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ABSTRACT
Despite the endeavours and achievements made in treating can-
cers during the past decades, resistance to available kinase drugs 
continues to be a major problem in cancer therapies. Thus, it is 
highly desirable to develop computational models that can predict 
the bioactivity of a compound against cancer kinases. Here, we 
present a Long Short-Term Memory (LSTM) framework for predict-
ing the activities of lead molecules against seven different kinases. 
A total of 14,907 compounds from the ChEMBL database were 
selected for model building. Two different molecular representa-
tions, namely, 2D descriptors and MACCS fingerprints were sub-
jected to the LSTM method for the training process. We also 
successfully integrated an attention mechanism into our model, 
which helped us to interpret the contribution of chemical features 
on kinase activity. The attention mechanism extracted the signifi-
cant chemical moieties more effectively by taking them into con-
sideration during the activity prediction. The recorded accuracies in 
the test sets for both 2D descriptors and MACCS fingerprints-based 
models were 0.81 and 0.78, respectively. The receiver operating 
characteristic curve (ROC)-area under the curve (AUC) score for 
both models was in the range of 0.8–0.99. The proposed framework 
can be a good starting point for the development of new cancer 
kinase drugs.
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Introduction

Cancers are a large group of diseases that mostly emerge because of the unregulated 
action of many different genes in human cells [1,2]. There are various types of cancers that 
can be classified depending on the origin and organ of the body. Despite great advances 
in cancer diagnosis, prevention, and detection, the disease is expected to be the leading 
cause of death worldwide. Protein phosphorylation plays a critical role in cell cycle, 
growth, apoptosis, and signal transduction pathways as many enzymes are activated or 
deactivated by phosphorylation and dephosphorylation events, by means of kinases and 
phosphatases. Protein kinases are important mediators of the signal transduction process, 
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leading to cell proliferation, differentiation, migration, metabolism, and programmed cell 
death [3]. In particular, protein kinase dysfunctions have been associated with the devel-
opment of various types and subtypes of human cancers. There are several ways for 
kinases to participate in cancers: unregulated expression or amplification, abnormal 
phosphorylation, mutation, and epigenetic regulation, thus emerged as one of the most 
successful drug targets to combat the cancer treatments [3,4]. They catalyse the transfer 
of phosphate moieties from high-energy, phosphate-donating molecules (i.e. ATP) to 
target protein which is significant for regulating the cellular and enzymatic function. 
Human kinases can be classified based on their phosphorylation patterns. Most of the 
kinases act on serine or threonine and tyrosine, of which tyrosine kinases make up the 
majority of all kinases, and are the most widely studied [5,6]. Deregulation of the kinase 
activity can result in striking changes in these processes and can be important for the 
survival and spread of cancer cells [7]. It is worth notable that kinases such as EGFR, HGFR, 
mTOR, JAK, etc. are involved in the development of chronic lymphoid leukaemia, lym-
phoblastic leukaemia, mantle cell lymphoma, myelogenous lymphoma, and several other 
types of cancers [8–11]. Amplifications of these kinases are able to play diagnostic, 
prognostic and therapeutic as well as biomarker roles in various cancers [12,13]. 
Hepatocyte growth factor receptor (HGFR), belonging to the tyrosine kinase family, 
plays a major role in signalling transduction pathways and has been a potential drug 
target of lung cancer [14]. B-Raf is a Serine/Threonine protein kinase regulating the MAP 
kinase/ERK signalling pathway and has been identified in various cancers, including 
thyroid carcinoma, non-Hodgkin lymphoma and colorectal cancer [15]. SRC is a non- 
receptor tyrosine kinase involved in signal transduction in both normal and cancer cells 
[8]. It plays an important and similar role in multiple cancer types including breast cancer, 
pancreatic cancer, lung cancer, head and neck, and prostate cancer.

During the past decades, a remarkable progress has been made in the development 
of more potent and specific small-molecule kinase inhibitors against various cancer 
protein kinases [16–19]. These drugs have left a promising positive impact to improve 
the drug design strategies and therapy to treat the various cancers, although most of 
the developed kinase inhibitors show the affinity against a specific kinase target. 
Resistance to treatment with anticancer drugs results from multiple factors including 
mutations in target genes, elevated drug pump activity, and avoidance of apoptotic 
process, which is a major obstacle to the effective cancer treatment [6,20]. This led to 
the necessity to develop a sophisticated protocol for the development of kinase 
inhibitors as possible therapeutic agents. Recent advancement in computational strate-
gies like machine and deep learning methods enabled leaps in modelling the biological 
processes to find new disease-relevant targets and discovering novel drug candidates 
[21–24]. Significant efforts have been made to the development of various machine 
learning-based anti-kinase predictive models. Singh et al. developed a machine learn-
ing-based QSAR models for the identification of EGFR inhibitors [25]. Their data set 
comprised ~3500 molecules including; diverse scaffolds like quinazoline, pyrimidine, 
quinoline, and indole. Saini et al. [26] developed various machine learning-based 
classification models to identify new potent EGFR inhibitors against the resistant double 
mutants. Two hundred and fifty-four reversible compounds having activity against EGFR 
T790M/L858R double mutant were used in model development. Their model can 
distinguish the functional groups of high and low activity. Briem and Günther [27] 
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developed artificial neural network (ANN) based classification model for active and 
inactive kinase inhibitors. The training set contained 565 molecules labelled as ‘actives’ 
and 7194 as ‘inactive’. In addition, a test set of 504 compounds (204 actives and 300 
inactive) was put aside for validation purposes. Four different machine-learning meth-
ods (SVM, ANN, GA/kNN, and Recursive partitioning) were used for model development. 
SVM, followed in combination with GA/kNN, outperformed the other methods when 
comparing the average of individual models. However, by using the respective majority 
votes, ANN yielded the highest F1 value, followed by SVM. Alternatively, Vittorio et al. 
[28] built a structure based pharmacophore model to identify new inhibitors targeting 
mTOR kinase at rapamycin binding site. Developed model was further used to screen 
the ZINC database, containing compounds derived from natural sources. Zhang et al. 
[29] performed ta pharmacophore-based virtual screening and molecular docking to 
identify potential SRC inhibitors. While these models have achieved state-of-the-art 
performance on kinase activity prediction tasks, there is a need to develop models 
with a large amount of training data to encode relevant patterns into learned repre-
sentations. In the current study, using extended training data sets, we made an effort to 
develop deep learning architecture for predicting the biological activity of a novel 
compound against seven different cancer kinases. We also integrated an attention 
mechanism to strengthen the extraction of relevant features during the training pro-
cess. This study provides a glimpse of the underlying deep learning-based classification 
criteria, which is potentially beneficial for the screening and design of next-generation 
kinase inhibitors for clinical applications.

Materials and methods

OECD criteria

The Organization for Economic Co-operation and Development (OECD) had defined 
certain rules for the development of robust QSAR models [30]. A perfect predictive 
model should be associated with the following information: (1) Use of explicit algorithm, 
(2) Well defined applicability domain, (3) Rigorous evaluation of the predictability, and (4) 
Mechanistic interpretation. We have implemented these OECD principles in our study to 
ensure the robustness of developed predictive models.

Data sets

Activity data of seven different cancer kinases, including ERB1, mTOR, MAP-ERK2, B-Raf, 
JAKs, SRC, and HGFR, were collected from the ChEMBL database [31]. The activity end-
points for each entry in ChEMBL database was manually extracted from scientific pub-
lications and bioassays. The Compounds with ranged values such as “>“, “<“, ‘≤’, and ‘≥’ 
were removed from the data set. Further, if a single compound had more than one IC50 

value, then the highest of their values was taken into consideration. Compounds with IC50 

≤ 0.1 μM were labelled as ‘Active’, and IC50 > 0.1 μM as ‘Inactive’. We randomly divided the 
whole data set into two partitions: training and test sets with an 80:20 ratio. The training 
and test sets included 11,925 and 2,982 compounds, respectively (Tables S1 and S2 in the 
Supplementary Material).
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Descriptor calculation

Molecular descriptors and fingerprints have been routinely used for quantitatively or 
qualitatively representing the structural features of a drug [32]. We have calculated the 
molecular descriptors and MACCS (Molecular ACCess System keys) fingerprints using the 
PaDEL software [33]. ~1444 descriptors were calculated with PaDEL. To avoid any over-
fitting chance, the number of descriptors was reduced with the following criteria: (1) 
Descriptors that had zero values or zero variance for all compounds were removed. (2) For 
any pair of descriptors with a > 0.85 correlation, one descriptor was removed randomly. 
All these steps reduced the total number of descriptors to 149, which were used for model 
building.

Principal component analysis

Principal component analysis (PCA) is a primary method used for the analysis of high- 
dimensional data sets that contain hidden information [34]. We performed the PCA 
analyses using the ‘prcomp’ function from the R version 4.1.1 package. This essentially 
entails comparing the chemical space of compounds from the training set with those 
from the external set via the PCA scores plot.

Applicability domain

Applicability domain (AD) of the model is needed to avoid making predictions for 
compounds, which differ substantially from the training set molecules. The AD is used 
to estimate which compounds are suitable for model predictions and avoid unjustified 
extrapolation of predictions [35,36]. We proposed AD, as a similarity threshold for external 
compounds with the following calculation formula: 

AD ¼ Avþ Zσ 

where Av is an average of Euclidean distances between all compounds of the training set 
and σ is the standard deviation of these Euclidean distances. Z is an arbitrary parameter to 
control the significance level and considerably affects the number of compounds within 
the applicability domain. Increasing Z will include compounds that are more dissimilar in 
the AD. We set the value of Z to 0.6 to calculate the compounds within the AD of the 
models in the foreign test set. If the distance from an external molecule to the compound 
in the training set is above AD, then the prediction is considered unreliable.

Diversity index (DI)

The predictive performance of any classification model is highly dependent upon the 
diversity of the compound data set. Diversity is an average value of dissimilarity between 
all the pairwise compounds in the data set [37,38]. The value of diversity ranges from 0 to 
1 and the value of 1 denotes that all the pairwise compounds in the data set have a zero- 
valued similarity. The value closer to 1 denotes that the data set is sufficiently diverse [39]. 
We have used the ECFP4 fingerprints to calculate the diversity index (DI) of molecules in 
the training set. 
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Diversity Index DIð Þ ¼

PN
i� 1
PN

j� 1;j�i diss i; jð Þ

N N � 1ð Þ

where diss(i,j) is a measure of the dissimilarity between compounds i and j, and N is the 
number of compounds in the training set.

Modelling architecture

Figure 1 shows the overall workflow of the Long Short-Term Memory (LSTM) based 
activity prediction. LSTM is a special kind of recurrent neural network (RNN), capable of 
remembering information for long period of time [40]. They work tremendously well on 
a large variety of problem and recently become a viable and powerful technique in drug 
discovery and other bioinformatics applications [41]. Considering its advantages, we 
applied LSTM and an attention mechanism for predicting the kinase activity. The frame-
work was developed in Python 3.8 within the Anaconda 2020.11 (64-bit) environment. 
Other important libraries include Scikit-Learn 0.23.2, Keras 2.8.0, and Tensorflow 2.8. The 
hyperparameter setting is shown in Table 1. The hyperparameters were determined one 
by one, by yielding the best accuracy on the test set, while other parameters were kept 
fixed. Our models consist of four main components: (1) Compound representation layer 
for representing each compound by descriptors including the 2D descriptors and MACCS 
fingerprints. (2) Hidden layer for extracting the most informative level features. (3) 
Attention filter layer to capture context information and focus on the available significant 
features by attention mechanism. The attention probability score was calculated for each 

Figure 1. Proposed framework for cancer kinase activity prediction. Attention layer has been used for 
extracting the activity-specific features. The output from the attention layer is fed into a dense layer. 
SoftMax function was used to normalize all scores.

Table 1. Optimal hyperparameter for tuning.
Hyperparameter Value range Selected value

Batch size 32,64,128 32
Dropout 0.2, 0.3, 0.5 0.2
Learning rate 0.001, 0.0002, 0.00004 0.001
Optimizer ADAM ADAM
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feature and was used to quantify its influence on each feature with a respective target. (4) 
Classification or prediction layer to feed output from the attention layer into the output 
layer. This layer predicts the possible class of the given compound as an input.

Attention mechanism

The attention mechanism was used to concentrate on the most relevant part of the input 
vector. It was designed to extract the significant part from the input that is favourable to 
the outcome. It accomplishes this task by mapping a query and a set of key-value pairs to 
a weighted sum of the values, computed by the relationship of the query and the 
corresponding key. More specifically, given the query and associated key, the linear 
weights were computed based on some compatibility functions [42,43]. We can regard 
an attention mechanism part as a mapping of a query and key-value pairs to an output. An 
attention function of the query and the key is adopted to compute the weight of each 
value, then the output was determined as a weighted sum of the values. The attention 
weights were calculated by normalizing the output score of a feed-forward neural net-
work described by the function that captures the alignment between input and output. 
The maths behind the attention mechanism can be given as 

a i; tð Þ ¼ tanh W:h ið Þ þ bð Þ

where a(i,t) is an alignment score, W is trainable weight also called attention weight.
For every time step t, the alignment score a i; tð Þ is normalized using SoftMax function 

obtaining the attention weights e(i,t): 

e i; tð Þ ¼
exp a i; tð Þð Þ

PT
i ¼ 1 exp a i; tð Þð Þ

C tð Þ¼
XN

i ¼ 1
e i; tð Þ:h ið Þ

C(t) is the context vector that summarizes all of the information of input.

Model evaluation

The performance of the models was evaluated with matrices, namely, precision-macro, 
recall-macro, and F1-macro. Precision can be defined as the ratio of correctly predicted 
positive compounds to the total predicted positive compounds. The precision value falls 
between 0 and 1, a perfect precision should be 1. The recall is the ratio of correctly 
predicted positive compounds to all number of compounds. F1 score is the weighted 
average of precision and recall values. This evaluation criterion takes both false positives 
and false negatives predictions. F1-score means that the classifier has low false positives 
and low false negatives. An F1-score is considered to be perfect when its value is 1. AUC is 
used in the classification analysis to determine which of the used models predicts the 
classes best. Such matrices are more sensitive towards the class imbalance and are 
recommended for multiclass models’ evaluation [44]. Model quality was also assessed 
with the receiver operating characteristic (ROC) plot and area under the curve (AUC) 
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[45,46]. A ROC curve is an evaluation metric to quantify the performance of binary 
classification problems at various threshold settings. The area under the curve (AUC) is 
used to measure the ability of a classifier to distinguish between classes [45,46]. 

Accuracy ¼
No: of correctly predicted compounds

Total No: of compounds 

Precision Macro½ � ¼

Pn
i

TPi
TPiþFPi

n 

Recall ½Macro� ¼
Pn

i
TPi

TPiþFNi
n 

F1 Macro½ � ¼
2 � Precision ½Macro� � Recall ½Macro�

Precision ½Macro� þ Recall ½Macro�

where TP, FP, TN, and FN are assigned as the numbers for true positive, false positive, true 
negative, and false negative respectively.

Results

Applicability domain and diversity index

The computed value of DI based on ECFP4 fingerprints for compounds in the training set was 
~0.7, which indicates that the selected compounds are structurally diverse. However, with 
z = 0.6, as described in the Material and Methods section, the value of AD estimated from the 
compounds belonging to the training set was 9.09. The main advantage of these methods is 
to set the model applicability with broad chemical space, thus increasing the chance, that, the 
predicted compound is diverse and reliable, thereby, minimizing the chance of false positive.

PCA analyses

PCA bounding box approach [47] in which the chemical space spanned by the training set 
was compared to that of the test set (Figure 2(a)). It was found that the chemical space 
spanned by the test set (except a few) fell within the boundaries of the chemical space of 
the training set and thus was also deemed to be within the applicability domain of the 
developed predictive model. Moreover, the relative chemical space spanned by compounds 
from training and test sets was seen to share a reasonable similarity (Figure 2(b)). Out of 512 
PCs, first two PC1 (6.8%) and PC2 (5.3%) found to have the highest variations in training set. 
However for test set, PC1 and PC2 showed 6.2% and 4.1% variations, respectively.

Model development

The optimal collection of hyper-parameters is listed in Table 1. The training loss and 
validation loss decreased to a point of stability, as an indication that all the parameters 
have been tuned optimally (Figure 3). The loss could be considered to be the confidence 
of a model has in the predictions, whereas accuracy is the number of correct predictions 
by the model. Generally speaking, the lower the loss, the higher the accuracy [48]. In our 
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Figure 2. Chemical space analyses. (a) PCA plot of the training set (Orange) and test set (dodgerblue) 
compounds, (b) Plot of the molecular weight versus lipophilicity for the training set (Orange) and test 
set (dodgerblue) compounds.

Figure 3. Plot of loss and accuracy of LSTM models on training and test sets. (a and b) 2D descriptors 
model. (c and d) MACCS fingerprints model.
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case both models exhibited a small generalization gap between training and test set 
losses, however, they did not show a high degree of overfitting (Figure 3). The 
recorded accuracies in the test sets for both 2D descriptors and MACCS fingerprints- 
based models were 0.81 and 0.78, respectively (Table 2). The precision scores were 
0.80 and 0.79 for LSTM-2D descriptors and LSTM-MACCS fingerprints, respectively. In 
our case, F1-score obtained with 2D descriptors is 0.82, whereas for MACCS finger-
prints it is 0.80 (Table 2). The AUC scores for both models were excellent since all 
AUCs values were higher than 0.9 (except for inactive compounds) (Figure 4). We 
also plotted the probability scores for all kinase targets along with inactive and 
falsely predicted molecules. Here, we used the ‘OnevsAll’ strategy to compare the 
probability scores distributions from 2D descriptors and MACCS fingerprints-based 
models. Figure 5 (A-D) shows that the probability distribution of each kinase has 
a large peak at the high probability end (>0.80). In our study, probability distribu-
tions were found to be similar for both the training and test sets. This means that 
our training procedure works quite well and the features used in modelling process 
are good enough in predicting the activity of a compound.

Assessment of attention mechanism

The attention mechanism was successfully implemented in our framework. By using 
the attention mechanism, we quantified the influence of each feature on the kinase 
activity prediction. This allowed us to establish the relationship between descriptors 
and target activity, more appropriately. Figure 6 (a,b) illustrates the contribution of 
descriptors and MACCS fingerprints in kinase activity prediction. As shown in 
Figure 6, descriptors like; nHeteroRing, n6HeteroRing (number of 6 membered het-
eroaromatic rings), Path count (R_TpiPCTPC), molecular distance edge (MDEN-22, 
MDEC-22, etc.), longest aliphatic chain (nAtomLAC) and molecular linear free energy 
relation (MLFER_BH), etc. contributed more effectively in activity prediction. This 
outcome is consistent with other studies. Several previous studies reported that 
heteroRing and aliphatic chain plays a significant role in various kinase activity 
thereby controlling the cancers [49–52]. In addition, fingerprints including; 
MACCS121 (N-Heterocycle), MACCS125 (more than 1 aromatic Ring), MACCS134 
(presence of halogen atom), MACCS137 (heterocycle), MACCS147 (aliphatic group), 
MACCS160, MACCS161, MACCS162, MACCS165, etc., weighted more during training. 
A number of studies have demonstrated that such fingerprints serve as an effective 
pharmacophore for bioactivity against cancer kinases [53–55]. Overall, the results 

Table 2. Performance of the models.

Data set Accuracy
Precision 
[Macro]

Recall 
[Macro]

F1 
[Macro]

2D descriptors Training set 0.90 0.90 0.91 0.93
Test set 0.81 0.81 0.84 0.82

MACCS Training set 0.85 0.85 0.88 0.86
Test set 0.78 0.78 0.82 0.80
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from this analysis demonstrated that the attention mechanism has been successfully 
implemented and could identify important features in molecules that are significant 
for kinase or drug-related activity.

Discussion

In the present study, LSTM-based classification models were developed and validated 
based on OECD principles, to predict the activity of a compound against seven different 
kinases. Since experimental error influences the performance of any predictive model; 
thus, it is important to investigate methods capable of accommodating experimental 
variability during training [56]. This is particularly important for binary classification tasks 
where imposing high activity threshold may result in poor predictability [57,58]. 
Therefore, one must define a threshold value at which the false discovery rate should 
be lower. Here, we set the lower activity threshold as described in the Materials and 
Methods. Machine learning metrics are used to understand how well the model per-
formed on the input data set and hyperparameters. They can be helpful in improving the 
performance of the model by tuning the hyperparameters or tweaking features of the 
input data set. Performance metrics help in ensuring that the model is operating optimally 
and determining how well the model generalizes on unseen data. It is very important to 
ensure that the model should cover an acceptable range of values. In our study, we have 
used multiple evaluation metrics including accuracy, precision, recall, F1, and ROC-AUC to 

Figure 4. ROC curves of the predictive performance of models on seven different cancer kinases. 
(a and b) The performance on 2D descriptors. (c and d) The performance on MACCS fingerprints.
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evaluate our models. As depicted in Table 2, in both the models, the predicted values of 
these matrices fit well within their acceptable range. The optimum models reported the 
accuracies of 0.81 and 0.78 for 2D descriptors and MACCS fingerprints, respectively. In 
general, an AUC score of 0.5 means that there is no discrimination, a score between 0.6 
and 0.8 is considered acceptable, a score between 0.8 and 0.9 is considered excellent, and 
more than 0.9 is considered outstanding [59]. The AUC value of seven kinases was above 
0.90, hence suggesting that the models have a reasonable discriminatory ability to 
distinguish between the active compounds and the inactive compounds.

Each model gives the probability score of a molecule belonging to a respective target. 
In general, the probability of a molecule being an active inhibitor should be higher than 
0.5. The closer to 1, the higher is the confidence in this prediction [60]. Thus, selecting the 
predicted compound with high probability can lead to predictions with higher confi-
dence. We used the predicted probabilities as a way to access the probabilities of 
compound that can be a kinase target inhibitor generated by the models. The model 
classifier demonstrated that most of the true positives were predicted with a high prob-
ability score (Figure 5). Moreover, the test sets have the same probability distribution with 
the training set. In any machine learning theory, the training and test sets are assumed to 
have the same probability distribution. This is also followed in practical situations, where 
similar training and test probability distributions are considered desirable [61]. However, 
the false positives also have similar probability score to true positives. One reason that 

Figure 5. Probability score distribution. These graphics show the distribution of predictive probabil-
ities of each kinase class. (a and b) 2D Descriptors, (c and d) MACCS fingerprints. One vs All strategy has 
been used to compare the probabilities among classes. Only truly predicted compounds from each 
kinase have been used.
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could explain this observation is likely reasonable similarities between training and test 
sets compounds. Nevertheless, with more kinase activity data released publicly, improve-
ment in the models can be achieved by adding more samples into training along with 
feature subsets that effectively correlates with the activities.

Although several studies have shown interesting results by training the deep learning 
models to predict the biological activity of compound [41,62,63], however, extracting the 
significant features remain challenging. Recently, the attention mechanism has been 
successfully applied in drug designing and other bioinformatics applications [64–66], 
which motivates us to apply this method in our model. Integration of the attention 
mechanism provides interpretable patterns that contain useful insights into the signifi-
cant features in molecules for cancer kinase activity prediction [42]. These prioritizations 
may make use of both the bioactivity data as well as high weighted features to rank the 
highly active compounds. As shown in Figure 6, the attention mechanism has been 
successfully implemented and can capture important drug-related features. Important 
chemical features, namely, heteroring, N-heterocycle, aromatic ring, and aliphatic-based 
descriptors were the key components and were highly weighted by both of the models. 
Heterocyclic moieties are widely utilized for drug design against various cancers [54,55]. 
The N-heterocyclic feature has been shown to exhibit a very wide range of biological 
activities. Such moieties are the building blocks of a number of new drug candidates, as 
nitrogen atom can easily form hydrogen bonding with biological targets. A study by Zhu 
et al. [52] shows that nonbonded interactions like CH–π and π–π stacking between 
aromatic rings of the drug and hydrophobic residues protein kinases binding pocket 
dominate the binding interactions. Heterocyclic-based scaffold plays an important role in 

Figure 6. The visualization of attention scores. (a) 2D descriptors model, (b) MACCS fingerprints model. 
X and Y axes represent the chemical features of molecules and compounds, respectively, in the 
training set.
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forming various covalent and non-covalent interactions with the catalytic residues of the 
target [67]. We also compared the performance of our models with other available state- 
of-the arts models for cancer kinase activity prediction [26,27]. Although, the performance 
metrics of existing models are reasonably similar to our model. The difference between 
our model and previously developed models is that we used seven different cancer 
kinases for model building using LSTM method, whereas, other exiting models were 
developed using traditional machine learning approaches and mostly based on single 
kinase target. In addition, to ensure the reliability of our models, we performed OECD 
validation criteria, useful to select the robust models.

Conclusion

This study proposed a multi-class deep learning-based framework to forecast the activities of 
a compound against seven different cancer kinases. LSTM method was used for model 
training on the basis of previously reported chemical activity data from ChEMBL database for 
cancer kinases. We successfully applied an attention mechanism to our model, which helped 
to interpret the contribution of descriptors or fingerprints on activity prediction. The main 
advantages of our architecture are: (1) seven cancer kinase targets, (2) low biological activity 
threshold, (3) diverse data set, and (4) successful integration of attention mechanism. The 
optimum models reported the accuracies of 0.81 and 0.78 for 2D descriptors and MACCS 
fingerprints, respectively. In conclusion, the proposed framework provides a promising plat-
form for qualitatively predicting the various cancer kinase activity in the early stages of drug 
development. Continuous work will further improve the generalization and expansion ability 
of our models by introducing more samples with additional features and transfer learning.
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