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ARTICLE INFO ABSTRACT

Received: 2025/03/15 Lung cancer remains one of the leading causes of cancer-related deaths worldwide.
. Early and accurate diagnosis significantly enhances the effectiveness of treatment
Revised: 2025/04/20 strategies, including surgical intervention. Traditional diagnostic approaches often
Accept: 2025/05/28 rely on imaging, biopsies, and histopathological examinations, which, although
effective, can be time-consuming and prone to human error. With the advent of data

Keywords: science, particularly machine learning and big data analytics, the surgical diagnosis
Lung Cancer, Data of lung cancer has witnessed transformative advancements. This paper explores the
Science, Machine integration of data science in surgical diagnosis, focusing on the methodologies,
Learning, Human error. tools, and results obtained through numerical simulations and case studies. The study

highlights how predictive modeling, data preprocessing, and advanced imaging
analytics contribute to more accurate and timely diagnoses, ultimately improving
surgical outcomes.

1. Introduction

Lung cancer remains one of the most prevalent and lethal malignancies worldwide, accounting for
approximately 1.8 million deaths annually, representing nearly 18% of all cancer-related
mortalities [13, 14]. Early detection and accurate staging are critical for improving prognosis, as
surgical resection remains the most effective curative treatment for localized non-small cell lung
cancer (NSCLC) [10,11]. Despite advancements in imaging and histopathological analysis, a
considerable number of patients either undergo unnecessary invasive procedures or experience

delays in diagnosis due to inefficiencies in the current diagnostic workflow.
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Traditional surgical diagnosis involves a combination of imaging techniques (e.g., CT, PET),
tissue biopsy, and clinical assessment to determine the type, size, location, and metastatic status of
the tumor. However, these methods often suffer from inter-observer variability, limited sensitivity
in early-stage detection, and the challenge of integrating heterogeneous patient data [16].
Moreover, surgical planning must account for numerous factors, including tumor invasiveness,
patient comorbidities, and likely outcomes—elements that are not always adequately captured by
conventional diagnostic tools.

Recent advances in data science—encompassing machine learning (ML), deep learning (DL), data
integration, and predictive analytics—have emerged as powerful tools to revolutionize the
diagnosis and treatment planning of lung cancer. By leveraging large-scale electronic health
records (EHRS), imaging repositories, genomic databases, and real-time patient monitoring, data
science enables more precise modeling of disease progression and the development of
individualized surgical strategies [15,19].

Machine learning algorithms, especially deep neural networks, have demonstrated high accuracy
in tumor classification, nodule detection, and outcome prediction from CT scans and
histopathological images [7, 18]. Furthermore, radiomics—a data-driven approach extracting
high-dimensional features from medical images—has shown promise in characterizing tumor
heterogeneity, aiding in pre-surgical assessments [6]. These capabilities, when integrated with
clinical and genomic data, can help surgeons evaluate resectability, predict complications, and
tailor interventions to individual patient profiles.

Moreover, natural language processing (NLP) techniques are being applied to extract meaningful
insights from unstructured clinical notes and radiology reports, further enriching decision-making
tools [8]. Federated learning and privacy-preserving Al models are also being introduced to
aggregate multi-institutional data without compromising patient confidentiality, thereby
improving model generalizability across diverse populations [12].

Despite these advancements, the clinical translation of data science into real-time surgical
diagnosis remains in its infancy. Most models remain confined to research settings, and few have
been validated in prospective clinical trials or integrated into surgical workflows. Additionally,
issues related to explainability, bias in training data, and lack of multimodal data integration

continue to impede widespread adoption.
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This paper examines the evolving landscape of lung cancer surgical diagnosis through the lens of
data science, providing a comprehensive review of current methodologies, identifying key
challenges, and assessing emerging solutions. We focus particularly on studies from 2019 to 2024,
offering insights into how artificial intelligence, multimodal data fusion, and predictive analytics
are reshaping the future of surgical oncology [23-24].
2. Literature Review
The integration of data science into lung cancer diagnosis, particularly in surgical contexts, has
gained significant momentum in recent years. The increasing volume and complexity of clinical
data, from imaging to genomics, have necessitated the use of advanced analytics to derive
actionable insights for patient management. Between 2019 and 2024, various machine learning
(ML), deep learning (DL), and data integration techniques have been explored to enhance
preoperative evaluation, predict surgical risks, and support clinical decision-making.
Table 1 below summarizes key studies that exemplify this trend, categorized by the year,
methodology, dataset used, main contribution, and the identified research gap. The overarching
direction of the literature reveals a focus on predictive modeling, diagnostic accuracy, and privacy-
preserving Al. However, it also exposes limitations in generalizability, clinical applicability, and
real-time integration [25-30].
Table 1: Summary of Key Literature (2019-2024)
Study Year Methodology Dataset Key Contribution Research Gap

Developed an end-to-

Ardila et Low-dose end model for lung  Limited explainability
[18] 3D CNNs ) o o
al. CT (NLST)  cancer risk prediction of predictions

from screening CTs

Lacks focus on
) Demonstrated Al ] ) )
Esteva et ] Multimodal o surgical diagnosis or
[7] Deep Learning o potential in general ] ]
al. clinical data ) ] perioperative
cancer diagnostics .
planning

Applied hybrid

) No direct link to
Johnson et MIMIC- models on radiology ]
[8] NLP + CNNs ) surgical treatment
al. CXR reports for improved
o outcomes
classification
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Study Year Methodology Dataset Key Contribution Research Gap

o o Modeled tumor Validation on surgical
Hosny et Radiomics + Institutional ) ] o )
[1] progression using decision-making not
al. ML CT datasets o
imaging features addressed
o Linked genomic Limited scalability
) ML on EHR +  Local clinical ) )
Kim et al. [2] . markers with surgical due to data
Genomics datasets ) )
risks heterogeneity
Surgical context (real-
Improved tumor )
Transfer o ] time usage, post-
Shaoetal. [3] ) LIDC-IDRI classification using )
Learning ) operative outcomes)
pre-trained networks o
missing
Preserved data
) privacy across
] ) Multi- o ) Rare subtypes and
Alimadadi Federated o institutions while ]
[4] ) institutional o low-resource settings
etal. Learning maintaining
CT scans ) ) underrepresented
diagnostic
performance

2.1 Advancements in Data Science for Lung Cancer

Early applications of Al in lung cancer diagnosis focused on detecting abnormalities from
radiographic images, such as low-dose CT scans. Ardila et al. [18] trained a 3D convolutional
neural network using data from the National Lung Screening Trial (NLST), achieving performance
comparable to that of experienced radiologists in predicting the malignancy of nodules.

However, its clinical interpretability remained a concern [1].

Other efforts, such as those by [7], demonstrated the general capability of deep learning to analyze
multimodal data but lacked a focus on surgical applicability. These works laid the foundation for
Al in lung cancer diagnosis but didn’t address intraoperative or preoperative surgical planning [2].
2.2 Integration of Clinical Text and Imaging

A major development came from combining imaging data with electronic health records (EHRS)
and natural language processing (NLP). Johnson et al. [8] utilized natural language processing
(NLP) to extract relevant features from radiology reports and merged them with convolutional

neural network (CNN) outputs to enhance lung pathology classification [3]. However, the study’s
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outputs stopped short of informing surgical decisions, which are critical for high-stakes
interventions.

2.3 Radiomics and Genomic Data

Hosny et al. [1] moved towards personalized diagnosis using radiomics—quantitative image
features extracted from CT images—to predict tumor progression with machine learning (ML)
techniques [4]. While promising, the models lacked validation against post-operative outcomes or
decisions regarding respectability.

Kim et al. [2] took a multimodal approach by integrating EHR and genomic profiles to assess
surgical risk in lung cancer patients. While the results were significant, they highlighted common
challenges, including data harmonization, sample bias, and a lack of standardization across
institutions.

2.4 Toward Practical and Privacy-Preserving Al

Recent innovations, such as transfer learning [3], have leveraged large annotated datasets,
including LIDC-IDRI, to improve tumor classification by reusing trained networks [6]. Yet, these
models often fail to deliver real-time support during surgeries. Moreover, Alimadadi et al. [4]
explored federated learning as a privacy-preserving alternative, successfully training models
across multiple institutions without direct data sharing. However, there remains an absence of
validation for rare cancer subtypes and post-surgical complications.

2.5 Identified Research Gaps (2019-2024)

The current body of literature, while substantial, highlights several persistent research gaps:

1. Lack of Surgical Focus: Most Al models prioritize detection or diagnostic classification,
often overlooking critical parameters essential for surgery, such as tumor resectability,
perioperative risks, or intraoperative guidance.

2. Black-box Nature: Models such as deep neural networks lack explainability, which
hinders adoption in clinical settings where transparency is necessary.

3. Fragmented Data Use: Few studies successfully integrate heterogeneous data sources,
such as imaging, clinical history, genomics, and surgeon annotations, into unified models.

4. Bias and Generalizability: Many approaches rely on geographically or demographically

narrow datasets, raising concerns about their applicability to diverse populations.
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5. Real-time Deployment: There is a lack of end-to-end solutions that integrate into surgical
workflows and are validated in real-time clinical trials [25-29].
These gaps underscore the need for research that bridges diagnostic modeling with surgical
planning and outcome prediction. Addressing these limitations could dramatically improve patient
outcomes and streamline oncologic workflows.
3. Methodology
This study outlines a structured methodology for developing a data science-driven system designed
to enhance surgical diagnosis in lung cancer. The process is divided into five main components:
(1) Data Collection and Integration, (2) Data Preprocessing, (3) Model Development, (4)
Evaluation and Validation, and (5) Clinical Deployment and Interpretation. Each component aligns
with best practices in medical Al research and is tailored to address the unique challenges of
surgical planning and outcome prediction in lung cancer cases [30-32].
3.1 Data Collection and Integration
The foundation of a robust predictive model is high-quality, multimodal data. For this study, data
were sourced from:
e Imaging repositories such as LIDC-IDRI and NLST for annotated CT scans.
e Electronic Health Records (EHRS) including patient demographics, comorbidities,
operative reports, and follow-up data.
« Genomic databases for molecular and biomarker profiling (e.g., TCGA, COSMIC).
e Surgical registries, when available, for outcome data like complications, resection
margins, and survival.
Integrating these heterogeneous sources requires careful mapping of patient identifiers, time-series
alignment, and consideration of ethical implications related to patient privacy. Tools such as the
OMOP Common Data Model and Health Level 7 (HL7) FHIR are used to standardize data formats
[17].
3.2 Data Preprocessing
Data preprocessing involved several steps tailored to each modality:
« Imaging data were converted to isotropic voxel sizes, normalized for intensity values, and
segmented using U-Net-based models to delineate lung nodules and surrounding anatomy
[14].
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Text data from clinical notes and radiology reports were cleaned and tokenized using NLP
techniques. Named entity recognition (NER) and contextual embeddings (e.g., BioBERT)
were applied to extract medically relevant concepts [9].

Structured EHR data were encoded using one-hot or embedding techniques to represent
categorical variables like comorbidities or medications.

Missing data were imputed using multivariate imputation by chained equations (MICE),
and outliers were handled with interquartile range (IQR) filtering or Winsorization [33-
34].

Feature engineering was conducted across all data streams, including radiomic feature extraction

(shape, texture, wavelets), clinical scoring (e.g., Charlson Comorbidity Index), and derived

genomic risk scores.

3.3 Model Development

This stage focuses on building predictive models for key surgical outcomes, including tumor

resectability, likelihood of complications, and 30-day post-operative mortality. A hybrid model

architecture was adopted, consisting of:

3D Convolutional Neural Networks (3D-CNNSs) for volumetric image analysis [18].
Gradient Boosting Machines (e.g., XGBoost) for tabular clinical data.
Transformer-based NLP models like ClinicalBERT for unstructured text interpretation
[12].

Ensemble Learning, where outputs from individual models were aggregated using soft

voting or stacking, resulting in a comprehensive and robust prediction pipeline.

Hyperparameter tuning was conducted using Bayesian optimization, and training was performed

on stratified datasets with class-balancing techniques, such as SMOTE, for minority outcomes,

including rare surgical complications [15].

3.4 Evaluation and Validation

Model performance was evaluated through:

Cross-validation (5-fold stratified) to reduce overfitting.
Evaluation Metrics:
o Accuracy, Sensitivity, Specificity
o Area Under the Receiver Operating Characteristic Curve (AUC-ROC)

o Precision-Recall Curve (PR-AUC) for imbalanced data
73



Lee Hu Cheni and Vahid Jafarlou International Journal of Sustainable
Applied Science and Engineering

o F1-Score for composite assessment
« Calibration plots and decision curve analysis (DCA) were used to assess clinical utility
and reliability [20].
External validation was conducted on independent datasets (e.g., datasets from a different hospital
or registry) to ensure generalizability. Model explainability was implemented using SHAP
(SHapley Additive exPlanations) values to highlight the most influential features for surgical
decision-making [18, 33-36].
3.5 Clinical Deployment and Interpretation
To bridge the gap between model development and clinical application, a decision support tool
was developed:
e User interface tailored for thoracic surgeons to visualize tumor features, surgical risk
scores, and model recommendations.
o Real-time integration with hospital EHR systems using HL7 FHIR APIs.
o Explainable Al modules provided localized heatmaps on CT scans and highlighted textual
rationales from clinical notes.
Ethical considerations were managed through Institutional Review Board (IRB) approvals, and
model transparency was promoted through model cards and documentation per guidelines from
the FDA and WHO ([16], [21]).
4. Numerical Results
This section presents the empirical results of the data science pipeline designed for diagnosing
lung cancer through surgical procedures. The experiments were conducted using multimodal data
comprising imaging, electronic health records (EHR), genomic information, and unstructured
clinical notes. The performance of predictive models was assessed based on their ability to predict
surgical outcomes, including tumor resectability, post-operative complications, and 30-day
mortality.
4.1 Experimental Setup
The dataset consisted of 4,500 patients diagnosed with non-small cell lung cancer (NSCLC)
collected from three institutions:
e Imaging Data: 4,500 low-dose chest CT scans (LIDC-IDRI, NLST)
e Clinical Data: Patient demographics, comorbidities, staging data (AJCC), and operative

notes
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e Genomic Data: Expression profiles for EGFR, KRAS, ALK mutations in 2,800 patients
e Outcomes Tracked:
o Tumor Resectability (binary)
o Post-Operative Complications (binary)
o 30-Day Mortality (binary)
A hybrid model combining 3D CNNs for imaging, XGBoost for tabular data, and ClinicalBERT
for unstructured notes was trained and validated using stratified 5-fold cross-validation. SHAP was
used for explainability.
4.2 Predictive Performance

Table 2 shows the performance of individual and ensemble models in predicting key surgical

outcomes.
Table 2: Performance Metrics of Predictive Models
AUC- - - F1
Outcome Model Accuracy Sensitivity Specificity
ROC Score
3D CNN 0.88 0.93 0.90 0.86 0.89
Tumor
. XGBoost 0.84 0.89 0.83 0.85 0.83
Resectability
Ensemble 0.91 0.96 0.93 0.89 0.91
XGBoost 0.76 0.81 0.78 0.74 0.77
Post-Op
o ClinicalBERT 0.79 0.84 0.81 0.77 0.80
Complications
Ensemble 0.83 0.88 0.85 0.80 0.84
XGBoost 0.72 0.78 0.75 0.69 0.72
30-Day Mortality ~ ClinicalBERT 0.75 0.82 0.76 0.73 0.74
Ensemble 0.80 0.86 0.82 0.78 0.80

The ensemble model significantly outperformed single-modality models, particularly in predicting
tumor resectability and 30-day mortality. The integration of imaging, clinical, and textual data
improved both sensitivity and specificity.

4.3 Model Explainability

SHAP analysis revealed the top 5 most influential features for each outcome:
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Table 3: Top Predictive Features Identified by SHAP

Outcome Top Features

- Tumor volume, lobular location, invasion depth, EGFR mutation,
Tumor Resectability

FEV1 score
Post-Op ASA score, predicted blood loss, age, surgical approach (open vs
Complications VATS), comorbidity count

) Age > 75, heart disease history, ECOG score, tumor stage, ICU stay
30-Day Mortality )
duration

Visual heatmaps produced by Grad-CAM from the 3D CNN highlighted tumor borders and lymph
node involvement, aligning well with radiologist annotations.
4.4 Cross-Institutional Validation
External validation was performed on 800 patients from an independent center not involved in
training. The ensemble model maintained strong performance:

e Tumor Resectability AUC: 0.92

o Complication Prediction AUC: 0.84

o Mortality Prediction AUC: 0.81
This indicates strong generalizability across healthcare settings, supporting potential clinical
deployment.
4.5 Usability in Clinical Setting
A usability test was conducted with 12 thoracic surgeons who used a web-based prototype
integrated with model outputs. Key findings:

o 83% rated the system as "helpful” or "very helpful™ in pre-surgical planning.

e The average decision-making time was reduced by 18%.

e Surgeons expressed high trust in the heatmap visualizations and SHAP-derived feature

explanations.

These results suggest that an explainable Al-supported tool could effectively augment human
decision-making in complex surgical scenarios.
4.6 Summary of Findings

e Accuracy Gains: Ensemble models leveraging multimodal data significantly

outperformed single-source models.
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e Interpretability: SHAP and Grad-CAM techniques helped clinicians understand and trust
predictions.
o Generalizability: Strong performance on external datasets confirms robustness.
« Clinical Utility: Positive feedback from surgeons indicates the real-world usability of the
product.

5. Conclusion
This study demonstrates the transformative potential of data science in enhancing the surgical
diagnosis and clinical decision-making process for patients with lung cancer. By integrating
multimodal data—including imaging, electronic health records, genomic profiles, and
unstructured clinical notes—into an ensemble learning framework, we achieved high predictive
performance for key surgical outcomes such as tumor resectability, post-operative complications,
and 30-day mortality.
The experimental results validate the effectiveness of our hybrid approach. The ensemble model,
which combined 3D CNNs for image analysis, XGBoost for structured data, and ClinicalBERT
for textual interpretation, consistently outperformed single-modality models. Notably, the
ensemble model achieved an AUC of 0.96 for tumor resectability prediction and 0.86 for 30-day
mortality, indicating its potential utility as a preoperative decision-support tool.
A key contribution of this work is the application of explainable Al techniques, such as SHAP and
Grad-CAM, which help demystify the “black-box” nature of deep learning models. These
interpretability tools highlighted critical predictors—such as tumor volume, surgical approach, and
comorbidity indices—that aligned closely with clinical reasoning. The high usability scores and
reduced decision times reported by thoracic surgeons during prototype testing further reinforce the
clinical relevance of the system.
Moreover, the successful external validation on an independent dataset affirms the generalizability
of the proposed model across diverse patient populations and healthcare institutions. This is a
critical step toward real-world deployment, especially given the inherent variability in medical
data.
Despite these promising results, several limitations must be acknowledged:

1. Data Diversity: Although we used data from three institutions, the sample may not capture

global population heterogeneity, especially underrepresented subtypes of lung cancer.
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2. Prospective Validation: The model was validated retrospectively. Future studies should
implement prospective trials to assess real-time utility and safety.

3. Workflow Integration: Although the prototype was promising, integrating it into full
hospital information systems (HIS) will require addressing technical, ethical, and
regulatory challenges.

4. Rare Event Prediction: Although class-balancing methods have improved model
performance, predicting rare surgical events, such as intraoperative death, remains a
challenge.

Future Directions
To bridge these gaps and ensure responsible advancement of this technology, future research
should focus on:

o Multinational, federated learning architectures to reduce data silos while preserving
privacy.

« Prospective clinical trials to validate model performance in live clinical environments.

o User-centered interface design to enhance surgeon interaction with Al tools.

e Policy and ethics frameworks to guide safe, fair, and transparent Al deployment in
surgery.

In conclusion, this research affirms that data science can significantly improve the precision and
reliability of surgical diagnosis in lung cancer. By embracing multimodal learning, ensuring
interpretability, and validating across institutions, such systems can support thoracic surgeons in
making more informed, data-driven decisions, ultimately improving surgical outcomes and patient

survival.
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