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ABSTRACT 
 
Context: The HER2 receptor is a transmembrane protein that regulates the growth and division of cells. 
With other EGFR (epidermal growth factor receptor) family members, it forms homodimers or 
heterodimers in a ligand-dependent and -independent manner, activating signaling pathways that trigger 
cell proliferation, survival, and migration[1]. In some cases, if there are too many copies of the receptor, 
the cells will grow and divide uncontrollably and leading to more aggressive forms of cancer cells[2]. 
This paper anticipates the potential antagonist compounds via the Google Colab platform to evaluate their 
potential and suggest some HER2 inhibitors.  
 
Objective: The research performs a ligand-based virtual screen experiment using the Artificial Neural 
Network-based Quantitative Structure-Activity Relationship (ANN-QSAR) to screen a large library of 
50,000 molecules to identify potential HER2 inhibitors. 
 
Conclusion: There are 2305 inactive compounds in the dataset and 1760 active compounds extracted from 
the CHEMBL database. These compounds have a smaller and more flexible structure when compared 
with other small molecule inhibitors like the (TKIs) tucatinib, lapatinib, and neratinib, which seem to 
have a larger and more rigid ring system [3]. These inhibitors are important to the treatment of breast 
cancer. Yet, Herceptin is still needed because it is more well-known as the single most important 
treatment for breast cancer in both ​​metastatic and neoadjuvant settings [4].  
 
 
INTRODUCTION 
 
The gene mutations you’re born with and those that you acquire throughout your life build how your cells 
function every day. Yet sometimes, they can overexpress and cause cancer.  The HER2 is a receptor 
tyrosine-protein kinase erbB-2 protein that belongs to the epidermal growth factor receptor (HER) family 
of receptors [5]. In the development of some cancers, they regulate cell growth, survival, and 
differentiation through multiple signal transduction pathways [6]. Human epidermal growth factor 
receptor 2, 1 of 4 membrane tyrosine kinases (TKs), was found to be amplified in a human breast cancer 
line 25 years ago, and this amplification played an important role in the pathogenesis and development of 
breast cancer 2 years later [7].  
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The use of studying inhibitors that work inside the cells is vital to our understanding and prevention of 
cancer cells in the future. Some of the smaller molecule HER2 inhibitors that are FDA-approved 
includesTKIs neratinib, followed by tucatinib, and then lapatinib. Neratinib shows the highest potent of 
these. It’s an inhibitor of HER2, EGFR, and HER4, where it binds covalently to interfere with cancer 
cells’ division, growth, survival, and invasion. The key functional group of neratinib is an α,β-unsaturated 
carbonyl (an acrylamide moiety) that acts as a reactive “warhead.” This group forms a covalent bond with 
a cysteine residue in the HER family receptors to make neratinib permanently attached to the enzyme’s 
active site[8]. This explains why the drug can shut off cells even when it’s not present in plasma [9]. 
Clinically, the utilization of neratinib is beneficial and effective, used for both early and advanced stages, 
but its strong action can lead to some serious side effects that can harm patients’ kidneys, liver, and cause 
severe diarrhea [10].  
 
Apart from neratinib’s popularity, tucatinib is a new potential for an effective drug [11]. Contrary to 
neratinib, it is highly selective for advanced and metastatic HER2+ breast cancer and collateral cancer 
[12]. Used in conjunction with medicine trastuzumab (Herceptin) and capecitabine (Xeloda), the drug will 
target breast cancer that has already spread to other parts of the body and aren’t treatable via surgery for 
adults with at least 1 chemotherapy treatment. Tucatinib is a non-covalent inhibitor, so it doesn’t have the 
electrophilic acrylamide “Michael acceptor” present in pan-HER inhibitors like neratinib. While neratinib 
can irreversibly alkylate a cysteine in the HER family kinase domain, tucatinib doesn’t have 
covalent-binding warhead and reversibly binds HER2, causing it to be highly potent against HER2 while 
sparing EGFR to minimize EGFR-related toxicities (such as severe rash) seen with less selective 
inhibitors[13]. Its results will help patients live longer and block the activity of cancer [14]. Still, some of 
side effects might include vomiting, nausea, or weight loss overall[13].  
 

Lapatinib is an older TKI used in combination with the chemotherapy drug capecitabine to target 
advanced or metastatic cancer (cancer that already spread) in patients who have already received other 
treatments (eg,anthracycline,taxane, trastuzumab) that don’t work well [15]. It binds to the intracellular 
phosphorylation to prevent ligand binding from receptor autophosphorylation; [16] and has 4 key 
functional  include a 4-anilinoquinazoline scaffold, a flat ring system that anchors the drug in the kinase 
pocket, and several substituents that enhance its activity. Notably, lapatinib contains halogen atoms 
(chlorine and fluorine) on its aromatic rings to improve binding, as well as a methylsulfonyl-ethylamino 
moiety on its structure. The methylsulfonyl group is a polar functional unit that increases lapatinib’s water 
solubility and helps the drug extend into the solvent-exposed region of the binding site [17]. These 
structural features give lapatinib strong dual activity against HER2 and EGFR, albeit missing neratinib 
permanent covalent bond. While Lapatinib’s more transient binding generally leads to tolerable toxicity in 
patients, serious cases might include liver disease or dry and flaky skin.[16]There are still many 
unanswered questions about their toxicity and efficacy. 

 
On the surface level, Herceptin in the treatment has been demonstrated in multiple clinical studies. 
Herceptin is not a small molecule at all, but a monoclonal antibody, designed to seek out and bind HER2 
receptors on the surface of cancer cells. Instead of a traditional chemical functional group, Herceptin’s 
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antigen-binding fragment (Fab) region is specifically used to recognize and attach to a portion of HER2 
protein, blocking the cancer cell’s ability to grow. In clinical studies, Herceptin therapy can significantly 
improve survival rates and reduce the risk of recurrence for patients with HER2-positive breast 
cancer.[18] Nevertheless, this method has its own risks like reduced heart function or even heart 
failure.[19]  
 
To predict the potential antagonist compounds for HER2, we will use a virtual screen experiment to 
identify the efficacy of compounds and suggest several effective ones. 
 
 

 
Figure 1. Mechanism of action of Herceptin 

 
Figure 2. Crystal structure of extracellular domain of human HER2 complexed with Herceptin Fab 
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Figure 3. HER-2 structure 
 
 
METHODS 
 
The research was carried out mostly on Google Colab ( https://colab.research.google.com/ ) using Python 
3.12, relying on several Key Python libraries, including NumPy for numerical operations, Pandas for data 
preprocessing, Scikit-learn for data splitting and evaluation, and Matplotlib for visualization. Building on 
this setup, the artificial neural network (ANN) model was then implemented and trained using 
TensorFlow/Keras. 
 
Firstly, we used the RDKit library, which is widely used for cheminformatics tasks, to extract the 
compounds for this study. 
 
The extraction process involved these steps:  

-​ Retrieved the ChEMBL ID of HER2 (CHEMBL1824) from the ChEMBL database. ( 
https://www.ebi.ac.uk/chembl ) 

-​ Extracted molecules tested against HER2. 
-​ Removed compounds with invalid or unusual molecular structures. 
-​ Eliminated duplicate compounds to avoid bias. 
-​ Obtained a curated dataset suitable for QSAR modeling for the result. 

 
Before structure filtering, we include a criterion that only includes compounds with reported biological 
activity (e.g., IC50, Ki) within a relevant range. 
 
Next, we use the Chem functions on the Google Colab platform and the RDKit 2023.09.1 package 
(http://www.rdkit.org) to analyze our compounds. The relevant compounds are categorized into inactive 
compounds and active compounds, an evaluation based on the value of pKi. While active compounds 
have a pKi ​​value greater than or equal to 6 and less than 15, the rest of the compounds with pKi values 
​​not in this range are inactive compounds (pKi values smaller than 6). From this processed dataset, we 
utilize Morgan circular fingerprints (ECFP4) with a radius of 2 generated as input for the QSAR 
prediction model [20]. 

 
December 2025 
Vol 2. No 1. 

Oxford Journal of Student Scholarship 
www.oxfordjss.org 

80 

https://colab.research.google.com/
https://www.ebi.ac.uk/chembl
http://www.rdkit.org/docs/Install.html


Utilizing QSAR Prediction Model to Identify Potential HER2 Inhibitors 

 
Building on these fingerprints, the ANN-QSAR model uses a predictive model for the chemical structure 
and the biological activity of approximately 50,000 compounds sourced from the eMolecules database. 
The model evaluates from 1024 input features to the first hidden layer of 32 neurons with ReLU 
activation function, followed by a 1-neuron output layer with Sigmoid activation function at the end. In 
this paper, we implemented a small dropout rate of 0.5 to provide light regularization while still allowing 
the model to learn effectively [21]. 
 
With the data set containing the molecular structures and biological activities of HER2 prepared, it is then 
randomly split into a training set and a test set with the ratio 80/20. This provides a more realistic 
assessment of the model's generalizability to new chemical structures. The classification model is then 
trained using the Keras package (version 3.10.0) and outputs the data results in accuracy, precision, and 
recall of the ANN models on both the training and the test sets. 
 
Finally, virtual screening is used to screen a large library of 50,000 molecules from eMolecules database 
to identify potential HER2 inhibitors. 
 
 
RESULTS 
 
We have extracted  5,169 compounds from the ChEMBL database to obtain molecules with reported 
biological activity against HER2, ensuring relevance for QSAR modeling. After filtering and 
classification, we also received - 2,529 compounds labeled as active (pKi ≥ 6) and  2,640 as inactive (pKi 
< 6). 
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Figure 4. Evaluation metrics in training QSAR model 
​  
  
 
 

 
Figure 5. Top 20 compounds with high predicted value (higher means more likely to be active) in 
biological activity related to HER2  
 
Under each molecular structure are the numbers indicating the model’s confidence in predicting specific 
properties, such as bioactivity or binding. A score approaching 1.0 suggests that the molecule satisfies the 
target criteria, while a score near 0 proves otherwise. 
 
 
DISCUSSION 
 
During the screening, ANN performed an excellent overall performance by reaching close-to-perfect 
output for the molecules inside the dataset. In other words, it efficiently captures consistently high values, 
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mostly above 0,9… displaying the relationship among molecular fingerprints and biological activity. As a 
result, the network architecture, together with the hidden layers, activation functions, and possibly 
regularization techniques, fits the dataset properly, minimizes underfitting, and suggests solid predictions.  
 
As for the top-ranked compounds identified from the ANN screening percentage, we notice numerous 
common functional groups and structural motifs like heterocyclic rings containing nitrogen and sulfur, 
sulfonamide moieties, and carbonyl groups. Many among them are combined with bicyclic or polycyclic 
scaffolds, which are typical in kinase inhibitors. Comparing them to recognised HER2 inhibitors, these 
molecules maintain core pharmacophoric functions that facilitate binding to the kinase domain, a 
characteristic of hydrogen bond donors/acceptors and hydrophobic aromatic rings. However, some top 
applicants display specific substitutions and ring structures not found in approved drugs, suggesting they 
might provide novel interactions and possible improvement in selectivity or potency.  
 
In short, the screening outcomes both highlight a convergence on key functional motifs essential for 
HER2 inhibition and introduce structural range. 
 
 
LIMITATIONS 
 
While our model has successfully identified promising candidates for HER2 treatment, scientific integrity 
requires us to address the inherent challenges in this computational approach. 
 
Firstly, we must acknowledge the "False Positive" paradox. Our model was trained using molecular 
fingerprints, which are essentially 2D representations of chemical structures. However, biological 
interactions occur in a complex, 3D space. There is a risk that the AI is identifying compounds that appear 
effective on a 2D plane but may physically fail to fit the HER2 binding pocket in a living system. 
 
Secondly, the reliability of a model depends on the quality of the data it uses for learning. By utilizing the 
ChEMBL database, we compiled information from various laboratories. Differences in experimental 
conditions and research protocols across laboratories can also introduce noise and lead to inconsistent 
results. 

Moreover, while the model’s strong performance on the test dataset is encouraging, it is not sufficient to 
conclude about real-world applications. To truly evaluate their effectiveness, these compounds must be 
tested directly on actual cancer cell lines. 
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CONCLUSION 

In this study, deep learning helped save both time and resources by filtering out thousands of unsuitable 
candidates at an early stage. However, it should be viewed as a supportive tool rather than a replacement 
for laboratory experimentation. Overall, the findings offer a strong starting point for further 3D analysis 
and, eventually, clinical trials. 
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