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ARTICLE INFO ABSTRACT

Received: 2025/05/23 Colorectal cancer (CRC) is one of the most prevalent and deadly cancers worldwide,

L with early detection being crucial for improving survival rates. Recent advancements
Revised: 2025/06/01 in data science, including machine learning (ML), deep learning (DL), and big data
Accept: 2025/07/19 analytics, have significantly enhanced CRC diagnosis by improving accuracy,
efficiency, and predictive capabilities. This paper examines the application of data

Keywords: science techniques in CRC diagnosis, with a focus on image analysis, genomic data
Colorectal Cancer, Data interpretation, and predictive modeling. We review various ML and DL algorithms,
Science, Machine such as convolutional neural networks (CNNSs), support vector machines (SVMs),
Learning, Deep Learning, apd random forests, app_li_ed to histopa.thological images, colonoscopy videos, gnd
Diagnosis, Predictive biomarker datasets. Additionally, we discuss challenges such as data heterogeneity,
Modeling. model interpretability, and ethical considerations. Our findings suggest that data

science holds immense potential in revolutionizing CRC diagnosis, leading to earlier
detection and personalized treatment strategies.

1. Introduction

Colorectal cancer (CRC) is the third most common cancer globally, with over 1.9 million new
cases and 935,000 deaths reported in 2020 alone [10]. Early diagnosis is critical, as the five-year
survival rate drops significantly from 90% in localized stages to below 15% in metastatic cases
[4]. Traditional diagnostic methods, including colonoscopy, biopsy, and fecal occult blood tests
(FOBTS), rely heavily on manual interpretation, which can lead to variability and potential
misdiagnosis [14-18].
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Data science, encompassing machine learning (ML), deep learning (DL), and big data analytics,
has emerged as a transformative tool in medical diagnostics. By leveraging large datasets—
including histopathological images, genomic sequences, and electronic health records (EHRS)—
data-driven models can enhance diagnostic accuracy, automate detection, and predict disease
progression [20-25].

Colorectal cancer (CRC) ranks as the third most commonly diagnosed cancer and the second
leading cause of cancer-related deaths worldwide, with approximately 1.9 million new cases and
935,000 deaths reported in 2020 alone [10] (see Figure 1). The disease progresses through multiple
stages, and early detection is critical, as the five-year survival rate exceeds 90% for localized CRC
but drops below 15% for metastatic cases [4]. Despite advancements in screening techniques, such
as colonoscopy, fecal immunochemical tests (FIT), and imaging-based diagnostics, challenges
persist, including inter-observer variability, high false-negative rates, and accessibility limitations
[9, 26-32].

Figure 1: Application of Data Science in Colorectal Cancer Diagnosis

In recent years, data science, encompassing machine learning (ML), deep learning (DL), and big
data analytics, has emerged as a transformative force in medical diagnostics [33-37]. By leveraging

large-scale datasets, including histopathological images, colonoscopy videos, genomic sequences,
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and electronic health records (EHRSs), data-driven approaches enhance diagnostic accuracy,
automate detection, and predict disease progression with unprecedented efficiency [6].

The Role of Data Science in CRC Diagnosis

Histopathological examination remains the gold standard for diagnosing CRC, yet manual
interpretation is time-consuming and prone to human error. Deep learning models, particularly
convolutional neural networks (CNNs), have demonstrated remarkable success in classifying
cancerous tissues with an accuracy of over 99% [1]. Similarly, Al-assisted colonoscopy systems,
such as those developed by Urban et al. [12], have achieved real-time polyp detection with a
sensitivity of 94%, significantly reducing the number of missed lesions.

Precision medicine in CRC relies on identifying genetic mutations (e.g., APC, KRAS, TP53) and
biomarkers (e.g., microsatellite instability, CpG island methylation). Machine learning algorithms,
including random forests and support vector machines (SVMs), have been employed to analyze
genomic datasets from The Cancer Genome Atlas (TCGA), achieving AUC scores exceeding 0.90
in predicting CRC risk and treatment response [3].

Beyond diagnosis, data science enables prognostic modeling to predict tumor recurrence,
chemotherapy resistance, and survival rates. For instance, XGBoost and neural networks have been
used to analyze EHRs, improving personalized treatment recommendations [5].

Despite these advancements, several challenges remain:

Data Heterogeneity: Variations in imaging protocols and genomic data formats hinder model
generalizability [8].

Interpretability: Black-box Al models (e.g., deep neural networks) lack transparency, limiting
clinical trust [7].

Ethical and Regulatory Concerns: Patient privacy, algorithmic bias, and regulatory approval for
Al-based diagnostics require further scrutiny [11].

This paper explores the current applications, methodologies, and challenges of data science in
CRC diagnosis. We evaluate ML/DL techniques for image analysis, genomic data interpretation,
and predictive modeling, while discussing future directions for explainable Al, federated learning,
and multi-modal data fusion. This paper examines the role of data science in CRC diagnosis,
covering:

The use of ML/DL in image-based CRC detection

Genomic and biomarker analysis for early diagnosis
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Predictive modeling for patient outcomes

Challenges and future directions

The remainder of this paper is structured as follows: Section 2 reviews existing literature, Section
3 discusses methodologies, Section 4 presents numerical results, and Section 5 concludes with
recommendations.

2. Literature Review

2.1 Machine Learning in CRC Image Analysis

Recent advances in deep learning (DL) have significantly improved CRC detection from
histopathological and endoscopic images. Kather et al. [1] demonstrated that CNNs (ResNet-50)
could classify CRC tissues with 99% accuracy using the NCT-CRC-HE-100K dataset. Similarly,
Urban et al. [12] developed a real-time CNN model for polyp detection in colonoscopy videos,
achieving 94% sensitivity, reducing missed diagnoses. However, these models rely on single-
center datasets, limiting generalizability [8].

Gap in Research (2019-2025):

Most studies use retrospective datasets with limited real-world validation.

Lack of federated learning approaches to address data privacy concerns in multi-center studies.
2.2 Genomic and Biomarker Data Analysis

Machine learning has been applied to genomic sequencing data to identify CRC biomarkers. Luo
etal. [3] used random forests on TCGA-COAD data, achieving an AUC of 0.92 in predicting CRC
risk. Bibault et al. [5] integrated EHRs with genomic data to predict chemotherapy response.
However, most models struggle with class imbalance, particularly for rare mutations (e.g., BRAF
V600E).

Gap in Research (2019-2025):

Limited studies on multi-omics integration (genomics + proteomics + radiomics).

Ethnic diversity bias in genomic datasets (most data from Western populations).

2.3 Predictive Modeling for Patient Outcomes

Al models have been used to predict CRC recurrence, metastasis, and survival. Cheni et al. [19]
introduced transformer-based models for endoscopic image analysis, outperforming CNNs in
polyp segmentation. However, black-box Al models remain a barrier to clinical adoption [7].
Gap in Research (2019-2025):

Few studies incorporate longitudinal patient data for dynamic risk prediction.
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Explainable Al (XAI) techniques are underutilized in CRC diagnostics.
2.4 Challenges and Emerging Trends

Despite progress, key challenges remain:

Data Scarcity & Bias: Most datasets are from high-income countries [10].
Model Interpretability: Clinicians distrust black-box Al [11].

Regulatory Hurdles: FDA-approved Al tools for CRC are still limited [6].
Future Directions (2024—-2025):

v Federated learning for decentralized CRC diagnosis.

v Explainable Al (XAI) to enhance clinician trust.

v/ Multi-modal fusion (imaging + genomics + EHRS) (see Table 1).

Table 1: Literature Review

Study Methodology Dataset Key Findings Limitations/Gaps
Kather NCT-CRC-HE- 99% accuracy in Limited to single-
CNN (ResNet) 100K e
etal. [1] . CRC classification center data
histopathology
0 . . .
Urban et Real-time CNN Qolonoscopy 94% polyp_dt_etectlon Requires high GPU
al. [12] videos (Kvasir) sensitivity resources
Luo et Random Eorest TCGA-COAD AUC 0.92in Small sample size for
al. [3] genomic data predicting CRC risk rare mutations
Outperformed

Cheni et Transformer- Needs larger validation

Endoscopic images CNNs in polyp

al. [19] based Al segmentation cohort
Esteva Multi-modal DL Hlstopatho!ogy + Improveq s_urV|vaI Data heterogeneity
et al. [6] Genomics prediction challenges

3. Methodology

This study implements a comprehensive multi-modal data integration framework for colorectal
cancer (CRC) diagnosis, combining three critical data modalities: image-based diagnostics
(histopathology and colonoscopy), genomic data analysis, and clinical EHR data mining. The
methodology is structured into three sequential phases: (1) data acquisition and preprocessing, (2)

model development and optimization, and (3) validation and interpretation. For image analysis,
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we utilize three primary datasets: the NCT-CRC-HE-100K histopathology collection (100,000
images), Kvasir-Capsule endoscopy videos (4,740 videos), and TCGA-COAD whole-slide images
(461 cases). Genomic and clinical data are sourced from TCGA-COAD sequencing data (594
patients), SEER clinical outcomes (500,000+ records), and UK Biobank multi-omics data
(500,000 participants).
The preprocessing pipeline incorporates advanced techniques for both imaging and genomic data.
Image processing includes stain normalization using the Macenko method and contrast
enhancement through CLAHE, along with data augmentation strategies like rotational transforms
and SMOTE for class imbalance correction. Genomic data undergoes rigorous feature selection
via recursive feature elimination and pathway enrichment analysis, followed by dimensionality
reduction using PCA and t-SNE visualization. Our modeling approach employs state-of-the-art
architectures including ResNet-50 and EfficientNet-B4 CNNs with transfer learning for image
analysis, complemented by Vision Transformers with contrastive pretraining. For genomic
prediction, we implement Random Forest (500 trees), XGBoost with SHAP analysis, and
DeepSurv neural networks for survival modeling. A novel late fusion architecture integrates image
embeddings, genomic features, and clinical variables with attention-based weighting.
The validation framework employs rigorous evaluation metrics (AUC-ROC, sensitivity,
specificity, C-index) and a stratified 5-fold cross-validation approach supplemented by external
validation on PLCO Trial and MIMIC-III datasets. Statistical analyses include DeLong tests for
AUC comparisons and Kaplan-Meier survival analysis. Ethical considerations are addressed
through HIPAA-compliant anonymization, differential privacy (¢=0.1) for genomic data, and
adversarial debiasing techniques. The computational infrastructure leverages NVIDIA DGX A100
systems and Google Cloud TPUs running PyTorch Lightning with specialized medical imaging
libraries (MONAI) and production-grade pipelines (TFX). This methodology provides a robust,
clinically-relevant framework that balances technical innovation with practical healthcare
implementation requirements (see Table 2 to Table 5).

Table 2: Image Datasets

Dataset Type Size Source
NCT-CRC-HE-100K Histopathology 100,000 images [1]
Kvasir-Capsule Colonoscopy 4,740 videos [2]
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Dataset Type Size Source

TCGA-COAD Whole-slide images 461 cases NIH Genomic Data Commons

Table 3: Genomic and Clinical Data

Dataset Type Size Source
TCGA-COAD  Genomic sequencing 594 patients NIH GDC
SEER Clinical outcomes 500,000+ records NCI Surveillance Program
UK Biobank Multi-omics 500,000 participants [13]

Table 4: Genomic Prediction Models

Model Application Key Features
Random Forest Risk stratification 500 trees, Gini impurity
XGBoost Survival prediction  Early stopping, SHAP analysis
DeepSurv Prognostic modeling ~ Cox proportional hazards NN

Table 5: Evaluation Metrics

Metric Formula Clinical Relevance
AUC-ROC [TPR(FPR) Diagnostic accuracy
Sensitivity TP/(TP+FN) Missed cancer rate
Specificity TN/(TN+FP) False positive rate

C-index Concordance probability ~ Survival prediction

4. Numerical Results

The experimental results demonstrate significant advancements in colorectal cancer (CRC)
diagnosis across multiple diagnostic modalities. For image-based CRC detection, our CNN model
achieved exceptional performance metrics, with an overall accuracy of 98.5%, a sensitivity of
97.2% (indicating an excellent capability to identify true positive cases), and a specificity of 99.1%
(showing a strong ability to avoid false positives). These results represent a substantial

improvement over conventional histopathological analysis methods, particularly in reducing inter-
observer variability.
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In genomic risk prediction, the random forest model delivered robust performance with an AUC
score of 0.93, indicating outstanding discrimination between high-risk and low-risk patients, along
with 91% precision in mutation impact prediction. The comparative analysis revealed that our
integrated Al approach outperformed traditional diagnostic methods by a significant margin,
achieving a 30% reduction in false-negative diagnoses—a critical improvement given the
potentially life-threatening consequences of missed CRC cases. These performance gains were
consistent across both image-based and genomic analysis domains, demonstrating the

complementary value of multi-modal data integration in cancer diagnostics (see Figure 2).

CNN model
99.50%
99.10%
99.00%
98.50%
98.50%
98.00%
0,
97.50% 97.20%
97.00%
96.50%
96.00%

Accuracy Sensitivity Specificity

Figure 2: CNN model

The high sensitivity and specificity values are particularly noteworthy, as they suggest that the
models maintain excellent detection capabilities while minimizing unnecessary follow-up
procedures resulting from false positives. The genomic prediction results also indicate strong
potential for clinical utility in personalized risk assessment and targeted screening strategies. These
quantitative outcomes validate the effectiveness of our data science approach in addressing key
challenges in CRC diagnosis and screening.

5. Conclusion

Data science has revolutionized CRC diagnosis through improved accuracy, automation, and
predictive analytics. However, challenges such as data quality, interpretability, and ethical
concerns must be addressed for the widespread clinical adoption of this technology. Future

research should focus on federated learning for data privacy and explainable Al for transparency.
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