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Colorectal cancer persistently ranks among the top causes of cancer-related mortality
globally. The development of superior predictive methodologies is imperative for
augmenting survival outcomes. This systematic review, conducted in accordance with
PRISMA-P guidelines, scrutinizes studies carried out between 2013 and 2023 that apply
machine learning models to prognosticate survival in colorectal cancer patients, particularly
those models incorporating clinical data and gene expression profiles. Criteria for inclusion
comprised studies employing machine learning techniques, with specific emphasis on those
integrating clinical data and gene expression profiles for predictive purposes. Studies
devoid of explicit methodological delineation or not written in English were excluded.
Decision trees, neural networks, and support vector machines emerged as the most
frequently scrutinized models in the review. While some models manifested high accuracy,
others underscored areas requiring refinement. Predominant data sources included patient
clinical records, gene expression datasets, and molecular profiling. The results underscore
the potential of machine learning in bolstering predictive precision, thereby implicating a
trajectory for future research targeting the optimization of patient prognosis and treatment

outcomes in colorectal cancer.

1. INTRODUCTION

Globally, cancer remains a formidable health challenge,
with projections indicating that approximately 20 million
individuals received a cancer diagnosis, and tragically, 10
million succumbed to the disease. The next two decades
anticipate a 60% surge in cancer cases, intensifying the
pressure on healthcare infrastructures, especially in low- to
middle-income countries [1]. To combat this escalating crisis,
the  implementation of evidence-based  strategies
encompassing cancer prevention, early detection, and
treatment is paramount. Several modifiable risk factors, such
as tobacco consumption, limited intake of fruits and vegetables,
excessive alcohol use, and physical inactivity, have been
identified as significant contributors to cancer's prevalence.

Colorectal cancer (CRC) stands out as a major global health
concern, accounting for roughly 10% of all cancer diagnoses
[1]. In the United States alone, CRC is the second leading
cause of cancer-related fatalities, with projections for 2021
estimating 52,980 deaths and 149,500 new diagnoses [2-4].
The gravity of CRC underscores the urgency for enhanced
screening and early detection methodologies [5]. Fortunately,
the past decades have witnessed a rise in survival rates,
attributed in part to technological advancements, notably in the
realms of artificial intelligence (AI) and machine learning
(ML). These ML algorithms, capable of processing vast
medical datasets, have revolutionized diagnostic accuracy,
personalized treatment strategies, and patient monitoring [1, 6].

However, the application of ML in predicting survival
outcomes for various cancers, including CRC, is still in its
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nascent stages, necessitating a systematic review to assess the
quality and robustness of existing prediction models [1, 7, 8].
The potential of ML in forecasting CRC patient prognosis
using gene expression profiles is evident. Furthermore,
integrating clinical and radiomic attributes can further enhance
the prediction accuracy for CRC patient survival [9, 10].

Diving deeper into CRC's etiology, a myriad of risk factors
emerges. Environmental determinants like obesity, sedentary
lifestyles, smoking, alcohol consumption, and dietary choices
play a pivotal role. Concurrently, genetic factors, such as
familial CRC history and specific inherited genetic mutations,
amplify the risk [2, 11]. The insidious nature of CRC, often
remaining asymptomatic in its initial stages, makes early
detection through screening indispensable. Symptoms like
rectal bleeding and abdominal discomfort typically manifest
in advanced disease stages, emphasizing the criticality of
proactive screening, especially for high-risk groups and
individuals over 50 [11-13].

The integration of Al in oncology promises enhanced
diagnostic precision and expedited clinical decision-making,
culminating in improved patient outcomes. Al's potential to
bridge health disparities, especially in resource-constrained
settings, is noteworthy. Recognizing this potential, the
National Cancer Institute champions Al endeavors, investing
in research, infrastructure, and workforce development [6, 14-
16]. The quest for accurate cancer patient survival predictions
is pivotal for informed prognostic discussions and treatment
planning. Current prediction models for CRC exhibit
limitations, given the diverse survival outcomes stemming
from a spectrum of molecular characteristics. This diversity
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underscores the pressing need for sophisticated prediction
models that encapsulate these nuances, offering individualized
prognoses [5, 17, 18].

The crux of this systematic review is to provide a
comprehensive overview of contemporary research on ML
techniques' efficacy in predicting CRC patient survival using
clinical data and gene expression profiles [6, 19-21]. This
synthesis aims to inform future research trajectories and
potentially refine clinical practices, enhancing CRC patient
prognosis and outcomes.

1.1 Rationale

This study's genesis lies in the aspiration to systematically
review the extant literature on ML models' utility in predicting
CRC patient survival using clinical data and gene expression
profiles. The overarching goal is to discern the most potent
models and evaluate their performance metrics, including
accuracy, sensitivity, and specificity.

1.2 Objectives

This study's primary objective is a meticulous review of the
prevailing literature on ML models' application in predicting
CRC patient survival, leveraging clinical data and gene
expression profiles. The endeavor also seeks to identify the
most efficacious ML models for this purpose and assess their
performance metrics. Employing the PICOS framework, the
study addresses pivotal research questions:

1 Population: What attributes define the patient cohort in
studies that employ ML models for CRC survival
prediction?

Intervention: Which specific ML models are predominant
in these studies, and what types of clinical and gene
expression data serve as their foundation?

Comparison: How do various ML models fare against
each other in terms of their predictive capabilities using
the aforementioned data?

Outcome: Among the myriad of ML models, which ones
emerge as the most effective in predicting CRC survival,
and what are their respective performance metrics?

Study Design: Assessing the quality and potential biases
of studies that have harnessed ML models for CRC
survival prediction is crucial. How do these studies
measure up in terms of rigor, and what biases might
influence their outcomes?

2. METHODS

In alignment with the PRISMA guidelines [22], an
exhaustive literature search was executed on Scopus and
PubMed databases. The search encompassed articles
published from January 2013 to April 28, 2023, in English and
subjected to peer review. The search strategy incorporated
keywords such as "machine learning," "artificial intelligence,"
"predictive modelling," "colorectal cancer," "patient survival,"
"clinical data," and "gene expression."

2.1 Scope of the review

This systematic review encompasses studies that employed
any machine learning technique to predict patient survival in
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colorectal cancer using clinical data and gene expression
profiles.

2.2 Eligibility criteria

The PICOS framework informed the eligibility criteria:

Participants: Studies involving colorectal cancer patients.

Interventions: Research employing artificial
intelligence/machine learning models for patient survival
prediction using clinical and gene expression data.

Comparisons: Studies contrasting machine learning model
performance with conventional survival prediction methods.

Outcomes: Research reporting prognostic accuracy metrics
of machine learning models, such as sensitivity, specificity,
positive predictive value, and negative predictive value.

Study Design: Observational studies, clinical trials, or
simulation studies were considered.

2.3 Inclusion criteria

a. Research focusing on colorectal cancer patient survival
prediction using machine learning models, incorporating
clinical data and gene expression profiles.

b. Studies with colorectal cancer patients as the primary
cohort.

c. Research reporting accuracy metrics of the prediction
models.

d. English language publications.

e. Articles published from January 2013 to May 2023.

2.4 Exclusion criteria

a. Research not employing machine learning models with
clinical data and gene expression profiles for colorectal
cancer patient survival prediction.

b. Studies with primary cohorts of patients with other cancer
types.

c. Research not reporting prediction model accuracy metrics.

d. Non-English publications.

e. Inaccessible full-text articles.

f. Conference abstracts, letters, editorials, case reports,

reviews, and meta-analyses.
2.5 Information sources

A meticulous search was orchestrated on Scopus and
PubMed databases to identify pertinent articles. The search
strategy amalgamated medical subject headings (MeSH) terms
and keywords pertinent to machine learning, colorectal cancer,
clinical data, gene expression data, and survival prediction.
This strategy was tailored to each database's unique
specifications to ensure a comprehensive search [23, 24].

2.6 Search strategy
The search strategy was devised to capture a broad spectrum

of studies, offering insights into the current research landscape.
The inclusion criteria encompassed:

a. Original research employing machine learning models for
colorectal cancer patient survival prediction.

b. Studies integrating clinical data and gene expression
profiles as predictors.

¢. Research reporting prediction model accuracy metrics.



d. English language publications from January 2013 to May
2023.

The full electronic search strategy used for the Scopus
database for the systematic review of "Machine Learning-
Based Prediction of Colorectal Cancer Patient Survival Using
Clinical Data and Gene Expression Profiles":

Scopus Database: The search query below on the Scopus
database returned 338 document results

TITLE-ABS-KEY(("machine learning"OR"artificial
intelligence"OR"predictive =~ modelling"OR  ml) AND
("colorectal cancer" OR "colon cancer" OR "rectal cancer")
AND ("patient survival" OR "prognosis" OR patient) AND
("clinical data" OR "gene expression" OR "transcriptome" OR
"genomics")) AND (LIMIT-TO(PUBYEAR, 2023) OR
LIMIT-TO(PUBYEAR, 2022) OR LIMIT-TO(PUBYEAR,
2021) OR LIMIT-TO(PUBYEAR, 2020) OR LIMIT-
TO(PUBYEAR, 2019) OR LIMIT-TO(PUBYEAR, 2018) OR
LIMIT-TO(PUBYEAR, 2017) OR LIMIT-TO(PUBYEAR,
2016) OR LIMIT-TO(PUBYEAR, 2015) OR LIMIT-
TO(PUBYEAR, 2014) OR LIMIT-TO(PUBYEAR, 2013))

AND(LIMIT-TO(PUBSTAGE,  "final")) AND(LIMIT-
TO(DOCTYPE, "ar")) AND(LIMIT-
TO(EXACTKEYWORD, "Human") OR LIMIT-
TO(EXACTKEYWORD, "Colorectal Cancer") OR LIMIT-
TO(EXACTKEYWORD, "Controlled Study") OR LIMIT-
TO(EXACTKEYWORD, "Gene Expression") OR LIMIT-
TO(EXACTKEYWORD, "Machine Learning"))

AND(LIMIT-TO(LANGUAGE, "English")) AND (LIMIT-
TO(SRCTYPE,"j")).

On PubMed Database, the following Search Query returned
145 results

(("Colorectal Neoplasms"[MeSH Terms] OR "colorectal
cancer"[All Fields]) AND ("machine learning"[All Fields] OR
"artificial intelligence"[All Fields] OR "deep learning"[All
Fields] OR "neural network"[All Fields] OR "support vector
machine"[All Fields] OR "random forest"[All Fields] OR
"decision tree"[All Fields] OR "logistic regression"[All Fields]
OR "lasso regression"[All Fields] OR ‘'elastic net
regression"[All Fields]) AND ("gene expression"[All Fields]
OR "transcriptomics"[All Fields] OR "microarray"[All Fields]
OR "RNA-seq"[All Fields] OR "clinical data"[All Fields] OR
"demographic data"[All Fields] OR "treatment data"[All
Fields] OR '"pathological data"[All Fields])) AND
(2013:2023[pdat]) Filters: Abstract, Full text, Associated data,
in the last 10 years, Humans, English, MEDLINE.

2.7 Data management

Search results from Scopus and PubMed were exported in
CSV format and subsequently uploaded to Rayyan software
for screening. Rayyan.ai software facilitated the efficient
screening of the 483 articles that met the eligibility criteria
[25]. The final search was conducted on May 13, 2023.

2.8 Study selection

To ensure the inclusion of only the most pertinent and high-
quality articles, a rigorous screening process was adhered to,
utilizing Rayyan.ai software [26]. Two independent reviewers
scrutinized titles and abstracts for relevance. Full-text articles
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were procured for those aligning with the inclusion criteria or
necessitating further evaluation. Discrepancies were addressed
through consensus or consultation with a third reviewer [27].

2.9 Data extraction

Two independent reviewers undertook data extraction using
a predefined format. Extracted data encompassed study
characteristics, patient demographics, sample size, clinical
features, gene expression profiles, machine learning
techniques, prediction models, and outcome measures.
Disagreements were amicably resolved through discussion
and, if required, consultation with a third reviewer. The
screening trajectory was meticulously documented in the
PRISMA flow diagram as captured in Figure 1 [28].

Kdenkfication of new studies via databases and regisiers

Records idenfSed from: —
c Databases (n = 2| Records removed before screening
2 Scopus [n1= 338) Duplicale records {n = 30)
g Pl.bifled o 148 Records marked as ineligible by aulemation
= Database 3 { Tan tools (n = 54)
3 fabase 3 n - NA) Records remaved for ther reasons (n = 0)
2 Registers [ = 0 ' . .
Records screened Records excluded
n=338) {n=380)
Reports sowght bor retrieval Reports not retreved
g (n=193) {n=200)
£
&
Reparts excluded:
No use machine leaming-based used

modeds (n = 62)

No report accuracy measures of fie
prediction model used (n =21)
Unavailability of full tex (n = 11)

Other types of cancer asthe
primary study population {n = 51)

Reports assessed for eligiblity
(n=159)

Mew studies induded in review
fn=14)

Repors of new incleded sudies
(n=0)

Inchuded

Figure 1. The flow diagram showing the screened studies
2.10 Risk of bias

Bias assessment was meticulously executed, leveraging the
researchers' screening method. This involved the application
of the eligibility criteria to filter out articles not aligning with
the search criteria or not addressing the review's focal topic.

3. RESULTS

In this systematic review, the efficacy of machine learning
models in predicting the survival rates of colorectal cancer
patients was assessed, focusing on the utilization of clinical
data and gene expression profiles. The primary metrics for
evaluation were sensitivity, specificity, positive predictive
value, negative predictive value, and the area under the curve
(AUC). These metrics were not traditional effect measures but
served as performance indicators to evaluate the models'
predictive capabilities [29-31].



From the initial pool of 483 articles identified, 14 were
deemed suitable for the final review after rigorous application
of the inclusion and exclusion criteria. This selection process
is illustrated in the PRISMA flowchart 2000 [32], as shown in
Figure 1.

To ensure the quality of the review, a meticulous process
was followed. This involved verifying all duplicates against
their sources, analyzing article abstracts in-depth, and
evaluating each article against the set inclusion and exclusion
criteria. This rigorous screening led to the shortlisting of 9
articles, ensuring the review's quality and relevance.

The characteristics of the 14 finalized studies are
summarized in Table 1, highlighting that all were published

3.1 Exploration of potential improvements

The machine learning models reviewed demonstrated
notable results in predicting colorectal cancer patient survival.
However, there is potential for further enhancement. Recent
advancements in machine learning, such as deep learning
techniques, ensemble methods, and transfer learning, could
potentially enhance the models' predictive accuracy. The
integration of diverse datasets and real-time patient data could
also offer refinements. As the machine learning domain
continues to evolve, opportunities to incorporate newer
algorithms and techniques will arise, promising further

between 2013 and May 2023.

advancements in predictive capabilities.

Table 1. Summary of included studies

S.N

Author(s) (Year)

Title

Summary

SN

ol

(o)}

Wang et al. (2020),
(8l

Liu et al. (2022) [9]

Chaba and Omolo
(2022) [13]

Ding et al. (2019) [29]

Su et al. (2022) [33]

Kong et al. (2020)
[34]

A novel CpG-
methylation-based
nomogram predicts

survival in
colorectal cancer

Machine learning-
based integration
develops an
immune-derived
IncRNA signature
for improving
outcomes in
colorectal cancer.

A machine
learning-based
approach to cancer
classification using
RNA-SEQ data

Predictive
biomarkers of
colorectal cancer.

Colon cancer
diagnosis and
staging
classification
based on machine
learning and
bioinformatics
analysis.

Network-based
machine learning
in colorectal and
bladder organoid
models predicts

This research developed a nomogram based on CpG-methylation for
predicting outcomes in colorectal cancer (CRC). By analyzing methylation
data from 378 CRC patients, six significant CpG sites linked to overall
survival were identified. This six-CpG marker effectively categorized
patients into high and low-risk categories in both training and validation
groups. When combined with the TNM stage and age, the nomogram
outperformed the three individual prognostic factors in predicting survival.
Thus, this CpG-methylation-driven nomogram offers potential as a reliable
tool for forecasting CRC patient survival and guiding personalized treatment
decisions [8].

This research crafted a consensus signature for colorectal cancer using
machine learning, focusing on immune-related long noncoding RNA.
Remarkably, this signature surpassed traditional clinical factors, molecular
characteristics, and 109 other published signatures in predicting overall
survival. It stood out as an independent risk determinant. The team believes
that this unique signature holds potential to enhance personalized clinical
outcomes for CRC patients [9].

This research assessed four supervised machine-learning methods to
categorize colorectal cancer samples based on two clinical endpoints using
RNA-Seq data. Drawing from a public colorectal cancer RNA-Seq dataset
paired with clinical information, the SVM emerged as the top-performing

algorithm, excelling in F-Measure and AUC metrics. It also matched the
accuracy of NBLDA. The findings suggest that SVM might be the preferred
classification technique for cancer patient data derived from RNA-Seq. The
analysis was conducted using the MLSeq package in R [13].

This research introduced a computational framework designed to pinpoint
biomarkers for colorectal cancer that can be detected in blood, urine, and
saliva. This was achieved by merging transcriptomics and proteomics data at
a systems biology level. Three distinct models were developed to forecast
these biomarkers, and the biological roles and molecular mechanisms of
potential biomarkers were deduced. The efficacy of various biomarker
combinations was validated using machine learning techniques. ESM1,
CTHRC1, and AZGP1 emerged as potent biomarkers for colorectal cancer.
Machine learning played a pivotal role in classifying these biomarkers and
in analyzing potential targeted treatments, offering valuable insights for
clinical care [29].

In this research, gene expression data from The Cancer Genome Atlas
(TCGA) was harnessed to diagnose and stage colon cancer. The team
employed the Weighted Gene Co-expression Network Analysis (WGCNA)
and the least absolute shrinkage and selection operator algorithm (Lasso) to
delve into differential gene expression and survival patterns. By
amalgamating gene modules with Lasso-derived feature genes, they utilized
RF, SVM, and decision trees for the diagnosis and staging of colon cancer.
Among the models, the RF emerged as the most effective in diagnosing
colon cancer and determining its stages. Furthermore, eight genes with
significant ties to colon cancer prognosis were pinpointed [33].

This research introduces a machine-learning approach designed to pinpoint
reliable drug biomarkers for categorizing cancer patients and forecasting
their drug reactions. Drawing from network-based evaluations and
pharmacogenomic data sourced from three-dimensional organoid culture
models, the approach successfully identified biomarkers. These biomarkers
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11

12

Yerukala Sathipati et
al. (2023) [35]

Yang et al. (2022)
[36]

Salvucci et al. (2017)
[37]

Dai, et al. (2022) [38]

Lu et al. (2021) [39]

Zhang et al. (2022)
[40]

anti-cancer drug
efficacy in
patients.

Artificial
intelligence-driven
pan-cancer
analysis reveals
miRNA signatures
for cancer stage
prediction.

A multi-omics
machine learning
framework in
predicting the
survival of
colorectal cancer
patients.

A stepwise
integrated
approach to
personalized risk
predictions in stage
111 colorectal
cancer

A Novel
Pyroptosis-
Associated Gene
Signature to
Predict Prognosis
in Patients with
Colorectal Cancer

A 13-immune gene
set a signature for
the prediction of

colon cancer
prognosis

Bioinformatics
analysis reveals
immune prognostic
markers for overall
survival of
colorectal cancer
patients: a novel
machine learning
survival predictive
system

adeptly predicted drug responses in patients with colorectal and bladder
cancers. Their accuracy was further corroborated using external
transcriptomic datasets and biomarkers based on somatic mutations. The
methodology melds gene modules with network-centric strategies,
leveraging pharmacogenomic data from organoid models to predict drug
responses in cancer patients [34].

In a quest to pinpoint biomarkers linked to colorectal cancer (CRC) survival,
researchers delved into mMRNA, miRNA, and tissue microbiome levels. By
gathering multi-omics data from CRC samples with short-term (ST) and
long-term (LT) survival rates, it was discerned that the CRC tissue
microbiome held the most potent predictive capability for three-year patient
survival. Notably, distinct microbial communities and gene expressions
were observed between the ST and LT groups. This suggests that the
bacteria present in CRC tumor tissue could serve as promising biomarkers
for forecasting the survival outcomes of CRC patients [35].

In an effort to pinpoint biomarkers that could predict colorectal cancer
(CRC) survival, this study delved into multi-omics data. Through
bioinformatics analysis of 31 short-term survival (ST) and 47 long-term
survival (LT) CRC samples, differences in expressed mRNAs and miRNAs
were identified, and bacterial community structures were compared.
Remarkably, the CRC tissue microbiome emerged as the most potent
predictor of three-year survival. The ST group showed a higher abundance
of bacteria like Thermoanaerobacterium, Parabacteroides, Oceanicaulis, and
Acetonema. In contrast, the LT group was enriched with Methylotenera,
Candidatus_Riesia, and Aquamicrobium. By harnessing both bioinformatics
and machine learning, the study sheds light on potential biomarkers that
could guide personalized therapy strategies for CRC patients [36].
This research assessed the potential of APOPTO-CELL as a predictive
signature for stage 111 colorectal cancer patients. By analyzing protein
concentrations of Procaspase-3, Procaspase-9, SMAC, and XIAP, and
employing a machine learning technique using Random Forest, an enhanced
signature was identified. Notably, the APOPTO-CELL-PC3 signature
outperformed other features in terms of prognostic value and offered more
detailed stratification for patients within the CMS1-3 molecular subtype.
The findings underscore the value of merging systems-biology-based
biomarkers related to apoptosis competency with machine learning
methodologies, paving the way for more nuanced patient categorization in
clinical care [37].

In this study, researchers employed Gene Set Enrichment Analysis to
pinpoint pyroptosis-related genes. Utilizing data from the Cancer Genome
Atlas and Gene Expression Omnibus databases, they crafted a gene
signature to predict the prognosis of colorectal cancer. A set of 12
pyroptosis-associated genes was identified. Based on this signature, patients
were categorized into high-risk and low-risk groups. Notably, the high-risk
group exhibited poorer outcomes in terms of overall survival, progression-
free survival, and relapse-free survival. Additionally, the pyroptosis risk
score was found to correlate with immune cell infiltration. This research
unveils a new pyroptosis-centric prognostic signature for colorectal cancer,
shedding light on its connection with immune infiltration and offering an
immunological angle for tailoring personalized treatments [38].

In this research, the single sample enrichment analysis (SSGSEA) method
was employed to pinpoint an immune gene-set signature with the potential
to forecast patient survival and unveil novel therapeutic targets for colon
cancer. A signature comprising 13 immune-related genes was formulated
and subsequently validated across both training and test datasets. This
signature emerged as an independent factor in predicting colon cancer
prognosis. Notably, high-risk samples exhibited signs of
immunosuppression. Furthermore, the riskScore derived from this study
outperformed predictions made by previously published models [39].

In a 2022 publication, a team of researchers introduced a machine learning-
based system designed to forecast the survival rates of colorectal cancer
(CRC) patients using immune gene expression data. By analyzing the
differential expression between healthy and tumor tissues, the system
pinpointed crucial prognostic immune genes and transcription factors,
leading to the creation of an immune-related regulatory network. Utilizing
three distinct machine learning algorithms, the system formulated a
prognostic model that identified twenty unique risk factors associated with
CRC. Impressively, this model could differentiate between patients at high
and low risk, offering a valuable resource for tailoring individualized
treatment strategies [40].
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Establishment of

In this research, the objective was to design a time-resolved fluorescence
immunoassay (TRFIA) specifically for the detection of serum matrix
metalloproteinase-3 (MMP-3) and to evaluate its clinical relevance in

matrix
metalloproteinase
3 time-resolved
immunoassay and
some potential
clinical
applications

13 Fu et al. (2023) [41]

colorectal cancer (CRC) patients. The results demonstrated that the crafted
MMP-3 TRFIA exhibited commendable sensitivity, precision, specificity,
and recovery rates. Notably, CRC patients exhibited markedly elevated
serum MMP-3 levels compared to their healthy counterparts, with this
elevation being particularly pronounced in patients with metastatic
conditions. These findings suggest a potential link between serum MMP-3
levels and the invasive and metastatic tendencies of CRC. Consequently,

serum MMP-3 emerges as a promising auxiliary diagnostic marker for CRC

[41].

In this research, a novel multicenter random forest prognosis prediction
model is introduced, tailored for mining clinical data from horizontally

A multicenter
random forest
model for effective
prognosis
prediction in the
collaborative
clinical research
network

14 Li et al. (2020) [42]

partitioned datasets, with a specific emphasis on colorectal cancer. This
innovative model addresses and overcomes the performance constraints tied
to ensuring data privacy. One of its standout features is its ability to rank
feature importance across multiple institutions without the need to
consolidate data at a central location. Comparative results indicate that this
model not only adheres to privacy-preserving guidelines but also
outperforms centrally trained RF models and other potential models in terms
of both discrimination and calibration capabilities. By presenting a feasible

solution for constructing a prognosis prediction model within a collaborative
clinical research framework, this study paves the way for addressing real-
world challenges in the application of medical artificial intelligence [42].

3.2 Findings

The 14 studies that met the inclusion criteria collectively
analyzed 3,219 colorectal cancer patients. The machine
learning techniques used across these studies included
decision trees, neural networks, support vector machines, and
random forests [31]. The nature of clinical data and gene
expression profiles varied among the studies. The reported
accuracy measures, primarily sensitivity, specificity, and AUC,
indicated AUC values ranging from 0.5 to 0.8, suggesting
moderate to high accuracy of the models.

4. DISCUSSION

The systematic review underscores the potential and
challenges of utilizing machine learning models in predicting
the survival outcomes of colorectal cancer patients. When
dissecting the results, it becomes evident that the accuracy of
these models is contingent on several factors.

Firstly, the choice of machine learning techniques plays a
pivotal role. For instance, traditional techniques like decision
trees or support vector machines might offer different
predictive capabilities compared to more advanced methods
like deep neural networks or ensemble methods. The depth,
architecture, and hyperparameters of neural networks, or the
combination strategies in ensemble methods, can significantly
influence the model's performance. Moreover, the way these
techniques are applied, including the handling of imbalances
in the dataset, feature selection, and optimization strategies,
can also sway the results [43, 44].

Secondly, the nature and quality of the clinical data and
gene expression profiles are crucial. Datasets with
comprehensive clinical parameters, detailed gene expression
profiles, and minimal missing values are more likely to
enhance the model's predictive power. However,
inconsistencies or biases in data collection, preprocessing, or
normalization can introduce noise, potentially reducing the
model's accuracy.

Furthermore, the integration of clinical data with gene
expression profiles presents its own set of challenges. The high
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dimensionality of gene expression data, coupled with the
heterogeneity of clinical data, necessitates sophisticated
feature extraction and selection methods. Techniques like
principal component analysis, autoencoders, or domain-
specific feature selection can be employed to distill relevant
information effectively.

It is also worth noting that the studies included in this review
span a decade, from 2013 to 2023. Over this period, the field
of machine learning has witnessed rapid advancements. Thus,
some of the earlier studies might not have had access to the
computational resources or the advanced algorithms available
in recent years, potentially influencing their outcomes.

In light of these observations, it is evident that while
machine learning holds promise in this domain, achieving high
accuracy in predicting colorectal cancer patient survival
requires a confluence of the right techniques, quality data, and
advanced methodologies. The current landscape suggests a
need for more research, especially studies that leverage recent
advancements in machine learning, to develop prediction
models that not only exhibit high accuracy but are also robust
and clinically relevant.

5. CONCLUSION

This systematic review underscores the potential of
machine learning in predicting survival outcomes for
colorectal cancer patients using clinical and gene expression
data. However, the variability in study methodologies and
outcomes calls for a measured approach to drawing
conclusions. As highlighted in the discussion, there is a basis
for exploring more advanced learning techniques to enhance
predictive accuracy. The discrepancies across studies
emphasize the need for further, more standardized research.
By harnessing these advanced techniques and solidifying the
evidence base, there is an opportunity to significantly improve
colorectal cancer patient prognosis and care. This review not
only emphasizes the importance of integrating machine
learning into colorectal cancer research but also showcases its
potential to revolutionize therapeutic strategies and patient
outcomes.
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