Highlights in Science, Engineering and Technology BLSME 2026
Volume 162 (2026)

Drug Response Prediction using Deep Learning Models and
Single-Cell Perturbation Data across Pan Cancer Cell Lines

Phil Yao "

Newport High School, Newport, USA
* Corresponding Author Email: yaop2023@outlook.com

Abstract. Cancer remains a leading cause of death. Effective treatments remain limited, because of
complications during therapies that contribute to poor survival outcomes. Developing new drugs can
be expensive and time-consuming. One promising approach is drug repurposing by identifying
potent treatments from existing drugs. This study aims at developing an efficient and effective
framework for drug efficacy prediction. To achieve this goal, this study first processed publicly
available drug perturbation cancer cell line datasets to enhance their usefulness for drug repurposing
to cancer, in which this paper integrated perturbed pan cancer cell line gene expression data with
their drug responses. This study integrated 10 selected cancer cell line data covering 8 cancers from
public databases including CMAP, CTRP, CCLE, and GDSC. Secondly, this study applied advanced
machine learning methods, particularly deep learning to learn useful features from these data, and
transfer learning to make the predictive models generalized and interpretable. With deep learning
and these datasets, this study developed a highly accurate deep neural network framework
(DeepDrugCancer) that combines the drug molecular structures and gene expression data of cancer
cell lines to predict the drug responsiveness. DeepDrugCancer achieved excellent performance with
over 90% AUC test score across multiple cell lines. By integration with scRNA-seq data of breast
cancer, predicted drugs such as aminocaproic acid, pancuronium bromide, and pseudopelletierine
showed high cell-type specificity. Finally, this study conducted in-vitro (wet lab) experiments to
validate the viability of DeepDrugCancer. The model predicted Mifanertinib to be sensitive on breast
cancer cell lines and the in-vitro experiments confirmed the trend of such effects. The experiments
have demonstrated that this framework efficiently utilizes drug-induced molecular signatures to
predict therapeutic responses across certain cancers. By linking transcriptomic perturbations to drug
responses, this study advances drug repurposing to expanded therapeutic options for cancer
treatments as well as to precision oncology.
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1. Introduction

Cancer remains among the most prevalent and life-threatening diseases globally, with millions of
new cases diagnosed each year [1]. Despite remarkable advances in early detection and therapeutic
strategies, significant challenges to effective clinical management remain [2] because of substantial
variability in patient responses to treatment. This heterogeneity arises from numerous factors,
including genetic variations, epigenetic modifications, and environmental influences, underscoring
the urgent need for developing personalized medicines. Tailoring treatments to individual patients
can improve therapeutic efficacy, reduce adverse effects, and significantly lessen both physical and
emotional burdens on patients [3]. However, this procedure is costly and time-consuming at this
moment. An alternative yet promising approach is drug repurposing, with goals to find effective
treatments using existing drugs even though those drugs were not originally designed for cancers [4].

Key challenges for drug repurposing include effective methods to predict drug responses. Recently,
artificial intelligence (Al), particularly deep learning (DL), has emerged as a powerful tool for
addressing the complexities of drug response prediction, for example, in oncology [5]. Deep learning
methods can efficiently analyze vast, high-dimensional datasets spanning genomic, transcriptomic,
and proteomic information, thereby revolutionizing traditional drug sensitivity assessment [6].
Additionally, machine learning techniques such as ensemble modeling have been successfully
employed to identify predictive biomarkers, uncover novel therapeutic targets, and optimize drug
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combinations, paving the way toward more precise and individualized cancer therapies [7]. In parallel,
release of databases such as the Cancer Therapeutics Response Portal (CTRP), Genomics of Drug
Sensitivity in Cancer (GDSC), Connectivity Map (CMAP), Cancer Cell Line Encyclopedia (CCLE),
and PharmacoGx provide comprehensive molecular profiles and drug response data [8-12].
Leveraging these extensive resources, researchers have applied advanced Al methodologies,
including transfer learning, graph-based neural networks, and multi-omics integration frameworks
[13]. Transfer learning enables knowledge transfer across diverse datasets and disease contexts,
mitigating challenges associated with limited annotated data [14, 15]. Graph-based models effectively
capture intricate interactions among biological entities, such as genes, proteins, and drugs, facilitating
discovery of novel molecular relationships and therapeutic pathways [16]. Meanwhile, multi-omics
integration frameworks synthesize diverse molecular layers, offering a comprehensive understanding
of tumor biology and significantly enhancing the predictive capabilities of Al models [17].

Despite ongoing advances and continuous improvement in predictive model performance,
significant challenges remain. Issues such as inconsistent drug nomenclature across databases, varied
experimental dosages, incomplete or missing data points, and limited annotation of certain cell lines
hinder the clinical applicability and reproducibility of these Al-driven models. Addressing these
challenges necessitates close collaboration among researchers, clinicians, and computational
scientists to develop robust, interpretable, and clinically actionable predictive tools.

This study aims to explore and predict drug responses across pan-cancer cell lines through
perturbation biology approaches [18, 19]. By integrating and harmonizing disparate datasets and
employing state-of-the-art computational methodologies, this study aims to overcome current
limitations related to data inconsistency and model generalizability. Ultimately, this research
contributes to the development of clinically relevant Al-driven models, supporting the advancement
of drug repurposing applied for precision oncology.

2. Materials and Methods
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Figure 1. Project workflow for the design and evaluation of DeepDrugCancer.

(1) Acquiring data through scouring CMAP, CTRP, CCLE, and GDSC datasets. However, the
design of DeepDrugCancer focused more heavily on CMAP and GDSC datasets. (2) Data
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preprocessing through filtering, merging, and parsing CMAP and GDSC datasets, overcoming
obstacles such as drug nomenclature. Additionally, gene expression profile extraction was a crucial
step to obtaining molecular features to train the model. (3) Model development through applying and
comparing various classification techniques, as well as cross-validation as an extra evaluation step.
(4) Elicited results allowed for comparisons among classification models and cell lines, allowing for
further predictions and applications to real world clinical trials and additional experimentations.

The design of the DeepDrugCancer framework consisted of four key phases (Fig. 1).

Phase 1 Data Acquisition:

This phase involved multiple publicly available datasets including but not limited to Connectivity
Map (CMAP), Genomics of Drug Sensitivity in Cancer (GDSC), Cancer Therapeutics Response
Portal (CTRP), and Cancer Cell Line Encyclopedia (CCLE), utilized as suggested by other papers in
the field (see Introduction for references), while the primary datasets were CMAP and GDSC.

Phase 2 Data Preprocessing:

This phase aimed at streamlining model development and cleaning raw data. This process included
filtering, merging, and parsing data via GEXpress to curate gene expression profiles of perturbed
cancer cell lines exposed to different drugs.

Phase 3 Model Development:

This phase first conducted pretraining to learn embeddings. These embeddings mapped discrete
molecular and gene features into their corresponding continuous valued representation feature vectors.
On top of the projected features, various classification techniques were implemented and evaluated
using Half-maximal Inhibitory Concentration (IC50) and Area under Drug Dosage Curve (AUC)
metrics. To avoid overfitting, the models were subjected to cross-validation, confirming that both
feature extraction and modeling could apply to unseen data. The optimal model was selected based
on its cross-validation results. An initial attempt using a variational auto-encoder (VAE) for
pretraining yielded poor performances, which led to a hypothesis that significant features for
classification differ from those optimal for feature reconstruction (with VAE). Therefore, a
classification approach using supervised learning was adopted.

Phase 4 Results and Analysis:

The performance of DeepDrugCancer was analyzed by comparing its 10 classifier candidates.
Finally, DeepDrugCancer’s predictions of some potential drugs for breast cancer, e.g., Mifanertinib,
for repurposing were elicited and identified. This study conducted wet lab in-vitro analyses to
investigate the drug response on breast cancer cell line (MCF-7) cell viability. This framework was
further explored using scRNA-seq data of breast cancer data to investigate the cell type specificity of
drug-related gene expression.

2.1. Dataset Acquisition

Drug molecular structure information, gene meta information, and gene expression data were
downloaded from Connectivity Map (CMAP) that consists of 978 genes in 158 cell lines across 26
diseases, as well as DMSO control and drug treatment files in gctx format (level 3;
https://clue.io/data/ CMAP2020#LINCS2020). The drug response data across these cell lines were
obtained in  Genomics of Drug Sensitivity in  Cancer (GDSC)  website
(https://www.cancerrxgene.org/downloads/anova). A subset of the top 10 cell lines across 8 diseases
were selected, containing 1,710,340 instances of drug response data. For each drug treatment cell line,
gene expression data were filtered to include only cell lines treated with a compound (treatment) or
DMSO (control) for 24 hours, and a standardized drug dosage of 10 M. Control and treatment
expression data set for each cell line were then generated by parsing the control and treatment data
with 978 landmark genes. The final dataset consisted of 41,236 (40,847 in treatment, 389 in control)
experiments, involving 7,975 drugs for 10 cell lines.
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2.2. Data Preprocessing - Drug Response and Molecular Feature Generation

A critical bottleneck in pharmacogenomics is the lack of standardized drug nomenclature. We
utilized the PharmacoGx computational platform to create a mapping key based on canonical
SMILES (Simplified Molecular Input Line Entry System) strings, resolving inconsistencies between
CMAP and GDSC identifiers.

To facilitate correlation analysis with GDSC’s gene expression profiles, molecular drug
fingerprints were extracted using descriptors and a data frame with canonical SMILES was created
[20]. The associated metadata dataset consisted of canonical SMILES, compound information, and
experimental details. To extract sample information from each individual cell line, control restraints
of compound control and DMSO control were imposed to produce two new datasets, DF-piM and
DF-DMSO. Subsequently, the GDSC data (GDSC1 & 2; pan-cancer tissue analysis) were
incorporated to obtain drug response information, specifically IC50 values, for 7,975 drugs across the
10 selected cell lines [21]. The target label of drug response is binary, with 1 corresponding to low
IC50 (logarithmic, high drug response) values and 0 corresponding to high IC50 (logarithmic, low
drug response) values [22].

The data was partitioned into 70% for training, 15% for validation, and 15% for test [23]. Features
were normalized to mean zero and standard deviation of one. The resulting data are high dimensional.
For example, MCF7 cell line dataset has 122 samples each with 1,190 features (212 molecular
features and 978 gene features).

2.3. Model Development

2.3.1. Pretraining

Here, the goal was to pre-train a neural network. A deep learning architecture was developed to
predict drug responses using gene expression profiles and molecular features of cell lines [24]. This
architecture consists of three blocks.

The first block is an embedding layer that performs a linear projection of 1,190-dimensional input
feature vectors to a 128-dimensional space. Each element in the input feature vector is binary,
corresponding to whether a particular feature is present. The second block contains two encoding
layers including a further processing of these 128-dimensional feature vectors with a dropout rate of
0.1 for regularization. The third block conducts feature classification: it projects the 128-dimensional
feature vectors with another linear operation to new 128-dimensional feature vectors, followed by
ReLU and a subsequent dropout layer with rate 0.5. Finally, a linear operation projects the 128-
dimensional feature vectors to single-value scalar outputs.

The model was trained with learning rate 1e-4 and weight decay of le-3. A scheduler reduced
learning rate by half if performance on a validation set was not decreasing after 5 epochs. To mitigate
the effects of a small original training data size, e.g., 84 original samples, training samples were
bootstrapped to 140 sampled instances. Mini-batch size was set to 128 for the validation, test, and
resampled training datasets. Each training cycle had 200 epochs. In each epoch, gradients were
initialized to 0 for all the model’s layers. Models took the input molecular and gene expression
features and then made predictions. These predictions were not normalized and therefore a Binary
Cross Entropy (BCE) with Logits was applied for loss computation. Model parameters were updated
with gradients from the back propagated losses at each layer. Performance metrics were the AUC and
BCE loss, and they were evaluated on the train and validation sets throughout model optimization.
Following training, the model was evaluated on test set using the same metrics. Other metrics like
accuracy, precision, recall, and F1 were acknowledged throughout model optimization.
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2.3.2. Transfer Learning
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Figure 2. An overview of the DeepDrugCancer architecture.

(A) Model illustration for pretraining. It consists of an embedding layer, followed by a
Transformer with two layers of encoders. The right figure illustrates DeepDrugCancer used for
predictions. It is a composition of the pre-trained embeddings with a variety of classifiers, trained on
top of the embeddings.

The embeddings obtained from the pre-trained model were taken to represent observed elements
in the input feature vector. These input observations therefore were projected linearly into a latent
space, which served as the input for nine traditional classifiers: Logistic Regression, Random Forest,
Gradient Boosting, Support Vector Classifier, Naive Bayes, K-Nearest-Neighbors, Extra Trees,
XGBoost, and LightGBM. They classify the projected features into binary outputs. The use of linear
projections enhances both explainability and computing efficiency of the proposed framework.

In summary, this study has presented a complex neural network architecture. Its parameters were
pretrained, and the pre-trained embedding layer provided a foundational representation of the
molecular and differential gene expression features, upon which highly interpretable traditional
classifiers were used to generate predictions (Fig. 2). This integrated architecture and its training
mechanism constitute the DeepDrugCancer framework.

2.4. In-Vitro Validation of DeepDrugCancer Drug Response Predictions

Using DeepDrugCancer, this study identified Mifanertinib as a potentially sensitive drug on MCF7
cell lines using molecular structure and DeepDrugCancer model, suggesting it is a promising drug
candidate for preclinical testing for breast cancer. To test this theory, this study performed in-vitro
validation of the predicted drug response by wet lab experimentation. Logistically, Mifanertinib has
undergone limited clinical testing for antineoplastic usage (which is at least less risk than no tests)
but is commercially available.

To ascertain the viability of DeepDrugCancer and this prediction, a series of in-vitro analyses were
performed. They consisted of four key components: extraction of cell RNA for transcriptomic
sequencing, Western Blotting (WB), Cell Counting Kit-8 (CCK-8), and Annexin V treatment with
propidium iodide (PI). These components respectively achieved detection of gene expression changes
at the whole transcriptome level, confirmation of if changes in the transcription layer are also reflected
at the protein function level, elicitation of the cells’ population’s viability after treatment with distinct
dosages of the drug- namely functional effects, and obtaining photos to determine the cell-populations’
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apoptotic nature after treatment with the drug that support target specificity. This in-vitro analysis via
wet lab experimentation with Mifanertinib is a necessity to validate the DeepDrugCancer framework.
DeepDrugCancer also identified other drugs that had public literature and DrugBank supporting
DeepDrugCancer’s predictions to be effective on trained cell lines (see Discussions).

2.4.1. Transcriptomic Sequencing

Total RNA was extracted from MCF7-k and MCF7 cells using TRIzol™ Reagent (Invitrogen,
USA) by manufacturer protocol. Cells were briefly lysed in TRIzol™, followed by chloroform
extraction and phase separation with centrifugation (12,000 g, 15 mins). The aqueous phase
containing RNA was transferred to new tubes and precipitated with isopropanol. After centrifugation
(12,000 g, 10 mins), pellets were combined with 75% ethanol, air-dried, and resuspended in DEPC
water. RNA concentration was measured by spectrophotometer, and samples were kept at —70°C until
further use. RNA samples were transcriptomic sequenced (see Results) externally (Azenta, Suzhou).

2.4.2. Western Blotting

Proteins were extracted from MCF7 cells treated with Mifanertinib. Same amounts of protein were
loaded onto an SDS-PAGE gel aside a pre-stained protein ladder, separated at 80 V for 15 min
followed by 120 V for 45 min, and transferred onto blotting paper via wet transfer system (300 A,
1h). Membranes were combined with TBST (Tris-buffered saline and 0.1% Tween-20) and blocked
with a blocking buffer. Blotting papers were stored overnight at 4€ with primary antibodies against
B-actin for loading control, washed, then stored with anti-rabbit 1gG, HRP-conjugated secondary
antibodies overnight at 4<€; blocking is significant to reduce the common problem of high
background. Finally, protein bands were visualized with the Super ECL detection reagent (Thermo
Fisher Scientific) and imaged via chemiluminescence detection machine.

2.4.3. Cell Viability Assay (CCK-8)

MCF7-k (knocked out) and MCF7 cells’ viability were assessed using the Cell Counting Kit-8
(CCK-8; DOJINDO Laboratories). MCF7-k and MCF7 cells were pipetted into 30 wells at 100 i
per well and treated with Mifanertinib at 0.1 pM, 1 M, and 10 M. Lapatinib (1 M) was included
as positive control, while untreated wells received 0.1% (v/v) DMSO. After 24h of incubation at 37 <C,
1 L of CCK-8 reagent was added to each well. Plates were incubated at 37 <C for 65 mins, then
absorbance was measured with a Cytation 3 Cell Imaging Multi-Mode Reader (BioTek Instruments).

2.4.4. Annexin V Treatment

Apoptotic nature of cell lines was assessed leveraging Annexin V and propidium iodide (PI)
staining (Thermo Fischer Scientific). MCF7-k and MCF7 cells were pipetted into 30 wells at 100 i
per well and treated with Mifanertinib (0.1 pM, 1 pM, 10 M) and Lapatinib (1 pM) for 24 h in
incubator. Untreated wells received 0.1% (v/v) DMSO. After treatment, cells were stained with
Annexin V and Pl diluted with PBS. Stained cells were then incubated for 25 mins at room
temperature. Fluorescence imaging in the dark was performed to evaluate apoptosis with captured
Annexin V (max emission: ~530 nm) and Pl (max emission: ~636 nm) signals.

2.5. Integration with scRNA-seq Data to Investigate the Cell Type Specificity of Drug Related
Gene Expression

DeepDrugCancer could be possibly used in the more heterogeneous transcriptomic landscape of
clinical tumors, even though it might be trained for drug sensitivity prediction from cell line-based
data. To evaluate this translational potential of DeepDrugCancer, this study applied single-cell RNA
sequencing (scRNA-seq) data from patient-derived breast cancer samples with scDrugAct database
[25, 26]. This approach enabled predicted drug sensitivities from the cell line—based model to show
cell type specificities [27].
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3. Results

3.1. Exploratory Data Analysis

The initial analysis of the integrated CMAP-GDSC dataset highlighted a significant heterogeneity
in data availability across different cancer models. While lung (A549) and colon (HT29) cancer lines
were well-represented, MCF-7 stood out as a particularly rich resource for breast cancer research. It
ranked among the top cell lines for both the number of transcriptional experiments in CMAP and the
diversity of pharmacological screenings in GDSC (see Figure 3.). This high density of high-quality,
overlapping data provided a robust foundation for training the DeepDrugCancer model, minimizing
the "sparse data" problem often encountered in pharmacogenomics and justifying the selection of
MCF-7 as the primary model for downstream validation.
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Figure 3. Overview of CMAP dataset and overlap with GDSC dataset.

(A) Number of unique cell lines in diseases in CMAP dataset. The top 3 are lung cancer, colon
cancer, and ovarian cancer. (B) Number of experiments for each disease in CMAP dataset. Prostate
cancer, breast cancer, and lung cancer have the most conducted experiments. (C) The number to the
left of each cell line indicates its rank in the CMAP dataset for most experiments, and thus most data
abundance. Number of unique drugs used in the experiments with the perturbed gene expression
profiles from the GDSC dataset for each cell line presented in both CMAP and GDSC datasets. The
selected 10 cell lines (in both datasets) with the highest CMAP experiment data are displayed. (D)
Number of unique drugs used in the experiments with the perturbed gene expression profiles from
the GDSC dataset for each cell line present in both CMAP and GDSC datasets. The top 10 cell lines
(in both datasets) with the highest number of unique GDSC drugs tested are shown.
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. . Total Drug Drug L
Disease Name c:I;rl;::e Exg:::::nt . Count Count
(in CMAP) (w/ GDSC) 1C50 <0
1 Prostate Cancer PC3 296688 8703 122 16.4%
2 Breast Cancer MCF7 302664 7975 121 22.3%
3 Lung Cancer A549 261333 6742 121 24.8%
4 Skin Cancer A375 231121 4740 116 31.0%
5 Colon Cancer HT29 220704 4109 112 25.9%
6 Prostate Cancer VCAP 205266 6290 99 19.2%
7 Leukemia THP1 34298 1250 90 16.7%
8 P%”“"*aﬁc YAPC 82732 1691 85 10.6%
ancer

9 Cervical Cancer HELA 66746 1645 83 21.7%
10 Breast Cancer BT20 8788 185 53 11.3%

Table 1. Top 10 Cell Lines in CMAP with most GDSC drugs tested.

Additional information includes experiment counts in CMAP, Total drugs tested with CMAP, total
drugs tested with GDSC, and percent GDSC tested drugs that induce response on respective cell lines
(logarithmic 1C50 < 0). These are not the 10 selected cell lines DeepDrugCancer trained on.

The above analysis revealed large variations of drugs, diseases, and experiments distributions
across different cell lines (Table 1). Model performances were generally stronger for cell lines with
greater experimental data and drug data abundance. This posed a challenge for training models for
DeepDrugCancer, as it aimed to cover up to 122 distinct drugs and hundreds of thousands of

experiments.

3.2. Model Performance and Evaluation

B AUC Scores for MCF7

AUC Score Distribution Across Different Cell Lines for Each Model (Ordered by Test Median AUC)
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Figure 4. The Transformer + classifiers refer to the fact that
the Transformer was used for pretraining the embedding, albeit the
Transformer embedding and Classification is the actual applied
framework for predicting drug response. The Transformer-only
model above refers to using the embedding and Transformer for prediction.

(A) AUC score distribution across different cell lines for each model, ordered by test median AUC.
Transformer + Logistic Regression had the best performance with mean AUC of 82.5% across all
cell lines. (B) AUC scores for different classifiers on MCF7 cell line, ranked with validation score.
KNN performed best with Transformer + Logistic Regression performance tied for third.

I measured cell line responsiveness, defined as a binary classification task on the logarithmic 1C50
value [28]. High drug sensitivity (1) corresponds to a negative logarithmic IC50 value and low drug
sensitivity (0) corresponds to a positive logarithmic IC50 value. DeepDrugCancer was used to predict
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drug sensitivity on the test set for the selected 10 cell lines. Also, Transformer and nine traditional
classification models across all cell lines (Fig. 4A) used in DeepDrugCancer were compared, and this
study observed that Logistic Regression classifier performed the best. It attained an average test AUC
score of 82.5% across the 10 cell lines.

Further comparison of model performances within MCF7 show Logistic Regression classifier to
have third best performance (Fig. 4B). This study posits that the model’s simplicity reduces its
tendency to overfit on the limited datasets compared to other more complex classifiers. Furthermore,
using simple algorithms like Logistic Regression enhances the interpretability of the results.
DeepDrugCancer therefore adopted the Transformer for pretraining and Transformer Embedding +
Logistic Regression, denoted as Transformer + Logistic Regression in the following, for classification,
as this combination yielded the highest AUC score in classifying all cell line responsiveness, in
comparison to other classifiers.

3.3. Model Interpretability Analysis

The model has an attractive property of interpretability as it uses a simple Logistic Regression
classifier on learned embedding features. To evaluate this property and validate the model’s
biological relevance, this study conducted an interpretability analysis during exploration on a known
drug Vorinostat, a drug used to treat T-Cell Lymphoma. The analysis aimed to reveal the nuanced
relationships between the drug and a cell line’s gene expression. Out of 978 genes, 55 were
upregulated after treatment with Vorinostat (Fig. 5A). To understand the functional implications on
these genes, genes that were associated with Vorinostat’s effects on cell lines were analyzed and
enriched for functional pathways. The odds ratio of disease pathway responsiveness to Vorinostat
were calculated through KEGG pathway analysis (Fig. 5B), following established methodologies [29,
30]. Finally, to quantify the contribution of individual genes to the model’s predictions of drug
responsiveness, SHAP (SHapley Additive exPlanations) values were computed for metrics including
IC50 and AUC (Fig. 5C and Fig. 5D) on the top 20 genes with the highest sensitivity to VVorinostat
[31].
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Figure 5. Overview of Vorinostat’s effect on landmark genes and cell lines.

(A) Volcano plot identifying upregulated and downregulated genes in response to treatment with
Vorinostat. Log2 Fold Change is used. (B) Odds ratio of 10 distinct enriched KEGG metabolic
pathways after treatment with Vorinostat. (C) SHAP summary plot for IC50 prediction on various
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cell lines after treatment with Vorinostat. (D) SHAP summary plot for AUC prediction on various
cell lines after treatment with Vorinostat.

3.4. In-Vitro Experiment Validation - HER2 Inhibition by Mifanertinib Suppresses Tumor
Cell Growth and Promotes Apoptosis
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Figure 6. Results from wet lab in-vitro experiments
with Mifanertinib on MCF7 and MCF7-k cell lines.

(A) Western blot results from protein samples with various drug treatment conditions as columns
and antibodies used as rows. (B) % cell viability for CCK8 cell viability experiments with DMSO
control, low, medium, and high dosage Mifanertinib treatment, and Lapatinib positive control on
MCF7 and MCF7-k cells. (C) Annexin V and Pl Treatment experiment with DMSO, Mifanertinib,
and Erlotinib treatment dosages on MCF7 and MCF7-HER2-k cell images for apoptosis.

Mifanertinib selectively inhibited HER2 phosphorylation in MCF7 cells in a dose-dependent
manner without affecting total HER2 protein levels, similar to the effects of Lapatinib (Fig. 6A).
Knockdown controls showed no significant differences, suggesting the effects were drug-specific
rather than gene interaction—dependent. Functionally, Mifanertinib treatment reduced cell viability
(Fig. 6B) and increased apoptosis, as evidenced by Annexin V/PI staining (Fig. 6C). These results
demonstrate that Mifanertinib acts as a HER?2 tyrosine kinase inhibitor, translating biochemical
suppression into strong anti-proliferative and pro-apoptotic effects. Notably, the extent of HER2
phosphorylation inhibition correlated with phenotypic changes, supporting a direct mechanistic link.
Compared with single-target inhibitors, the dual activity of Mifanertinib on EGFR and HER2
suggests a broader therapeutic window, particularly in tumors with compensatory signaling between
these pathways. Collectively, these findings highlight Mifanertinib’s repurposing potential and
validate DeepDrugCancer as an effective model for predicting drug efficacy.

Pathway enrichment analysis revealed distinct transcriptional responses between Mifanertinib-
and Lapatinib-treated MCF7 cells. Mifanertinib (0.1 M) significantly perturbed innate immune and
inflammatory signaling, including Toll-like receptor, NOD-like receptor, and NF-kB pathways, as
well as nucleotide excision repair and multiple virus-associated pathways (Fig. 7A). In contrast,
Lapatinib (1 M) preferentially affected Wnt and MAPK signaling, PPAR signaling, and adhesion-
and metabolism-related processes (Fig. 7B). These differences suggest that although both drugs
converge on HER2 inhibition, Mifanertinib elicits broader transcriptional rewiring of immune-related
pathways, whereas Lapatinib primarily impacts canonical oncogenic signaling. This divergence
highlights potential mechanistic distinctions between the two inhibitors and suggests that
Mifanertinib may exert additional immunomodulatory effects beyond HER2 kinase blockade. This
finding shows that Mifanertinib compares favorably with Lapatinib, a drug actively used to treat
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advanced metastatic (already spread) HER2-receptor positive breast cancer [32] and thus contributes
significant insight to the potential usage of Mifanertinib for breast cancer treatment.

A B

MCF7- Mifanertinib 0.1 pM vs. DMSO MCF7-Lapatinib 1 pM vs. DMSO

Viral protein interaction with ¢ytokine and cytoKing receptor -
Toll-like racaptor signaling pathway -
FRNA degradation -

RIG-I-like receptor signaling paifay =

Selenccampound metabolism -
Pralein processing in andaplasmic retioulum =
PPAR signaling pathway -

Gene_Number
Phagesame -

* 1.00

Qualue Pathogenic Escherichia coli infection -+ 8] 125

B oo Osteoclast difereniation - @ 150

| ’ 175

£ Kaposi sarcoma.-associated h oote E :Em
,E) 0010 ,ni
B 3
g 0005 g

3 0000 = Qualue
a o

0.04

Gene Number

. i uman T— eut i ion = 0.03

Hepaiitis G- 002

0.01

0.00
Fluid shear swress and atherosclarosis -

Cytokine-cyloki

G-type lectin receptor signaling pathway

Ghemokine signaling pahay - G-type lectin receotor signaling pathway -
Ghemical carcinogenesis - racepor activation - Gell adhesio
Alzoholc iver disease - Apelin signaling pathway -
0.d03 0.008 008 .00 001 g2 0.08
RichFactor RichFactor

Figure 7. KEGG pathway enrichment analysis
of MCF7 cells treated with Mifanertinib or Lapatinib.

(A) Pathway enrichment in MCF7 cells treated with Mifanertinib (0.1 M) versus DMSO control.
Enriched pathways included immune signaling cascades (e.g., Toll-like receptor, RIG-I-like receptor,
NOD-like receptor, NF-kB signaling), DNA damage repair (nucleotide excision repair), and viral
infection—related pathways. Dot size corresponds to the number of enriched genes, while color
represents g-values. (B) Pathway enrichment in MCF7 cells treated with Lapatinib (1 M) versus
DMSO. Lapatinib treatment was associated with distinct pathway signatures, including Wnt signaling,
MAPK signaling, PPAR signaling, and adhesion- and metabolism-related pathways.

3.5. Results from Integration with scRNA-seq
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Figure 8. Single-cell validation of drug response
predictions in patient-derived breast cancer samples.
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UMAP projections of patient-derived scRNA-seq data showing cell type annotations (top row)
and drug-related gene expression patterns (bottom row). Distinct transcriptional perturbations were
observed in malignant epithelial cell clusters, while stromal and immune populations exhibited
minimal responses. These results demonstrate that drug-related gene expression is cell type—specific,
highlighting intra-tumor heterogeneity in drug sensitivity at single-cell resolution.

To evaluate DeepDrugCancer predictions in a clinically relevant context, this study integrated
single-cell RNA sequencing (scRNA-seq) data from patient-derived breast cancer samples with
scDrugAct website [26] (Fig. 8). The drug-related gene expression mapped across major cell
populations revealed that transcriptional perturbations were not uniformly distributed but instead
showed clear cell type specificity. In particular, malignant epithelial subpopulations exhibited
stronger drug-related expression changes compared to stromal and immune cells, indicating that
therapeutic effects were concentrated within tumor compartments. This intra-tumor heterogeneity
underscores the cell-type specific drug responses in breast cancer. Collectively, these results highlight
that DeepDrugCancer not only predicts drug efficacy but can also point out drugs with cell
population—specific effectiveness, supporting the model’s potential utility in precision oncology. This
cross-context validation underscores the potential for using cell line trained models to infer patient
specific drug responses at single-cell resolution, thereby supporting future precision oncology
applications [33].

4. Discussions

4.1. Mifanertinib: A New Weapon in the Breast Cancer Arsenal

The identification of Mifanertinib as a potent agent for breast cancer is the most consequential
outcome of this study. Originally developed as a third-generation EGFR inhibitor for non-small cell
lung cancer (NSCLC), specifically to target resistance mutations like T790M, its utility in breast
cancer has been largely unexplored.

Our data indicates that Mifanertinib acts as a potent HER2 inhibitor in breast cancer cells. While
MCEF-7 cells are clinically categorized as HER2-low or HER2-negative , they are known to express
functional HER2 receptors that engage in crosstalk with the Estrogen Receptor (ER) pathway, often
driving resistance to endocrine therapies like tamoxifen. By effectively blocking HER2
phosphorylation, Mifanertinib disrupts this resistance axis. This positions it as a promising candidate
for HER2-low breast cancers, a massive patient population that has recently become the focus of
intense clinical interest following the success of antibody-drug conjugates like T-DXd.

Furthermore, the drug's unique ability to activate NF-kB and TLR pathways suggests it operates
via a dual mechanism: direct oncogene inhibition coupled with immune stimulation. This
immunomodulatory profile distinguishes it from "pure” kinase inhibitors and suggests potential
synergy with immune checkpoint blockade, a hypothesis that warrants immediate investigation in
immunocompetent animal models.

4.2. Cross-Validation with Clinical Trials

In the in-vitro wet lab experiments, this study chose Mifanertinib as the drug to be tested. However,
this study came across other drugs that the model predicted as effective (see Supplementary Details
for list) backed by public literature. For example, DeepDrugCancer classified Ceritinib as high
sensitivity on MCF7 cell line. This study cross-validated this prediction with public literature, which
showed that Ceritinib was a “novel triple negative breast cancer therapeutic agent” [34]. Furthermore,
Ceritinib acts as a protein kinase inhibitor and can trigger immunogenic cell death via on-target effects
[35, 36].

Another example is Purmorphamine, a drug in its exploration phase (at the time of this study) that
DeepDrugCancer predicted to induce responsiveness on the MCF7 cell line [37]. MCF7 is a well-
studied cell line with nearly 50 years of research [38], which corresponds to greater resources to be
utilized by researchers, such as single-cell data for breast cancer. For example, in the CMAP dataset,
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MCF7 stood out in experiments conducted and in the GDSC dataset, MCF7 stood out in drugs tested.
MCEF7 is therefore more suitable for this study and likely yields better results than if an alternative
cell line with less data was used.

4.3. The Power of Transformers in Pharmacogenomics

Methodologically, this study validates the superiority of Transformer-based embeddings for
pharmacogenomic tasks. Traditional descriptors often fail to capture the context of molecular
features—how a specific chemical substructure behaves differently depending on the global topology
of the molecule. Transformers, via self-attention, naturally encode this context. Our results show that
these "context-aware" embeddings linearize the complex landscape of drug response, enabling even
simple classifiers like Logistic Regression to achieve high accuracy. This has profound implications
for Al interpretability: by shifting the complexity to the feature extractor (the Transformer), we can
use simpler, more transparent models for the final decision, facilitating the "trust" required for clinical
adoption.

4.4. Limitations and Future Directions

While promising, this study is not without limitations. Cell line models, including MCF-7, are
imperfect proxies for clinical tumors, lacking the full 3D architecture and metabolic heterogeneity of
patient tissue. Although our single-cell validation mitigates this, future work must incorporate patient-
derived organoids (PDOs) and spatial transcriptomics to fully capture the nuances of the TME.
Additionally, while we validated HERZ2 inhibition, the dual-kinase nature of Mifanertinib
(EGFR/HERZ2) requires further dissection to determine the exact contribution of EGFR inhibition to
the observed phenotype in breast cancer cells.

5. Conclusions

DeepDrugCancer represents a significant leap forward in Al-driven drug discovery. By
harmonizing massive datasets and leveraging the representational power of Transformer models, we
have built a robust engine for identifying high-value drug repurposing candidates. The discovery and
validation of Mifanertinib as a dual-action (anti-HER2/immunomodulatory) agent for breast cancer
provides a compelling proof-of-concept. Coupled with the identification of unconventional
candidates like aminocaproic acid and pancuronium, this study underscores the vast, untapped
potential within the existing pharmacopeia. As we move towards the era of precision oncology,
frameworks like DeepDrugCancer will be instrumental in delivering rapid, cost-effective, and
personalized therapeutic solutions to patients
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