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SUMMARY: Colorectal cancer liver metastasis (CRLM) remains the leading cause of mortality among colorectal
cancer (CRC) patients, with more than half eventually developing hepatic metastases. Achieving long-term survival in
CRLM necessitates early detection, robust stratification, and precision treatment tailored to individual classifications.
These processes encompass critical aspects such as tumor staging, predictive modeling of therapeutic responses, and
risk stratification for survival outcomes. The rapid evolution of artificial intelligence (AI) has ushered in unprecedented
opportunities to address these challenges, offering transformative potential for clinical oncology. This review
summarizes the current methodologies for CRLM grading and classification, alongside a detailed discussion of the
machine learning models commonly used in oncology and Al-driven applications. It also highlights recent advances
in using Al to refine CRLM subtyping and precision medicine approaches, underscoring the indispensable role of
interdisciplinary collaboration between clinical oncology and the computational sciences in driving innovation and
improving patient outcomes in metastatic colorectal cancer.
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1. Introduction

Colorectal cancer (CRC) is among the most prevalent
malignancies globally, with over 50% of patients
eventually developing colorectal liver metastasis (CRLM)
(1,2). The high incidence of CRLM and its pivotal role in
degrading patient survival underscores the importance of
early and accurate classification within this population.
Precise classification of CRLM serves as a cornerstone
for optimizing therapeutic strategies. Moreover, it plays a
pivotal role in predicting treatment responses and patient
outcomes, thereby enabling more personalized and
effective clinical management (3).

Conventional classification methods, such as
histopathological analysis, imaging evaluation, and
clinical risk scoring (CRS), while valuable, have notable
limitations, including subjectivity, time spent, and
dependency on expert interpretation (4). In contrast,
artificial intelligence (AI) offers the potential for
automated, efficient, and scalable classification,
addressing the constraints of conventional approaches.
Al excels in handling multimodal data, integrating

information from imaging, genomics, and clinical
parameters to enhance the accuracy of classification
models (3,6).

This review provides a comprehensive overview
of the role of machine learning (ML) in CRLM
classification, focusing on current methodologies, data
applications, and future directions. Specifically, the
discussion covers established classification frameworks
for CRLM, including intrapatient stratification (e.g.
sensitivity to treatment) and interpatient subgrouping (e.g.
distinguishing CRLM from liver metastases of non-CRC
origins). By integrating Al advances in clinical use, this
review aims to highlight the transformative potential of
Al in CRLM management, promoting the advancement
of precision medicine in oncology.

2. The concept of integrating AI into CRLM
classification

In clinical practice, metastatic liver cancer staging
primarily relies on the TNM system established by
the AJCC in 2017, which classifies cancer based on
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tumor invasion, lymph node involvement, and distant
metastases. However, growing evidence suggests that
this pathological classification often fails to fully reflect
patient heterogeneity at specific stages. For example,
with current advances in medical care, many patients
classified as having advanced-stage disease under the
TNM system still demonstrate the potential for long-
term survival (7). Consequently, clinical guidelines are
increasingly reevaluating its role in determining surgical
indications.

A more comprehensive and precise staging system is
urgently needed to guide personalized cancer treatment.
Advances in Al, multi-omics sequencing, and clinical
data integration are enabling more accurate and efficient
classification models. ML-based systems outperform
conventional methods in predicting treatment responses
and prognoses, while Al-driven clinical decision support
systems (CDSS) are transforming oncology care. This
review aims to explore and validate these emerging
possibilities (Figure 1)

2.1 Current methods of clinical classification of CRLM
2.1.1. Histopathological classification (HGP)

As early as 2001, Vermeulen et al. identified three
histopathological growth patterns (HGPs) in HE-stained
sections of CRLM: desmoplastic (dHGP), pushing
(pHGP), and replacement (rHGP) (8). In dHGP, the
metastatic lesion is separated from the liver parenchyma
by a stromal layer, with tumor cells infiltrating the matrix
but not directly contacting hepatocytes. In pHGP, only
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a thin reticulin fiber layer separates tumor cells from
hepatocytes, with metastatic lesions compressing and
displacing hepatic plates. Unlike these patterns, rHGP
preserves liver architecture, as tumor cells replace
hepatocytes within hepatic plates while maintaining
direct contact with normal hepatocytes. Notably, pHGP
exhibits a higher ratio of proliferative endothelial cells
compared to the other two (9).

Studies have demonstrated that different HGP
patterns have a significant impact on patient prognosis.
For instance, pHGP is associated with poorer survival
outcomes (/0), whereas dHGP correlates with better
survival (/7,12). Moreover, HGP classification also
aids in developing various clinical strategies. As an
example, Lazaris et al. demonstrated that bevacizumab
is more effective in treating dHGP-type CRLM with
abundant angiogenesis compared to rHGP-type CRLM
(13). However, despite being a valuable classification
system, HGPs has several limitations. For example,
the growth patterns of tumor tissues may be altered
by chemotherapy, and the classification still relies on
postoperative histological analysis of tissue sections.

2.1.2. MMR/MSI classification

The DNA mismatch repair (MMR) system plays a
critical role in correcting base mismatches or insertion/
deletion errors that occur during DNA replication,
and it was first identified as being associated with the
progression of CRC (/4). Defects in the MMR system
led to the microsatellite instability (MSI) phenotype, also
known as deficient MMR (dMMR). Based on the MMR/
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Figure 1. Al-driven Framework for Precision Oncology in Colorectal Cancer Liver Metastases. This figure depicts the integration of
sequence data, imaging, and structured data with Al models to enhance tasks such as tumor classification, molecular subtyping, mutation
prediction, and evaluation of treatment response. Central to this workflow is the use of advanced machine learning and deep learning techniques

to facilitate personalized clinical decision-making.
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microsatellite status, metastatic CRC patients can be
classified into microsatellite stable (MSS, also referred
to as proficient MMR, pMMR) and MSI (dMMR).
Studies have shown that mCRC patients with dAMMR
generally have poorer survival outcomes compared
to those with pMMR (/5,16). However, these AIMMR
patients represent a small subset, accounting for only
3-5% of cases. Recent research has highlighted that
monoclonal antibodies targeting immune checkpoints
such as programmed cell death protein-1 and cytotoxic
T-lymphocyte-associated protein 4 exhibit remarkable
and durable benefits in this minority of MSI patients
(17-20). Additionally, MSI status serves as a predictive
biomarker for sensitivity to immune checkpoint blockade
(ICB) therapy (21). In contrast, ICB therapies have not
demonstrated superior efficacy over standard treatments
in pMMR mCRC patients, underscoring the need for
further exploration in this area (22).

2.1.3. Clinical staging (TNM)

The TNM staging system is based on the tumor, lymph
node, and metastasis (TNM) concept first proposed by
Pierre Denoix in the 1940s and 1950s. It remains the
most commonly used staging system in the clinical
management of CRLM (23,24). This system classifies
cancer based on three key parameters: T refers to the
size and depth of tumor invasion; N describes the
involvement of regional lymph nodes; M indicates the
presence of distant metastases (25). The TNM system
provides a comprehensive framework for evaluating the
severity and extent of tumor spread. However, due to its
relatively narrow evaluation criteria, recent studies have
suggested incorporating additional factors, such as tumor
burden and the number of metastatic lesions, to improve
the TNM system's prognostic accuracy for CRC patients
and to better guide treatment strategies (26,27).

2.1.4. Clinical risk score

The clinical risk score has emerged in recent years as one
of the most prominent tools for evaluation of colorectal
cancer liver metastases (CRLM). A clinical risk score
was initially proposed by Fong ef al. in 1999. This
landmark study analyzed clinical and pathological data
from 1,001 consecutive patients and identified five key
clinical indicators for the scoring system: the nodal status
of the primary tumor, a disease-free interval of less than
12 months between the primary tumor and the detection
of liver metastases, the presence of more than one tumor,
a preoperative CEA level exceeding 200 ng/ml, and
a maximum tumor diameter greater than 5 cm. Each
criterion is assigned 1 point, and the total score stratifies
patients by risk. The aforementioned study demonstrated
that patients with lower CRS scores had significantly
better 5-year survival rates compared to those with
higher scores, and the CRS outperformed other scoring

combinations available at the time. However, despite
its pivotal role in clinical practice over the years, an
increasing number of studies have sought to enhance
the predictive power of the CRS system. This is being
explored through the incorporation of additional clinical
or molecular indicators, as well as by integrating CRS
with other classification systems to address its limitations
in specific contexts (28,29).

2.2. Al models commonly used in tumor classification

The standard workflow in ML research typically
involves key steps such as data preprocessing, model
construction, model training, parameter optimization,
and external validation. Model selection plays a pivotal
role in both data analysis and the advancement of
research. An appropriate model not only significantly
enhances research efficiency but also improves the
accuracy and reliability of analytical results. This section
systematically describes and discusses ML models,
which are categorized into three types: conventional
models, deep learning models, and emerging models.

2.2.1. Conventional ML models

Support vector machines: Support vector machines
(SVM) were first developed by Cortes et al. in 1995
as a method for binary classification (30). Before the
resurgence of deep learning, SVM was one of the
most widely used ML models in various domains.
The fundamental principle of SVM is to identify an
optimal separating hyperplane in the feature space that
divides data into distinct classes while maximizing the
margin between them. To achieve this, SVM uses kernel
methods, utilizing a mapping function to transform
input data from its original feature space into a higher-
dimensional space, where a separating hyperplane can
be more easily identified. The strengths of SVM lie in
its ability to handle high-dimensional data, its suitability
for small sample sizes, and its excellent generalization
capabilities. SVM has been widely applied to tumor
subtyping and classification, including applications that
incorporate imaging data (3/) or transcriptomic data
(32). However, SVM has certain limitations, such as
longer training times for large datasets or datasets with
high feature dimensions, and its sensitivity to noise and
outliers, which can lead to overfitting.

Random forest: Random forest (RF), first developed
by Breiman in 2001, is an ensemble learning method
that solves classification and regression problems by
constructing multiple independent decision trees (33). In
the structure of RF, each internal node of a decision tree
represents a feature, while each leaf node corresponds
to a classification (category) or regression (numerical)
outcome. The final prediction is generated by aggregating
the outputs of all trees using a voting mechanism (for
classification problems) or an averaging mechanism
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(for regression problems). RF is highly robust against
overfitting and can be parallelized to efficiently handle
large-scale datasets. As a non-parametric approach,
it effectively models complex nonlinear relationships
and high-dimensional feature data, and it has been
extensively applied to tumor subtyping and classification,
including studies on breast cancer and pancreatic cancer
(34,35). However, the ensemble nature of RF reduces
its interpretability, and processing large datasets with
many decision trees can require substantial time and
computational resources.

Regression models: Regression models are widely
used in statistics and ML to analyze relationships
between a dependent variable and one or more
independent variables. While regression methods can
predict outcomes and explain variable influences, they
are primarily statistical tools rather than standalone
ML models. The core of regression models lies in
finding a function that optimally maps the input values
of independent variables to the output values of the
dependent variable, typically by minimizing the error
between predicted and observed values. Regression
models encompass various types, including linear
regression, logistic regression, lasso regression, and Cox
regression. Cox regression, developed by Cox in 1972
(36), and lasso regression, developed by Tibshirani in
1996 (37), are the most commonly utilized in oncology
research. For instance, Liu ef al. utilized Cox regression
to investigate the relationship between metabolic-
associated fatty liver disease (MAFLD) and multiple
cancers (38). Li et al. used a Bayesian lasso model to
integrate multi-omics data for lung cancer classification
(39). Each regression model has its own strengths and
limitations. In general, regression models are simple,
interpretable, and computationally efficient, with
various regularization methods available to enhance
their generalizability. However, they are also sensitive to
outliers, heavily dependent on data characteristics, and
often less effective when dealing with complex high-
dimensional datasets.

Gradient boosting algorithm: Gradient boosting
machine (GBM) is an ensemble learning method
developed by Friedman in 2001 (40). It iteratively
optimizes a target function to achieve the best possible
solution by sequentially combining multiple weak
learners (typically decision trees) into a strong learner.
Each weak learner focuses on correcting the prediction
errors of the previous model. GBM demonstrates
exceptional performance in handling nonlinear, high-
dimensional, and large-scale datasets, effectively
capturing complex data patterns while maintaining
robustness against noise and outliers. Popular
implementations of gradient boosting include XGBoost,
LightGBM, and CatBoost. For example, Rodriguez et
al. used XGBoost combined with imaging and clinical
parameters for risk stratification of hepatocellular
carcinoma (HCC) patients (4/), while Qi et al. used

LightGBM as the optimal algorithm for predicting
cardiovascular disease (CVD)-cancer comorbidity (42).
However, GBM has some limitations, such as a lengthy
training time for large datasets and a high dependence on
hyperparameter tuning, which often requires extensive
optimization to achieve peak performance.

k-nearest neighbors: The k-nearest neighbors (kNN)
algorithm is an instance-based, non-parametric learning
method known for its simplicity and intuitive nature. It
predicts outcomes by measuring the similarity between
samples. Specifically, kNN calculates the distance
between an input sample and all training samples, selects
the k nearest neighbors, and infers the target category
(for classification problems) or value (for regression
problems) based on the labels or values of these
neighbors. A defining feature of kNN is its lack of an
explicit training phase, as it relies primarily on the stored
training data and distance computations. This simplicity
makes it easy to implement and adapt. The algorithm
has been used in various medical research fields. For
instance, Wang et al. used kNN for lung cancer subtype
classification (43), and modified KNN methods have
been used to classify CRC tissues (44).

2.2.2. Deep learning models

Deep learning models (DLMs) are an extension of
artificial neural networks (ANNs) and represent a more
advanced and sophisticated branch of ML. Broadly,
neural networks can be categorized into shallow neural
networks (typically consisting of one or two hidden
layers) and deep neural networks (DNNs, generally
comprising three or more hidden layers). The latter forms
the foundation and most prevalent framework for DLMs.

DLMs excel in non-linear modeling, making them
effective for pattern recognition and predictive tasks.
These networks act as multi-layer feature extractors,
transforming input data (e.g. images or text) into abstract
representations. Using these features, models interpret
and process data for various applications, such as
analyzing histopathological slides to distinguish tumor
from non-tumor regions.

The following sections will delve into the
foundational concepts of DLMs, focusing on deep neural
networks as a paradigm of DLMs and their commonly
implemented architectures, such as convolutional neural
networks and recurrent neural networks.

Deep neural network: Deep neural networks (DNN5s)
are fundamental in deep learning, enabling hierarchical
feature extraction and complex pattern recognition. A
typical DNN consists of an input layer, multiple hidden
layers, and an output layer, with each neuron in a layer
connected to all neurons in the previous layer. DNNs
operate through two key processes: forward propagation
and backpropagation. In forward propagation, input data
is passed layer by layer, with each neuron computing
a weighted sum of its inputs, followed by a non-linear
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activation function. This allows the network to model
complex patterns. Backpropagation is the cornerstone of
training DNNs. It calculates the error between predicted
and true values, propagates it backward, and updates
weights using optimization algorithms. This iterative
process minimizes errors and refines model performance.

DNNs have displayed exceptional performance
in handling highly complex datasets. For instance,
Khan et al. integrated over 23,000 CT and pathology
images to develop a multimodal DNN for predicting
metastasis and variant classification of liver tumors,
achieving an accuracy of 96.06% and an AUC of 0.832
(45). Nevertheless, DNNs have notable limitations. In
addition to their high demands for large-scale data and
computational resources, they are inherently "black box"
models, making their learning processes and decision
logic difficult to interpret—an issue that constrains their
broader adoption in medicine. Moreover, conventional
DNNSs may suffer from shallow feature loss when dealing
with high-dimensional, non-linearly distributed complex
data, often requiring compensation or refinement
through the introduction of attention mechanisms or skip
connections.

Convolutional neural networks: Convolutional neural
networks (CNN) are a class of DNNs that incorporate
convolutional layers and that are particularly suited
for processing data with grid-like topology, such as
images and time-series data. Derived from multi-layer
perceptrons, CNNs are designed to efficiently capture
spatial locality in data by introducing specialized
structures like convolutional and pooling layers.

A typical CNN architecture consists of five main
components: an input layer, convolutional layers, pooling
layers, fully connected layers, and an output layer. The
convolutional layer is the backbone of CNNs, utilizing
convolutional kernels (or filters, typically small matrices)
to slide over the input data and extract local features
such as edges, textures, and shapes. Each kernel learns
specific feature patterns, with its parameters optimized
through backpropagation. The pooling layer reduces the
dimensions of the feature maps using down-sampling
techniques, thereby decreasing computational complexity
and enhancing translational invariance. Finally, the fully
connected layer maps the extracted high-dimensional
features into specific outputs, such as classification or
regression predictions.

Thanks to their powerful feature extraction
capabilities, CNNs excel in various computer vision
tasks. For instance, Cho et al. used deep convolutional
neural networks (DCNNs) in conjunction with image
data to distinguish between benign and malignant lip
skin lesions (46). Similarly, Chang et al. utilized CNNs
combined with self-attention mechanisms to analyze
histopathological slides in order to predict MSI status in
CRC patients (47). However, CNNs also have notable
limitations. They require large-scale training datasets
and significant computational resources to achieve

optimal performance. Moreover, CNNs are sensitive to
hyperparameter settings, often necessitating extensive
tuning to refine the model for specific applications.

Recurrent neural networks: Recurrent neural
networks (RNNs) are specifically designed to process
sequential data and can trace their origins back to
Hopfield Networks of Associative Memory, developed
by Hopfield in 1982 (48). Unlike conventional
feedforward neural networks (e.g. DNNs), RNNs possess
recurrent connections and memory capabilities, allowing
them to retain information across time steps and respond
to current inputs in the context of past information. This
unique structure makes RNNs particularly suitable for
tasks involving temporal dependencies, such as speech
recognition, natural language processing, and time-series
forecasting.

Despite their advantages, RNNs face challenges such
as vanishing and exploding gradients, particularly when
processing long sequences. To address these issues,
several variants of RNNs have been developed, with
the most prominent being the long short-term memory
(LSTM) network (49). LSTM introduces a gating
mechanism that regulates the retention and forgetting of
information, overcoming the limitations of conventional
RNNs in learning long-term dependencies. LSTM
features three core gates—input, forget, and output
gates—that collectively govern the flow and storage
of information within the hidden states, enabling it to
effectively capture long-range dependencies.

RNNs have accelerated advances in oncology
research. For example, Yun et al. developed a transfer
recurrent feature learning framework for intraoperative
imaging and diagnosis of epithelial cancers (50).
Similarly, a study combined CNNs with RNNs to
differentiate benign from malignant fibroepithelial breast
lesions, achieving promising results (57).

2.2.3. Emerging models and learning strategies

With the rapid advancement of Al technologies, an
increasing number of emerging models and learning
strategies are being applied to tumor classification and
other related medical tasks. These approaches place
greater emphasis on multimodal data integration, few-
shot learning, and model interpretability, addressing
the limitations of conventional models while driving
innovation in the use of ML in medicine.

Transformer: The Transformer is a deep learning
architecture based on attention mechanisms, initially
designed for natural language processing tasks. With its
typically deeper and more sophisticated layer design,
the Transformer is categorized as a type of DNN. It
processes input text or data sequences by dividing them
into segments and using attention scores to determine the
weight of each segment in the output module.

Compared to previous models, the Transformer
uses multi-head self-attention mechanisms to process
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input sequences in parallel, significantly improving
computational efficiency and enabling effective
modeling of long-range dependencies. The Transformer
architecture consists of two main components: the
encoder and the decoder. The encoder transforms input
data into abstract contextual representations, while
the decoder generates target sequences based on these
contextual representations.

In tasks such as image segmentation and tumor
classification, Transformers demonstrate exceptional
performance. For instance, Xin et al. developed
an improved Transformer model for skin cancer
classification, achieving an accuracy exceeding 94% (52).
Similarly, Xu et al. proposed a Transformer-based model,
Prov-GigaPath, which not only classified subtypes across
multiple cancer types but also identified molecular
expression patterns and predicted gene mutations from
histopathological slides, outperforming conventional
models in various aspects (53). Nevertheless, the
Transformer architecture faces certain challenges. Its
complex and opaque internal mechanisms make the
decision-making process difficult to interpret, and its
high demand for computational resources remains a
significant obstacle to its widespread use in oncology.

Multimodal ML: Multimodal ML is an approach
that integrates information from different data sources
to extract complementary features from multiple types
of data simultancously. Given the diverse data involved
in oncology research—such as imaging, genomic,
and transcriptomic data—multimodal ML has high
compatibility and significant potential for advancing
cancer research.

Just like DNNs, multimodal learning does not
refer to a specific model but rather demonstrates the
variety of data. For instance, Qian ef al. reported the
development of a multimodal model named BMU-Net,
which integrates clinical data, mammographic images,
and trimodal ultrasound data to diagnose benign and
malignant breast tumors, achieving an overall diagnostic
accuracy exceeding 90% (54). Multimodal ML models
are evolving toward more efficient data fusion, improved
interpretability, and enhanced clinical applicability. By
integrating data from multiple modalities, these models
can capture deeper insights that are often unavailable
from a single data source, thereby offering more accurate
and comprehensive support for tumor classification and
diagnosis.

Self-supervised learning: In Al, ML approaches can
be categorized into supervised learning, unsupervised
learning, and reinforcement learning, based on whether
the analyzed data includes specific labels or annotations.
Self-supervised learning (SSL) is considered an extension
of unsupervised learning. Unlike supervised methods,
SSL does not require extensive labeled datasets. Instead,
its core principle is to construct pretext tasks that enable
models to extract meaningful feature representations
from unlabeled data for downstream tasks. SSL methods

are broadly divided into two main categories: generative
methods and contrastive methods. Generative methods
train models by reconstructing data, such as completing
images or predicting missing words, making them ideal
for reconstruction tasks. Contrastive methods, in contrast,
use positive and negative sample pairs to help models
distinguish similarities and differences.

These methods are particularly effective in image
classification and data representation tasks. For example,
Schirris et al. developed DeepSMILE, a contrastive
SSL framework for classifying whole slide images of
HE-stained tissue sections (55). Similarly, Zhang et al.
developed SANDI, a model capable of spatial cellular
classification, by first learning pairwise similarities
among unlabeled data and subsequently incorporating
reference data (56). While SSL eliminates the
dependency on large-scale labeled datasets, developing
high-performance SSL models requires carefully
designed pretext tasks and significant computational
resources.

In conclusion, while ML models face challenges in
data dependency and interpretability, Al integration into
medicine is a key direction for the future. By combining
Al with conventional methodologies, particularly in
cancer detection, diagnosis, subtyping, and personalized
treatment, Al-driven research is advancing precision
medicine and overcoming technical barriers in
healthcare.

3. Application of ML to CRLM classification

Based on task requirements and technical methodologies,
the application of ML to CRC liver metastasis
classification can be divided into two major categories:
single-modality task classification and multi-modality
task classification. The former can be further subdivided
into three subcategories: classification based on
imaging data, classification based on omics data, and
classification based on structured data.

3.1. Single-modality task classification
3.1.1. Based on imaging data

ML has been extensively applied to imaging data for
CRLM classification, with researchers exploring both
conventional ML models and advanced deep learning
frameworks. The following studies demonstrate the
diversity of approaches and highlight their respective
strengths and limitations (onlin data: Table 1, Attps://
www.biosciencetrends.com/supplementaldata/252).
Tharmaseelan et al. conducted a study using CT
imaging data from 78 patients, encompassing 1,296
metastatic liver lesions, to evaluate the performance
of various ML models (57). These models included
conventional ML classifiers such as XGBoost and kNN,
as well as a DLM based on CNN. The CNN model was
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derived from the DenseNet-121 architecture and trained
using the PyTorch platform. The objective was to identify
the primary tumor site in gastrointestinal cancer patients
with liver metastases. Interestingly, the kNN model
achieved the highest discriminative ability (AUC: 0.87),
outperforming the CNN model (AUC: 0.80). However,
the CNN model demonstrated superior accuracy (0.83
vs. 0.67). These findings suggest that conventional ML
models may, in certain classification tasks, perform
comparably or even better than advanced DLMs, and
especially with limited datasets.

Building upon this, Jia et al. proposed a DLM
based on CT imaging to identify the primary tumor
sites in patients with liver metastases (58). Their study
included imaging data from 489 patients and a total of
769 metastatic liver lesions. To provide a comparative
analysis, the researchers also developed conventional
ML models, including Decision Tree, RF, and kNN.
With a larger sample size, the DLM outperformed
conventional ML models in all metrics. Specifically, the
DLM achieved an accuracy of 0.714 and an AUC of 0.811
on the validation set, and external validation yielded an
accuracy of 0.667 and an AUC of 0.784. In comparison,
the best-performing conventional model, RF, achieved
a maximum AUC of 0.775 and an accuracy of 0.655.
These results highlight the advantages of DLMs in using
larger datasets for superior performance.

Moving into histopathological growth pattern
analysis, Hoppener et al. developed a CNN-based model
for binary classification of HGPs in liver metastases
(desmoplastic vs. non-desmoplastic) using digitalized
whole-slide images (59). Their algorithm, neural image
compression (NIC), is a multi-task learning framework
that compresses high-dimensional image patches into
low-dimensional embeddings while preserving spatial
information and suppressing noise. The study used 3,641
slides from 932 patients for training and 870 slides for
external validation. The model achieved outstanding
results, with an AUC of 0.93 on the training set and 0.95
on the validation set. By using supervised training across
multiple histopathological tasks, NIC demonstrated the
potential of multi-task learning in extracting transferable
features for robust classification.

Similarly, Starmans et al. explored the use of CNNs
to classify the HGPs of CRLM using CT data (60). The
study used multi-observer segmentation, combining
data from three human observers to train the model.
Each lesion was segmented three times, effectively
tripling the training sample size. Interestingly, the
performance of the multi-observer model (AUC:
0.69) was comparable to the single-observer models
(maximum AUC: 0.72). Despite exploring ICC-based
feature selection and ComBat for further analysis, these
methods did not significantly improve performance.
The aforementioned study highlights the challenges
of utilizing multi-observer data and suggests the
importance of optimizing segmentation techniques for

better performance.

Turning to genetic mutation prediction, Wesdorp et
al. developed models based on RF and gradient boosting
algorithms to identify KRAS mutation status using
CT imaging data (6/). The study included 255 CRLM
patients, split into training (n = 204) and test (n = 51)
sets. While the ensemble classifier performed well on
the test set (AUC: 0.86), it underperformed in external
validation (AUC: 0.47). In contrast, RF demonstrated
relatively better external performance (AUC: 0.54).
These results reflect ongoing challenges in linking
imaging features to genetic mutations, exacerbated by
small sample sizes and insufficient preprocessing.

Similarly, Granata et al. utilized CT data to predict
RAS mutations (62). They extracted 851 radiomic
features from 77 liver metastases in 28 patients and
constructed multiple ML models, including logistic
regression, decision trees, KNN, and SVM. Multivariable
analysis using logistic regression achieved superior
performance (AUC: 0.953, accuracy: 98%), especially
after z-score normalization. However, the authors
noted no significant improvements when applying
normalization techniques, raising questions about their
utility in radiomic analysis.

Finally, Li et al. developed a comprehensive
platform, the Radiomics Intelligent Analysis Toolkit
(RIAT), for predicting liver metastasis risk (63). By
integrating multiple ML methods and clinical data,
RIAT demonstrated the value of combining advanced
statistical and ML techniques for robust diagnostic tool
development. Similarly, Kim et al. applied YOLO-based
deep learning to large-scale CT imaging (64), achieving
sensitivity comparable to radiologists but emphasizing
its role as an assistive, rather than standalone, diagnostic
tool.

Together, these studies highlight the diversity of
imaging-based ML applications in CRLM classification,
emphasizing the importance of task-specific adaptations,
model optimization, and data integration.

3.1.2. Based on omics data

In the context of CRLM classification, omics data
provide a rich source of biological insights, enabling ML
models to predict risk, classify subtypes, and identify
molecular features with significant diagnostic and
prognostic implications. The integration of multi-omics
datasets with ML not only offers enhanced classification
accuracy but also deepens our understanding of the
underlying molecular mechanisms driving CRLM.

Yu et al. used the AdaBoost algorithm to predict the
risk of liver metastases in CRC patients using blood test
markers (65). The study compared AdaBoost to five
other algorithms, including Extremely Randomized
Trees (ERT), Multilayer Perceptron, Stochastic Gradient
Descent (SGD), RF, and XGBoost. AdaBoost, which
dynamically adjusts sample weights to optimize weak
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learners, achieved the highest diagnostic accuracy
(89.3%) and precision (89.4%). Interestingly, MLP
demonstrated the weakest performance, with an accuracy
of 79.6% and a precision of 80.1%. The superior
performance of AdaBoost was attributed to its robustness
with small datasets, whereas MLP's reliance on larger,
high-dimensional data likely limited its effectiveness
in that study. This underscores the potential of simpler,
adaptive algorithms in data-limited clinical settings.

Extending the analysis to tissue-level investigations,
Kiritani et al. developed a logistic regression model
using mass spectrometry data from 103 CRLM samples
and 80 normal tissue samples to distinguish metastatic
from non-malignant tissues (66). The model underwent
validation using leave-one-out cross-validation
(LOOCYV), 10-fold cross-validation, and an independent
cohort of 40 samples (20 CRLM and 20 non-cancerous
tissues). Phosphatidylcholine, phosphatidylethanolamine,
and monounsaturated fatty acids were found to be
enriched in CRLM tissues, with the model achieving
an exceptional accuracy of 99.5% and an AUC of
0.9999. These findings highlight the synergy of mass
spectrometry and ML in identifying molecular markers
for CRLM diagnosis.

Taking a step further into molecular subtyping,
Katipally ef al. utilized data from the Phase 3 new EPOC
randomized clinical trial to construct a neural network
model for CRLM molecular subtyping (29). Sequencing
data from 93 patients revealed 31 optimal features,
including 24 mRNAs and 7 miRNAs, which were used
for subtyping. In a validation cohort of 147 patients,
the model classified CRLM into canonical, immune,
and stromal subtypes, with immune subtype patients
having the best 5-year OS (63%) and canonical subtype
patients having the worst prognosis (43%). Incorporating
molecular subtypes into clinical risk scores improved
predictive performance (OS AUC increased from 0.59
to 0.63). The aforementioned study demonstrates how
molecular subtyping can enhance both prognostic
stratification and personalized therapeutic strategies.

Finally, Moosavi et al. developed an RF-based
CRLM classification model using transcriptomic
data from 171 patients (67). The study compared
the new LMS subtyping framework to the CMS and
CRIS classification systems, using 829 CRC samples,
including CRLM, primary CRC tumors, non-malignant
liver tissues, organoids, and cell lines. Unlike CMS,
which struggled to classify CRLM and which was
influenced by prior systemic treatments, LMS effectively
stratified samples into five subtypes (LMS1-5). LMSI1
was associated with the poorest prognosis (5-year OS
of 15%, HR =2.2, p =9 x 10™*), while LMS5 exhibited
stromal-like characteristics. LMS demonstrated superior
prognostic stratification and independence from
treatment-related biases, outperforming CMS and CRIS
in this regard.

Together, these studies illustrate the potential of

integrating omics data with ML for CRLM classification.
From simple blood markers to comprehensive
transcriptomic analyses, omics-driven ML approaches
offer unparalleled opportunities to provide precision
oncology, unravel molecular complexities, and provide
robust frameworks for diagnosis and prognosis.

3.1.3. Based on structured data

Building on the success of imaging-based approaches,
the application of ML to omics data has opened up new
avenues for CRLM classification. By using molecular
and biological datasets, these studies aim to glean deeper
insights into tumor biology while improving diagnostic
accuracy and prognostic predictions.

Nemlander ef al. developed a gradient boosting
model to identify non-metastatic colorectal cancer
(NMCRC) patients during their first clinical visit (68).
The study included 2,681 participants, consisting of 542
NMCRC patients and 2,139 matched controls. Clinical
data used for model construction included age, sex,
primary healthcare (PHC) unit, NMCRC stage (I-III),
the number of general practitioner consultations in the
previous year, and all diagnoses reported in VEGA
within the preceding year. The dataset contained 360
different ICD-10 or KSH97-P diagnostic codes. Of the
participants, 75% were used for training, while 25%
were used for validation.

The model was constructed using the GBM package
in R, with class-stratified 10-fold cross-validation. The
final model correctly identified 99 out of 135 NMCRC
cases, achieving a sensitivity of 73.3%, a specificity of
83.5%, and an AUC of 0.832. Among the 361 predictors,
184 variables were found to have predictive value, with
16 factors showing a normalized relative influence
(NRI) >1%. Notable predictors included changes in
bowel habits, other diseases of the anus and rectum,
iron deficiency anemia, and other and unspecified non-
infective gastroenteritis and colitis. These findings
suggest that such symptoms may indicate an elevated
risk of NMCRC.

Although studies utilizing structured data for
CRLM classification are relatively scarce, this research
highlights the potential of such data to contribute to early
cancer detection. Structured data offers a non-invasive,
cost-effective means of identifying diagnostic patterns
that can complement other ML approaches in precision
oncology.

3.2. Multimodal task classification

Moving beyond single-modality approaches, multimodal
task classification integrates diverse datasets to improve
predictive accuracy and uncover complex patterns in
CRLM. By combining biological, clinical, and electronic
health record (EHR) data, these models provide a
comprehensive framework for understanding and
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predicting disease progression.

Krishnan et al. developed a model using a Bayesian
regularized neural network (BRANN) and sparse
multilinear regression to classify CRC patients (69). The
study integrated multiple biological datasets, including
plasma lipid and protein levels, chemokines, gene
mutation status, and clinical information. Initially, a
regression model, MLR-EM, was constructed to extract
key feature data, identifying 9 lipids as significant
predictors for distinguishing CRLM patients. Using these
features, the BRANN model, a variant of ANN with
Bayesian regularization, successfully classified cancer-
free individuals, CRC patients, and CRLM patients. The
model had an R” of 0.77 and an accuracy of 87% on the
training set and an R” of 0.68 and an accuracy of 77% on
the test set. The aforementioned study demonstrates the
potential of integrating biochemical and clinical data for
accurate classification of disease stages in CRC patients.

Li et al. combined EHR information and laboratory
data to construct NLP and ML models in order to predict
the likelihood of postoperative liver metastases in CRC
patients (70). The study included 1,463 CRC patients,
609 with CRLM and 854 without. A total of 18 features
were analyzed using five conventional models and a
bidirectional encoder representations from Transformer
(BERT)-based NLP model. Among the conventional
models, SVM demonstrated the best performance
(AUC: 0.64, accuracy: 0.64), comparable to the NLP
model (AUC: 0.676, accuracy: 0.636). When these two
approaches were fused into a single model, the combined
framework exhibited significantly enhanced performance,
achieving an accuracy of 80.8% and precision of 80.3%.
Moreover, the combined model outperformed physicians
in an external validation cohort in both accuracy (0.760
vs. 0.658 and 0.640) and precision (0.763 vs. 0.697 and
0.670). These results highlight the potential of combining
EHR data with advanced NLP and ML techniques to
improve predictive accuracy for CRLM.

These studies underscore the advantages of
multimodal approaches in CRLM classification, using
complementary datasets to refine predictions and
improve patient stratification. By integrating diverse
data sources, multimodal models address the limitations
of single-modality methods and pave the way for more
robust and clinically actionable insights.

4. Clinical decision-making and treatment
optimization based on cancer classification

4.1. Classification-guided personalized treatment

ML models are increasingly being used to guide clinical
decision-making and optimize treatment strategies
for CRLM patients. These models provide valuable
tools for predicting therapeutic responses, stratifying
patients, and personalizing treatment approaches. The
following studies illustrate how classification results can

inform clinical decisions and improve patient outcomes
(onlin data: Table 2, https://www.biosciencetrends.com/
supplementaldata/252).

To begin with, Karagkounis et al. developed an RF
model to evaluate the pathological response of CRLM
patients to chemotherapy (7/7). The study included
85 patients and 95 liver metastases, with 63 lesions
classified as responders and 32 as non-responders
based on histopathological assessments. To address a
data imbalance, the authors implemented cost-sensitive
learning by assigning higher penalties for misclassifying
non-responders. The model outperformed conventional
methods, including RECIST and morphological
evaluation, achieving an AUC of 0.87 compared to 0.53
and 0.56, respectively. This demonstrates the potential
of ML models to provide more accurate and nuanced
assessments of chemotherapy responses.

Building on the use of CT data to predict
chemotherapy response, Maaref et al. utilized CNNs
to predict treatment responses in CRLM patients (72).
The study included 202 patients with 444 lesions,
where 230 had previously undergone FOLFOX-based
chemotherapy. The CNN model achieved outstanding
performance in distinguishing treated from untreated
lesions (AUC: 0.97) and predicting chemotherapy
responses (AUC: 0.88, sensitivity: 98.1%). These
findings highlight the ability of CNNs to handle large
imaging datasets and assist in managing metastatic
lesions.

Expanding on the prediction of chemotherapy
response, Davis ef al. used an attention-based deep
learning framework to analyze CT images and predict
responses to neoadjuvant chemotherapy in CRLM
patients (73). Using a dataset of 33,619 CT images from
95 patients, the model assigned attention weights to
different image patches and achieved an AUC of 0.77, far
surpassing the logistic regression model based on Fong
scores (AUC: 0.41). These results emphasize the utility
of attention mechanisms and multi-instance learning
frameworks when analyzing complex imaging data with
weak annotations.

Taking the next step toward multi-modal modeling,
Qi et al. developed an artificial neural network (ANN)
model to predict the sensitivity of unresectable CRLM
patients to irinotecan-based chemotherapy (74). The
study included 116 patients, randomly divided into
training (n = 81) and validation (n = 35) sets. Feature
selection using Pearson correlation and the MRMR
algorithm identified key imaging and clinical variables
for model construction. The primary ANN model
(p-model) integrated multi-scale resampling of imaging
features with clinical data, while three variant ANN
models used only single-scale inputs. The p-model
achieved an AUC of 0.754 (training) and 0.752
(validation), surpassing the best conventional model,
XGBoost (AUC: 0.718 and 0.704). Further intra-ANN
comparisons confirmed the superiority of multi-modal
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integration, with the p-model outperforming single-scale
ANN variants. The aforementioned study underscores the
value of combining multi-scale imaging and clinical data
to enhance chemotherapy response prediction, offering
a promising tool for optimizing CRLM treatment
strategies.

Focusing on precision medicine, Lu et al. developed
a hybrid CNN-RNN model to predict VEGF therapy
sensitivity in mCRC patients based on the VELOUR
trial (75). By combining CNN-based feature extraction
with RNN-based temporal sequence analysis, the
model demonstrated superior performance in predicting
early treatment responses (AUC: 0.76) compared to
conventional RECIST (AUC: 0.66) and ETS (AUC: 0.60)
standards. Moreover, responders identified by the model
had a significantly longer median OS (18.0 months vs.
10.4 months for non-responders, HR = 0.49, p = 1x107°).
The aforementioned study highlights the potential of
combining dynamic imaging data and ML for real-time
therapeutic decision-making.

In terms of survival stratification, Endo et al.
developed a decision-tree-based model to predict
postoperative chemotherapy responses in CRLM patients
(76). The study analyzed data from 1,358 patients,
incorporating 18 demographic and clinicopathologic
variables, including T stage, primary tumor location, and
tumor burden score (TBS). Patients with lymph node
metastasis, specific tumor locations, and certain KRAS
statuses displayed significant benefits from adjuvant
chemotherapy. Subgroup analyses revealed that patients
with lymph node metastasis, left-sided or rectal primary
tumors with low/high TBS, and right-sided tumors with
KRAS mutations benefited significantly from adjuvant
chemotherapy. The model demonstrated good predictive
performance, with a C-index of 0.68 for OS and 0.69
for RFS in both training and test sets. These findings
highlight the utility of incorporating clinicopathologic
data into predictive models to guide adjuvant
chemotherapy decisions and improve patient outcomes

Shifting focus to imaging data and biological
response, Zhu et al. developed a ML model using
pre- and post-chemotherapy MRI images to predict
pathological tumor regression grade (TRG) in CRLM
patients (77). The study included 180 patients (389
lesions) divided into training, test, and external validation
sets. Implemented with TensorFlow and Keras, the
model utilized multi-stream inputs and center cropping
to enhance CNN performance. Three models with
varying input streams were compared: Model A (four
input streams), Model B (pre-treatment images), and
Model C (post-treatment images). Model A achieved the
highest AUC (0.849) with the training set, significantly
outperforming Models B, C (p = 0.04), and RECIST
(p = 0.03). In external validation, Model A maintained
superior performance (AUC: 0.833, accuracy: 0.885)
compared to RECIST (AUC: 0.558, accuracy: 0.533).
Additionally, Model A effectively stratified survival

outcomes, while RECIST-defined groups displayed no
significant differences (DFS and OS, p =0.12, p =0.99).
The aforementioned study underscores the potential of
CNN-based models in improving chemotherapy response
prediction and survival stratification over conventional
RECIST assessments.

Giannini et al. utilized imaging data to predict
treatment responses in HER2-amplified CRLM patients
receiving HER2 dual-targeted therapy (78). The study
included CT data from 38 patients and 141 metastatic
lesions, with 28 patients (108 lesions) in the training set
and 10 patients (33 lesions) in the validation set. The
authors extracted 24 radiomic features from CT images
and applied a Gaussian Naive Bayes (GNB) classifier
for feature selection, ultimately retaining 12 significant
features. The GNB model performed better on the
training set compared to the validation set, particularly
in sensitivity (training: a sensitivity of 0.89, a specificity
of 0.85; validation: a sensitivity of 0.90, a specificity
of 0.42). The model correctly classified 24 of the 38
patients, partially misclassified 12, and completely
misclassified 2. The authors noted that while the model
effectively predicted responsive lesions (R+), it struggled
to accurately identify non-responsive lesions (R-).
The aforementioned study underscores the potential
of radiomic feature-based models to predict treatment
response in HER2-targeted therapies, while highlighting
challenges in generalizability and specificity.

Together, these studies demonstrate the pivotal role of
ML models in guiding clinical decisions and optimizing
treatment strategies for CRLM. By improving the
accuracy of therapeutic response predictions, stratifying
patients based on clinical and molecular characteristics,
and integrating multi-modal data, these models are
driving precision oncology forward.

4.2. Patient prognostic stratification

ML has significantly enhanced prognostic stratification
for CRLM patients, utilizing diverse data types to
improve survival predictions and patient management.
From imaging-based models to multi-modal approaches,
these studies illustrate the versatility of ML in addressing
clinical challenges.

Wang et al. developed an unsupervised ML model
based on preoperative CT imaging and clinical data to
stratify survival risks in 197 CRLM patients (79). Using
hierarchical clustering, the study filtered imaging features
from 851 to 56 through Cox regression and divided
patients into favorable and poor prognosis groups, with
the latter exhibiting an OS HR of 1.78 (95% CI: 1.12—
2.83). The model outperformed CRS and TBS scores
in predicting long-term survival, with a time-dependent
AUC of 0.66 compared to 0.58 and 0.55, respectively.

Building on this, Paro et al. used a tumor burden-
focused ML model, ML-TB, to optimize thresholds for
tumor size and number, maximizing five-year survival
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stratification (80). The study analyzed 1,344 patients
from five centers and noted superior OS stratification
compared to conventional Fong scores, with Cohen's d
values of 1.61, 0.84, and 2.73, highlighting the model's
ability to redefine tumor burden parameters for better
clinical outcomes.

In a similar vein, Lam et al. incorporated lasso
regression and Cox models to identify key predictors
from 36 clinical variables in 572 patients (8/). Variables
such as CEA levels, tumor size, and KRAS mutation
status were critical for OS and RFS predictions,
achieving a concordance index of 0.651 and significantly
outperforming Fong CRS in one- and five-year OS
predictions. This comprehensive analysis underscores
the importance of integrating clinicopathologic and
molecular data into ML models for precise risk
stratification.

Adding a histopathological dimension, Elforaici
et al. used deep learning frameworks with GANs and
Vision Transformers to analyze 1,620 pathology slides
from 258 patients (82). The model extracted tumor and
peritumoral features, achieving a c-index of 0.804 for OS
and 0.735 for time-to-recurrence. By using multi-task
deep learning, this approach demonstrated the potential
to enhance prognostic precision through advanced
histological insights.

Moro et al. utilized a classification and regression
tree (CART) model to identify risk factors for CRLM
prognosis in 1,123 patients (83). Based on demographic
and clinicopathologic data, the model revealed distinct
survival profiles for wtKRAS and mtKRAS patients.
For instance, wtKRAS patients with small (<4.3 cm)
solitary metastases and no nodal involvement exhibited
the highest five-year OS (68.5%). The CART model also
outperformed conventional Fong scores, and particularly
for wtKRAS patients (AIC 3334 vs. 3341).

Incorporating imaging and molecular characteristics,
Saber et al. utilized an attention-based TabNet model to
predict levels of CD73 expression in 122 patients (84).
By integrating immunofluorescence and CT data, the
model achieved an AUC of 0.95 and yielded significant
prognostic implications, with high levels of CD73
expression linked to shorter recurrence (13.0 vs. 23.6
months, p: 0.0098) and disease-specific survival (53.4
vs. 126.0 months, p: 0.0222). The aforementioned study
emphasizes the role of molecular markers in stratifying
treatment responses and outcomes.

Expanding the focus to targeted therapy, Zhou et al.
developed the DERBY+ model to predict bevacizumab
response using PET-CT and clinical data (85). Trained
on multi-center cohorts, the model achieved an AUC
of 0.95 with independent datasets, outperforming
individual predictors such as clinical (AUC: 0.66) and
imaging features (AUC: 0.72). The identified responders
exhibited prolonged OS (27.6 vs. 18.5 months, p =0.010),
underscoring the utility of integrated ML frameworks for
precision oncology.

Turning to recurrence prediction, Zhao et al.
designed a hybrid DLM combining 2D-CNN, Bi-LSTM,
and attention modules to predict early recurrence after
thermal ablation (86). Analyzing 13,248 ultrasound
images and clinical data from 207 patients, the combined
model achieved an AUC of 0.78 and demonstrated
significant prognostic stratification. Notably, the DL
model consistently outperformed clinical models in all
datasets, with significantly lower false-positive rates and
better high-risk group identification (p < 0.001).

In the realm of disease-free survival prediction, Luo
et al. compared elastic net (EN) and random survival
forest (RSF) models using contrast-enhanced CT
imaging data from 180 patients (§7). The EN model
outperformed RSF in the test set (C-index = 0.78), while
RSF excelled in the training set (C-index = 0.74). Both
models effectively stratified DFS outcomes, illustrating
the complementarity of regression- and forest-based
approaches in survival analysis.

Finally, Amygdalos ef al. developed a gradient-
boosted decision tree model to predict OS in 487 CRLM
patients (88). By focusing on six top-ranked predictors,
such as CEA levels and metastatic lesion size, the
GBDT-Top6 model achieved a superior C-index of 0.70,
outperforming the original GBDT (C-index: 0.65). This
highlights the potential of feature selection in enhancing
ML model performance and clinical interpretability.

Together, these studies underscore the transformative
potential of ML in CRLM prognostic stratification. By
integrating diverse data sources and using cutting-edge
algorithms, these models will pave the way for more
personalized and effective patient care.

In conclusion, ML has advanced clinical decision-
making and prognostic stratification for CRLM patients
by integrating clinical, imaging, and molecular data.
Techniques such as RFs, regression trees, and deep
learning have demonstrated effectiveness in predicting
chemotherapy responses, stratifying survival risks, and
enhancing prognostic accuracy. These advances highlight
Al's potential to optimize personalized treatment and
improve patient outcomes in CRLM management.

4. Conclusion

Al has shown great promise in classifying and managing
CRLM, yet challenges remain in its clinical integration.
The complexity of multimodal data, limited access
to large annotated datasets, and ethical concerns such
as data privacy and model transparency hinder their
widespread use. Additionally, CRLM's biological
heterogeneity requires Al models that are both adaptive
and interpretable.

To overcome these barriers, future research should
focus on federated learning to enable secure multi-
institution collaboration, self-supervised and transfer
learning to reduce dependence on labeled data, and
improved model interpretability to enhance clinical
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trust. Longitudinal studies integrating Al into real-world
workflows will be essential for validation.

Despite these challenges, Al is transforming CRLM
management by integrating clinical, imaging, and omics
data for personalized treatment strategies. Advancing Al-
driven solutions through interdisciplinary collaboration
will further enhance precision medicine, optimizing
outcomes for CRLM patients.
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