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Abstract: In this study, a simple machine learning-based quantitative structure-activity relationship (QSAR)

model has been developed to predict the inhibitory potency (pIC50 values) of FLT3 tyrosine kinase inhibitors,

crucial for the treatment of acute myeloid leukemia. Distinctively, our model leverages an extensive and diverse

dataset, 14 times larger than those employed in prior studies within this field, enabling an unparalleled scope of

compound analysis. This vast dataset, combined with further exploration of molecular descriptors, allows for

more accurate and efficient predictions than previous studies. The Random Forest Regressor algorithm, selected

for its excellent predictive performance, was trained on a dataset comprising 1080 compounds and subjected to

rigorous validation. Internal validation, performed through Leave-One-Out (LOO) cross-validation, yielded an

Q2LOO value of 0.92, demonstrating the model’s internal consistency and predictive reliability. Additionally,

external validation using 270 independent compounds not included in the training set achieved an R2 of 0.941,

with a standard deviation of 0.237, outperforming previous approaches in terms of simplicity and precision. Key

molecular descriptors have been identified, enhancing the understanding of structural requirements for inhibitor

potency. Additionally, a user-friendly computational tool has been developed, enabling rapid predictions of pIC50

values. Using this tool, potential FLT3 inhibitors have been identified via ligand-based virtual screening. This

study represents a significant advancement in FLT3 inhibitor discovery using a simplified QSAR-machine learning

model, enabling more precise and practical identification of potential drug candidates at an early stage, promising

faster development of targeted therapies and streamlining the ligand-based drug design process.

Keywords: FLT3 inhibitors; ligand-based drug design; computer-aided drug design; QSAR modeling; AML

treatment

1. Introduction

Acute Myeloid Leukemia (AML) represents a formidable challenge in oncology, characterized by
the uncontrolled proliferation of clonal cells within the hematopoietic system, leading to extensive
tissue infiltration and disease progression. A pivotal player in the pathophysiology of AML is the
Fms-like tyrosine kinase 3 (FLT3) receptor gene [1]. This gene, when mutated, particularly through
internal tandem duplications (ITD), endows leukemic cells with a significant proliferative advantage.
This is achieved by activating multiple signaling pathways, which are crucial in both the progression
of the disease and its prognosis. FLT3 mutations are thus a key factor in the aggressive nature of AML
and have been extensively studied for their role in the development and outcomes of the disease [2–4].

For decades, the treatment landscape for AML has predominantly relied on a conventional
regimen of continuous-infusion of cytarabine combined with anthracycline drugs [5]. The effectiveness
of this traditional approach is influenced by factors such as the genetic profile of the leukemia and
patient age; with older patients often showing markedly lower response rates. This realization
established an urgent need for novel therapeutic strategies that could improve outcomes across
different patient demographics [3]. In response, the AML treatment paradigm has evolved, marked by
the introduction of FLT3 inhibitors such as midostaurin and gilteritinib, targeting specific mutations,
and sorafenib, quizartinib. This shift towards customized therapy, including the development of
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new combinations like CPX-351 and gemtuzumab ozogamicin, reflects an ongoing effort to match
treatment strategies with the molecular characteristics of the disease [6]. The advent of such targeted
therapies and the expansion of the treatment arsenal signify a substantial step towards more effective
and tailored treatment approaches for AML, offering hope for improved outcomes in a wider range of
patient groups [7–9].

The understanding and development of FLT3 inhibitors has greatly benefited from the imple-
mentation of Quantitative Structure-Activity Relationships (QSAR) and molecular docking [10–16].
The study by Sandoval et al. [16] exemplifies the use of QSAR in predicting with notable accuracy the
anti-leukemic activity of compounds, employing linear discriminant and multilinear regression analy-
ses. Similarly, Shih and Bhujbal et al. [11,13] identified key structural features and designing novel
compounds with enhanced FLT3 inhibitory activity by integrating molecular docking with 3D-QSAR
approaches. Ghosh et al. [15] further demonstrated the efficacy of computational modeling, includ-
ing molecular dynamics and 3D-QSAR, in understanding the structure-activity relationship of FLT3
inhibitors. These methodologies, endorse by studies like those of Fernandes and Islam et al. [14,17],
have provided invaluable insights into the molecular interactions and binding affinities of potential
FLT3 inhibitors, emphasizing the significance of these approaches in the realm of drug discovery and
development for AML.

Additionally, the integration of machine learning (ML) in drug discovery has revolutionized the
identification and prediction of kinase inhibitors; including those targeting FLT3. Nasimian et al. [18]
demonstrated the potential of a machine learning-based model in predicting drug sensitivity, revealing
crucial insights into AXL dependency in AML. Janssen et al. [19] introduced the Drug Discovery Maps
(DDM) model, employing algorithms like t-SNE to visualize and predict interactions across the kinase
family, leading to the discovery of potent FLT3 inhibitors. Furthermore, Zhao et al. [20] applied ML
methods to classify and analyze the structure-activity relationship of a vast number of FLT3 inhibitors,
uncovering key structural features associated with high inhibitory activity. These advancements, as
discussed by Eckardt et al. [21], highlight the growing importance of ML in managing AML, from
diagnosis to therapy optimization. Such ML-based approaches offer a promising avenue for enhancing
the efficacy and precision of FLT3 inhibitor development, signifying a paradigm shift in the treatment
strategies for AML.

Despite significant strides in FLT3 inhibitor development, unresolved challenges persist, notably
in the predictive accuracy of current QSAR models. These models often exhibit limited predictive
performance, suggesting a need for enhanced precision and simplicity. A common limitation is
the reliance on a narrow range of molecular data for model training, which hampers the ability to
generalize findings across a broader chemical space. The lack of molecular diversity and heterogeneity
in these datasets fails to fully capture the complexity of potential FLT3 inhibitors. Furthermore, there is
a notable absence of user-friendly models that provide rapid and reliable results, stressing the necessity
for more practical and trustworthy methodologies in drug discovery.

In response to these challenges, our research introduces an innovative QSAR-ML model. This
model is trained on a more extensive and diverse dataset, encompassing a wider range of molecules
to improve robustness and generalizability. Integrating advanced machine learning techniques with
sophisticated molecular descriptors, this model aims to surpass the predictive limitations of current
QSAR models. Additionally, our QSAR-ML model is designed for user accessibility, offering quick and
reliable outcomes. This approach promises to enhance the identification of new FLT3 inhibitors for
AML treatment, setting a precedent for more efficient and accessible drug discovery tools, potentially
revolutionizing the development of FLT3 inhibitors and accelerating progress towards more effective,
personalized AML treatments.
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2. Results and Discussion

2.1. Molecular Diversity of the Dataset

To evaluate the molecular diversity of the dataset, a clustering analysis was performed using
RDKit [22] to calculate MACCS keys fingerprints [23] for each molecule. The clustering algorithm
applied was Butina [24], with a Tanimoto similarity threshold of 0.3, indicating that molecules within
the same cluster had a similarity of at least 0.7. The distribution of molecules across clusters is
illustrated in Figure 1.
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Figure 1. Molecular Diversity Clustering Analysis.

The Figure 1 presents the clustering results of the molecular dataset based on MACCS keys
fingerprints and the Butina clustering algorithm [23,24]. The x-axis represents the cluster IDs, while
the y-axis shows the number of molecules in each cluster. Larger clusters indicate groups of molecules
with high structural similarity, suggesting redundancy in the dataset. Smaller clusters represent more
unique molecular structures, indicating greater diversity.

The analysis revealed a balanced distribution of molecular similarities and diversities, indicating
the dataset encompasses both highly similar and uniquely diverse molecular structures. The cluster
with the highest similarity comprises 20% of the total molecules, while the second largest cluster
comprises 13.6%. The remaining clusters each contain less than 6% of the total molecules. This dataset
contains 124 clusters, which is greater than the total number of molecules used in previous studies.[10–
15] This highlights the extensive diversity employed in this work compared to prior research, offering
a broader chemical space for analysis and model development. This diversity is crucial for developing
robust and generalizable machine learning models for predicting the activity of FLT3 inhibitors in
AML treatment.
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2.2. Benchmarking Machine Learning Methods

We explore the performance of various machine learning (ML) models in predicting pIC50 values
of 1350 FLT3 tyrosine kinase inhibitor compounds, based on 1269 descriptors. The models compared
include Random Forest Regressor (RFR) [25], Gradient Boosting Regressor (GBR) [26], Kernel Ridge
Regression (KRR) [27], Gaussian Process Regressor (GPR) [28], Bagging with Random Forest (BRF)
[29], and two Artificial Neural Network (ANN) architectures implemented using Keras (ANN-K) [30]
and PyTorch (ANN-P) [31].

In Table 1, we present a comprehensive comparison of the machine learning models in predicting
pIC50 values of FLT3 tyrosine kinase inhibitor compounds across various metrics including R2 (coeffi-
cient of determination), MAE (mean absolute error), SD (standard deviation), and RMSE (root mean
square error) for both the training and testing datasets.

Table 1. Performance comparison of machine learning models for predicting pIC50 values of FLT3
tyrosine kinase inhibitor compounds.

Metrics/ML RFR GBR KRR GPR BRF ANN-K ANN-P

R2 training 0.988 0.973 0.546 0.641 0.967 0.988 0.983
MAE training 0.082 0.126 0.489 0.469 0.136 0.070 0.082

SD training 0.102 0.154 0.638 0.526 0.172 0.101 0.121
RMSE training 0.102 0.154 0.638 0.568 0.172 0.103 0.123

R2 test 0.936 0.939 0.592 -0.228 0.931 0.907 0.895
MAE test 0.197 0.195 0.484 0.876 0.207 0.235 0.248

SD test 0.246 0.237 0.619 0.932 0.255 0.296 0.313
RMSE test 0.246 0.239 0.620 1.076 0.256 0.297 0.315

2.3. Model Performance Overview

2.3.1. Training Performance

The training performance of various machine learning models was evaluated on 1080 compounds
using metrics such as R2, MAE, SD, and RMSE, providing insights into their effectiveness (see Table
1). The RFR and ANN-K models distinguish themselves with exceptional R2 scores of 0.988. Both
models demonstrate remarkable precision, evidenced by low MAE, SD, and RMSE values (0.082, 0.102,
and 0.102 for RFR; 0.070, 0.101, and 0.103 for ANN-K, respectively). This indicates that both models
possess the ability to capture the variability in the training data across predictions.

The GBR also demonstrates high efficacy, with an R2 of 0.973, positioning it as a robust model,
though it exhibits slightly higher MAE (0.126) and a broader spread of SD (0.154) and RMSE (0.154)
compared to RFR and ANN-K (see Table 1). This indicates that while GBR is generally accurate, its
predictions are not as consistently close to the actual values as those of the RFR and ANN-K.

Conversely, the KRR and GPR exhibit moderate to low R2 values of 0.546 and 0.641, respectively
(Table 1). These suggest a weaker ability to predict the training data accurately. The relatively high
MAE, SD, and RMSE values for these models (0.489, 0.638, and 0.638 for KRR; 0.469, 0.526, and 0.568
for GPR, respectively) further illustrate this point, indicating not only larger average errors but also a
greater variability in these errors.

Overall, while RFR and ANN-K show promise for applications requiring high reliability and
accuracy, GBR remains a viable choice for scenarios where a slight decrease in prediction accuracy
is acceptable. In contrast, KRR and GPR might require further tuning or reconsideration of their
applicability. This analysis highlights the importance of selecting the right model based on specific
performance metrics and the particular needs of the deployment environment.

2.3.2. Testing Performance

When the machine learning models were evaluated using the same metrics on external and
independent data (270 compounds)—not included in the training dataset—both the RFR and GBR
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exhibited strong testing performance, with R2 values close to 0.94 (see Table 1). This underscores their
robustness in handling new data. Additionally, their low MAE (0.197 for RFR and 0.195 for GBR) and
RMSE (0.246 for RFR and 0.239 for GBR) values further highlight their precision and reliability in
making predictions. These results suggest that ensemble methods, particularly those based on decision
trees, are adept at predicting pIC50 values for FLT3 inhibitors using the QSAR approach.

In contrast, the GPR shows significantly poorer performance in the testing phase, with a negative
R2 value of -0.228. This indicates not just a failure to generalize but actually performing worse than
a model that would simply predict the mean of the dataset, likely due to overfitting to the training
data or inappropriate model assumptions for the type of data used. The exceedingly high MAE and
RMSE values for GPR confirm this, reflecting large errors in prediction and high variability, which
diminish its practical utility.

Meanwhile, the KRR shows moderate performance with an R2 of 0.592 (Table 1). Although better
than GPR, it still falls short compared to RFR and GBR, suggesting that while it captures some of
the variance in the data, it is not as effective or reliable. The Artificial Neural Networks, whether
implemented in Keras (ANN-K) or PyTorch (ANN-P), also show a decline in performance from training
to testing, indicating potential overfitting issues as well. Their respective R2 values of 0.907 and 0.895,
coupled with higher error metrics, underscore the challenges of neural networks in maintaining
performance consistency across different datasets.

This varied testing performance across models highlights the critical importance of selecting and
tuning models based on their ability not only to fit the training data but also to generalize well to new,
unseen data. RFR and GBR stand out as the more reliable models for consistent application, while the
use of GPR, KRR, and to some extent, the ANN models might necessitate more careful handling to
ensure robustness and accuracy in practical applications.

2.4. The Model

This section presents an analysis of the component optimization through feature selection, focus-
ing on the efficacy of RFR as the chosen method for predicting FLT3 tyrosine kinase inhibitor activity.
Our findings, illustrated in Figure 2, stress the paramount importance of the initial five molecular
descriptors. These descriptors exhibit a combined R2 test score of 0.893, indicating their critical role
in model accuracy and interpretability (see below "Model Interpretation"). Subsequent inclusion of
descriptors up to the nineth markedly improves the R2 test to 0.930, with a significant but diminishing
return on predictive performance with each additional descriptor. Beyond the incorporation of 41
descriptors, the R2 test plateaus at 0.941, suggesting that further addition of descriptors does not
substantially enhance the model’s predictive capability.

An essential aspect of this analysis is understanding the intercorrelations among descriptors,
as illustrated in the correlation matrix in Figure 3. This matrix displays the pairwise correlation
coefficients among the 41 descriptors and their relationship with the inhibitory activity (pIC50). The
color palette ranges from -1 (dark blue), indicating a strong negative correlation, to 1 (dark red),
indicating a strong positive correlation, with neutral correlations represented by white. A threshold
of |0.90| was used to identify highly correlated descriptor pairs, which were subsequently removed
during model construction. As a result, Figure 3 only contains correlations less than |0.90|. Identifying
and removing these highly correlated pairs is crucial, as descriptors with correlations above this
threshold may contribute redundant information to the model. By examining these correlations,
we ensure that the selected descriptors provide unique and valuable contributions to the predictive
performance of the RFR model.
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Figure 2. Variation in R2 test values as a function of the number of descriptors, ranked from most to
least significant.
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pairwise correlation coefficients among the descriptors, including their relationship with the dependent
variable, pIC50. The color palette ranges from -1 (dark blue), indicating a strong negative correlation, to
1 (dark red), indicating a strong positive correlation. Neutral correlations are represented by white.
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This observation emphasizes the effectiveness of RFR in capturing the complex nonlinear rela-
tionships between a manageable number of descriptors and pIC50 values, thus optimizing the balance
between model simplicity and predictive accuracy. This outcome reaffirms the superiority of ensemble
methods like RFR in handling high-dimensional data [32], while underlining the importance of a
judicious feature selection process in the development of efficient and reliable predictive models for
drug discovery applications.

The results shown in Table 2 and illustrated in Figure 4A demonstrate the predictive capability of
the RFR model for FLT3 tyrosine kinase inhibitor compounds when optimized with 41 descriptors.
With a remarkable R2 value of 0.989 for training and 0.941 for testing, the model showcases exceptional
accuracy and robustness in capturing the complex relationships between the descriptors and the pIC50

values of 270 inhibitors. The error metrics, including MAE, SD, and RMSE, further affirm the model’s
precision across both training and test datasets. The Q2

LOO value of 0.926 indicates strong predictive
reliability through leave-one-out cross-validation, emphasizing consistency in the model.

Table 2. Performance of Random Forest models for predicting pIC50 values of FLT3 tyrosine kinase
inhibitor compounds based on 41 components.

Training set Test set

Size 1080 270
R2 0.989 0.941

MAE 0.081 0.193
SD 0.101 0.237

RMSE 0.101 0.238
Q2

LOO 0.926

Figure 4. (A) Scatter plot illustrating the performance of the Random Forest Regression (RFR) model.
The model was trained with 1080 compounds (green points) and externally tested on 270 compounds
(red points). The plot shows the correlation between the predicted and experimental pIC50 values for
FLT3 tyrosine kinase inhibitors. (B) Illustration of the developed tool for predicting pIC50 values of
FLT3 tyrosine kinase inhibitors.

2.5. Comparative Analysis: QSAR Modeling

The RFR model, employing 41 descriptors, was compared to prior QSAR studies that examined
FLT3 tyrosine kinase inhibitors, as detailed in Table 3. It significantly improved the accuracy of
predicting pIC50 values for unseen compounds, achieving an R2 of 0.941 and a SD of 0.237 in the
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test set. These results are notable considering that previous studies achieved an R2 of no more than
0.891 and an SD of at least 0.3. The enhanced performance of our model not only reflects its increased
accuracy but also its application to a broader and more diverse dataset of 270 compounds, which is
critical for reliable predictions of FLT3 tyrosine kinase inhibition. Moreover, the Q2

LOO value of 0.926,
in contrast to 0.802 or lower in earlier studies, suggests that the predictive accuracy of the model is not
overly dependent on specific data points or features, compared to models prior to this work.

These findings underscore the effectiveness of a design that relies exclusively on the characteristics
of the ligand when supported by a large and diverse dataset, rendering the ligand-based model a
practical and dependable tool.

Table 3. Comparative performance of QSAR models for FLT3 inhibitors.

Kara Shihaa Abutayehaa Bhujbalaa Fernandesaa Ghoshaa This
(2012) (2012) (2019) (2020) (2020) (2021) work

Dataset size 67 72 93 63 40 40 1350
Train set size 51 25 76 45 28 30 1080
Test set size 16 47 17 18 12 10 270
R2 training 0.956 0.98 0.86 0.956 0.80 0.983 0.989

R2 test 0.891 0.76 0.57 0.707 0.80 0.698 0.941
SD test 0.435 0.66 - > 0.895 0.31 0.452 0.237
Q2

LOO 0.747 0.58 0.65 0.57 0.60 0.802 0.926
a Data obtained from references [10–15]

2.6. Model Interpretation

The interpretability of model can be achieved by conceptually analyzing the five most influential
descriptors on its performance. The five descriptors, detailed in Table 4, are recognized for their
paramount importance: SHBd, MLFER_S, nBase, MaxsssN, and MLFER_BH.

Table 4. Name and characterization of the five most important descriptors for the model development,
ordered by priority.

Priority Descriptor Name Description

1° SHBdb [33,
34]

Sum of E-States for
(strong) hydrogen
bond donors

The value is calculated as the sum
of each atom capable of donating a
hydrogen atom, weighted by its elec-
tronic environment and topological
position (E-State).

2° MLFER_S
[34,35]

Molecular Linear-
Free Energy Rela-
tion_S

Cumulative sum of the free en-
ergy contributions of solvatophilic
groups in a molecule, calculated us-
ing previously established empirical
values on their interactions with sol-
vents.

3° nBase Number of basic
groups

Number of basic groups in the
molecule, especially nitrogenous
groups.

4° MaxsssN
[33,36]

Maximum atom-type
E-State: > N-

Maximum electrotopological state
present in nitrogen atoms with three
single bonds.

5° MLFER_BH
[35,37]

Overall or summation
solute hydrogen bond
basicity

Total hydrogen bond basicity in a
molecule calculated by summing
the contributions of all possible hy-
drogen bond acceptor sites in the
molecule.
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2.6.1. SHBd

The relationship between SHBd values and pIC50 scores, as depicted in Figure 5A, reveals the
nuanced interplay crucial for the design of FLT3 tyrosine kinase inhibitors. A specific configuration,
encompassing both the quantity and the electronic and topological quality of hydrogen bond donors,
is crucial for effective FLT3 inhibition. Achieving optimal inhibitory activity requires SHBd values to
be within the range of 1 to 1.5. Deviations from this range lead to diminished efficacy, indicating that
both insufficient and excessive hydrogen bonding capabilities can adversely affect the performance
of inhibitors. This observation emphasizes the importance of molecular descriptors in guiding the
optimization of therapeutic compounds, where adjusting the hydrogen bond donor capacity to a
targeted range can significantly enhance the potency and selectivity of inhibitors.

Figure 5. Scatter plots to show the relation between the five key molecular descriptors and the FLT3
inhibitor potency of molecules in both the training set and test set. Range with higher values of potency
highlighted in green in each plot.

2.6.2. MLFER_S

An analysis of Figure 5B reveals the optimal MLFER_S range for FLT3 tyrosine kinase inhibitors to
be between 3.1 and 4.5. Within this specific interval, compounds exhibit peak inhibitory efficacy, while
values outside this range result in decreased inhibitor performance. This observation emphasizes the
importance of solvophobic energy contributions in determining the effectiveness of these compounds,
indicating a pivotal role of solvatophilic interactions in the design of optimal inhibitors.

2.6.3. nBase, MaxsssN and MLFER_BH

The observed trends in nBase, MaxssN, and MLFER_BH, as depicted in Figures 5C, 5D, and 5E,
collectively underscore the intricate relationship between molecular structure and FLT3 inhibitory
activity. A peak un inhibitory activity is observed when molecules contain 2 basic groups (see Figure
5C). This would suggest a role of basic nitrogenous groups in enhancing interactions with FLT3,
possibly through a combination of electrostatic attractions and hydrogen bonding. This is further
supported by the findings related to MaxssN, where compounds exhibiting values greater than 1.5
show enhanced activity, with a more pronounced effect observed beyond 2.2. This indicates that not
only the presence of nitrogen atoms, but their specific electronic configuration, characterized by three
single bonds, is crucial for optimal FLT3 binding and inhibition. Meanwhile, MLFER_BH extends the
discussion beyond nitrogenous groups to encompass the overall hydrogen bond acceptor capacity of
the molecule. The observation that compounds with MLFER_BH values greater than 3.1 exhibit the
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best inhibitory activity underline the universal importance of hydrogen bond interactions in the activity
of FLT3 inhibitors. Although nBase and MaxssN focus on the role of nitrogenous groups, the inclusion
of MLFER_BH broadens the scope to include all potential hydrogen bond acceptors, suggesting that
the ability to engage in hydrogen bonding, irrespective of the atom involved, is fundamental to the
inhibitory mechanism.

2.7. Novel FLT3 Inhibitors Identified by Ligand-Based Screening

After applying Ligand-Based Virtual Screening (LBVS) using our customized cheminformatics
model, we identified a series of promising compounds with potential inhibitory effects against FLT3
tyrosine kinase. The top five are presented in Table 5. This approach enabled the selection of new
candidates exhibiting structures similar to Gilteritinib, a next-generation inhibitor [38]. This method-
ology highlights the utility of LBVS in efficiently identifying compounds with desired biological
activity without direct physical interactions with the biological target. The identification of these
pyrazinecarboxamide derivatives, with pIC50 values close to that of Gilteritinib (9.39) [39], emphasizes
the potential of this computational approach in the discovery and development of new FLT3 inhibitors
for treating AML with FLT3 mutations. These findings expand our understanding of the structure-
activity relationships of FLT3 inhibitors and provide a tool for the future experimental validation of
these compounds.

Table 5. Top five candidates for FLT3 inhibitors identified by ligand-based virtual screening.

IUPAC name Structure pIC50

6-Ethyl-3-[3-methoxy-4-
[4-(1-methylpiperidin-4-
yl)piperazin-1-yl]anilino]-5-
(oxan-4-ylamino)pyrazine-2-
carboxamide

9.34

6-Ethyl-3-[3-methoxy-4-[4-
(4-propan-2-ylpiperazin-1-
yl) piperidin-1-yl]anilino]-5-
(oxan-4-ylamino)pyrazine-2-
carboxamide

9.34

3-[4-[4-(1-Methylpiperidin-
4-yl)piperazin-1-yl]anilino]-
5-(oxan-4-ylamino)-6-
propan-2-ylpyrazine-2-
carboxamide

9.29

6-(1-Methyl-3,6-dihydro-
2H-pyridin-4-yl)-3-[4-
[4-(4-methylpiperazin-1-
yl)piperidin-1-yl]anilino]-5-
(oxan-4-ylamino)pyrazine-2-
carboxamide

9.27

6-Ethyl-3-[4-[4-(4-
methylpiperazin-1-
yl)piperidin-1-yl]-3-propan-
2-yloxyanilino]-5-(oxan-
4-ylamino)pyrazine-2-
carboxamide

9.27

The relationship between the compounds identified in Table 5 and the descriptors SHBd, MLFER_S,
nBase, MaxsssN, and MLFER_BH highlights the connection between substructure and potency.
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In the identified molecules, such as 6-Ethyl-3-[3-methoxy-4-[4-(1-methylpiperidin-4-yl)piperazin-
1-yl]anilino]-5-(oxan-4-ylamino)pyrazine-2-carboxamide, high SHBd values are due to the presence
of multiple hydrogen bond donor groups, which enhance their inhibitory activity. For molecules
like 3-[4-[4-(1-Methylpiperidin-4-yl)piperazin-1-yl]anilino]-5-(oxan-4-ylamino)-6-propan-2-ylpyrazine-
2-carboxamide, high MLFER_S values reflect the presence of solvatophilic groups that improve solubil-
ity and interaction with the target protein. Basic groups (nBase), such as amines and piperidine rings,
are prevalent in identified molecules. For instance, the structure of 6-Ethyl-3-[4-[4-(4-methylpiperazin-
1-yl)piperidin-1-yl]-3-propan-2-yloxyanilino]-5-(oxan-4-ylamino)pyrazine-2-carboxamide features sev-
eral nitrogen atoms contributing to its basicity. Molecules such as 6-(1-Methyl-3,6-dihydro-2H-pyridin-
4-yl)-3-[4-[4-(4-methylpiperazin-1-yl)piperidin-1-yl]anilino]-5-(oxan-4-ylamino)pyrazine-2-carboxamide
exhibit high MaxsssN values due to the presence of tertiary nitrogen atoms within piperazine rings.
Finally, MLFER _BH sums the hydrogen bond basicity of all potential hydrogen bond acceptor sites.
Compounds like the pyrazinecarboxamide derivatives possess multiple hydrogen bond acceptor sites,
enhancing their overall hydrogen bond basicity and binding affinity to the FLT3 tyrosine kinase.

2.8. Script-Like Tool Description

To enhance the user experience with our model, we have created a script-based tool that automates
the prediction of pIC50 and IC50 values for any compound using its SMILES code (Figure 4B). Access
the tool via the following link: https://github.com/Jacksonalcazar/Prediction-of-FLT3-Inhibitory-
Activity. This tool is user-friendly, delivering results swiftly within seconds.

3. Materials and Methods

3.1. Data Curation

Data on FLT3 inhibitor compounds with published IC50 values were systematically extracted
from the PubChem database [40,41] using the Requests library [42] and subsequently organized in
a tabular format with the Pandas library [43] in Python 3. The dataset underwent rigorous cleaning
where duplicate entries were removed. We focused on compounds with an IC50 value under 10 µM to
prioritize higher potency for our analysis.

In the final stage of data preparation, we implemented feature scaling to standardize the range
of independent variables, ensuring that our ANN algorithms could perform optimally. This process
was vital for maintaining data integrity and compatibility of ANN-K and ANN-P that are sensitive
to the scale of input data. We employed the Standard Scaler method from the scikit-learn library
(sklearn) [44], which standardizes features by removing the mean and scaling to unit variance. This
normalization technique was applied to the training data using the fit_transform method, which
computes the mean and standard deviation of each feature. Importantly, these parameters were then
used to scale the test data using the transform method. This approach ensures that the model is
not biased by any information from the test dataset, adhering strictly to the principles of statistical
learning.

3.2. Molecular Descriptor Calculation

Initially, 1511 molecular descriptors were computed using PaDEL-Descriptor 2.21 [45] and RDKit
[22]. The dataset was curated to exclude descriptors either incompatible with all compounds or
constant across the dataset, reducing the number of descriptors to 1269. This curation was essential to
ensure data quality and relevance for the machine learning model, focusing on meaningful descriptors
for interpretability and accuracy.

3.3. Benchmarking Machine Learning Methods with External Validation

The dataset, which includes 1350 compounds and 1269 descriptors, was imported using Python
3 in conjunction with the Pandas library [43]. The experimental pIC50 values served as our target
variable. To ensure a balanced representation of the dataset, we split it into training and testing sets in
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an 80:20 ratio using ’train_test_split’ function of sklearn [44], with the ’random state’ parameter set to
11 for reproducibility.

The machine learning models deployed in this study, implemented using sklearn [44], included the
Random Forest Regressor (RFR) [25], Gradient Boosting Regressor (GBR) [26], Support Vector Machine
(SVM) [27], Kernel Ridge Regression (KRR) [27], Gaussian Process Regressor (GPR) [28], Bagging
with Random Forest (BRF) [29]. Additionally, two Artificial Neural Network (ANN) architectures
were implemented using Keras (ANN-K) [30] and PyTorch (ANN-P) [31]. Consistency in random
state settings was maintained across the applicable models. Specific hyperparameters were carefully
chosen to optimize model performance: the number of base estimators in BRF was set to 10; the alpha
parameter in KRR and GPR was set to 100 and 1x10−10, respectively.

3.3.1. ANNs Architecture

The ANN-K was designed as a sequential model, consisting of three dense layers: a first layer with
500 neurons to handle the large number of features; a smaller intermediate layer with 5 neurons for
abstract data representations; and a final single-neuron output layer, which was used for pIC50 value
regression. The ReLU activation function was used in the first two layers, with linear activation in the
output layer, and weights initialized using the HeNormal initializer. This architecture was mirrored
in the PyTorch implementation (ANN-P), which also featured an input layer with 500 neurons, an
intermediate layer with 5 neurons, and a single-neuron output layer, utilizing ReLU activation and
default initializers of PyTorch. Both models underwent data normalization using StandardScaler
of sklearn and were trained for 100 epochs to balance learning and prevent overfitting. They were
compiled using the Adam optimizer and the mean squared error loss function.

3.3.2. Model Evaluation and Validation

Model performance was evaluated using coefficient of determination (R2), Mean Absolute Error
(MAE), Standard Deviation (SD), and Root Mean Squared Error (RMSE) on both training and testing
datasets. These metrics were derived using the ’sklearn.metrics’ module, which offers robust tools
for model evaluation. The testing datasets were specifically used for external validation, providing
a comprehensive view of predictive accuracy and error characteristics for each model. Ensuring
reproducibility was a fundamental aspect of this methodology. This was achieved by using random
seeds (set to 11) consistently across numpy, TensorFlow-Keras/PyTorch, and sklearn models, thereby
maintaining a reliable and consistent assessment of performance.

3.4. Component Optimization through Feature Selection

3.4.1. Individual Descriptor Evaluation

To ascertain the influence of each molecular descriptor on the prediction of FLT3 inhibitor activity,
the analysis was conducted within the established framework (80:20 training:test split, random state =
11). Each descriptor was examined utilizing the RFR model, which was identified as the most effective
in our earlier benchmarking. The evaluation centered on the coefficient of determination within the
test set (R2 test). This metric was crucial as it quantitatively reflected the relevance of the descriptor,
directly linking its presence to the precision of the predictions of the model.

3.4.2. Analysis and Feature Selection Process

The next step entailed analyzing the top 100 descriptors using the R2 test metric to understand
their correlation with FLT3 inhibitory activity. This analysis led to a selective inclusion of descriptors,
starting with the most correlated and progressively adding less correlated ones. This process aimed to
find an optimal balance between model complexity and predictive accuracy.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 17 December 2024 doi:10.20944/preprints202403.1433.v2

https://doi.org/10.20944/preprints202403.1433.v2


13 of 16

3.5. Internal Validation

After the benchmarking phase and component optimization, the optimal model underwent
internal validation using a Leave-One-Out Cross-Validation technique. This method, implemented via
the LeaveOneOut class from the ‘sklearn.model_selection’ module in Python, involves training the
model on all data points except for one, which is reserved for testing. This process is systematically
repeated for each data point in the dataset. During this comprehensive validation process, the
prediction accuracy of the model was quantified using the R2 metric (Q2

LOO). This key parameter
enables the comparison of the performance of our selected method with that of previous studies,
ensuring its robustness beyond a fixed dataset.

3.6. Ligand-Based Virtual Screening

In the search for new and potential FLT3 tyrosine kinase inhibitors, a virtual screening was
conducted using the PubChem database [40]. The analysis was performed by referencing structural
similarity with the top 100 most active compounds, comparing each one individually. In other words,
each of the top 100 most active compounds was compared using the Tanimoto coefficient [46] with
10.2 million molecules from PubChem [40,47], setting a similarity threshold of 90%. This analysis was
carried out using the Request library and the Similarity operation from PubChem’s PUG-REST data.
Finally, the obtained SMILES codes were filtered, eliminating known FLT3 tyrosine kinase inhibitors.

The filtered list of SMILES codes was then processed through the model using the developed
script. By predicting the pIC50 values, the model facilitated the prioritization of the five most promising
compounds, streamlining the path towards experimental validation and accelerating the discovery of
potent FLT3 tyrosine kinase inhibitors.

4. Conclusions

This study has successfully demonstrated the applicability and efficacy of a QSAR-ML hybrid
model in predicting the pIC50 values of FLT3 tyrosine kinase inhibitors, based on the structural
intricacies of ligands. This success is possible thanks to training with a wide variety of molecules,
capturing the intrinsic factors involved with their activity. The comprehensive dataset, extensive
molecular descriptor analysis, and meticulous benchmarking of various machine learning algorithms
have culminated in a model that showcases superior predictive capabilities based on its accuracy and
simplicity. Notably, the Random Forest Regressor emerged as the most effective model, validated
through rigorous external and internal validation methods. This model serves as a simple and reliable
tool for identifying potential FLT3 inhibitors, as evidenced by its Q2

LOO of 0.926 across a broad and
heterogeneous dataset. Additionally, it demonstrates an R2 of 0.941 and an SD of 0.237 in predicting
the pIC50 values for 270 FLT3 tyrosine kinase inhibitor compounds outside the training set.

Moreover, the component optimization and feature selection process have highlighted the critical
importance of specific molecular descriptors in FLT3 inhibitor efficacy, providing valuable insights
into the structural features that influence inhibitor activity. This understanding facilitates the rational
design of new FLT3 inhibitors, consequently streamlining the drug discovery process by focusing on
compounds that exhibit these key structural characteristics.

Furthermore, the development of a user-friendly, script-like tool for the prediction of pIC50 values
represents a significant contribution to the cheminformatics toolbox, offering researchers a practical
and efficient means of evaluating the FLT3 inhibitory potential of new compounds, including the
application of ligand-based virtual screening.

In summary, our study provides a simple model for predicting the pIC50 values of FLT3 tyrosine
kinase inhibitors and sets a new benchmark in the integration of machine learning and QSAR method-
ologies for drug discovery. This approach offers enhanced predictive accuracy and user-friendly access,
facilitating the rapid identification of new therapeutic candidates against AML via FLT3 inhibition.
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