP (%)

p=_ 1P
TP + FN (6)

MCC =
TP X TN — FP X EN
J(TP + FP)(TP + FN)(TN + FP)(TN + FN)

(7)
AUC = area under the curve of ROC (8)

TP and TN are the true positive rate and true negative rate,
respectively. In the MT-DNN model, the TP and TN of

samples are the sum of TP and TN of all task samples,
respectively.

SHAP Method. SHAP (SHapley Additive exPlanations) is
a machine learning interpretability method based on game
theory. SHAP provides a Python package to analyze the
contribution value of each feature for each input sample in
machine learning.®*

SHAP Significance Analysis. It is worth exploring
whether the addition of three related tasks from ST-DNN to
MT-DNN has caused a significant change in the decision-
making process for the fourth-generation EGFR inhibitors. We
conduct SHAP interpretability analysis on MT-DNN and ST-
DNN models with identical training hyperparameters,
respectively. The only difference between the two models is
the number of tasks. The SHAP value for each fingerprint bit
represents its importance in the model. After calculating the
SHAP importance for 1024 fingerprint bits for two models, we
offer a significance analysis on 1024 SHAP distributions.
Figure S2 provides a SHAP significance analysis from two
perspectives: the significance of individual fingerprint bit
SHAP differences and the trend relationship between finger-
print SHAP differences and fingerprint variance. As shown in
Figure S2, there are as many as 931 fingerprint bits with p
values less than 0.05 and only 93 fingerprint bits with p values
greater than 0.05. This indicates that at a significance level of
0.0S, the importance of most fingerprint bits is significantly
different between MT-DNN and ST-DNN models (Figure
S3). The Spearman correlation coefficient between the
variance of fingerprint bits and p values is —0.75, suggesting
that the larger amount of information (larger variance) a
fingerprint bit stores, the greater its importance’s differences
(smaller p value) tend to be. Therefore, the differences
between MT-DNN and ST-DNN are mainly affected by those
important fingerprint bits.

B RESULTS AND DISCUSSION

The Data Distribution of Known EGFR Inhibitors. The
numbers of highly and lowly active inhibitors of four different
types of EGFR (WT, L858R, L858R/T790M, and L8S8R/
T790M/C797S) and their correlations are shown in Figure S1.
One can see that due to the limited amount of data in the
public library, there is less data on the fourth-generation EGFR
inhibitors targeting L858R/T790M/C797S. We also con-
ducted a correlation analysis between the outputs of each pair
of tasks. Apart from WT inhibitors and L858R/T790M/C797S
inhibitors, the correlation coeflicients between other pairwise
type inhibitors’ prediction tasks are greater than 0.4 (Figure S1
and Table S4). This indicates that our data has high relevance,
making it suitable for establishing a multitask neural network
model.

Exploring the Internal Stability of the MT-DNN
Model. To investigate the stability of the MT-DNN model,
we employ a clustering-based 5-fold cross-validation strategy.
Figure 2 demonstrates the 3D T-SNE visualization results for
the 5-fold clustering internal data set and external data set. The
visualization of EGFR inhibitor data shows that similar
molecules were gathered into small but homogeneous groups
and divided into one cluster. One can see that the external data
set is in the general range of the internal data set but is not very
similar to the internal data set, making it a challenging task to
predict. Therefore, external tasks are more challenging to
predict than internal cross-validation tasks.
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Figure 2. 3D T-SNE visualization results for the S-fold clustering
internal data set and the external data set (test set). The internal data
set is split into five clusters (clusters 1—S5). Similar molecules with a
Tanimoto coefficient less than 0.2 are clustered together, and then all
compounds in the internal data set were randomly divided into
approximately five equal parts (with similar amounts of compounds).
One can see that the distribution of data in five equal parts is similar,
but the molecular similarity in different parts is low, and the data in
the external data set is within the range of the internal data set.

Table 3 shows the performances of the MT-DNN model
based on the 5-fold clustering cross-validation and the mean

Table 3. Mean Results of the MT-DNN Model by 5-Fold
Clustering Cross-Validation”

evaluation BA SE SP MCC AUC
Modell 0.87 0.81 0.94 0.76 0.94
Model2 0.84 0.86 0.82 0.66 0.90
Model3 0.76 0.69 0.84 0.53 0.81
Model4 0.80 0.68 091 0.62 0.86
Models 0.85 0.86 0.84 0.68 091
mean 0.82 0.78 0.87 0.65 0.88

“BA: balanced accuracy; MCC: Matthews correlation coeflicient; SE:
sensitivity; SP: specificity; AUC: area under the ROC curve.

results. Surprisingly, despite using the traditional ECFP_4
fingerprint as input, the average AUC from the S-fold cross-
validation still reaches 0.88. One can see that the MT-DNN
model indeed exhibits high internal stability. Additionally,
although the collected EGFR data faces class imbalance
problems, the average sensitivity and specificity of the 5-fold
cross-validation models are quite similar and both exceed 0.75.
This can be attributed to the use of weighted balanced cross-
entropy as a loss function.

Applicability Domain. Figure 3 illustrates the applicability
domain, where black dots represent the internal data set and
red dots represent the external data set. By applying principal
component analysis (PCA) to ECFP_4 fingerprints, high-
dimensional data are reduced to a two-dimensional plane,
allowing us to visualize the data distribution intuitively. The
maximum PCA radius for the training data is 5.1, indicating the
maximum extent of the training data in the PCA space.

Additionally, Figure 3B shows the radius distance from the
center of the training data (the internal data set) to the test
data (the external data set). It is evident that all test data points
have distances less than S.1, indicating that the test data are
entirely within the range of the training data. Further analysis
of the distribution of the test data points reveals that most of
them are concentrated between 0.5 and 2.0. This indicates a
good overlap in the feature space between the training and test
data, thereby validating the model’s generalization ability on
the test set. This visualization helps in understanding the
model’s performance under different data distributions,
evaluating the model’s generalization capability, and identifying
potential extrapolation risks.

Comparison of the MT-DNN Model with a Single-
Task Model. Based on an external data set, we conduct a
rigorous comparative evaluation of the MT-DNN with the
other four machine learning algorithms (the SVM, RF, XGB
and ST-DNN) in predicting structure—activity relationships.
Figure 4 shows the balanced accuracy (BA), MCC, and AUC
values of the MT-DNN model and four single-task models
(SVM, RF, XGB, and ST-DNN models) for the prediction of
EGFR L858R/T790M/C797S mutant activity. From Figure 4,
one can see that the results of the MT-DNN model are better
than those of the other four models. The MCC value for the
MT-DNN model is at least 0.2 higher than those of all other
single-task models. Since the training data (L858R/T790M/
C797S inhibitors) for all the models are conducted on the
same data set exactly, such results sufficiently demonstrate that
adding multiple related EGFR mutations tasks can greatly
enhance model’s generalization performance. Even with only
four related tasks, the performance of the MT-DNN model is
still significantly better than other models.

ROC Curve. Figure 5 displays four distinct ROC curves,
showcasing the performance of various models and data sets.
Plots A and B represent ROC curves based on leave-one-out
cross-validation (LOO-CV) using different similarity-based
approaches for the decoy set. Specifically, the “similarity-in-
properties-based” and MACCS “similarity-in-structure-based”
methods are used. The ROC AUC values close to 0.5 for these
plots indicate the unbiased nature of the decoy set. Conversely,
the bottom plots illustrate the ROC curves for the multitask
deep neural network (MT-DNN) models. Plot C evaluates the
models solely on the external test set, while plot D assesses the
models on both the external test set and the decoy set. The
ROC curves with AUC values approaching 1 in these plots
highlight the high generalization capability of the MT-DNN
models, demonstrating their effectiveness and robustness
across both data sets. By comparing plots C and D, one can
see that the performance of the model is significantly improved
after adding the decoy set. This reflects the prediction difficulty
of the selected external test set. The analysis of activity cliffs
(Figure S4) also validates this point, as the data in the test set
contains multiple challenging activity cliffs to predict.”>*

Interpretability Analysis of Existing Complexes. To
preliminarily explore MT-DNN’s interpretability, SHAP
1nterpretab1hty analysis of the fourth-generation inhibitor
brigatinib®” is shown in Figure 6. Figure 6A presents the
results sorted by mean arithmetic SHAP values for each bit of
the molecular fingerprint. The top four fingerprints, ECFP193,
ECFP602, ECFP757, and ECFP441, which have the most
significant positive impact on the model, are circled in red in
Figure 6B. They capture the core scaffold structures of
pyrimidinamine, phosphorus, phenylphosphine, and pipera-
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Figure 4. Performance of different models on an external data set. The SVM, RF, XGB, and ST-DNN models are built based on 1384 L858R/
T790M/C797S mutation inhibitors in the internal data set. The MT-DNN model is built based on all 2302 compounds containing four different
types of EGFR (WT, L858R, L858R/T790M, and L858R/T790M/C797S) inhibitors in the internal data set (SVM: support vector machine; RF:
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zine, respectively. Interaction analysis shows that, except for
piperazine, other groups can form important hydrogen bonds
with EGFR. These preliminary analysis results indeed
demonstrate MT-DNN’s capability to grasp the core scaffold
and important fragment of inhibitors. However, the persuasive-
ness of this interpretability analysis is questionable due to the
lack of high-resolution complex crystal structures for many
EGFR inhibitors.

Global Analysis of Model Interpretability. Current
interpretability methods still require individual designs for
different tasks.”® The interpretability of many existing models
is often illustrated through case studies,"”*” mainly because
most small-molecule inhibitors currently lack precise structural
information on their interaction with targets. In that case, the
interpretability analysis results of structure—activity relation-
ship models can apply only to individual molecules. Such
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explanations do not provide an overall situation of the entire
model, and the interpretation of a single example also reduces

the model’s credibility.”’

To gain a deeper understanding of the decision-making
process of the MT-DNN model, we systematically analyze the
importance of all substructures within the model. We calculate
average SHAP values for the four tasks across 1024 fingerprint

bits (Figures SS and S6).
Unlike other interpretability studies, we focus on ASHAP

between related tasks (Figure 7 and Table SS). In this study,
we proposed the following four interpretable analytical eqs
9—12 to calculate the ASHAP values based on the first-, third-,

and fourth-generation known inhibitors.

https://doi.org/10.1021/acsomega.4c10464
ACS Omega 2025, 10, 11176—-11187


https://pubs.acs.org/doi/suppl/10.1021/acsomega.4c10464/suppl_file/ao4c10464_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acsomega.4c10464/suppl_file/ao4c10464_si_001.pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c10464?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c10464?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c10464?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c10464?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c10464?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c10464?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c10464?fig=fig4&ref=pdf
https://pubs.acs.org/doi/10.1021/acsomega.4c10464?fig=fig4&ref=pdf
http://pubs.acs.org/journal/acsodf?ref=pdf
https://doi.org/10.1021/acsomega.4c10464?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

ACS Omega http://pubs.acs.org/journal/acsodf
A Receiver operating characteristic(Simp) B Receiver operating characteristic(Sims)
1.0 1 1.0 4
0.8 4 0.8 4
o i
s K
0.6 4 0.6 4
g 2 <
£ b= 4
[ w
e e I P
(3] [ J 4
S 0.4 2 0.4 y
= - ’
|
0.2 1 0.2
Mean(ROC AUCS) = 0.450 Mean(ROC AUCs) = 0.559
0.0 T T T T 0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
C False Positive Rate D False Positive Rate
Receiver Operating Characteristic (test set) Receiver Operating Characteristic (test set + decoy set)
1.0 1.0
0.8 1 0.8
3 S
[} [
x 0.6 < 0.6
s 2
F =4
n n
& &
@ 0.4 o 0.4
2 2
S =
7 — Model MT-DNN_1 test AUC_area = 0.66 L Model MT-DNN_1_decoys_AUC_area = 0.87
0.2 A —— Model MT-DNN_2_test AUC_area = 0.76 0.2 4 /’ ~—— Model MT-DNN_2_decoys_AUC_area = 0.86
= Model MT-DNN_3_test_AUC_area = 0.78 /’ — Model MT-DNN_3_decoys_AUC_area = 0.86
—— Model MT-DNN_4 _test AUC_area = 0.66 /’ —— Model MT-DNN_4_decoys_AUC_area = 0.87
0.0 —— Model MT-DNN_5_test AUC area = 0.76 004 ¥ —— Model MT-DNN_5_decoys_AUC area = 0.81
T - - T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

False Positive Rate

Figure S. Receiver operating characteristic curve of the external test set and decoy set. (A) ROC based on LOO-CV (leave-one-out cross-
validation) using “similarity-in-properties-based”. (B) ROC based on LOO-CV (leave-one-out cross-validation) using MACCS “similarity-in-
structure-based” similarity search. (C) ROC for MT-DNN of the external test set only. (D) ROC for MT-DNN of the external test set and decoy

set together.).

V;_; = [SHAP(L8S8R) + SHAP(WT)]/2
— SHAP(L858R/T790M) 9)

V,_, = SHAP(L8S8R/T790M) — SHAP(L8S8R/T790

M/C797S) (10)
V4 = [SHAP(L8S8R/T790M/C797S)
+ SHAP(L8S8R/T790M)]/2 (11)

V,_, = SHAP(L858R/T790M/C797S) — SHAP(WT)
(12)
From Figure 7, one can see that the core scaffold of the first-
generation inhibitors, represented by gefitinib and erlotinib, is
pyrimidinamine (Figure 7A).”” It can form important water-
mediated hydrogen bonds with T790. The T790M resistance
mutation disrupts this interaction and creates steric hindrance
due to the large side chain of methionine.'” Additionally, the
affinity for ATP increases in the T790M mutant, weakening
the competitiveness of the first-generation inhibitors."' By
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calculating eq 9 (Table S6), we could find clues in the TOP20
low ASHAP value fingerprints (Figure 7B). Five of the TOP20
low SHAP value fingerprints are highly related to pyrimidin-
amine. These fingerprints are assigned high SHAP values in
WT and L858R inhibitor tasks relatively, and low SHAP values
in L858R/T790 M inhibitor tasks. ASHAP results indicate that
the MT-DNN model can identify the deactivation of
pyrimidinamine caused by T790M resistance mutation
accurately.

The third-generation EGFR inhibitors, represented by
osimertinib and olmutinib (Figure 7A), form a covalent
bond with EGFR in the active pocket. The acrylamide
fragment, acting as an affinity warhead, binds covalently with
C797, but this stable mode is disrupted by C797S resistance
mutation.'””" It is evident that the development of the fourth-
generation EGFR inhibitors should avoid this chemical
fragment due to the failure of acrylamide’s covalent interaction
mode. In the MT-DNN model, ASHAP ranking between
L8S8R/T790M/C797S inhibitor tasks and L8S8R/T790 M
inhibitor tasks fully reflects the above view (eq 10 and Table
S7). Five of the TOP20 low ASHAP fingerprints are similar to
the acrylamide structure (Figure 7B). it can be learned that
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acrylamide is an important fragment in the third-generation
EGFR inhibitors but is discarded in the fourth-generation
EGFR inhibitors due to the inability to bind S797.

There are diverse strategies for design of the fourth-
generation EGFR inhibitors, with one of the most straightfor-
ward molecular modifications based on the third-generation
EGFR inhibitors. The quinazoline amine group in the third-
generation EGFR inhibitors remains effective against the
C797S mutation. Quinazoline amine can interact with M793
through hydrogen bond and does not have the spatial
hindrance that the pyrimidinamine core scaffold of the first-
generation inhibitor has when facing T790M. Reassuringly, by
calculating the TOP20 fingerprints with high SHAP in both
L858R/T790M/C797S and L858R/T790 M inhibitors tasks
(eq 11 and Table S8), we found that the MT-DNN model
assigns high importance to the quinazoline amine group. In
fact, many successful designs of the fourth-generation EGFR
inhibitors include the quinazoline amine group, such as
brigatinib.é7

Selectivity is another important issue for fourth-generation
EGFR inhibitors. Fourth-generation EGFR inhibitors can be
divided into competitive inhibitors and allosteric inhibitors
based on the binding site (Figure 7A). Finding lead
compounds that target both orthosteric (ATP binding site)
and allosteric sites is one of the methods to improve the
selectivity of EGFR mutations.”” Although the MT-DNN
model in this study does not consider inhibitors only in
allosteric sites, the features of inhibitors that simultaneously
target competitive and allosteric sites are also captured.
ASHAP ranking between L858R/T790M/C797S inhibitor
tasks and WT inhibitor tasks shows that five of the TOP20
highest fingerprints are related to the important indole
fragment of the fourth-generation allosteric inhibitors (Figure
7B, eq 12, and Table S9). This fragment is first proposed by
designers of allosteric inhibitors EAI001 and EAI045.”® The
MT-DNN model provides a design scheme to improve the
selectivity of the fourth-generation EGFR inhibitors, suggesting
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that we can use the similarity between competitive and
allosteric inhibitors to design dual-target inhibitors.

In summary, the MT-DNN model for EGFR inhibitors,
based on both WT and mutant types, benefits from the high
correlation between different tasks effectively. In interpret-
ability analysis, ASHAP values between different tasks provide
a reasonable explanation for inhibitor design from a global
perspective. The alignment of interpretability analysis with
existing knowledge gives high credibility to the MT-DNN
model.

B CONCLUSIONS

In this study, we established a multitask deep neural network
(MT-DNN) model based on the EGFR inhibitors to predict
the high and low inhibitory activity of EGFR WT, L858R,
L858R/T790M, and L858R/T790M/C797S mutants. First,
we have collected an internal data set containing 2302 EGFR
inhibitors, which exhibit cross activity against four different
types of EGFR. The inherent high correlation between the
activity prediction tasks of these EGFR inhibitors allows the
model to learn the distinctions among different generations of
inhibitors. In internal S-fold cluster cross-validation, the
average balanced accuracy is 0.82, the MCC is 0.65, and the
AUC is 0.88. In addition, the MT-DNN model also performs
well on an external data set of 304 fourth-generation EGFR
inhibitors, with the MCC value surpassing other single-task
models by more than 0.2.

The MT-DNN model not only provides reasonable
explanation for EGFR and ligand complexes but also
systematically identifies core scaffolds and important fragments
of the first-, second-, third-, and fourth-generation EGFR
inhibitors by using ASHAP values from a global perspective.
The MT-DNN model not only catches the inactivation of
quinolinamine in the first and second generations of EGFR
inhibitors and phenylacrylamide in the third-generation EGFR
inhibitors due to resistance mutations in T790M and C797S,
respectively, but also captures that the core scaffold pyrimidin-
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Figure 7. Representative structures of each generation of EGFR inhibitors and global ASHAP analysis for the MT-DNN model. (A) Representative
drug molecules for each generation of EGFR inhibitors (from left to right and top to bottom respectively: gefitinib; erlotinib; afatinib; osimertinib;
olmutinib; rociletinib; brigatinib; compound 18j; compound 12; EAI04S; JBJ-04-125-02; compound 4ad). Red and blue highlights on the molecule
indicate the core scaffold and important fragments. (B) Global ASHAP calculation and analysis of the top-ranked fingerprint segments between
tasks of the MT-DNN model. The sum of SHAP values denotes fingerprint segments that are important in both tasks, and the minus of SHAP

values denotes fingerprint segments that are important in the former

task but not in the latter. Fingerprint segments in red boxes are top-ranked

features that have a positive effect on the MT-DNN model; fingerprint segments in blue boxes are top-ranked features that have a negative effect on

the MT-DNN model.

amine in the third-generation inhibitors is still important in the
setup of the fourth-generation EGFR inhibitors. The MT-
DNN model also suggests the design of inhibitors targeting
both competitive and allosteric sites for enhancing selectivity
of the fourth-generation EGFR inhibitors.

In conclusion, the MT-DNN model distinguishes structural
differences among different generations of EGFR inhibitors
and provides valuable structure—activity relationship recom-
mendations for the fourth-generation EGFR inhibitors. The
combination of the MT-DNN model and interpretability

analysis allows us to discover subtle differences between
various types of inhibitors. This research approach is not only
applicable to explore the structure—activity relationship among
different generations of EGFR inhibitors but also beneficial in
drug design scenarios with similar binding sites theoretically.
As drug data sharing continues to advance, we believe that this
analytical approach will exhibit extensive usage in contexts

such as drug repurposing and beyond.
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