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Abstract: Colorectal cancer continues to be the leading causes of death globally. The techniques of
screening pathways and invasive procedures are limited early-stage sensitivity. This review explores the
recent advances in explainable artificial intelligence (XAl) and machine learning (ML) techniques applied
to colorectal cancer (CRC) screening, with an emphasis on multimodal fusion frameworks, and federated
learning. We analyze typical clinical trials that highlight the advantages and disadvantages of the main
methods (XGBoost, LightGBM, SHAP, LIME, Grad-CAM, and ResNet-style deep models) and show their
mathematical underpinnings. Comparative analysis across technique families reveals limitations, such as
restricted cross-site validation, inconsistent treatment of class imbalance, and limited evaluation of
computational sustainability. In order to facilitate early detection, we advocate for a sustainable,
comprehensible, multimodal architecture that combines structured patient metadata with blood-based
biomarker signals, such as serum Raman spectroscopy.
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Introduction

Most commonly diagnosed cancers worldwide is the colorectal cancer and remains a major contributor
to cancer mortality. GLOBOCAN estimates placed colorectal cancer third by incidence and second by
mortality [1]. Survival is strongly stage-dependent, whereas survival in distant-metastatic disease falls
below 15% [2]. Colonoscopy remains the reference standard owing to its high sensitivity and faces real-
world adherence problems in many populations [3]. Stool-based assays are non-invasive and more
acceptable to patients but vary in sensitivity [4]. The ECLIPSE study of a cell-free DNA test reported 83%
sensitivity for colorectal cancer in an average-risk population but only 13% sensitivity [5]. Topol illustrates
that deep learning approaches were reaching expert-level performance, while also flagging concerns
about bias, privacy, and interpretability [6]. Convolutional neural networks have demonstrated the ability
to detect polyps in colonoscopy video at clinically relevant sensitivity and specificity [7]. The opacity
problem is somewhat addressed by the Explainable Artificial Intelligence (XAl) approach[8]. Local
Interpretable Model-Agnostic Explanations (LIME) use a straightforward, locally faithful surrogate model
to approximate the classifier's behavior in the vicinity of a particular case [9]. Gradient-weighted Class
Activation Mapping (Grad-CAM) produces coarse spatial localization maps for image classifiers that show
the areas that a convolution model has used to make predictions [10]. This paper makes the following
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contributions: (i) a systematic description of the main ML and XAl approaches that are currently pertinent
to early CRC detection; (ii) a concise mathematical formalization of the underlying algorithms; (iii) a
comparative analysis of representative recent studies, emphasizing the insights each provides regarding
the design space; and (iv) a set of research directions for a sustainable, comprehensible, multimodal CRC
screening framework.

Related work

Shaukat and Levin examined the existing and new approaches to colorectal cancer screening and found
that, despite strong evidence of efficacy, screening is still underutilized. Detailed risk-stratified guidelines,
from ESGE specify the intervals at which patients with previously diagnosed polyps should return for
additional evaluation [11]. The BLUE-C study assessed a multi-target stool DNA test and found that it was
more sensitive than a commercial faucal immunochemical test [4]. Hanna et al. reviewed the application
of Raman spectroscopy and noted its capacity to capture early biochemical changes[12]. Feng and co-
workers demonstrated that SERS measurements on blood plasma could discriminate colorectal cancer
patients from healthy controls, providing label-free spectral evidence of the disease state [13]. Sikora and
colleagues introduced ColonScopeX, that integrates serum Raman spectra with patient metadata and
accompanies its predictions with SHAP- and LIME-based explanations [14]. XGBoost, introduced by Chen
and Guestrin, formulates tree boosting as a regularised additive expansion that allow it to scale to large
datasets[15]. By introducing Gradient-based One-Side Sampling (GOSS), which compresses sparse feature
spaces by combining mutually exclusive features, Ke and colleagues' LightGBM aims for comparable
accuracy with significantly shorter training times [16]. Residual networks (ResNet), introduced by He and
colleagues, address the degradation problem in very deep networks by learning residual mappings [17].
Transformers, introduced by Vaswani and colleagues are adapted to a broad range of non-textual
tasks[18]. The attention operation provides a set of weights that can be interrogated for partial
explanations of model behaviour.

Multimodal Fusion and Federated Learning

Steyaert and colleagues surveyed multimodal data fusion approaches and argued combining modalities is
increasingly necessary if predictive models are to generalise across patients [19]. Rieke and colleagues
set out the case for federated learning and discussed the residual risks needs to be addressed for clinical
deployment [20].

EXPLAINABLE Al METHODS
SHapley Additive exPlanations (SHAP) and Local Interpretable Model-Agnostic Explanations (LIME)

SHAP, proposed by Lundberg and Lee, unifies a class of additive feature attribution methods within the
framework of Shapley values from cooperative game theory [8]. LIME, by Ribeiro, Singh, and Guestrin,
elobrates any classifier by fitting interpretable model to the predictions of the black-box model in a local
neighborhood of the instance being explained [9].

Gradient-weighted Class Activation Mapping (Grad-CAM)

Grad-CAM, by Selvaraju etal. explained a method for CNN predictions by weighting the activations of the

final convolution layer by the gradients of the target class score with respect to those activations [10].

LITERATURE SEARCH AND COMPARATIVE DISCUSSION
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Table | summarises the principal categories of machine learning approaches with representative real-

world studies for each category.

TABLE I: METHODOLOGICAL CATEGORIES AND REPRESENTATIVE STUDIES IN CRC-RELATED MACHINE

LEARNING

Category

Data Modality /
Setting

Representative
Study

Reported Performance / Key
Finding

Deep learning for

Colonoscopy still

Wang et al. (2018)

Per-image sensitivity 94.4%,

analytical set)

fendo.scopic images and video 7] specificity 95.9%, AUC 0.984; real-
imaging time inference

Cell-free DNA Plasma cfDNA, CRC sensitivity 83%, specificity 90%
(blood-based average-risk cohort | Chungetal,, for a.d.va.mced neoplasia, 13%

test) (n=7,861 ECLIPSE (2024) [5] sensitivity for advanced

precancerous lesions

Multi-target stool
DNA

Stool sample,
average-risk cohort
(n=20,176)

Imperiale et al.,
BLUE-C (2024) [4]

Higher sensitivity than commercial
FIT for both CRC and advanced
precancerous lesions; less specificity

Surface-enhanced
Raman

Blood plasma

Feng et al. (2015)

Discriminates CRC and precancerous

(2025) [14]

spectroscopy (proof-of-concept, [13] lesions from healthy controls using
(SERS) n = 46) label-free SERS signatures
. Sikora et al., Joint-fusion ML model with
+
Multimodal XAl Serym Raman ColonScopeX SHAP/LIME explanations for CRC and
framework patient metadata

polyp detection

Multimodal data
fusion (review)

Imaging, EHR,
molecular data

Steyaert et al.
(2023) [19]

Synthesises early / intermediate /
late fusion strategies for cancer
biomarker discovery

Federated
learning for
digital health

Multi-institutional
medical data

Rieke et al. (2020)
(20]

Framework for collaborative training
without centralising raw patient data

DISCUSSION AND FUTURE RESEARCH DIRECTIONS

According to the empirical data, multimodal, interpretable, and sustainable architecture is recommended
for early CRC screening. Blood-based modalities, cfDNA or serum Raman spectra are useful at population
scale; gradient-boosted models with Tree SHAP attributions offer both performance and clinically
inspectable explanations; federated training protocols allow cross-institutional learning without
centralized data movement. Therefore, a sustainable, explainable, multimodal framework that integrates
serum Raman spectra, structured clinical metadata, and a gradient-boosted classifier with SHAP-based
explanations is a reasonable next research direction.

Conclusions

This study has compiled recent advancements in explainable Al and machine learning as they pertain to
early colorectal cancer detection. The following are three conclusions. First, as each screening modality
has a distinct position in the sensitivity, specificity, invasiveness, and cost space, a population-level
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program is best served by integrating them. Second, the existing performance gap in non-invasive testing
at the polyp stage. Third, concrete tools for converting model outputs into therapeutically usable
narratives are available through SHAP, LIME, and Grad-CAM, and their combination with multimodal
pipelines like Colon ScopeX. Future research should focus on comprehensive cross-institutional validation,
measurement of computational sustainability, and clinical evaluation of the explanations themselves to
guarantee that any deployed system is accurate, understandable, sustainable, and clinically reliable.
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