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A B S T R A C T

Pancreatic adenocarcinoma (PAAD) is notorious for its limited treatment options and dismal prognosis, un
derscoring an urgent need for innovative therapeutic strategies. This study leverages advanced bioinformatics 
and a novel ChatGPT-4o evaluation framework to identify and validate SRC kinase as a significant drug target for 
PAAD. Initial bioinformatics screening illustrated SRC’s critical involvement in essential signaling pathways 
associated with the disease. Subsequently, the ChatGPT-4o framework provided an unbiased, efficient evalua
tion, emphasizing SRC’s role in disease mechanisms. Our findings reveal substantial overexpression of SRC in 
PAAD compared to normal pancreatic tissue, with expression levels escalating in line with tumor grade and 
stage. Protein expression analysis using the Human Protein Atlas dataset showed a statistically significant dif
ference between PAAD samples and normal samples for SRC (P  <  1×10-15). Survival analysis using the Kaplan- 
Meier Plotter dataset further demonstrates a strong association between high SRC expression and reduced 
survival, with hazard ratios of 1.45 (P  < 7.69×10-3) for overall survival and 2.15 (P  <  9.19×10-5) for disease 
free survival in advanced disease stages. SRC's involvement in key oncogenic pathways suggests its potential as 
part of combination therapies, enhancing the efficacy of existing treatments by targeting complementary me
chanisms. This study shows the therapeutic relevance of SRC and demonstrates the effectiveness of combining 
innovative AI technologies with traditional bioinformatics to accelerate the discovery and validation of critical 
drug targets in oncology.

1. Introduction

Pancreatic adenocarcinoma (PAAD) is a highly aggressive solid 
tumor that constitutes over 90% of all pancreatic cancer cases.1 Pan
creatic ductal adenocarcinoma (PDAC) is a common subtype of PAAD, 
although these two terms are sometimes used interchangeably. PAAD is 
one of the most challenging malignancies to treat, with a 5-year sur
vival rate of less than 10%,2 and currently ranks third in cancer-related 
deaths in the United States,3 with projections indicating it will become 
the second-deadliest cancer by 2030.4

PAAD is commonly characterized by its poor prognosis and in
effective treatment options. PAAD tumors progress rapidly without re
cognizable symptoms; at the time of diagnosis, over 80% of patients 
have experienced metastasis and spread of the disease, evidencing 
PAAD’s poor prognosis and resulting in advanced tumors ineligible for 
surgery.5 Standard treatments for PAAD, such as chemotherapy and 

immunotherapy, have failed to produce meaningful results measured 
by patient survival, since the immunosuppressive and intensely des
moplastic tumor microenvironment in PAAD often limits tumor ex
posure to chemotherapy and attack by immune cells.6,7 For example, 
approved chemotherapies such as gemcitabine/nab-paclitaxel or FOL
FIRINOX only improve survival by 2–4 months and are accompanied by 
severe toxicity and adverse effects.8

Current targeted approaches to PAAD drug development have been 
researched extensively with the availability of cancer genomic se
quencing data. For example, KRAS, which is mutated in nearly 90% of 
PAAD patient samples,9 has become a common drug target for in
vestigational drugs. However, leading drugs involved in clinical trials 
for PAAD treatment, such as sotorasib, which targets the KRAS G12C 
mutation, have shown minimal survival improvements of around 3 
months, and also commonly exhibit adverse effects.10 These results may 
be attributed to the low frequency (1%–2%) of KRAS G12C mutations in 
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pancreatic cancer.11 Additionally, KRAS mutations are early events 
present in the initial stages of PAAD9 and may have reduced influence 
in advanced PAAD stages, which is when most PAAD patients are ty
pically diagnosed.2 Cancer progression may also lead to the accumu
lation of both driver and passenger mutations, resulting in genetic in
stability, especially at advanced stages.12,13 Therefore, recent research 
regarding PAAD drug targets has shifted towards genomic tumor dri
vers that are predominantly involved in PAAD signaling pathways as 
well as differentially expressed in tumor tissues.14–16

In this paper, we describe the bioinformatics process of establishing 
SRC as a new PAAD drug target with a systematic, unbiased approach, 
by comparing it to existing targets and evaluating its relation to PAAD 
with regard to expression, significance in late stage tumors, and impact 
on patient survival. The approach that we developed has the following 
innovative characteristics. First, we performed a comprehensive 
pathway analysis designed to evaluate a drug target’s relevance to 
PAAD progression and suitability as a novel target for PAAD treatment. 
Second, we leveraged ChatGPT-4o in our evaluation tasks to improve 
efficiency and demonstrate the utility of generative AI in de novo drug 
discovery. Unlike many prior studies, which often focus exclusively on 
either computational biology techniques or manual data interpretation, 
this combined approach leverages the strengths of both traditional 
bioinformatics tools and generative AI. This integration facilitates im
proved data processing, enhanced interpretation of complex biological 
networks, and streamlined validation of potential drug targets. 
ChatGPT-4o, the latest iteration of the Generative Pre-trained 
Transformer Large Language Model developed by OpenAI, exhibits 
improved understanding and generation of complex concepts and text, 
providing a potential tool to aid in de novo drug discovery through 
contributions in data interpretation, simulation, modeling, and more.17

Finally, by integrating this ChatGPT-4o evaluation with bioinformatic 
pathway and survival analysis, we efficiently uncover a novel drug 
target candidate and streamline the drug discovery process. In this 
paper, we will demonstrate that this novel approach has been suc
cessfully validated by cohort analysis using SRC expression and its 
impact on patient survival.

2. Methods

Our methodology was structured into seven sequential steps to 
systematically evaluate and prioritize candidate drug targets for pan
creatic cancer targeted therapy (Figure 1). First, we curated a com
prehensive list of 252 candidate drug targets using Pathway Annotated 

Gene Enrichment Ranking (PAGER), a bioinformatics platform that 
integrates pathway-associated gene sets to identify pancreatic cancer- 
relevant genes and pathways. Second, we retrieved biomolecular 
pathways associated with our candidate gene set using PAGER. Third, 
we utilized a custom evaluation framework generated by ChatGPT-4o 
to score each pathway, leveraging the AI’s capabilities to ensure an 
unbiased and efficient analysis of pathway relevance and drug target 
suitability. Fourth, we calculated a baseline pathway score by evalu
ating unrelated pathways with the same framework, using ChatGPT-4o 
and PAGER to establish benchmarks for pathway significance. Fifth, we 
integrated pathway scores and individual gene scores to calculate 
weighted final ranking scores for each candidate gene. Sixth, we con
ducted expression analysis to investigate differential gene expression 
and trends of gene expression across stages of PAAD progression. Se
venth, and finally, we performed survival analysis to investigate the 
impact of SRC expression on patient survival outcomes. Next, we will 
describe the approaches in detail.

2.1. Candidate drug target curation

We first manually compiled an extensive list of candidates to es
tablish a prioritized list of candidate drug targets. This initial compi
lation involved searching for pancreatic cancer-related pathways, an
notated lists, and gene signatures (PAGs) using PAGER, which is a 
bioinformatics platform that identifies and analyzes PAGs associated 
with a user-provided gene set. PAGER has 113,830 PAGs from 37 data 
sources, ensuring comprehensive coverage of relevant pathways.18 This 
extensive coverage as well as PAGER’s prioritization algorithms allow it 
to uncover critical genes that other tools might overlook. Additionally, 
its ability to integrate diverse datasets ensures a more holistic under
standing of pathway relevance in complex diseases such as pancreatic 
cancer. From this search, we identified 252 genes that exhibited high 
prioritization scores within the resulting PAGs, forming our compre
hensive initial candidate list.

2.2. Curation of PAAD-affected biomolecular pathways

To effectively rank the candidate drug targets, we established a 
comprehensive evaluation process that assessed each candidate in re
lation to PAAD. Our approach went beyond direct assessment of the 
drug targets themselves; instead, we focused on retrieving and evalu
ating biomolecular pathways that are impacted in PAAD and pertinent 
to each candidate. This strategy was designed to ensure that candidates 

Figure 1. Flowchart of methodology. 
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with limited research literature in the context of PAAD were not 
overlooked, thereby facilitating the discovery of novel drug tar
gets.19–21

We employed PAGER to source pathways associated with each 
candidate within the context of PAAD. We then queried our initial 
candidate list in PAGER and compiled the resulting pathway-type PAGs 
with at least five genes overlapping with the candidate list. The 
threshold of five overlapping genes was selected to balance compre
hensiveness and relevance, ensuring that pathways with minimal 
overlap, which might lack sufficient biological context or statistical 
power, were excluded. This threshold aimed to focus the analysis on 
pathways more likely to play a significant role in PAAD progression 
while controlling the number of pathways included for downstream 
analysis. However, we acknowledge that this threshold could poten
tially overlook important pathways with fewer overlapping genes, 
particularly if those genes are highly significant to PAAD. To address 
this limitation, future analyses could include complementary methods, 
such as weighting gene overlap by functional relevance or in
corporating additional pathway-level metrics, to capture pathways with 
fewer but highly impactful genes.

To focus on pathway databases that provide more experimentally 
validated, disease-specific, and actionable insights, we filtered this 
pathway list by data source to exclude MSigDB and PharmGKB. This 
resulted in 363 PAAD-related pathways. These detailed findings are 
presented in Supplementary File 1.

Additionally, while we included umbrella-level pathways (e.g., 
hsa05212 pancreatic cancer) in our evaluation, we acknowledge that 
core signaling pathways such as KRAS-MAPK, p53, and Rb/E2F often 
provide more precise mechanistic and therapeutic insights. However, 
umbrella pathways offer a curated, integrative view of multiple inter
secting biological processes that are specific to PAAD and reflect higher- 
order coordination of oncogenic mechanisms. These composite path
ways are particularly useful in identifying candidate genes that parti
cipate across multiple subsystems and are therefore more likely to serve 
as viable, high-impact therapeutic targets. Moreover, umbrella path
ways from sources like KEGG often include experimental annotations 
that consolidate the contributions of canonical pathways in disease- 
specific contexts, providing a practical and interpretable basis for sys
tematic scoring. Our approach balances both perspectives by scoring 
umbrella pathways while retaining core pathway signals through gene 
level scoring (Rank Prioritization Gene [RPG]) and inclusion of path
ways like PI3K-Akt, p53, and MAPK in our final ranking. This ensures 
comprehensive yet therapeutically relevant prioritization.

2.3. Evaluation of pathway contribution to PAAD progression using 
ChatGPT

In our study, we utilized ChatGPT-4o to generate a comprehensive 
evaluation framework to assess the significance and influence of specific 
biomolecular pathways in the context of pancreatic cancer. While tradi
tional platforms such as PAGER provide robust influence scoring based on 
statistical enrichment and gene overlap metrics, they are limited in syn
thesizing multidimensional biological context, clinical relevance, and 
druggability simultaneously. We chose ChatGPT-4o for its ability to in
tegrate complex and heterogeneous biomedical data into a structured, 
multi-criteria scoring framework. ChatGPT-4o enabled us to systematically 
evaluate pathways not only based on gene content but also their literature- 
supported roles in cancer biology, known drug interactions, biomarker 
availability, and resistance mechanisms—factors that are not easily quan
tified in conventional tools. The primary advantage of using ChatGPT lies in 
its ability to extract contextual knowledge from diverse sources and apply 
human-like reasoning to prioritize targets, as well as its efficiency and 
scalability. Additionally, previous research has demonstrated ChatGPT’s 
consistent performance in evaluation tasks compared to human evaluators 
and its reliability in medical and biological contexts,17,22–24 making it an 
efficient and accurate tool for our analysis.

Ranking biomolecular pathways based on their relevance to specific 
diseases is a well-established bioinformatics and systems biology ap
proach. Various studies have proposed scoring frameworks integrating 
multiple criteria, such as pathway relevance, genetic mutations, clinical 
biomarkers, and therapeutic potential. For example, Subramanian 
et al.25 introduced the Gene Set Enrichment Analysis (GSEA) frame
work, which evaluates pathway significance based on differential ex
pression patterns across gene sets. Similarly, Kanehisa et al.26 used 
KEGG pathways to prioritize pathway significance in cancer by ex
amining functional annotations and mutation frequencies.

To further augment traditional frameworks, we integrated ChatGPT- 
4o into our pathway evaluation process. ChatGPT-4o synthesizes and 
contextualizes information from diverse datasets, providing a stream
lined approach to multi-criteria scoring. By using structured prompts to 
evaluate each pathway across defined categories, ChatGPT leverages 
existing literature and datasets to generate objective scores.27–29

We employed a numerical scoring system to minimize potential 
errors, such as hallucinations and ambiguities commonly associated 
with AI, fully detailed in Supplementary File 2. The ChatGPT-4o-gen
erated framework systematically evaluated each pathway across seven 
defined categories to assess its role in PAAD progression and its po
tential as a drug target. These categories were selected based on es
tablished criteria in cancer drug discovery frameworks, including KEGG 
druggability annotations, the Cancer Genome Atlas (TCGA) mutation 
and expression data, and biomarker-guided therapy models. To eval
uate each pathway, the pathway name and scoring system were in
putted as prompts for ChatGPT-4o, which then provided the evaluation 
scores. These prompts were slightly varied between trials to ensure 
robustness and reduce the influence of prompt-specific biases, thereby 
improving the reliability of the evaluation scores. These varied prompts 
can be found in Supplementary File 2.

Each pathway was given a subscore on a scale from 0 to 9 in each of 
seven categories, with 0 indicating no relevance or evidence and 9 in
dicating strong, well-supported significance. These subscores for each 
category were multiplied by specific weights, from 1 to 5, assigned to 
each category based on their relative importance in determining a 
pathway’s therapeutic potential.

Pathway relevance to PAAD was assigned the highest weight of 5 
because it directly evaluates the pathway’s involvement in PAAD-spe
cific processes such as tumor initiation, progression, and therapeutic 
resistance. These processes are central to understanding the disease’s 
biology and identifying actionable drug targets. A pathway that de
monstrates strong evidence of being integral to PAAD biology is in
herently more likely to yield meaningful therapeutic opportunities. 
Pathway relevance was evaluated by analyzing the pathway’s docu
mented involvement in key biological processes such as tumor initia
tion, progression, metastasis, and therapeutic resistance.

Target druggability, weighted at 5 to emphasize the practical fea
sibility of translating pathway findings into therapeutic strategies, as
sessed the presence of well-characterized, actionable drug targets 
within the pathway and the availability of drugs targeting these com
ponents. The high weight correlates with the importance of pathways 
containing actionable components that can be targeted with existing 
drugs or drug-like compounds. Pathways with multiple approved drugs 
or drugs in advanced clinical trials received higher scores, while those 
with hypothetical or preclinical targets received lower scores.

Genetic alterations in the pathway were given a weight of 4, due to its 
role in indicating the fundamental molecular drivers of PAAD and providing 
a foundation for stratifying and targeting patient subgroups. The slightly 
lower weight compared to relevance and druggability reflects the fact that 
not all genetic alterations are immediately actionable or relevant to late- 
stage disease. Genetic alterations were evaluated by examining the fre
quency and impact of mutations in pathway-associated genes among PAAD 
patients. Pathways containing genes with high mutation prevalence, such as 
KRAS or CDKN2A, received higher scores, especially if these mutations were 
linked to tumor progression or poor prognosis.
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Biomarker availability was weighted at 4 because it is essential for 
tailoring treatments and monitoring therapeutic responses. The 
weighting acknowledges its importance while recognizing that some 
highly relevant pathways may not yet have validated biomarkers but 
still hold therapeutic promise. It assessed whether the pathway was 
associated with reliable markers for patient stratification or treatment 
monitoring. Pathways with clinically validated biomarkers, such as 
CA19–9, received higher scores, while those with experimental or un
validated biomarkers scored lower.

Resistance mechanisms, crucial for overcoming therapeutic chal
lenges and improving clinical outcomes, were weighted at 4 and fo
cused on the pathway’s involvement in resistance to existing therapies 
for PAAD, such as gemcitabine or 5-FU. Pathways with strong evidence 
from clinical or preclinical studies linking them to therapy resistance 
scored higher, while those with minimal or inconclusive evidence 
scored lower.

Literature evidence helps contextualize findings but is inherently 
dependent on research focus, which may bias representation; therefore, 
it was weighted at 3. Literature evidence considered the depth and 
breadth of research supporting the pathway’s relevance to PAAD. 
Pathways with extensive support from clinical trials or high-impact 
publications received higher scores, while those with limited or spec
ulative evidence received lower scores.

Lastly, the safety profile, weighted at 3 since it may be less de
terminative in early-stage target identification than other metrics, 
evaluated the feasibility of targeting the pathway based on known or 
anticipated side effects. Pathways associated with well-tolerated ther
apeutic interventions scored higher, while those with significant toxi
city concerns or off-target effects received lower scores.

We now provide an explicit example of the structured prompt used 
in the evaluation process. The prompts were explicitly designed to re
flect the rubric categories and simulate domain-expert reasoning while 
limiting overfitting. We monitored outputs for consistency, and by 
averaging across multiple independently sampled runs, we reduced 
susceptibility to AI hallucinations or overconfidence. This design allows 
our framework to remain interpretable, reproducible, and aligned with 
existing benchmarks in gene and pathway prioritization. For each 
pathway, we input the following prompt into ChatGPT-4o:

"For each pathway I provide, apply the defined scoring system tai
lored to pancreatic cancer research. Score each subcategory as a biology 
expert would, limiting your literature review to a randomly chosen 15% 
of sources for accurate and concise scoring. Output each pathway in a 
tab-separated format without headers or a final score, so I can directly 
copy the results. Ensure complete scores for each pathway, with at
tention to accuracy in the context of pancreatic cancer."

As an example, for the EGF/EGFR signaling pathway, ChatGPT returned 
the following sub-scores based on our 7-category framework: 9 for Pathway 
Relevance to PAAD, 8 for Target Druggability, 7 for Genetic Alterations, 7 
for Biomarker Availability, 8 for Resistance Mechanisms, 9 for Literature 
Evidence, and 7 for Safety Profile. Each category score was multiplied by its 
assigned weight (see Supplementary File 2), and the final pathway score 
(e.g., 221 for EGF/EGFR) was the weighted sum. These weighted sums were 
used to rank pathways according to their overall potential as targetable 
pathways in PAAD.

This process was repeated across all 363 PAAD-related pathways 
and 129 unrelated pathways, with each score averaged over 20 trials to 
reduce prompt variability. To ensure robustness, we evaluated the 
scoring framework's sensitivity to changes in category weights. 
Pathway relevance and druggability weights varied by ±10%, but the 
overall rankings remained consistent for the top 10 pathways, demon
strating stability in scoring.

2.4. Establishment of pathway baseline score

To provide a reference point for pathway evaluation, we generated a 
list of random genes not included in our candidate gene list using 

ChatGPT-4o. This gene list, “unrelated genes,” was subsequently 
queried in PAGER to identify 129 pathways unrelated to PAAD, termed 
“unrelated pathways.”

The ChatGPT-4o scoring system was applied to each unrelated 
pathway using the same methodology employed for PAAD-related 
pathways. Each pathway was evaluated 20 times, and the average score 
across all trials was calculated to determine the final ranking score for 
each unrelated pathway. The final scores of all unrelated pathways 
were then averaged to establish the pathway baseline score, which 
served as a benchmark for assessing the significance of pathways in the 
context of PAAD.

To ensure robustness, we evaluated the scoring framework's sensi
tivity to changes in category weights. Pathway relevance and drugg
ability weights were varied by 10%, and we recalculated final pathway 
scores and re-ranked the full list. The overall rankings remained the 
same for the top 10 pathways, demonstrating the stability of the scoring 
algorithm.

2.5. Integration of pathway evaluation and gene prioritization scores

Each candidate gene's membership in the 363 previously evaluated 
pathways was systematically recorded. This was accomplished by ex
amining the “PAG Members” table associated with each pathway in the 
PAGER database. Two distinct scores were assigned for every instance of a 
gene being part of a pathway: the Rank Prioritization Pathway (RPP) score 
and the RPG score. The RPP score indicates the standardized pathway sig
nificance relative to its baseline, derived by dividing the pathway ranking 
score, obtained through ChatGPT-4o’s evaluation, by the pathway baseline 
score. The RPG score corresponds to the rank prioritization score of the gene 
within the specific pathway, as provided by the PAGER database. This score 
directly reflects the gene’s importance or contribution within the pathway. 
Both the RPP and RPG scores were subsequently normalized on a scale from 
0 to 1 using the following formula: 

zi = (xi – min(x)) / (max(x) – min(x))

The final score for each gene-pathway combination was calculated 
using a weighted formula, with the RPP score contributing 20% and the 
RPG score contributing 80%. This weighting emphasizes the gene-spe
cific contribution (RPG), reflecting its functional importance within the 
pathway, while incorporating the pathway-level significance (RPP) as a 
contextual factor. To consolidate all instances of a gene across PAAD- 
related pathways, the average of the final score for all instances was 
calculated to derive the gene’s overall ranking score. This comprehen
sive approach ensures a balanced assessment of pathway-level and 
gene-specific contributions, effectively prioritizing genes that demon
strate significance within the most impactful pathways.

2.6. Expression analysis in normal and PAAD tissue samples

To further identify suitable drug targets after our initial AI-powered 
evaluation, we collected comprehensive expression data for the top 20 
candidates. We examined expression levels in normal and PAAD tissue 
samples to assess differential expression patterns. This data was pri
marily sourced from the Human Protein Atlas, utilizing protein relative 
expression data from the Clinical Proteomic Tumor Analysis 
Consortium, which provides measurements in transcripts per million. 
The Human Protein Atlas was selected because it allows for comparison 
of expression levels between normal and tumor tissues, providing in
sights into cancer-specific expression dynamics.

Additionally, we examined gene expression throughout the pro
gression of PAAD to assess expression patterns. For this purpose, we 
utilized data from UALCAN, an online bioinformatics platform that 
incorporates RNA-seq data from TCGA. UALCAN was chosen because it 
contains expression levels across different stages of PAAD, allowing for 
the exploration of SRC’s clinical relevance in pancreatic cancer.30
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2.7. Survival analysis using gene expression as a biomarker

We utilized the Kaplan-Meier Plotter tool to conduct survival ana
lyses of SRC in pancreatic cancer. Kaplan-Meier Plotter is an online tool 
that enables survival analysis using gene expression and clinical data 
from multiple cancer studies. This tool was selected for its ability to 
integrate datasets from diverse sources, including 12 Gene Expression 
Omnibus and 4 International Cancer Genome Consortium Data Portal 
cohorts, which provide a large, heterogeneous dataset ideal for robust 
survival analysis (detailed in Supplementary File 3). The platform’s 
authors applied stringent preprocessing to ensure consistency and re
duce redundancy. Specifically, duplicate measurements or multiple 
samples from the same tumor were removed, and gene annotations 
were standardized using the HGNC symbol checker. For genes mea
sured by multiple probes, the probe with the highest total expression 
was retained. Expression values were quantile normalized (via the 
preprocessCore R package) and then scaled such that the average ex
pression per sample equaled 1000. Only genes with expression data in 
≥50% of samples were retained, and samples without clinical metadata 
were excluded. These steps ensured the final dataset was deduplicated, 
batch-adjusted, and clinically annotated for robust survival modeling. 
Our analysis included both overall survival and disease-free survival, 
focusing exclusively on samples with specified tumor stages (n = 473).

To determine the optimal threshold for distinguishing between low 
and high SRC expression groups, we used the “auto-select best cutoff” 
feature available in the Kaplan-Meier Plotter tool. This feature sys
tematically evaluates all potential cutoff points within the interquartile 
range (between the 25th and 75th percentiles) of gene expression va
lues. The cutoff that demonstrated the highest statistical significance 
(lowest P value) and the lowest false discovery rate was selected as the 
optimal threshold. In instances where multiple cutoffs showed equal 
significance, the threshold with the highest hazard ratio (HR) was 
chosen to ensure the strongest association with survival outcomes. 
These thresholds provided a robust basis for stratifying patients into 
low and high SRC expression groups for survival analysis.

However, certain limitations of this approach should be acknowl
edged. The cohort composition, drawn from publicly available datasets, 
may introduce biases, such as overrepresentation of specific demo
graphics or treatment protocols that do not generalize across all patient 
populations. Additionally, while the “auto-select best cutoff” feature 
minimizes arbitrary threshold selection, it is prone to overfitting within 
the given dataset, which may limit reproducibility in independent 

cohorts. To address the potential overfitting associated with the “auto- 
select best cutoff” approach, we performed a sensitivity analysis using a 
range of predefined SRC expression thresholds spanning the 25th to 
75th percentiles. As shown in Supplementary Figure 1, hazard ratios 
remained consistently >1 across all tested cutoffs, with the most sig
nificant associations observed between the 25th–35th percentiles. In 
contrast, median-based cutoffs did not reach statistical significance, 
suggesting that survival differences are more apparent at the lower-to- 
intermediate expression thresholds. This analysis supports the robust
ness of the prognostic association while mitigating concerns of over
fitting. Finally, the analyses lack external validation using entirely in
dependent datasets, which is critical for confirming the findings’ 
generalizability.

3. Results

The results section presents a detailed analysis of pathways and 
genes associated with PAAD. By leveraging a robust scoring framework, 
this study aims to identify and rank pathways and candidate genes 
based on their relevance to PAAD progression and therapeutic poten
tial. Key findings highlight the significance of specific pathways and 
genes in PAAD-related mechanisms, as described below.

3.1. Comparison of PAAD-related and unrelated pathways

Figure 2 illustrates the top 20 pathways identified through our 
pathway evaluation, ranked by their average final scores. The top three 
pathways, "Pancreatic cancer" (224.6), which refers to the KEGG um
brella pathway that integrates multiple molecular alterations frequently 
observed in PDAC, "Pancreatic adenocarcinoma pathway" (221.7), and 
"hsa05212 Pancreatic cancer (Homo sapiens)" (214.7), underscoring 
the strong association of these pathways with PAAD progression and 
therapeutic relevance. These pathways integrate key signaling me
chanisms, such as PI3K/Akt and MAPK signaling, which are also in
dependently ranked highly in the pathway evaluation. The prominence 
of pancreatic cancer-specific pathways in the rankings validates the 
scoring framework and emphasizes the biological relevance of these 
pathways in driving PAAD progression, survival, and resistance me
chanisms. A full list of pathways and their scores is provided in Sup
plementary File 1.

We conducted a two-sample independent t-test to compare the mean 
scores between 129 unrelated pathways (mean = 95.69, standard 

Figure 2. Top 20 pancreatic cancer–associated pathways ranked by average pathway score using our AI-assisted evaluation framework. Pathways were scored across 
seven categories using ChatGPT-4o with 20 iterations per pathway, and weighted following their importance in PDAC. All scores shown are the average composite 
scores after weighting. See Methods (Section 2.3) for scoring methodology and Supplementary File 2 for full score breakdowns.
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deviation [SD] = 22.67) and 363 PAAD-related pathways (mean = 
137.00, SD = 36.48). The t-test yielded a significant difference between 
the two groups (t(489) = −12.06, P  <  0.00001), indicating that the 
PAAD-related pathways had a significantly higher mean score com
pared to the unrelated pathways. The calculated pooled variance (sp

2) 
was 1,117.2. Figure 3 illustrates the differences in mean scores and 
variability between the two groups, indicating the significantly higher 
scores for PAAD-related pathways. The full rankings of PAAD-related 
pathways are provided in Supplementary File 1, and unrelated path
ways in Supplementary File 3.

To quantify the magnitude of this difference, we calculated Hedges’ 
g statistic, which is an effect size that accounts for the two groups’ 
unequal sample sizes (Nunrelated = 129, Nrelated = 363). Hedge's g sta
tistic showed a large effect size of 1.24, indicating a greater relevance of 
PAAD-related pathways compared to unrelated pathways.

3.2. Ranking of candidate genes in PAAD-related pathways

Following the scoring and ranking process for the 252 candidate 
genes, the integration of RPP and RPG scores allowed for a compre
hensive evaluation of gene significance within PAAD-related pathways. 
Figure 4 shows the top 20 candidates, representing the genes with the 
most substantial and consistent contributions to high-scoring pathways 
critical to PAAD progression and therapeutic resistance. A complete list 
of ranked genes is provided in Supplementary File 4.

The top-ranked gene, AURKB, achieved an average final score of 
0.4336, indicating its critical involvement in high-priority pathways 
linked to PAAD progression. Other highly ranked genes include POLA1 
(0.3900), RRM2 (0.3843), and TOP2A (0.3791), all of which play key 
roles in cell proliferation and genomic stability, processes heavily im
plicated in PAAD tumorigenesis. Additionally, several genes with less 
explored roles in PAAD, such as SSTR4 (0.3749), KCNH2 (0.3676), and 
SRC (0.3641), emerged as high-ranking candidates, suggesting novel 
avenues for future research.

The gene ranking results closely align with our pathway analyses, 
supporting the biological significance of these findings. For instance, 
EGFR, a highly ranked gene with an average final score of 0.3595, is 
part of the well-characterized PI3K/AKT signaling pathway, which 
ranked among the top pathways in our evaluation. Genes such as AKT1 
(0.3428) and PIK3CA (0.3297) were closely tied to the top-ranking 
PI3K Akt signaling pathway (209.3), supporting their role in cell pro
liferation and survival. Furthermore, VEGFA (0.3480), critical for 

angiogenesis, aligns with pathways including Ras signaling (196.2) and 
MAPK signaling pathway (195.4), known to drive tumor progression. 
Additionally, MAPK1 (0.3351) strongly correlates with the MAPK sig
naling pathway, further reinforcing its role in oncogenic signaling. 
These associations underscore the integration of gene and pathway 
analyses in identifying biologically relevant targets for PAAD, providing 
a robust framework for prioritizing therapeutic interventions.

Sensitivity analysis confirmed that minor weight changes did not 
significantly impact pathway rankings. For example, a 10% reduction in 
the weight of pathway relevance shifted rankings by 3.87% 
(Supplementary File 5), demonstrating the reliability of the scoring 
framework.

3.3. Drug target candidate expression in normal and PAAD tumor samples

For each of the top 20 candidate genes from our ChatGPT-4o eva
luation, we retrieved its protein expression in PAAD samples and 
normal samples from the Human Protein Atlas. Out of the 20 candi
dates, 4 showed a statistically significant difference in normalized 
Relative Protein Expression (nRPX) values between the two groups 
(P  <  0.0001): SRC, ITGA4, TOP2A, and RRM2 (Figure 5).

Protein expression data from the Human Protein Atlas further sup
ports SRC’s critical role in PAAD. SRC exhibits a highly significant 
difference in protein expression between pancreatic cancer and normal 
tissues, with a P value <  0.0001. This expression pattern is among the 
most pronounced of the evaluated candidates and highlights SRC’s 
potential involvement in driving tumor progression and metastasis. By 
contrast, other clinically explored candidates, such as EGFR and 
VEGFA, show no significant expression differences (P ≥ 0.5), indicating 
their limited disease-specific relevance. This combination of significant 
expression changes and relative novelty in clinical applications posi
tions SRC as a target for further research.

Furthermore, we analyzed the trends of SRC expression in PAAD 
progression using data from TCGA. Figure 6A illustrates the expression 
of SRC across different tumor grades. SRC expression progressively 
increases from Grade 1 to Grade 3, with statistically significant differ
ences observed between Grade 1 and Grade 2 (P = 0.020), and between 
Grade 1 and Grade 3 (P = 0.036). These findings suggest an upward 
trend in SRC expression across tumor grades, particularly in early-to- 
intermediate transitions, therefore indicating that SRC may be involved 
in tumor progression and could potentially serve as a marker of tumor 
aggressiveness. Figure 6B details SRC expression across early cancer 
stages. While SRC expression appeared visually higher in later stages, 
no statistically significant differences were observed between stages (all 
P values > 0.1), suggesting the trend may not be robust. However, we 

Figure 3. Comparison of PAAD-unrelated and related pathway scores. This bar 
chart compares the average pathway scores between pathways unrelated 
(n = 129) and related (n = 363) to PAAD. The average pathway score for 
PAAD-related pathways is significantly higher than that for unrelated path
ways, with P  <  0.00001, indicating a highly significant difference. Error bars 
represent standard deviation.

Figure 4. Top 20 candidate genes ranked by average final score. Each gene’s 
final score is a weighted combination of two components: the RPP score, re
flecting the average pathway scores from pathways in which the gene appears, 
and the RPG score, derived from the PAGER 3.0 gene prioritization index. These 
scores were normalized on a 0–1 scale and combined using an 80%:20% 
weighting scheme (RPG:RPP) to balance data-driven relevance with pathway- 
level context.
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acknowledge that caution should be exercised when interpreting these 
results given the limited number of normal and stage 1 tissues. This 
increasing trend of SRC expression with tumor grade and stage under
lines its potential importance in PAAD pathogenesis and merits further 
investigation into its role as a therapeutic target.

3.4. Validation of expression level as biomarker in survival analysis

The validation of SRC expression levels as a biomarker in survival 
analysis is presented through a series of survival curves derived from 
the Kaplan-Meier Plotter tool. Figure 7A shows the impact of SRC ex
pression on overall survival, reinforcing the potential of SRC as an 

important factor in PAAD patient survival. The cutoff between high and 
low groups, optimized using the “auto-select best cutoff” feature of 
Kaplan-Meier Plotter, was set at 891. This panel illustrates a significant 
difference in survival between the groups, with an HR of 1.45 (95% 
confidence interval [CI]: 1.1–1.92, log-rank P = 0.00769).

Figure 7B further supports the relevance of SRC expression with a 
disease-free survival analysis, demonstrating a significant association 
between high SRC levels and more aggressive and recurrent forms of 
PAAD. The expression groups were defined using an optimized cutoff 
value of 1457. This survival curve shows an HR of 2.15 (95% CI: 
1.47–3.16) and a log-rank P of 9.19×10-5.

4. Discussion

In this study, we developed a novel framework for prioritizing 
therapeutic targets in PAAD, focusing on biologically relevant pathways 
rather than relying solely on genetic mutation prevalence. This frame
work incorporates human-designed metrics, such as pathway relevance, 
target druggability, and biomarker availability, alongside AI-driven 
evaluations to ensure a systematic and reproducible assessment of po
tential drug targets. By integrating ChatGPT-4o into this process, we 
significantly enhanced the speed and consistency of pathway evalua
tions, leveraging AI’s computational power to analyze complex datasets 
and streamline the discovery process. At the same time, we mitigated 
AI’s inherent biases through iterative scoring, curated datasets, and 
human oversight.

Our framework emphasizes statistical rigor and transparency in 
scoring pathways. Each category, such as pathway relevance to PAAD 
or target druggability, was carefully weighted to reflect its importance 
in determining therapeutic potential. A key innovation in this frame
work is the use of ChatGPT-4o, which systematically evaluates path
ways across multiple categories, accelerating the process of target 
identification. ChatGPT-4o enabled systematic evaluation of pathways 
by synthesizing diverse sources of information into actionable insights. 
Furthermore, we addressed potential biases in AI outputs by repeatedly 
scoring pathways, incorporating diverse datasets (e.g., TCGA, 
UALCAN), and ensuring human-designed metrics were the foundation 
of AI prompts. These measures helped make the framework less sus
ceptible to biases arising from incomplete training data or model 
oversimplification.

The iterative nature of the scoring process allowed us to statistically 
validate the results, ensuring consistency and reproducibility.31 For 

Figure 5. Genes with significant differential protein expression in normal vs. 
PAAD tissues. Box-and-whisker plots showing the normalized Relative Protein 
Expression (nRPX) values of tumor (red) and normal (blue) samples for SRC, 
ITGA4, RRM2, and TOP2A in tumor (red, n=141) and normal (blue, n = 74) 
samples. The data reveal a statistically significant upregulation of protein ex
pression in tumor samples compared to normal samples for all four genes, with 
P values less than 1×10-15, 7×10-12, 7×10-10, and 4×10-8, respectively. The 
nRPX values were obtained from the Human Protein Atlas and calculated as 
log2(intensity), derived from global protein abundance measurements. These 
measurements were performed through mass spectrometry experiments using 
isobaric tandem mass tags by the Clinical Proteomic Tumor Analysis 
Consortium. *** denotes P < 0.0001.

Figure 6. SRC expression trends in normal and PAAD tumor samples. This figure illustrates the variability in SRC expression measured in transcripts per million 
across normal and PAAD tumor tissues, using data sourced from UALCAN based on TCGA datasets. Figure 6A. Expression by tumor grade. Pairwise comparisons were 
performed, and significant differences were observed between Grade 1 vs. Grade 2 (P = 0.020), and Grade 1 vs. Grade 3 (P = 0.036). However, the difference 
between Grades 2 and 3 was not significant (P = 0.918). Figure 6B. Expression by individual cancer stage.
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example, multiple scoring iterations were performed to identify path
ways with consistently high rankings. Cross-referencing ChatGPT-4o 
results with literature and experimental evidence further ensured ac
curacy, reducing the risk of AI-generated hallucinations.32 This rigorous 
approach demonstrates the potential for AI to complement traditional 
bioinformatics methods in drug target discovery.

In comparison to established pathway and gene scoring systems 
such as GSEA, KEGG-based enrichment tools, PAGER’s prioritization 
scores, and mutation-based ranking frameworks, our ChatGPT-4o- 
driven framework introduces a novel layer of interpretability and multi- 
criteria integration. Traditional systems including GSEA and PAGER 
primarily rely on statistical enrichment, gene overlap, and predefined 
pathway databases, which make them robust for high-throughput 
analysis but less informative when evaluating therapeutic relevance 
across clinical, pharmacological, and functional domains simulta
neously. For instance, GSEA effectively identifies gene sets with dif
ferential expression but does not account for druggability, survival re
levance, or biomarker availability. PAGER’s influence score prioritizes 
gene-pathway relationships but is primarily based on gene connectivity 
and does not incorporate therapeutic resistance mechanisms or safety 
profiles.

In contrast, our AI-based framework evaluates each pathway using a 
predefined, weighted scoring rubric across seven biologically and 
clinically relevant dimensions: pathway relevance to PAAD, target 
druggability, mutation frequency, biomarker availability, resistance 
mechanisms, literature support, and safety. This design enables inter
pretability by producing subscores that reflect specific criteria, allowing 
researchers to assess which attributes most influence a pathway’s 
ranking. Additionally, objectivity is supported by applying the same 
structured prompts and weights across all pathways, while reproduci
bility is enhanced through 20 scoring iterations per pathway and 
averaging to reduce stochastic prompt variability. Finally, the frame
work demonstrates strong integration with biological data—including 
datasets from TCGA, the Human Protein Atlas, and literature—allowing 
the AI to contextualize scores based on expression profiles, survival 
outcomes, and clinical relevance.

While conventional tools remain indispensable for statistical vali
dation and early-stage screening, our method complements these ap
proaches by enabling higher-order reasoning across datasets and clin
ical variables. We view this hybrid model, combining statistical rigor 
from traditional tools with contextual depth from AI, as a valuable 

advancement in therapeutic target prioritization, particularly in com
plex diseases like PAAD.

The integration of ChatGPT-4o into our evaluation framework un
derscores the practical utility of AI in systematically identifying and 
prioritizing drug targets in PAAD. ChatGPT-4o facilitated the efficient 
analysis of large, complex datasets, including TCGA and UALCAN, en
abling a structured assessment of biologically relevant targets such as 
SRC.33,34 This AI-driven approach allowed for rapid evaluation across 
predefined metrics, such as pathway relevance, druggability, and bio
marker availability, substantially accelerating the target discovery 
process.

The AI-driven approach used in this study holds significant potential 
for application to other cancers and complex diseases. By integrating 
diverse datasets such as TCGA, UALCAN, and curated literature, 
alongside human-designed metrics, this framework provides a sys
tematic and reproducible method for identifying therapeutic targets. 
Similar to PAAD, other malignancies such as colorectal, breast, or lung 
cancers involve complex molecular pathways and resistance mechan
isms that can benefit from AI’s ability to synthesize and analyze mul
tidimensional data. Furthermore, the iterative scoring process, which 
evaluates pathway relevance, target druggability, and biomarker 
availability, can be adapted to reflect disease-specific priorities, such as 
immune checkpoint pathways in melanoma or angiogenesis in glio
blastoma. Beyond oncology, the methodology could also be extended to 
other complex diseases, such as autoimmune disorders or neurode
generative conditions, where multifactorial interactions and pathway- 
driven mechanisms play critical roles. This adaptability underscores the 
versatility of the AI-driven framework and its potential to accelerate 
target discovery and therapeutic innovation across diverse medical 
challenges.

However, the limitations of AI-driven methodologies must be ac
knowledged to contextualize their findings. The accuracy of AI outputs 
is inherently tied to the quality, diversity, and representativeness of its 
training data. While this study utilized curated datasets such as TCGA 
and UALCAN to reduce biases, the underrepresentation of specific 
pathways or populations—such as those of rare subtypes of PAAD or 
from non-Western demographics—may still influence results.33 Fur
thermore, AI frameworks often simplify complex biological interac
tions.35 For example, while the weighted scoring approach used here 
allowed for a structured evaluation of pathways, it did not fully capture 
the intricate interplay of tumor microenvironment factors, such as 

Figure 7. Effect of SRC expression level on PAAD patient survival. Hazard ratios and log-rank P values are indicated on the plots. These analyses were performed 
using the Kaplan–Meier Plotter platform. High and low expression groups were stratified by SRC expression using an optimized cutoff determined via maximally 
selected rank statistics. Figure 7A. Kaplan-Meier overall survival curve using a cohort size of 473. Figure 7B. Kaplan-Meier disease-free survival analysis for PAAD 
patients, performed on a sample size of 155.
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stromal-epithelial signaling, or the dynamics of therapy-induced re
sistance mechanisms. This reveals the need for additional validation.

Human oversight played a critical role in mitigating these limita
tions. In this study, AI-generated findings were systematically cross- 
referenced with empirical data, such as survival analyses, and verified 
against high-impact literature to ensure their reliability.32 For example, 
while ChatGPT-4o flagged SRC as a high-priority target, further vali
dation through survival trends (Figures. 3 and 6) confirmed its asso
ciation with decreased survival in both early and late tumor stages. 
Additionally, AI hallucinations, where plausible but incorrect outputs 
are generated, were reduced by anchoring the evaluation framework in 
established datasets and human-designed metrics.34 This dual approach 
of leveraging AI efficiency while relying on human validation helped 
ensure the outputs were actionable and scientifically sound.

Ultimately, the application of AI in this study emphasizes the need 
for robust experimental validation and clinical trials to bridge the gap 
between computational predictions and actionable therapies.16,36 For 
SRC, its established role in PAAD progression and the availability of 
existing inhibitors provide a strong starting point for clinical transla
tion. However, addressing resistance mechanisms, such as SRC re
activation through compensatory signaling pathways, will require a 
detailed exploration of its downstream effects and combination strate
gies. As PAAD’s genetic landscape evolves, ongoing research will be 
essential to optimize SRC-targeted therapies and validate their efficacy 
in diverse patient populations.

We recognize that SRC is not an unexplored target in PDAC. 
Multiple clinical trials involving SRC inhibitors such as dasatinib and 
saracatinib have reported limited efficacy, both as monotherapies and 
in combination with chemotherapeutics like gemcitabine. The modest 
clinical outcomes in these studies raise valid concerns about SRC’s 
standalone translational potential. However, our findings suggest that 
these prior efforts may have been limited by a lack of patient stratifi
cation, insufficient biomarker integration, and incomplete under
standing of SRC’s role in advanced disease stages. Our framework ad
dresses these gaps by re-evaluating SRC in the context of differential 
expression, survival impact, and pathway interconnectivity, high
lighting its overexpression in high-grade tumors and association with 
poor prognosis. This multidimensional evidence suggests that while 
SRC alone may not be sufficient as a monotherapy target, it remains a 
promising candidate for inclusion in rational combination therapies, 
particularly when paired with agents targeting co-activated or com
pensatory pathways. Our AI-powered prioritization provides a refined, 
biologically contextual case for SRC’s reconsideration as part of a pre
cision medicine strategy, rather than as a universal or first-line mono
therapy.

This study lays a foundation for future research, combining com
putational efficiency with experimental rigor to advance the develop
ment of impactful therapies for PAAD. While AI tools like ChatGPT-4o 
have demonstrated their utility in accelerating drug discovery pro
cesses, further refinements could enhance their performance. 
Integrating more diverse datasets, including data from under
represented populations, rare cancer subtypes, and real-world clinical 
evidence, would improve the generalizability of AI-generated insights. 
Additionally, context-specific learning could be enhanced by training AI 
models on datasets enriched with cancer biology-specific annotations, 
enabling a more nuanced understanding of complex interactions within 
tumor microenvironments. Advances in explainable AI could also fa
cilitate better interpretation of model outputs, providing researchers 
with actionable insights rather than opaque predictions. Lastly, in
corporating AI tools into experimental workflows, such as optimizing 
experimental designs or predicting potential off-target effects of drugs, 
could further streamline and refine the drug discovery pipeline.

Our research also underscores the potential of SRC as a critical drug 
target for PAAD treatment. Through comprehensive evaluations using 
ChatGPT-4o, coupled with statistical analyses such as survival analyses 
and t-tests, we have established SRC’s substantial role in influencing 

PAAD progression and metastasis. Notably, SRC’s involvement in ag
gressive forms of PAAD, as indicated by survival trends across various 
tumor stages and grades (Figure 3), suggests its suitability as a ther
apeutic target, potentially in combination therapies for advanced 
PAAD.

Overall, we can derive the following key biological insights re
garding SRC’s role in PAAD. First, SRC is implicated in key processes 
driving tumor aggressiveness, including enhanced cell migration, pro
liferation, invasion, and resistance to apoptosis37 by playing a sig
nificant role in pathways conducive to PAAD progression. Such path
ways include RAS/RAF/MEK/ERK, PI3K/AKT, and JAK/STAT, which 
are pivotal for cell survival and tumor growth.38–43 Second, SRC’s fre
quent overexpression and activation in PAAD highlight its pivotal role 
despite gain-of-function mutations being relatively rare in PAAD pa
tients (less than 2%).44 Third, as a non-receptor tyrosine kinase part of 
the SRC family kinases, SRC interacts with key cellular components like 
receptor tyrosine kinases (e.g., MET, EGFR, PDGFR), which play a 
crucial role in several signaling pathways fostering PAAD growth and 
metastasis, including PI3K, STAT3, YAP, and FAK signaling.45–47

Fourth, SRC’s overexpression contributes significantly to PAAD pa
thology through mechanisms such as inflammation, angiogenesis, and 
desmoplasia, enhancing the tumor’s aggressive characteristics.45

The identification of SRC as a high-priority therapeutic target car
ries substantial clinical implications for advancing PAAD treatment. 
SRC’s correlation with poor survival outcomes demonstrates its poten
tial as both a druggable target and a biomarker for stratifying patients 
and guiding therapeutic interventions. SRC’s role in tumor progression, 
metastasis, and resistance to conventional therapies underscores its 
value in developing targeted strategies, particularly in advanced-stage 
PAAD where treatment options are limited. While survival trends sug
gest SRC’s involvement at multiple stages of the disease, further studies 
using additional statistical models, such as the Cox proportional ha
zards model, could delineate its impact more precisely, incorporating 
tumor stage, expression levels, and interaction terms as covariates.

Although this study centers on SRC due to its distinct clinical and 
expression profile, several other high-ranking genes identified by our 
framework, such as AURKB, POLA1, and RRM2, also exhibit compelling 
biological relevance in PDAC. AURKB, for example, is a mitotic kinase 
associated with genomic instability and is overexpressed in several 
aggressive cancers. POLA1 and RRM2 are critical for DNA replication 
and repair and have also been implicated in chemoresistance. The 
emergence of these targets supports the concept that PDAC, given its 
marked heterogeneity and complex signaling environment, may benefit 
from multitargeted strategies rather than reliance on a single ther
apeutic agent.

Moreover, our pathway-level analysis revealed significant overlap 
among key oncogenic pathways such as PI3K/Akt, cell cycle regulation, 
and DNA damage response, suggesting that co-targeting parallel or 
compensatory pathways may improve treatment efficacy and prevent 
adaptive resistance. For example, combined inhibition of SRC and 
AURKB could concurrently disrupt invasive signaling and proliferative 
cycling, especially in tumors with high-grade features. Similarly, co- 
targeting DNA replication machinery (e.g., POLA1 or RRM2) with es
tablished chemotherapy could sensitize tumors to DNA-damaging 
agents.

These findings highlight the potential of our AI-driven framework 
not just for single target prioritization, but also for rational design of 
combination therapies informed by network biology. Future studies 
could build on this analysis by integrating synthetic lethality screens or 
modeling co-dependencies between top-ranked genes, ultimately en
abling precision-guided polytherapeutic approaches for PDAC.

SRC inhibitors such as dasatinib, an FDA-approved drug for chronic 
myeloid leukemia and Philadelphia chromosome-positive acute lym
phoblastic leukemia, represent a promising avenue for repurposing in 
PAAD. Dasatinib functions as a multi-kinase inhibitor targeting SRC 
family kinases and other tyrosine kinases involved in oncogenic 
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signaling. Preclinical studies have demonstrated that dasatinib effec
tively inhibits tumor cell migration, invasion, and proliferation, parti
cularly in cancers characterized by SRC overactivation.48 Its re
purposing for PAAD offers an expedited path to clinical application, 
bypassing the early stages of drug development. Moreover, SRC in
hibitors like dasatinib could play a critical role in overcoming therapy 
resistance by targeting SRC-driven compensatory pathways that con
tribute to tumor cell survival.43,49 This could be particularly impactful 
in PAAD, where resistance to conventional therapies often undermines 
long-term treatment success.

Combining dasatinib with established chemotherapeutic regimens 
such as gemcitabine or FOLFIRINOX could further enhance therapeutic 
outcomes. Gemcitabine, a nucleoside analog and standard first-line 
treatment for advanced PAAD, targets rapidly dividing cells but is often 
limited by resistance mechanisms and short-lived responses.50 SRC 
overactivation has been implicated in gemcitabine resistance by pro
moting pro-survival and repair pathways in tumor cells.51 By co-ad
ministering dasatinib, SRC-driven resistance pathways could be dis
rupted, enhancing gemcitabine’s efficacy and extending patient 
response duration.52 This combination approach may also provide a 
means to counteract tumor heterogeneity, a hallmark of PAAD that 
contributes to variable treatment responses.53,54 By integrating SRC 
inhibition into gemcitabine regimens, patients with tumors exhibiting 
high SRC activation could achieve better outcomes, effectively strati
fying patient populations based on tumor biology.

Similarly, FOLFIRINOX, a combination of 5-FU, irinotecan, leucov
orin, and oxaliplatin, could benefit from the addition of SRC inhibitors 
to mitigate resistance and improve outcomes in advanced-stage dis
ease.55 SRC inhibitors could disrupt resistance mechanisms inherent to 
this regimen, such as stromal-mediated drug resistance, while poten
tially amplifying the cytotoxic effects of the chemotherapeutic agents. 
The ability to stratify patients based on SRC activation levels or related 
biomarkers could further refine the use of FOLFIRINOX, ensuring that 
only those likely to benefit are exposed to this aggressive regimen. This 
approach aligns with precision medicine goals, where treatments are 
tailored to specific molecular and cellular characteristics of the tumor.

5. Conclusions

In conclusion, our integrated approach combining bioinformatics, 
AI-driven evaluations, and statistical analyses presents a potentially 
powerful model for advancing drug discovery in oncology. By focusing 
on biologically significant targets including SRC and EGFR, and lever
aging advanced AI tools, we can streamline the drug development 
process, potentially bringing more effective therapies to clinical trials 
more swiftly. This strategy not only accelerates the identification of 
viable drug targets but also enhances our understanding of their roles in 
cancer biology, paving the way for more informed and strategic ther
apeutic interventions in PAAD.
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