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Abstract

Protein kinases (PKs) regulate various cellular functions, and are targeted by small-molecule kinase inhibitors (Kls) in cancers and other diseases.
However, drug resistance (DR) of Kls occurs through critical mutations in four types of representative hotspots, including gatekeeper, G-loop,
«C-helix, and A-loop. KI DR has become a common clinical complication affecting multiple cancers, targeted kinases, and drugs. To tackle this
challenge, we report an upgraded web server, namely Dr. Kinase, for predicting the loci of four DR hotspots and assessing effects of mutations
on DR hotspots for PKs in our previous studies, by utilizing multimodal features and deep hybrid learning. The performance of Dr. Kinase has
been rigorously evaluated using independent testing, demonstrating excellent accuracy with area under the curve values exceeding 0.89 in
different types of DR hotspot predictions. We further conducted in silico analyses to evaluate and validate the epidermal growth factor receptor
mutations on protein conformation and Kls' binding efficacy. Dr. Kinase is freely available at http://modinfor.com/drkinase, with comprehensive
annotations and visualizations. We anticipate that Dr. Kinase will be a highly useful service for the basic, translational, and clinical community to
unveil the molecular mechanisms of DR and the development of next-generation Kls for emerging cancer precision medicine.

Graphical abstract

Introduction lular functions [1, 2]. Thus, the dysregulation of PKs is highly
Protein kinases (PKs), as phosphorylation enzymes for modi-  associated with various human diseases, especially cancer [3].
fying proteins, regulate almost all biological processes and cel-  Therefore, PKs have been prominent targets for modern drug
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discovery against many diseases, and these targeted therapies
greatly improved patient survival in several cancer: > 400 ki-
nase inhibitors (KIs) that primarily target different activated
PKs are currently undergoing clinical trials, and 82 have been
approved against many diseases, by the Food and Drug Ad-
ministration (FDA) as of September 2024 [4, 5]. However,
drug resistance (DR) of KIs through critical mutations has be-
come a common clinical complication, affecting multiple can-
cers, targeted kinases, and drugs.

In the past decade, four types of representative Kl-resistant
mutation hotspots, including gatekeeper [6], G-loop [7], xC-
helix, and A-loop [8], have been identified as actionable and
secondary mutations of PKs. Gatekeeper residue is a single
amino acid located near the protein—-drug binding site to im-
pede drug-PK binding. One notable gatekeeper is the T3151
gatekeeper mutation in ABL1, which is resistant to imatinib,
dasatinib, and nilotinib [6]. In addition, G-loop, «C-helix, and
A-loop occur in the regions for transitions of active and inac-
tive kinase conformations. G-loop is also named glycine-rich
loop and phosphorylation loop, and has a conserved consen-
sus motif GxGxxG. E255K/V and Y257C of BCR-ABL are
the representative G-loop mutations for disrupting an elec-
trostatic triad required for imatinib binding and causing ima-
tinib resistance [7]. aC-helix, also called C-helix and «C, is a
single o-helix located in the N-lobe of the kinase domain be-
tween B3 and B4 strands. A-loop, which is called the ac-
tivation loop or T-loop, is located in the C-lobe and con-
tains a phosphorylation site. Therefore, the systematic inves-
tigation of kinase mutations and function on DR hotspots
can contribute to molecularly targeted therapies for preci-
sion medicine. We developed a kinase mutations and drug re-
sponse database, KinaseMD, curated four types of PK sub-
structures [9], and shaped the landscape of DR mutations in
kinase hotspots [10].

In this study, we present a timely web service, named Dr.
Kinase, that predicts the loci of four types of DR hotspots
for PKs and quantifies mutation effects for these regions. Dr.
Kinase extends our prior findings [9, 10], and utilizes the ad-
vantages of deep hybrid learning technology and multimodal
features to predict actionable DR hotspots. The performance
of Dr. Kinase has been rigorously evaluated using five-fold
cross-validation (CV) and independent testing, demonstrat-
ing excellent accuracy with area under the curve (AUC) val-
ues exceeding 0.89 in different types of DR hotspot predic-
tions. We further performed computational analyses to eluci-
date the impact of epidermal growth factor receptor (EGFR)
and ABL1 mutations in the gatekeeper loci on protein struc-
ture and KIs’ binding efficiency. Moreover, the web service
of Dr. Kinase provides comprehensive annotations and visu-
alizations for the structural and physicochemical features of
predicted DR hotspots, and can be accessed freely at http:
//modinfor.com/drkinase. We anticipate that Dr. Kinase can
be helpful for further analysis of DR and PKs.

Materials and methods

Data preparation

We obtained and processed the substructure locus informa-
tion of 547 human kinases from our KinaseMD [9] database.
After removing duplicated kinases and filtering out the kinases
without specific locus information of the four categories men-
tioned above, we obtained 388 unique human kinases. Among
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them, 344, 172, 231, and 312 kinases had 346 gatekeeper,
179 G-loop, 238 «xC-helix, and 403 A-loop locus information,
respectively. For example, gatekeeper residues (single amino
acids like EGFR T790) were identified based on their spa-
tial role in ATP-binding pockets, while dynamic regions, i.e.
G-loop/aC-helix/A-loop, always hold conserved lengths (e.g.
A-loop: 10-25 residues). The G-loop is structurally defined
by a conserved GxGxxG consensus motif, where glycine (G)
residues constitute critical anchor points and “x” positions ex-
hibit amino acid variability. For characterization and predic-
tion of cancer DR hotspots, we developed a matched reference
dataset as negative through generation of control sequences.
Negative samples were designed to avoid functional overlap:
Gatekeeper negatives (number: 1720) were randomly selected
single residues outside known positions, while G-loop/«C-
helix/A-loop negatives (number: 534, 1185, and 2015) were
length-matched non-functional segments from unrelated ki-
nase regions. To facilitate the development and evaluation of
our models, the constructed dataset was partitioned into a
training dataset, which represented 90% of the total data, and
an independent dataset, which accounted for the remaining
10% of the data. Furthermore, a kinase-level blind splitting
strategy was implemented to assess the model’s capacity to
generalize unencountered kinases. Test sets contained kinases
absent from the training data (e.g. testing on kinase 1 while
training on kinase 2, kinase 3, and others, and ensuring the
ratio of training and test is still 9:1).

Model architecture

Dr. Kinase’s deep learning framework adopts a bipartite struc-
ture combining sequential pattern recognition and feature
learning capabilities. The first module employs dynamic se-
quence representations through SeqVec—a protein-optimized
implementation of ELMo’s contextual embedding framework.
Unlike standard word embeddings, this biological adaptation
utilizes bidirectional long short-term memory (LSTM) net-
works trained on UniRef50’s massive unannotated protein se-
quences to derive position-aware residue encodings. Through
unsupervised learning on evolutionary-scale data, the system
distills biophysical characteristics and long-range interdepen-
dencies into 1024D vectors that holistically represent each
amino acid’s chemical, structural, and functional attributes.
These context-rich embeddings subsequently feed into a par-
allel feature extraction network. A convolutional neural net-
work branch applies multi-scale filters with max-pooling to
detect conserved local patterns indicative of DR hotspot sig-
nals, such as sequence motifs. Simultaneously, a bidirectional
LSTM processes sequential relationships across variable-
length peptide segments, enhanced by trainable position-
specific embedding vectors that complement the pre-trained
SeqVec features. The architecture implements cross-modal fu-
sion through stacked dense layers that hierarchically inte-
grate spatial-convolutional features with temporal-recurrent
patterns. Final classification occurs through a fully connected
output layer distinguishing DR hotspots from non-functional
peptide fragments. Training employed Adam optimization
(learning rate = 0.001, beta_1 = 0.9, and beta_2 = 0.999)
with early stop control (patience = 10).

Model evaluation

The performance of Dr. Kinase was comprehensively evalu-
ated with a rigorous validation framework that encompasses
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both CV techniques and independent test sets. First, five-fold
CV, a widely used technique in machine learning, assessed
the model’s performance on the training dataset. Then, re-
ceiver operating characteristic (ROC) curves and the corre-
sponding AUC values were constructed for each CV, and five
ROC curves were generated, and subsequently, a mean ROC
curve was calculated, ensuring that each of the five models
carried equal weight. In order to assess the model’s generaliz-
ability, ROC curves and AUC values were calculated using in-
dependent datasets. Additionally, we employed PremPLI [11]
to quantify the binding free energy of interaction between
the KIs and PKs, thereby characterizing the alterations in
binding affinity and conformation induced by actionable DR
mutations.

DR analysis

As previously described [9, 10], the predicted PK hotspots
were mapped to mutation loci in the Genomics of Drug Sensi-
tivity in Cancer (GDSC) [12] dataset. Treatment groups were
defined as combinations of Kinase:Drug:Cancer:Sub-tissue.
Each treatment group could contain multiple cell lines, with
each line potentially harboring specific mutations. Within
each treatment group, cell lines were divided into two com-
parison groups:

Group 1 (G1): Cell lines with mutations in the identified
substructure hotspots, or in the second setting, cell lines that
possess secondary mutations in addition to a primary muta-
tion in any of the four substructure regions.

Group 2 (G2): Cell lines without mutations in any of the
four substructure regions, or in a second setting, cell lines with
a primary mutation in the substructures.

To assess drug resistance, the ICsy values were calcu-
lated for each group. Increased resistance was inferred when
the average ICsyp of G1 was greater than that of G2 [(i.e.
median(ICsp, G1) > median(ICsp, G2) and fold change
(FC) = 1.9)].

Functional annotations

The basic information of source protein was obtained to dis-
play from the UniProt database [13]. The mutation datasets
were curated and mapped from five cancer-related resources,
including The Cancer Genome Atlas [14], International Can-
cer Genome Consortium [15], Catalogue of Somatic Muta-
tions in Cancer [16], Cancer Cell Line Encyclopedia [17],
and GDSC [12]. Then, the structure information of pro-
teins is mapped from the Protein Data Bank (PDB) database
[18]. The kinase—substrate relations were collected from Phos-
phoSitePlus [19], to model the kinase-substrate network.
Our computational framework quantified 10 biophysical de-
scriptors across the loci of DR hotspots. Structural dynam-
ics profiling incorporated amino acid flexibility profiles de-
rived through DynaMine software [20]. Secondary struc-
ture elements (a-helical/coiled-coil) and surface exposure in-
dices were calculated via SPIDER2 [21]. Intrinsic disorder
quantification was performed using IUPred algorithms [22].
ANCHOR-based binding site prediction [23] provided in-
terfacial interaction potentials for DR hotspots. Evolution-
ary conservation metrics originated from orthologous se-
quence alignments generated through BioWare’s Gopher plat-
form [24]. Domain annotations were cross-referenced against
Pfam’s curated repository [25]. Post-translational modifica-
tion landscapes were systematically mapped by integrating

two resources: phosphorylation events from the Eukaryotic
Phosphorylation Sites Database [26] and lysine modification
records extracted from Protein Lysine Modification Database
(PLMD) [27].

Web server implementation

The standard model-view-controller (MVC) framework, a
prevalent approach in contemporary web application design
[28, 29], was used to develop the web server of Dr. Kinase.
Three core logical components, namely “Prediction,” “Re-
sults,” and “Controller,” collectively constitute the Dr. Kinase
system. On the backend, the prediction system controls the
execution of submitted jobs to predict DR hotspots of PKs.
On the frontend, the “Prediction” module enables user in-
teractions with the system through two prediction modes,
“Hotspot mode” and “Mutation mode.” Then, the “Con-
troller” component plays a pivotal role in the validation of
input data’s format, transfer of data from the frontend to
the backend interface, and execution of predictive models,
and delivering the results to the “Results” page. The “Re-
sults” page provides the feature properties and functional
annotations for DR hotspots and source PKs. Specifically,
the properties of DR hotspots calculated by Dr. Kinase are
provided for users. An amalgamation strategy of HTMLS,
CSS3, JavaScript, and PHP was adopted to ensure a responsive
server. jQuery and zTree, JavaScript libraries, were employed
to leverage Ajax technology for seamless communication. Ad-
ditionally, 3Dmol.js [30], ProViz tool [31], and Cytoscape.js
[32] were used for the presentation of additional annotations.

Results

Overview of the Dr. Kinase framework

Dr. Kinase was designed specifically to predict the locus of
four DR hotspots for PKs and infer mutation effects for these
regions in our previously published studies [9, 10], utilizing
the advantages of deep hybrid learning technology and multi-
modal features (Fig. 1). First, we curated the substructure lo-
cus information of gatekeeper, G-loop, «C-helix, and A-loop
from our KinaseMD [9] database (Fig. 1). The peptides cen-
tered around the hotspot region were processed as input. Sub-
sequently, multimodal features, integrating sequence, evolu-
tion, and structure, were considered to extract for model train-
ing (Fig. 1). Then, we utilized a deep hybrid architecture, com-
prising a protein language model, word embedding, convolu-
tion, and BLSTM, to leverage the full potential of these ad-
vanced networks and their ability to extract high-level features
from protein sequences (Fig. 1). Specifically, the deep learning
architecture (e.g. layer type, output shape) is schematically de-
picted in Supplementary Fig. S1. Furthermore, by having this
Al model built in, our tool is able to assess and quantify the
effects of mutations on these important functional regions.
Last, the interactive web server, comprising the prediction,
presentation of results, functional annotations, and visualiza-
tions of DR hotspots, was constructed for users (Fig. 1). Taken
together, Dr. Kinase provides a comprehensive server for re-
searchers to functional and applied aspects of DR hotspots.

Performance evaluation of Dr. Kinase

Based on the collected information on drug resistance
hotspots, we analyzed the amino acid preference and length
of different hotspots (Supplementary Fig. S2). More specif-
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Figure 1. The overall framework of Dr. Kinase. Four types of DR hotspots, including gatekeeper, G-loop, «C-helix, and A-loop, were curated. After the
encoding of multimodal features, a deep hybrid learning algorithm was designed and evaluated. Then, the web server of Dr. Kinase was constructed for

prediction, annotations, and visualizations for DR hotspots.

ically, there are significantly more methionine (M), threo-
nine (T), leucine (L), and phenylalanine (F) residues on gate-
keeper (Supplementary Fig. S2A). In addition, we found that
L-glutamate (E), valine (V), isoleucine (I), and glycine (G) were
significantly enriched upstream and downstream of the gate-
keeper (Supplementary Fig. S2B). In addition, for A-loop,
G-loop, and «C-helix, we count their most likely sequence
lengths (Supplementary Fig. S2C-E). For example, the most
representative lengths of A-loop are 24 and 12 (Supplemen-
tary Fig. S2C), which is also the length of the peptide library
they cut into when making their predictions.

Understanding the structural characteristics of drug resis-
tance hotspots is crucial for predicting their resistance poten-
tial and unraveling their functional implications. To character-
ize the structure characteristics of drug resistance hotspots, we
analyzed the curated, experimentally validated hits by com-
paring them to the background dataset comprising a consid-
erable number of randomly selected peptides with the same
length as the drug resistance hotspots. We employed vari-
ous structural bioinformatics algorithms and tools to identify
common structural properties (Fig. 2 and Supplementary Fig.
S3). Gatekeeper and its surrounding sequences were more
evolutionarily conservative and enriched in functional do-
mains (Fig. 2A). Remarkably, the known gatekeepers exhib-
ited a lower degree of solvent accessibility and protein dis-
order compared to the random peptides (Fig. 2A). Further-
more, known gatekeepers were found to be preferentially lo-
cated in higher flexibility regions and had higher binding
stability (Fig. 2A). Additionally, the analysis revealed a spe-
cific preference of gatekeeper for coiled-coil and sheet regions

rather than «-helix regions (Fig. 2A). Sequences of A/G loops
were more evolutionarily conservative and enriched in func-
tional domains as well (Fig. 2A). On the contrary, they were
found to be preferentially located in protein disordered re-
gions, highlighting their distinctive localization patterns (Fig.
2A). For aC-helix, the analysis revealed a specific preference
of a-helix regions rather than coiled-coil and sheet regions
(Fig. 2A). It was also observed that «C-helix tends to oc-
cur in lower flexibility regions. These findings provided valu-
able insights into the structural characteristics of drug resis-
tance hotspots and indicate potential determinants for their
recognition.

The performance of Dr. Kinase was evaluated by the AUC
values through the five-fold CV approach (Supplementary Fig.
S4) and demonstrated its great predictive capabilities. Dr.
Kinase obtained an average AUC value of 0.96 in predict-
ing four types of DR hotspots, ranging from 0.92 to 0.99
(Supplementary Fig. S3, gatekeeper: 0.99, G-loop: 0.95, A-
loop: 0.96, «C-helix: 0.92), indicating consistent and reliable
performance. Additionally, Dr. Kinase achieved an average
AUC value of 0.93 among different DR hotspots (Fig. 2B,
gatekeeper: 0.98, G-loop: 0.95, A-loop: 0.91, «C-helix: 0.89),
validated with an independent testing dataset. To further eval-
uate the model’s ability to handle unseen kinases, we per-
formed kinase-level blind splitting, and obtained an average
AUC of 0.98 among different DR hotspots (Supplementary
Fig. S5, gatekeeper: 0.99, G-loop: 0.94, A-loop: 0.99, «C-
helix: 0.98) with an independent testing dataset. These results
suggested the robustness and accuracy of Dr. Kinase in pre-
dicting DR hotspots in PKs.
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Figure 2. Performance of Dr. Kinase based on the deep hybrid learning. (A) The statistics of multiple characteristic features, including solvent
accessibility (S.A.), disorder, flanking conservation (FCONS), coil, anchor, e-helix, and 3-sheet, for the known four types of DR hotspot instances and
random peptides. (B) ROC curves of Dr. Kinase in an independent testing dataset. Binding free energy analysis for the drug afatinib (PDB code: 4G5J)

that binds to EGFR (C) and nilotinib (PDB code: 3CS9) that binds to ABL1 (D).

To delineate mutation-induced alterations in kinase-
inhibitor interactions, we performed binding free energy cal-
culations using PremPLI [11] on wild-type versus mutant PKs.
For EGFR-targeting agents, afatinib (PDB: 4G5]J), forming co-
valent bonds with CYS797, exhibited reduced binding affin-
ity (AAG = +0.58 kcal/mol) under L858R/T790M double
mutation (Fig. 2C). Gefitinib (PDB: 21TY) exhibited an analo-
gous destabilization result (Supplementary Fig. S6), confirm-
ing mutation-driven resistance mechanisms across EGFR in-
hibitors. In ABL1 complexes, nilotinib (PDB: 3CS9) demon-
strated affinity loss (AAG = +1.15 kcal/mol) upon T3151
mutation (Fig. 2D), consistent with clinical resistance profiles.
Both of the above gatekeeper loci can be predicted by Dr. Ki-
nase (they are excluded from the training set).

The usage of Dr. Kinase web server

The web server of Dr. Kinase was designed and developed
specifically for predicting four DR hotspots of PKs, with a
modular and user-friendly manner (Fig. 3 and Supplementary
Fig. S7). Two prediction modes, “Hotspot mode” and “Mu-
tation mode,” were alternative to predict the loci of four DR
hotspots and assess the effects of mutations on DR hotspots,
respectively. For the former, two formats, selection from a

clickable and searchable hierarchical classification tree of PKs
and input with PK sequence(s), are used to input single or mul-
tiple PKs (Fig. 3A). Then, one or more hotspot types can be
submitted, more parameters are optional for the calculation
of property or choice of protein language model (Fig. 3A).
The prediction results will be automatically visualized by a
3D structural model, a line chart, and a tabular list with de-
tailed information, including “DR hotspot type,” “Hotspot
instance,” “Position,” “Score,” and “Detail” (Fig. 3B). And
Then, the structural and physicochemical features of predicted
DR loci and information of source protein (Fig. 3C and D)
could be viewed by clicking the “Detail” button.

In addition to the basic predictions, integrated annotations
of DR hotspots and source PKs, including cancer mutations,
3D structure, multiple sequence alignment (MSA) in species,
and kinase—substrate networks, were processed and visualized
(Fig. 3D-G). The structure of DR hotspot and source pro-
tein is presented with 3Dmol.js [30] (Fig. 3D), and the can-
cer mutation map was represented with a needle plot (Fig.
3E). Moreover, the MSA of DR hotspot and source protein
are visualized to view the sequence conservation with the
ProViz tool [31] (Fig. 3F), and the substrates of source PK are
provided in a table and an interactive network with the Cy-
toscape.js [32] (Fig. 3G). Moreover, the “Mutation mode” was
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Figure 3. The usage of the Dr. Kinase web server. (A) The example input of PKs and DR hotspot types in the “Prediction” page. (B) The prediction
results for the example. (C) The structural and physicochemical features of the DR hotspot. The annotations for predicted DR hotspots and source PK,
including basic information and structural visualization (D), cancer mutation map (E), MSA viewer (F), and the substrate network (G).

constructed to infer mutation effects for four DR hotspots,
based on the PK selection from the clickable and search-
able hierarchical classification tree and mutation input of se-
lected PKs (Supplementary Fig. S7A). After submitting jobs,
the score changes before and after mutation, as well as 3D
structural model and line chart that were returned to fur-
ther infer actionable mutations may be associated with DR
(Supplementary Fig. S7B). Taken together, Dr. Kinase is a use-
ful server for predicting four DR hotspots of PKs, allowing
researchers to study DR mechanism of KIs and develop next-
generation Kls.

Discussion

PKs are involved in almost all biological processes and have
been prominent targets for modern drug discovery against
cancer and diseases. However, PKs targeted by small-molecule
inhibitors develop resistance through mutations in four types
of representative mutation hotspots (gatekeeper, G-loop, xC-
helix, and A-loop). In this regard, the identification of DR
hotspots is the foundation for understanding the mechanisms
of DR and developing next-generation Kls. In this study, we
report a web server, called Dr. Kinase, for predicting four DR
hotspots for PKs, through the integrated multimodal features
and deep hybrid learning strategy. Notably, Dr. Kinase showed

excellent accuracy for different types of DR hotspot predic-
tions, in both five-fold CV and independent testing. Further-
more, Dr. Kinase web server also provides functional anno-
tations and visualizations of structural and physicochemical
features for the DR hotspots and source proteins. In addi-
tion, for any mutation within a potential DR-related region,
the model calculates the score change before and after muta-
tion, and further infers actionable mutations may be associ-
ated with DR. In summary, Dr. Kinase would serve users to
predict DR hotspots on PKs, for further analysis of DR mech-
anism and drug development.

We further demonstrated the tool application by integrat-
ing our tool’s prediction with the GDSC dataset (drug re-
sponse data for 621 compounds across 1000+ cancer cell
lines), which revealed new drug resistance events linked to
mutations in predicted hotspots. We first used a model to pre-
dict DR hotspots across the entire human kinome. This re-
vealed potential functional regions with drug resistance po-
tential (Supplementary Table S1). By integrating these predic-
tions with the drug sensitivity data in the GDSC, we iden-
tified over 1000 drug resistance events, i.e. increased resis-
tance (FC > 1.5), for treatment groups linked to mutations
in predicted hotspots (Supplementary Table S1). For exam-
ple, EGFR L858R/T790M double mutation showed a AAG
= +0.58 kcal/mol for afatinib and gefitinib binding, aligning
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with GDSC-derived ICsq shifts (>20-fold and 800-fold resis-
tance). The pan-kinome predictions also enable pre-screening
patient mutations to avoid therapies prone to resistance.

In the future, we will continuously extend the benchmark
dataset and improve the performance of Dr. Kinase when
newly identified DR hotspots are discovered. Meanwhile,
we will adopt more useful features and machine learning
frameworks to improve Dr. Kinase models. Moreover, the
web server of Dr. Kinase will be persistently maintained and
improved, such as interface and visualization.

Acknowledgements

Author contributions: Shaofeng Lin (Methodology, Visualiza-
tion, Writing—original draft), Chao Tu (Data curation, Inves-
tigation, Software), Ruifeng Hu (Formal analysis, Software,
Visualization) Haiji Wang, Zongcheng Dong, Hui Luo (Val-
idation, Visualization) Lan Kuang, Tao Wang, Liming Wang
(Visualization), Zhongming Zhao, Zhihong Li, and Haodong
Xu (Conceptualization, Supervision, Writing—review &
editing)

Supplementary data
Supplementary data is available at NAR online.

Conflict of interest

None declared.

Funding

This work was supported by the Natural Science Founda-
tion of China [32300528, 32300520, and 82272664]; the Sci-
ence and Technology Innovation Program of Hunan province
[2023RC3080 and 2023RC3085]; the Excellent Youth Foun-
dation of Hunan Scientific Committee [2024]]J2084]; the Sci-
entific Research Fund of Hunan Provincial Education De-
partment [23B0023 and 24A0008]; Hunan Provincial Health
High-Level Talent Scientific Research Project (R2023054);
and Scientific Research Foundation for Advanced Talents
of Fujian Medical University [XRCZX2022015]. Funding
to pay the Open Access publication charges for this article
was provided by the Natural Science Foundation of China
[32300528].

Data availability

Dr. Kinase can be accessed freely at http://modinfor.com/
drkinase and the source at https:/github.com/BioDataStudy/
DrKinase (permanent DOI: 10.5281/zenodo.15200413).

References

1. Manning G, Whyte DB, Martinez R et al. The protein kinase
complement of the human genome. Science 2002;298:1912-34.
https://doi.org/10.1126/science. 1075762

2. Chen M, Zhang W, Gou Y et al. GPS 6.0: an updated server for
prediction of kinase-specific phosphorylation sites in proteins.
Nucleic Acids Res 2023;51:W243-50.
https://doi.org/10.1093/nar/gkad383

10.

11.

12.

13.

14.

15.

16.

17.

18.

20.

21.

. Manning BD, Toker A. AKT/PKB signaling: navigating the

network. Cell 2017;169:381-405.
https://doi.org/10.1016/j.cell.2017.04.001

. Roskoski R Jr. Properties of FDA-approved small molecule protein

kinase inhibitors: a 2024 update. Pharmacol Res
2024;200:107059. https://doi.org/10.1016/j.phrs.2024.107059.

. Carles F, Bourg S, Meyer C et al. PKIDB: a curated, annotated and

updated database of protein kinase inhibitors in clinical trials.
Molecules 2018;23:908.
https://doi.org/10.3390/molecules23040908

. Miller GD, Bruno BJ, Lim CS. Resistant mutations in CML and

Ph(+)ALL—role of ponatinib. Biologics 2014;8:243-54.
https://doi.org/10.2147/btt.S50734

. Shah NP, Nicoll JM, Nagar B et al. Multiple BCR-ABL kinase

domain mutations confer polyclonal resistance to the tyrosine
kinase inhibitor imatinib (STI571) in chronic phase and blast crisis
chronic myeloid leukemia. Cancer Cell 2002;2:117-25.
https://doi.org/10.1016/s1535-6108 (02)00096-x

. Scheeff ED, Eswaran J, Bunkoczi G et al. Structure of the

pseudokinase VRK3 reveals a degraded catalytic site, a highly
conserved kinase fold, and a putative regulatory binding site.
Structure 2009;17:128-38.
https://doi.org/10.1016/j.str.2008.10.018

. Hu R, Xu H, Jia P et al. KinaseMD: kinase mutations and drug

response database. Nucleic Acids Res 2021;49:D552-61.
https://doi.org/10.1093/nar/gkaa945

Kim P, Li H, Wang ] et al. Landscape of drug-resistance mutations
in kinase regulatory hotspots. Brief Bioinform 2021;22:bbaa108.
https://doi.org/10.1093/bib/bbaa108

Sun T, Chen Y, Wen Y et al. PremPLI: a machine learning model
for predicting the effects of missense mutations on protein-ligand
interactions. Commun Biol 2021;4:1311.
https://doi.org/10.1038/s42003-021-02826-3.

Yang W, Soares ], Greninger P et al. Genomics of Drug Sensitivity
in Cancer (GDSC): a resource for therapeutic biomarker discovery
in cancer cells. Nucleic Acids Res 2013;41:D955-61.
https://doi.org/10.1093/nar/gks1111

UniProt Consortium. UniProt: the Universal Protein
Knowledgebase in 2025. Nucleic Acids Res 2025;53:D609-17.
https://doi.org/10.1093/nar/gkae1010

Sanchez-Vega F, Mina M, Armenia J et al. Oncogenic signaling
pathways in The Cancer Genome Atlas. Cell 2018;173:321-37.
https://doi.org/10.1016/j.cell.2018.03.035

Hudson TJ, Anderson W, Artez A et al. International network of
cancer genome projects. Nature 2010;464:993-8.
https://doi.org/10.1038/nature08987

Sondka Z, Dhir NB, Carvalho-Silva D et al. COSMIC: a curated
database of somatic variants and clinical data for cancer. Nucleic
Acids Res 2024;52:D1210-7. https://doi.org/10.1093/nar/gkad986
Ghandi M, Huang FW, Jané-Valbuena J et al. Next-generation
characterization of the Cancer Cell Line Encyclopedia. Nature
2019;569:503-8. https://doi.org/10.1038/s41586-019-1186-3
Burley SK, Bhatt R, Bhikadiya C ez al. Updated resources for
exploring experimentally-determined PDB structures and
computed structure models at the RCSB Protein Data Bank.
Nucleic Acids Res 2025;53:D564-74.
https://doi.org/10.1093/nar/gkae1091

. Hornbeck PV, Zhang B, Murray B et al. PhosphoSitePlus, 2014:

mutations, PTMs and recalibrations. Nucleic Acids Res
2015;43:D512-20. https://doi.org/10.1093/nar/gku1267

Cilia E, Pancsa R, Tompa P et al. The DynaMine webserver:
predicting protein dynamics from sequence. Nucleic Acids Res
2014;42:W264-70. https://doi.org/10.1093/nar/gku270

Yang Y, Heffernan R, Paliwal K ez al. SPIDER2: a package to
predict secondary structure, accessible surface area, and
main-chain torsional angles by deep neural networks. Methods
Mol Biol 2017;1484:55-63.
https://doi.org/10.1007/978-1-4939-6406-2_6

GZ0z 1snbny | uo Jasn Aeiqi] ABojouyoa | @ 9o0uaIog |euoneN Aq 0GEZL8/8GZM/ LA/ES/a101WE/Jeu/w oo dnoolwapede//:sdiy wouy papeojumoq


https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf366#supplementary-data
http://modinfor.com/drkinase
https://github.com/BioDataStudy/DrKinase
https://doi.org/10.1126/science.1075762
https://doi.org/10.1093/nar/gkad383
https://doi.org/10.1016/j.cell.2017.04.001
https://doi.org/10.1016/j.phrs.2024.107059
https://doi.org/10.3390/molecules23040908
https://doi.org/10.2147/btt.S50734
https://doi.org/10.1016/s1535-6108%20(02)00096-x
https://doi.org/10.1016/j.str.2008.10.018
https://doi.org/10.1093/nar/gkaa945
https://doi.org/10.1093/bib/bbaa108
https://doi.org/10.1038/s42003-021-02826-3
https://doi.org/10.1093/nar/gks1111
https://doi.org/10.1093/nar/gkae1010
https://doi.org/10.1016/j.cell.2018.03.035
https://doi.org/10.1038/nature08987
https://doi.org/10.1093/nar/gkad986
https://doi.org/10.1038/s41586-019-1186-3
https://doi.org/10.1093/nar/gkae1091
https://doi.org/10.1093/nar/gku1267
https://doi.org/10.1093/nar/gku270
https://doi.org/10.1007/978-1-4939-6406-2_6

22.

23.

24.

25.

26.

27.

Erdds G, Pajkos M, Dosztinyi Z. IUPred3: prediction of protein
disorder enhanced with unambiguous experimental annotation
and visualization of evolutionary conservation. Nucleic Acids Res
2021;49:W297-303. https://doi.org/10.1093/nar/gkab408
Mészéros B, Simon I, Dosztanyi Z. Prediction of protein binding
regions in disordered proteins. PLoS Comput Biol
2009;5:¢1000376. https://doi.org/10.1371/journal.pcbi.1000376.
Lee TJ, Pouliot Y, Wagner V et al. BioWarehouse: a bioinformatics
database warehouse toolkit. BMC Bioinformatics 2006;7:170.
https://doi.org/10.1186/1471-2105-7-170

Mistry J, Chuguransky S, Williams L et al. Pfam: the protein
families database in 2021. Nucleic Acids Res 2021;49:D412-9.
https://doi.org/10.1093/nar/gkaa913

Lin S, Wang C, Zhou ] et al. EPSD: a well-annotated data resource
of protein phosphorylation sites in eukaryotes. Brief Bioinform
2021;22:298-307. https://doi.org/10.1093/bib/bbz169

Xu H, Zhou J, Lin S et al. PLMD: an updated data resource of
protein lysine modifications. | Genet Genomics 2017;44:243-50.
https://doi.org/10.1016/j.jgg.2017.03.007

28.

29.

30.

31.

32.

DR hotspots prediction with Dr. Kinase =~ W265

Xu H, Hu R, Jia P et al. 6mA-Finder: a novel online tool for
predicting DNA N°®-methyladenine sites in genomes.
Bioinformatics 2020;36:3257-9.
https://doi.org/10.1093/bioinformatics/btaal13

Zheng M, Lin S, Chen K et al. MetaDegron: multimodal
feature-integrated protein language model for predicting E3 ligase
targeted degrons. Brief Bioinform 2024;25:bbae519.
https://doi.org/10.1093/bib/bbae519

Rego N, Koes D. 3Dmol.js: molecular visualization with WebGL.
Bioinformatics 2015;31:1322-4.
https://doi.org/10.1093/bioinformatics/btu829

Jehl P, Manguy J, Shields DC et al. ProViz—a web-based
visualization tool to investigate the functional and evolutionary
features of protein sequences. Nucleic Acids Res 2016;44:W11-5.
https://doi.org/10.1093/nar/gkw265

Franz M, Lopes CT, Fong D et al. Cytoscape.js 2023 update: a
graph theory library for visualization and analysis. Bioinformatics
2023;39:btad031.
https://doi.org/10.1093/bioinformatics/btad031.

Received: March 5, 2025. Revised: April 13,2025. Editorial Decision: April 16, 2025. Accepted: April 23,2025

© The Author(s) 2025. Published by Oxford University Press on behalf of Nucleic Acids Research.

This is an Open Access article distributed under the terms of the Creative Commons Attribution-NonCommercial License (https://creativecommons.org/licenses/by-nc/4.0/), which permits
non-commercial re-use, distribution, and reproduction in any medium, provided the original work is properly cited. For commercial re-use, please contact reprints@oup.com for reprints and
translation rights for reprints. All other permissions can be obtained through our RightsLink service via the Permissions link on the article page on our site—for further information please contact
journals.permissions@oup.com.

GZ0z 1snbny | uo Jasn Aeiqi] ABojouyoa | @ 9o0uaIog |euoneN Aq 0GEZL8/8GZM/ LA/ES/a101WE/Jeu/w oo dnoolwapede//:sdiy wouy papeojumoq


https://doi.org/10.1093/nar/gkab408
https://doi.org/10.1371/journal.pcbi.1000376
https://doi.org/10.1186/1471-2105-7-170
https://doi.org/10.1093/nar/gkaa913
https://doi.org/10.1093/bib/bbz169
https://doi.org/10.1016/j.jgg.2017.03.007
https://doi.org/10.1093/bioinformatics/btaa113
https://doi.org/10.1093/bib/bbae519
https://doi.org/10.1093/bioinformatics/btu829
https://doi.org/10.1093/nar/gkw265
https://doi.org/10.1093/bioinformatics/btad031

	Graphical abstract
	Introduction
	Materials and methods
	Results
	Discussion
	Acknowledgements
	Supplementary data
	Conflict of interest
	Funding
	Data availability
	References

