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ABSTRACT

Introduction: Predictive models could support clinicians in identifying patients who may benefit from cancer investigations.
We aimed to examine published evidence on machine learning models (ML) developed to estimate cancer risk based on symp-
toms and other patient characteristics.

Methods: Using MEDLINE, Scopus, and EMBASE, we performed a systematic review of studies published in 2014-2024,
which included data on signs/symptoms for cancer risk prediction. We used the QUADAS-ALI tools to assess study quality. We
performed a quantitative synthesis of diagnostic performance, including accuracy, sensitivity, specificity, area under the curve
(AUC). Adherence to TRIPOD guidelines was assessed.

Results: Among the 5646 initially identified articles, 34 met inclusion criteria. Included studies most frequently examined lung
(n=9 studies), mesothelioma (n="7), and gastrointestinal cancers (n=4) and used hospital electronic health records (n=8) or
publicly available online datasets (n =13). In addition to signs/symptoms (n = 34), most models included sociodemographic char-
acteristics (n=27) and lifestyle factors (n =20). In 70% of studies, internal validation was performed. ML models demonstrated
variable performance, with AUC values ranging from 0.60 to 1 during validation. Random Forest, Support Vector Machine,
Decision Tree, and Multilayer Perceptron showed the best predictive performance. Most of the studies (94.1%) had a high risk of
bias for the index test.

Conclusion: ML models have been reported to demonstrate potential in managing complex data for cancer risk prediction.
However, the current evidence is heterogeneous and frequently limited by bias and incomplete reporting. Further validation and
thorough assessments of real-world performance are necessary before these models can be considered reliable for clinical use.
Trial Registration: International Prospective Register of Systematic Reviews (PROSPERO) registration number:
CRD42024548088

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
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1 | Introduction

The majority of cancers are diagnosed after patients pres-
ent with symptoms, rather than through screening [1-6]. For
example, over 85% of colorectal cancers [1, 2] are diagnosed
following symptomatic presentation in the UK, despite the
availability of a national colorectal cancer screening pro-
gramme. The non-specific nature of many presenting symp-
toms of as-yet-undiagnosed cancer, combined with the frequent
presence of non-neoplastic chronic conditions, complicates the
diagnostic process, with clinicians facing significant challenges
in determining which patients might benefit from diagnostic
investigations [7-10]. Thus, despite ongoing efforts to diagnose
cancer early, a substantial proportion of patients continue to be
diagnosed as emergencies and/or at an advanced stage [11-13].
In the UK, approximately 22% of colorectal cancers and more
than 45% of lung cancers are diagnosed following an emergency
presentation [14], which is associated with worse outcomes even
after adjusting for stage at diagnosis [15, 16].

Advancements in technology, such as the integration of ma-
chine learning (ML) in clinical practice, may be opening new
avenues to enhance diagnostic processes [17-22]. ML's capabil-
ity to analyze complex biomedical data offers unprecedented op-
portunities to accelerate and refine the accuracy of cancer risk
assessment and diagnostic approaches. When patients present
with symptoms, ML tools could help clinicians discriminate be-
tween those who require urgent investigations and those who
can be safely monitored or reassured. Integrating diverse data
in ML models, including symptoms, genomic sequences, be-
havioral risk factors, comorbidities, laboratory test results, and
other patient characteristics, may enable more accurate risk
assessments compared to traditional methods [23-27]. Some
studies have reported a 20%-25% increase in risk prediction ac-
curacy compared to conventional methods [28, 29]. While nu-
merous studies have focused on the application of AT in medical
imaging [29-34], there remains a notable gap in research con-
cerning MLs capabilities for risk prediction and risk stratifica-
tion in clinical practice, an area requiring further exploration to
fully realize its potential in supporting early cancer diagnosis.

This systematic review aims to examine and synthesize stud-
ies on ML models development for cancer risk prediction. By
specifically focusing on models that include data on signs and
symptoms, in combination with other clinical and patient char-
acteristics, the review aims to identify ML models that could
support doctors’ decision-making on referrals and diagnostic
work-up in clinical practice, when patients present with poten-
tial cancer symptoms. While previous meta-analyses and sys-
tematic reviews have largely concentrated on imaging-based AI
tools, genomic classifiers, or population-level screening models,
the present review uniquely addresses the use of ML algorithms
in symptom-based cancer risk prediction, a clinically distinct
and understudied phase of the diagnostic pathway. Previous
meta-analyses have indicated that the additive value of ML over
conventional statistical methods for risk prediction is uncer-
tain [35]. This uncertainty carries important clinical implica-
tions, indicating that current ML-based approaches should be
regarded as complementary to, rather than replacements for,
conventional statistical models. Robust evidence from external
validation studies and head-to-head comparative analyses is

still required to determine whether ML techniques can achieve
meaningful improvements in predictive accuracy, calibration,
and clinical utility beyond established methods. In this con-
text, our review extends beyond performance comparison to
provide a critical appraisal of methodological rigor, including
assessments of risk of bias, validation strategies, and reporting
transparency, which have often been inconsistently evaluated in
prior literature. By adopting this approach, we aim to delineate
the current landscape of symptom-based ML research, highlight
existing methodological and reporting gaps, and inform future
studies aiming for robust, transparent, and clinically applicable
Al integration in oncology.

2 | Materials and Methods

The review has been conducted and reported following the
guidelines of the Cochrane Handbook for Systematic Reviews
and the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) statement [36].

2.1 | Search Strategy

A systematic search was performed to identify published studies
from 2014 to 2024 that developed ML algorithms for cancer risk
prediction, incorporating symptoms and other relevant clinical,
genetic, socio-demographic, and lifestyle risk factors. A compre-
hensive literature search was conducted across four electronic
databases: PubMed/MEDLINE, EMBASE, Scopus, and Web of
Science. The search string used for PubMed is provided in Table S1.
Search strategies for other databases were adapted based on this
string to accommodate the specific syntax and indexing of each da-
tabase. Additional articles were retrieved by screening references
of included studies or consulting experts in the field. Papers were
eligible for inclusion if they described original studies utilizing ML
tools and algorithms for cancer risk prediction, which included at
least one risk factor that was a clinical sign or symptom.

As the aim was to identify ML models that could support doc-
tors’ decision-making when patients present with symptoms, we
excluded papers that did not consider symptoms in their models.
This exclusion criterion was applied because our review spe-
cifically aimed to identify ML models that could be applied in
clinical settings for supporting decision-making when patients
present to their doctor with symptoms potentially indicative of
cancer. Models developed for population-level screening or risk
stratification, not including symptoms among input variables,
have a different target group and context of application, and
were therefore outside the scope of this review. Our review in-
cluded studies comparing ML predictive models with traditional
or other ML-based models. Reports published from January
1, 2014, to May 17, 2024, were eligible for inclusion; the final
search update was conducted on May 17, 2024. All inclusion and
exclusion criteria are described below.

2.1.1 | Inclusion Criteria

« Studies that developed ML-based methods for predicting a
primary cancer.
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« Studies that used at least a clinical sign/symptom for cancer
prediction in the final model.

« Studies that provided at least one quantitative performance
metric for the predictive model (e.g., area under the receiver
operating characteristic curve [AUC], sensitivity, specific-
ity, calibration, etc.).

+ Original studies that used observational data (including
cohort studies, case-control studies, or randomized con-
trolled trials [RCTs]).

« Studies that predicted the risk of incident cancer when pa-
tients present with symptoms, rather than studies focused
on risk of cancer diagnosis in the general population, prog-
nosis, or cancer recurrence.

2.1.2 | Exclusion Criteria

+ Systematic reviews or conference abstracts.

+ Studies that did not use ML-based models. We recognize
there is no clear split between traditional statistical meth-
ods and ML. For this review, ML was defined as a set of
computational algorithms capable of automatically iden-
tifying patterns and learning from data without prespec-
ified parametric relationships between variables. This
category included supervised, unsupervised, and ensem-
ble methods such as random forest (RF), support vector
machines (SVM), k-nearest neighbors (KNN), decision
trees (DT), gradient boosting, and deep learning models
(CNN, ANN, LSTM). Traditional statistical methods were
defined as approaches based on explicit model specifica-
tion and hypothesis-driven relationships, including logis-
tic regression, Cox regression, and linear models. Studies
employing regularized regression (e.g., LASSO, Ridge,
Elastic Net) or hybrid designs were classified based on
their dominant analytical framework.

« Studies that did not include at least one clinical sign or
symptom as a potential predictor in the final model.

« Non-English language articles or studies published before 1
January 2014.

2.2 | Data Collection and Synthesis of Results

Study selection occurred in two phases: initial screening of
titles and abstracts, followed by full-text review of poten-
tially eligible articles. Two reviewers (S.B. and R.C.) inde-
pendently assessed the studies at each stage. Disagreements
were resolved through discussion, or by involving a third se-
nior researcher if necessary (F.P.). Data were extracted using
a pre-defined data extraction form in Excel, which included
clear operational definitions and examples for each predic-
tor category. The data extraction form was piloted to ensure
consistent interpretation of variables and domains across re-
viewers. Two reviewers independently extracted the data from
all included studies. Any discrepancies were discussed and
resolved through consensus, with arbitration by a senior re-
viewer when required. This process ensured reproducibility
and standardization in the categorization of predictors across

heterogeneous studies. Extracted data included key character-
istics of each included study (publication year, authors, study
period, country, and type of cancer), information on the de-
velopment of the prediction model (ML methods used, data
sources, data input, sample size, number of predictive vari-
ables). Extracted data included key characteristics from each
included study (publication year, authors, study period, coun-
try, and type of cancer), information on the development of the
prediction model (ML methods used, data sources, data input,
sample size, number of predictive variables).

We also systematically extracted and categorized all vari-
ables used for model training as reported in each study.
These were grouped into six domains: symptoms/signs,
socio-demographic characteristics, comorbidities, behavioral/
lifestyle factors, laboratory and diagnostic tests, and genetic
information. A detailed summary of these predictive parame-
ters is provided in Table S2.

Predictive factors were categorized into demographics, signs
and symptoms, comorbidities, behavioral/lifestyle factors, lab-
oratory tests, and others. Key performance metrics were col-
lected (AUC, sensitivity, specificity, VPP, VPN, R?, D-statistics,
F1, calibration, precision). Data extraction was performed in
duplicate, and discrepancies were resolved by discussion. The
TRIPOD adherence assessment form was used to evaluate the
adherence rate for the reporting of individual studies [37].

2.3 | Risk of Bias

The methodological quality of the studies was independently
assessed by two reviewers (F.P., A.C.D.A.) using the
QUADAS-ATI tool. QUADAS-ALI is specifically designed for
evaluating Al-centric diagnostic precision and accuracy stud-
ies, addressing unique terminology and criteria relevant to AI
applications. This tool extends the QUADAS-2 framework to
account for methodological aspects specific to AI in diagnos-
tic research, including data preprocessing, model training,
and validation. As the included studies primarily evaluated
ML algorithms for diagnostic risk prediction based on clin-
ical symptoms, QUADAS-AI was deemed more appropriate.
Articles and their supplementary materials were meticulously
screened to assess potential biases and concerns regarding
applicability.

3 | Results
3.1 | Study Selection and Study Characteristics

The database search identified a total of 5646 studies, among
which we selected 4197 unique studies after removing dupli-
cates. Following title and abstract screening, we excluded 4121
papers, as they did not consider signs or symptoms, leaving 76
papers for further assessment. We included a total of 34 studies
on ML models’ development and validation for early cancer di-
agnosis and risk stratification.

A PRISMA flowchart diagram illustrating the article selection
process is presented in Figure 1.
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PRISMA 2020 flow diagram for new systematic reviews which included searches of databases and registers only

Records removed before
screening:
Duplicate records removed
(n =1,449)

Records excluded (n = 4,121):
Non S&S**

Reports not retrieved
(n=0)

Records excluded:
Non-ML model (n = 6)
Non-S&S** (n = 33)
Wrong study design (n = 2)
Retracted (n=1)

[ Identification of studies via databases and registers
Records identified from:
= Pubmed (n = 2,000)
2 Embase (n = 708)
é Scopus (n= 2,928)
§ Records identified from reference
= list of the included studies: (n=10)
—
Records screened
(n=4,197)
Reports sought for retrieval
o (n=76)
=
s
®
Q
n
Reports assessed for eligibility
(n=176)
N
2
3 Studies included in review
S (n=34)
=
*S&S sign and symptoms

From: Page MJ, McKenzie JE, Bossuyt PM, Boutron |, Hoffmann TC, Mulrow CD, et al. The PRISMA 2020 statement: an updated
guideline for reporting systematic reviews. BMJ 2021;372:n71. doi: 10.1136/bmj.n71

FIGURE1 | PRISMA flow diagram of study search, screening, assessment, and extraction.

Whilewesearchedstudiespublishedbetween2014and2024,the
majority were published in the past five years (n =25) [38-62].
Included studies were from three geographic areas (based on
the data origin): Europe (n =7) [40, 52, 56, 57, 61, 63, 64], North
America (n=7) [38, 44, 46, 50, 55, 65, 66], and Asia (n=17)
[39, 41-43, 45, 47-49, 51, 53, 59, 60, 62, 67-70] (Table 1). Most
of them (n=32) [39-66, 68-71] focused on developing and
validating ML models for cancer risk prediction by assessing
performance metrics such as accuracy, sensitivity, and AUC.

Among the included studies, two [38, 58] employed multiple
AT models and 27 [39-42, 44-62, 65, 66, 68, 70] reported more
than one performance metric. The median (IQR [range]) over-
all adherence rate to TRIPOD checklist items was 55 (40-68
[10-81]) % (Table 1), with a breakdown of reporting per indi-
vidual item shown in Figure 2.

We identified most studies using ML techniques to predict
risk of cancer diagnosis in symptomatic patients for lung
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cancer (n=9 studies) [45, 47, 54-56, 58, 60, 63, 71], mesothelioma
(n=7) [38, 46, 59, 62, 65, 68, 70|, gastrointestinal cancer (n=4)
[40, 57, 64, 69] and pancreatic cancer (n=3) [44, 52, 66] (Figure 3).

The Random Forest (RF) algorithm was the most com-
monly employed technique (n=12) [39, 40, 42, 45, 48, 49, 51,
52, 59, 61, 64, 68], followed by Support Vector Machines
(SVM) (n=38) [40, 45, 47, 51, 54, 59, 61, 70], Decision Trees
(DT) (n=38) [45, 47, 49, 51, 53, 67-69], Logistic Regression
(LR) (n=8) [40, 42, 45, 48, 49, 51, 52, 64], and XGBoost
(n=6) [40-42, 44, 45, 48] (Table 2). Nine studies utilized
deep learning models [39, 47, 49, 50, 53, 59, 65, 66, 71].
Additionally, five hybrid models (models incorporating both

ML and more traditional biostatistical methods) were included
[55, 58, 60, 62, 70].

Type of Data Included in Risk
Prediction Models

The studies were based on either non-publicly available datasets,
with access restricted to researchers belonging to specific insti-
tutions (n=23) [38, 39, 41-43, 46-49, 51, 53, 56, 57, 59, 61-65,
67-70], or datasets available for the wider research community,
with access typically requiring a research application and eth-
ics approval (n=10) [40, 44, 50, 52, 54, 55, 58, 60, 66, 71]. Four

Report Rate (%)
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FIGURE 2 | Adherence to Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) checklist
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TABLE 2 | ML models for cancer risk prediction in symptomatic TABLE 2 | (Continued)
patients employed in the reviewed studies.
Number Number of
Number Number of of variables
of variables ML models studies (range)
ML models studies (range) Gradient descent (GD) 1 47
Machine learning BFGS (Broyden-Fletcher- 1 47
Random Forest (RF) 12 3-75,000% Goldfarb-Shanno)
Support Vector Machine (SVM) 8 14-75,000% ReliefF algorithm 1 19
Decision Tree (DT) 8 5-33 Genetic algorithm (GA) 1 19
Logistic Regression (LR) 3 3-50 Extreme Learning Machine 1 19
Extreme Gradient Boosted 7 3-582 (ELM)
Decision Tree (XGBoost) MeScore algorithm 1 9
Naive Bayes (NB) 5 3-18 Gradient boosting machines 1 9
Multilayer perceptron (MLP) 4 3-47 (GBM)
AdaBoost 5 16-35 Genetic Folding Strategy (GFS) 1 NA
k-Nearest Neighbor (k-NN) 2 16-34 Gradient booster trees (GBT) 1 34
Stochastic Gradient Boosting 2 10-184 Natural language processing 1 16
(SGB) (NLP)
Multivariate Adaptive 1 14 Deep learning
Regression Splines (MARS) Artificial Neural Network 6 5-34
Linear Discriminant Analysis 1 8 (ANN)
(LDA) Multi-Class Neural Networks 1 NA
One Rule 1 33 (MNN)
Clojure Classifier (CC) 1 35 Backpropagation (BP) 1 19
Algorithm
Kernel Logistic Regression 1 35
(KLR) Stacked Sparse Autoencoder 1 19
(SSAE)
Primal Estimated Sub-gradient 1 35
Solver for Support Vector BERT-base 1 80
Machine (s-Pegasos) Clinical BERT 1 80
Complement Naive Bayes 1 75,000% XI.Net-base 1 30
(CNB)
ClinicalXLNet 1 80
Bernoulli Naive Bayes (BNB) 1 75,0002
DistilBERT-base 1 80
Hoeffding Tree (VFDT) 1 35
RoBERTa-base 1 80
Association Rule Mining 1 26
(Apriori algorlthm) XLMRobERTa-base 1 80
Light Gradient Boosting 1 14 ELECTRA-small 1 80
Machine (LGEM) Clinical ELECTRA-small 1 80
Probabilistic neural network 1 33 Longformer-base 1 80
(PNN)
Combined models
Perceptron-based neural 1 33
network (PBNN) Multilayer Perceptron 1 34
Ensemble (MLPE)
Voted perceptron (VP) 1 35
. . Hybrid ensemble 1 15
Stochastic gradient descent 1 35
(SGD) ConvXGB 1 16
Catboost 1 3 GBFS-Random forest model 1 16
(Continues) (Continues)
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TABLE 2 | (Continued)
Number Number of
of variables
ML models studies (range)
BHHO+DT Binary Harris 1 17

Hawk optimization (HHO)

aStudy [61] applied lemmatization to reduce variability by grouping different
word forms but still identified around 75,000 distinct events. This was partly due
to variations in how similar events were phrased, such as “fractured patella” and
“patella fracture,” which were treated as separate events.

studies [49, 50, 57, 66] utilized two different datasets. Of these,
two [49, 50] reported using one dataset for training and the other
for testing.

Restricted access datasets originate from hospitals or primary
care settings, with nine studies [39, 43, 47-49, 56, 61, 63, 64]
using hospital data, one [57] using primary care data, and one
study [52] including both primary and secondary care data.
Three studies [45, 60, 66] derived their data from surveys.
Datasets available for the wider research community, typically
provided by government agencies or research institutions, were
employed in 10 studies [40, 44, 50, 52, 54, 55, 58, 60, 66, 71] and
are summarized in Table 3. Only one study [50] included clinical
free text notes.

Most studies used single data sources. However, two studies
[40, 69] combined different types of data to create multimodal
predictive models, integrating electronic health records with
cancer markers or medical imaging data.

There was considerable variability in the sample sizes used
to develop cancer risk prediction models. The cancer sample
sizes (cases) ranged from a minimum of 17 patients [53] to 7471
patients [40]. The maximum total sample size, including both
cases and controls, was 964,579 patients. Additionally, two
studies [41, 50] included an external validation sample, bring-
ing the total to over one million patients. Two studies [70, 71]
did not specify the number of cases and controls, six studies
[39, 43, 47, 48, 50, 55] lacked a control sample, and one study
[60] provided only the total sample size without distinguish-
ing between cases and controls. Regarding the sample size,
three studies [41, 48, 68] divided the sample into training, test-
ing, and validation sets, with six studies [40, 44, 59, 62, 65, 66]
providing the percentages of the sample used for training
(ranging from 70% to 80%) and testing (ranging from 20% to
30%) (Table S2).

Only 11 studies [39, 41, 44, 49, 51, 53, 54, 58, 61, 65, 66] reported
their methods for handling missing data before training. The
most frequent approach, employed by four studies [51, 54, 58, 61],
was complete case analysis. Five studies [39, 49, 51, 54, 58] re-
moved missing data as a part of pre-processing and data clean-
ing (complete case); two studies [53, 65] reported no missing
data, one [44] used statistical modeling to address missing data
in real-time systems, another [66] employed one-hot encod-
ing with missing values set to —1, and one study [41] relied on
XGBoost handling missing data effectively.

3.3 | Risk Predictors

The initial number of variables considered for risk predic-
tion ranged from 15 to 18,220, with the final selection rang-
ing from 3 [48] to 582 [44] (excluding one article [61] with
75,000 variables). Table S3 summarizes the risk predictors
across the included studies. Most articles (n=33) included
cancer-specific symptoms or signs. The six lung cancer stud-
ies [45, 47, 55, 60, 63, 71] considered both specific symptoms/
signs (cough, chest pain, dyspnea, wheezing, yellow fingers)
and generic symptoms (fever, fatigue, appetite loss), while
three studies [54, 57, 58] used only specific symptoms. Of
the three pancreatic cancer articles, two reported specific
(pruritus) and generic symptoms (pain, weight loss, fatigue,
anorexia, anxiety, weakness, fever) [44, 66], while the third
listed only one comorbidity (asthma) [52]. Further details are
in Tables S3 and S4.

Twenty-seven studies described a model including sociode-
mographic characteristics, with age (n=27) [38-40, 42, 44-
48, 50, 51, 53-56, 58-66, 68-70], gender (n=21) [38, 42-47,
50, 51, 54, 56, 58, 59, 62-66, 68-70], geographic area (n=9)
[38, 46, 51, 59, 62, 63, 65, 68, 70], and education level (n=4)
[44, 56, 63, 64] being the most common.

Seventeen articles [41, 43-45, 48, 52-55, 57, 58, 60, 61, 63,
64, 66, 69] reported comorbidities, either cancer-specific
(e.g., colorectal cancer: hemorrhoids) or general chronic
conditions (e.g., hypertension, allergy, diabetes). Eight ar-
ticles [43, 47-49, 52, 55, 63, 66] incorporated genetic data.
Lifestyle factors such as smoking (n=20) [38, 45-49, 52,
54-56, 58-60, 62-66, 68, 70] and alcohol drinking (n=3_8)
[45, 47, 52, 54, 55, 58, 66, 69] were also included. For meso-
thelioma, studies (n=7) [38, 46, 59, 62, 65, 68, 70] considered
asbestos, C-reactive protein, and pleural protein exposure as
a key risk factor. In contrast, gastrointestinal cancer studies
[40, 57, 64, 69] identified predictive factors such as diabetes,
age, and hyperlipidemia. Most studies focused on the predic-
tive nature of associations without inferring causality.

3.3.1 | Grouping Studies by Data Input Type

To address the substantial heterogeneity in model inputs, we
categorized the studies based on the types of data included in
the final ML models. Six categories were defined: (1) symp-
toms only; (2) symptoms + sociodemographic variables (e.g.,
age, sex); (3) symptoms + comorbidities (e.g., diabetes, hy-
pertension); (4) symptoms + lifestyle factors (e.g., smoking,
alcohol use); (5) symptoms + laboratory, genetic, or imaging
data; and (6) multimodal models (including >3 of the above
domains). Most studies (n=27) included sociodemographic
data; 17 studies [41, 43-45, 48, 52-55, 57, 58, 60, 61, 63, 64,
66, 69] included comorbidities, and 20 [38, 45-49, 52, 54-56,
58-60, 62-66, 68, 70] incorporated lifestyle variables. Only a
minority used genetic or laboratory data (n =8) [43, 47-49, 52,
55, 63, 66], though these were more frequent in recent stud-
ies. Multimodal models, which integrated three or more data
types, were observed in 8 studies [42, 44, 52, 56, 59, 60, 62, 66].
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https://www.cdc.gov/nchs/nhis/index.htm
https://www.cdc.gov/nchs/nhis/index.htm
https://cdas.cancer.gov/plco/
https://cdas.cancer.gov/plco/
https://data.world/

A summary classification of each study by data type is pre-
sented in Table S5.

3.4 | Evaluation and Performance Metrics

Nearly all studies (n=24) [39, 40, 46-48, 50-54, 56, 57, 59-64,
66-71] used internal validation, which reduced the available
sample size. Cross-validation techniques were applied in three
studies [39, 50, 53], while K-fold cross-validation was the most
used method (n=16) [40, 44, 46, 48, 49, 51, 54, 56-58, 60, 61,
64, 66, 68, 70]. Only two studies [42, 50] conducted external
validation to assess their predictive model's generalizability. Of
these, one study [50] was externally validated using 100 physi-
cian notes randomly selected from a dataset. The other article
[42] used a separate dataset of 1 million individuals resident in
Taiwan.

The evaluation metrics used in the reviewed studies varied
widely. Most studies (n=33) reported performance metrics,
most commonly the AUC (n=22) [40-42, 44-49, 51-54, 56-58,
61, 63-66, 70], accuracy (n =23) [39-43, 45-49, 51, 53-56, 58-60,
62,65, 68, 70, 71], specificity (n =15) [41, 42, 44, 45, 47, 51-53, 55—
57, 61, 65, 66, 68|, precision (n=28) [40, 41, 45, 49, 50, 58, 61, 62],
sensitivity (n=24) [39-42, 44, 45, 47-61, 65, 66, 68|, and F1 score
(n=11) [40, 45, 48, 50, 55, 58, 60, 62, 65, 68, 70]. Despite the im-
portance of calibrating ML models for predictive performance
assessment, only two studies (n=2) [40, 43] evaluated model
calibration (Table 4).

In terms of prediction horizon, the only studies that reported
this information (n=6) [42, 52, 61, 64, 66, 69] focused on predic-
tions of cancer within a 5-year timeframe.

3.41 | Performance Comparison Between Traditional
and ML-Based Predictive Models

Some studies [40, 42, 43, 45, 48, 49, 51, 52, 64] compared the
predictive capabilities of ML with conventional methods.
Specifically, in one study [40] the comparison was made between
several ML models and the current UK esophagogastric cancer
risk-assessment tool (0gRAT). Importantly, both the ML models
and the ogRAT were developed and validated using the same
dataset, derived from the UK General Practice Research Database
(GPRD). This ensures a fair comparison, as the models were eval-
uated on identical datasets. The study used symptoms encoded as
binary variables (presence/absence) and included recurrence for
specific symptoms (e.g., dyspepsia, dysphagia). Symptoms were
parameterized individually, with no explicit pairwise or higher-
order combinations analyzed in the models. The ML models
achieved similar performance, with an accuracy of 0.89 (95% CI:
0.86-0.92) and an AUROC of 0.87 (95% CI: 0.84-0.90), compared
to the o gRAT's AUROC of 0.81 (95% CI: 0.79-0.83). The ML mod-
els identified 11% more cancer patients than the ogRAT, with
minimal impact on false positives, or up to 25% more patients
with a slight increase in false positives depending on the decision
threshold. Symptoms were parameterized using binary encoding
to represent the presence or absence of each symptom, with re-
peated occurrences recorded for certain symptoms. No further

parameterization was applied to analyze combinations of symp-
toms, either pairwise or higher order.

In another study [43], an ML-based symptomatic assessment
chatbot was evaluated for its ability to identify women with
breast cancer. The chatbot utilized an NLP algorithm combined
with decision trees to analyze patient-reported symptoms and
risk factors. The model was compared against benchmark breast
cancer assessment scores obtained from specialist doctors. The
study reported that the chatbot achieved very high accuracy,
with a sensitivity of 0.98 and specificity of 0.90, showing com-
parable performance to the specialists’ scores. However, the spe-
cific dataset used for training and testing the chatbot was not
identical to the data used by the specialists, as the chatbot relied
on standardized inputs, such as symptom descriptions and risk
factor data, while doctors had access to broader clinical informa-
tion. This discrepancy made the comparison between the chat-
bot and human specialists less direct, and no 95% confidence
intervals or false positive rates were reported for the chatbot's
performance. Symptoms were parameterized using a weighted
scoring system (1-10), reflecting the seriousness of responses, as
defined by breast cancer specialists. While individual symptoms
were explicitly scored, the study did not address pairwise or
higher-order symptom combinations. The chatbot's rule-based
design focused on single symptom assessment per query, with
the knowledge base structured to guide sequential interactions
rather than explore symptom interactions.

Dirik [45] compared ML models, including LR, for lung cancer
diagnosis based on 15 binary symptoms (e.g., persistent cough,
chest pain, weight loss). LR achieved 86% accuracy, while NB
and SVM outperformed it with 91%. Performance metrics such
as sensitivity, specificity, and precision confirmed the higher re-
liability of ML models. Symptoms were parameterized as binary
variables (presence/absence), with no analysis of pairwise or
higher-order symptom combinations. While the paper demon-
strated that ML models performed better than LR, it does not
provide detailed reasons for this or explore differences in feature
handling between methods.

Another study [42] compared models for predicting nasopharyn-
geal carcinoma, with LR as the baseline achieving an AUROC
of 0.80. ML models, particularly LGB, outperformed LR, reach-
ing an AUROC of 0.83 with higher sensitivity and specificity.
The study incorporated 14 features, including demographics,
28 pre-NPC symptoms, and combined diagnostic and treatment
features, all parameterized as binary variables. Although com-
bined features were used to improve accuracy, the study did not
investigate pairwise or higher-order symptom combinations,
limiting the analysis of symptom interactions. Similarly, an-
other study [48] compared ML models, including LR, for pre-
dicting endometrial intraepithelial neoplasia and endometrial
cancer risks. LR served as the baseline but was outperformed
by the MLP model, which achieved the highest AUC of 0.938
for precancer prediction. The study utilized 9 features, includ-
ing age, BMI, and endometrial thickness, parameterized as con-
tinuous variables, with the Boruta algorithm selecting the most
important features. Pairwise or higher-order symptom combi-
nations were not analyzed explicitly, as ML models focused on
individual predictors.
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Two further studies reported the superiority of ML models over
conventional diagnostic techniques, evaluating their perfor-
mance based on economic viability, practical implementation,
and non-invasiveness. Specifically, Muhammad et al. [66] de-
veloped a non-invasive ML model for endometrial cancer risk
stratification using demographic and clinical data, aiming to
reduce patient burden and healthcare costs by avoiding inva-
sive procedures like biopsies. However, no confidence inter-
vals were reported, and the model was not directly compared
with traditional methods. Gorynski et al. [63] developed an ML
model for the early diagnosis of nasopharyngeal carcinoma,
achieving an AUROC of 0.998% and 97.9% accuracy, though
without confidence intervals or external validation. Both ML
approaches showed advantages in terms of cost-effectiveness
and non-invasiveness.

3.4.2 | Performance Comparison of Different ML-Based
Predictive Models

Most of the included studies (n=22) [39, 40, 42, 45-54, 59, 61, 63—
65, 67-70] compared various different ML-based predictive mod-
els. In one study [62], which developed a model for mesothelioma
diagnosis using the Harris Hawk Optimization (HHO) algorithm
for feature selection, SVM and ANN both achieved 100% accuracy
when trained on a set of 17 selected variables. This was compared
to other methods such as DE with KNN, which achieved 99.7% ac-
curacy (95% CI not provided) in the development, and a standard
SVM model, which achieved 98% accuracy using 33 features.
The models utilizing the HHO-selected features demonstrated
superior performance by optimizing the feature set, reducing re-
dundancy, and enhancing diagnostic accuracy. However, no vali-
dations of these models were carried out.

GBFS and GFS demonstrated excellent performance in valida-
tion, with accuracy rates of 97.8% (95% CI: 96.4%-98.7%) and
96.2% (95% CI: 94.8%-97.6%), respectively, using fewer variables
(16 and 15). SAC reached an AUC of 95% (95% CI: 93.0%-96.5%)
with 16 variables. Several other models, including RF, Adaboost,
LR, and NB, displayed accuracies between 93.1% and 94.4%, all
using 16 variables. However, confidence intervals for these mod-
els were not consistently reported, limiting the interpretability
of the results.

Another study that used the same dataset and variables to
compare the performance measures of various ML models
was conducted by Hossain et al. [49]. In this study, all models
were trained and tested on the same dataset, consisting of 16
symptom-based variables collected from 840 patients, including
both leukemia and non-leukemia cases. The performance met-
rics reported were based on the validation set, following a train-
test split where data from one hospital was used for training
and data from another hospital was used for validation. The DT
model achieved the highest performance, with an accuracy of
97.45%, an AUC of 0.783, and an MCC of 0.63. The RF model fol-
lowed closely, with an accuracy of 95.41% and an AUC of 0.782.
AB showed strong results, with an accuracy of 94.66%, while NB
reached an accuracy of 93.13%, and LR achieved 91.60%. The
k-NN model exhibited the lowest performance, with an accu-
racy of 68.70%. Confidence intervals were not reported for these
models.

A study [68] reported relevant differences in performance across
various ML models, using a dataset of 324 patient records and
clinical variables. All models were trained and tested on the
same dataset, with performance metrics reflecting the results
from the test sets, following an 80/20 random split for train-
ing and testing. RF achieved the highest performance, with a
Matthews Correlation Coefficient (MCC) of +0.37, a specificity
of 0.97, and a sensitivity of 0.28, using all 33 variables. MLP ob-
tained an MCC of +0.11, with a sensitivity of 0.66 and a speci-
ficity of 0.42, also utilizing the full dataset. DT, applied only to
the selected features of lung side and platelet count (2 variables),
resulted in an MCC of +0.28, a specificity of 0.95, and a sensitiv-
ity of 0.28. The One Rule model demonstrated an MCC of +0.27,
with a specificity of 0.97 and a low sensitivity of 0.17, using all
33 variables. No confidence intervals were reported for these
performance metrics. Specific performance data are reported in
Table 4.

Another study [39] demonstrated that a classifier model based
on super symptom analysis performed better than classical
methods such as ANN, LDA, and RF in terms of accuracy for
breast cancer diagnosis. In this study, the models were trained
and tested using the same dataset of 65 breast cancer patients,
with a 70/30 split for training and validation. The super symp-
tom analysis model achieved the highest accuracy at 72.7%. In
comparison, ANN achieved an accuracy of 45.4%, LDA reached
57.1%, and RF achieved 63.1%. The study did not provide confi-
dence intervals for these performance metrics. All models used
the same variables and were evaluated on the validation set, al-
lowing for a consistent comparison of their effectiveness in diag-
nosing breast cancer.

3.5 | Quality Assessment of Included Studies:
QUADAS-AI

In the included studies, adherence to established report-
ing guidelines was not frequently mentioned. Out of the 34
studies, none explicitly acknowledged their adherence to the
Transparent Reporting of a multivariable prediction model for
Individual Prognosis or Diagnosis (TRIPOD) reporting guide-
lines [37]. Additionally, while making implementation codes
publicly accessible is important for transparency and reproduc-
ing methods, only 5 [40, 49, 50, 60, 68] studies made their analy-
sis code publicly available.

A detailed analysis of the risk of bias assessment and con-
cerns regarding applicability was performed for each study
and summarized in Figure 4A,B. Risk of bias: 5 studies (14.7%)
[50, 55, 60, 70, 71] had a high risk of bias in patient selection,
mostly due to the lack of a clear rationale for their sample size
and an unspecified data source. Most of the studies had a high
risk of bias for the index test (94.1%), typically due to the lack
of validation or testing on external data. In the reference stan-
dard domain, which assesses whether the method used as the
gold standard for diagnosis or outcome measurement is reli-
able and applied appropriately, 76.5% of articles were at a low
risk of bias. Finally, the risk of bias in the flow and timing
domain was low in 82.4% of studies. Applicability concerns:
In the patient selection domain, concerns about applicabil-
ity were high in 17.6% [45, 50, 55, 60, 70, 71] of the included

22 of 30

Cancer Medicine, 2025



A
Patient selection —
=
‘3
g
o
a
o Index test —
g Low
= B High
4 Unclear
Reference standard —
Flow and Timing — -
[ I [ [ I |
0% 20% 40% 60% 80% 100%
Proportion of studies with a Risk of Bias
FIGURE4 | Proportion of studies with (A) risk of bias and (B) concerns regarding applicability.
B
Patient selection
Low
Index test B High
Unclear
Reference standard
I I I I I I
0% 20% 40% 60% 80% 100%
Proportion of studies with a concerns regarding applicability
FIGURE4 | (Continued)

studies. In the index test domain, concerns about applicability
were low in 91.2% of the studies due to the lack of detail on
the construct or architecture of the algorithm. Finally, in the
reference standard domain, concerns about applicability were
low in 85.3% of studies. The main reasons for lower applica-
bility included the use of surrogate or proxy measures instead
of gold-standard diagnostic tests, reliance on internal valida-
tion only (with only two studies [42, 50] explicitly performing
external validation), and patient populations that may not be
representative of the broader clinical setting. Additionally, is-
sues like improper patient flow, where inclusion or exclusion
criteria are unclear, or where the patient population does not
mirror real-world clinical practice, could introduce bias and
further reduce applicability.

4 | Discussion

This systematic review summarizes the reported potential of
different types of ML models for predicting cancer risk based
on clinical signs, symptoms, and other patient characteristics.
The reviewed evidence indicates that ML models demonstrated
variable performance, with AUC values ranging from 0.60 to 1
during validation. This variability reflects differences in data-
set quality, feature selection methods, and model optimization

techniques across studies. Models such as RF, SVM, and DT
were often reported to achieve high accuracy, particularly in
lung cancer and mesothelioma prediction. However, variability
in performance highlights the need for further evaluation to de-
termine their robustness and suitability for clinical use.

A growing interest in using ML models for cancer risk predic-
tion is apparent, fueled both by recent advancements in ML
technology and the increasing focus on precision medicine in
supporting clinical decision-making [72-74].

The reviewed studies used a broad range of data types, includ-
ing symptoms, sociodemographic characteristics, lifestyle
factors, comorbidities, genetic information, laboratory, and
diagnostic test results. This diversity of input data emphasized
the flexibility of ML models to integrate multiple sources of in-
formation, potentially improving the accuracy of cancer risk
predictions by creating a more comprehensive risk profile for
each patient. On the other hand, the variability in the quality
of data across studies may also explain the wide range of model
performance. Studies incorporating genetic data (although
used in only 8 studies [43, 47-49, 52, 55, 63, 66]) or laboratory
results (n=9) [38, 40, 46, 59, 62, 63, 65, 68, 70], in addition to
symptoms, could provide more nuanced risk assessments [43]
underscoring the importance of multimodal data integration
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in enhancing predictive capabilities. However, models with
too many variables risk overfitting, particularly when the data
is limited or highly specific to the training population. This
highlights the need for careful selection and optimization of
variables to balance model complexity with robustness [75].
Moreover, for ML algorithms to be effectively deployed in clin-
ical practice, they need to be trained and tested on datasets
that adequately represent the clinical scenarios likely to be en-
countered in real-world settings [76-79]. This ensures that the
range and depth of variables used to develop the model—such
as symptoms, diagnostic tests, and comorbidities—are also ac-
cessible in the clinical environment where the model will be
implemented. The clinical relevance and applicability of AI
models depend not only on the representativeness of the train-
ing data but also on the alignment between the data infra-
structure available during model deployment and the wealth
of variables utilized during model development [80, 81]. This
highlights the importance of a robust IT support system in
hospitals or clinics to enable the integration of these models
into a “learning health system” framework. Furthermore, a
clear and transparent description of the training data charac-
teristics—such as how data were collected, labeled, and pro-
cessed—is critical to identifying potential sources of bias and
ensuring clinical applicability [82]. Despite this, there is cur-
rently no standardized approach within the medical commu-
nity for documenting datasets used in AI model development,
leading to calls for greater transparency in the field [83].

From a clinical perspective, ML-based cancer risk prediction
models have the potential to support earlier diagnosis, guide
surveillance strategies, and enable more personalized patient
management. For clinicians, these tools may assist in identi-
fying high-risk individuals who could benefit from intensified
monitoring or preventive interventions, even when conven-
tional risk factors [84] are absent or unclear. For patients,
particularly those in underserved or high-risk populations,
such models may facilitate more equitable access to timely
risk assessment and targeted care pathways. By focusing ex-
clusively on models that included at least one symptom or sign
as a predictor, this review encompasses the subset of ML tools
most relevant as a clinical decision support for symptomatic
patients. Consequently, our findings mainly reflect the poten-
tial of ML in supporting clinical diagnostic decision-making
in symptomatic presentation settings, rather than across the
full cancer risk continuum.

A limitation identified in this review is the lack of transparency
regarding the interaction and contribution of these modalities in
final predictions. While fully achieving interpretability in black-
box models remains challenging, the integration of post hoc
explainability methods, such as SHapley Additive exPlanations
(SHAP) or Local Interpretable Model-agnostic Explanations
(LIME), could provide valuable insights into the relative influ-
ence of genetic, clinical, and sociodemographic factors. This
added transparency, even if partial, could improve the clini-
cal relevance and trustworthiness of these predictive models.
Traditional statistical methods, though limited in automatic
variable selection, allow for explicit definitions of non-linear
associations and interactions, encouraging thoughtful model
construction [85]. In contrast, ML models automatically cap-
ture complex relationships, which may simplify modeling but

also risk bypassing important contextual insights. This distinc-
tion is critical, as prediction models capture correlations that
do not imply causation [86]. Cautious interpretation is therefore
essential; explainable models might reveal feature importance
without clarifying causal links, underscoring the need for clini-
cians to interpret machine learning-generated risk predictions
carefully, ensuring clinical decisions are not misinformed by
correlations alone.

Most studies using restricted access data did not describe im-
portant demographic information, and most models were not
available for additional evaluation to assess robustness. The
lack of details and transparency about data and models limited
our ability to systematically assess robustness and potential bi-
ases, which is an important direction for future work. Another
key issue is algorithmic bias, which arises when models are
trained on unrepresentative data, leading to inaccurate predic-
tions for certain groups. This can worsen healthcare disparities.
Developers must address this by using diverse datasets, evalu-
ating model performance across demographics, and correcting
biases to ensure fair and equitable healthcare outcomes [87-89].

External validation of a risk model is critical for ensuring trust-
worthiness before clinical deployment [90-92]. Unfortunately,
in this review, only two of the 35 included studies conducted an
external validation. This is an important limitation, as without
proper external validation, it is difficult to determine whether
the predictive performance of the models would hold up when
applied to diverse patient populations or different healthcare
environments. One [50] of the two studies that conducted ex-
ternal validation focused on using unstructured clinical notes
from electronic health records to extract cancer-related symp-
toms. This study developed a DL model to automatically identify
symptoms documented in free-text format, which is challeng-
ing to process at scale. The authors first trained the model using
outpatient notes and then performed external validation using
the MIMIC-III dataset, which consists of physician notes from
intensive care units. In this external validation, the model con-
tinued to perform well, with F1 scores ranging from 0.97 for
symptoms like diarrhea and dizziness to 0.73 for swelling. These
results indicate that the model was successful in capturing a
wide range of clinically significant cancer-related symptoms
both in the original training setting and in a different clinical
context, making it a valuable tool for scalable symptom moni-
toring in oncology.

The utilization of unstructured data is an emerging trend in the
field of ML for healthcare. Castro et al. [93] explored the poten-
tial of ML in predicting breast cancer recurrence by combining
structured and unstructured healthcare data. Tayefi et al. [94]
explored the use of electronic health records for healthcare, ad-
dressing the challenges and potential of integrating structured
and unstructured data. Deshmukh et al. [95] developed a clini-
cal decision-unifying staging method to accurately extract and
predict the prognostic stage of breast cancer from unstructured
medical records across various health institutions.

The comparison between ML models and traditional statisti-
cal models for cancer risk prediction suggests that ML may
offer advantages in handling complex, nonlinear relation-
ships within high-dimensional datasets, as it does not require
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manually specifying the functional form of these relation-
ships in the model. Despite these advantages, traditional
models like ogRAT benefit from extensive external valida-
tion, which has proven their reliability in real-world clinical
settings and simplicity. In contrast, a relevant number of ML
models, including those previously mentioned, still require
robust external validation to guarantee their generalizability
and consistency across diverse patient populations and health-
care systems. Further efforts in external validation are crucial
for their broader adoption in clinical practice.

A notable finding of this review is that none of the included stud-
ies explicitly adhered to the TRIPOD reporting guideline. This
represents a major limitation in the methodological transpar-
ency of the current literature. Without adherence to standard-
ized reporting frameworks such as TRIPOD or the forthcoming
TRIPOD-AI key details regarding model development, variable
selection, validation strategy, and calibration are often omitted,
hindering reproducibility and independent assessment of model
quality. The absence of structured reporting not only limits in-
terpretability and external validation but also impedes the inte-
gration of these models into clinical practice. Future research
should prioritize compliance with TRIPOD-AI to ensure clarity,
transparency, and comparability across ML-based cancer risk
prediction studies.

4.1 | Limitations

This review has some limitations. First, only studies published
in English were included, as multilingual screening, study as-
sessment, and data extraction were not feasible within the
research team. This may have led to the exclusion of relevant
non-English studies. Second, we focused on peer-reviewed lit-
erature and did not include gray literature, preprints, theses, or
conference proceedings. This approach ensured methodological
rigor and reproducibility, but it might have limited the capture of
emerging Al-based research given the fast pace of developments
in this field.

A major limitation of this review, and of the literature it syn-
thesizes, is the sparsity of detailed reporting in many of the
included studies, which restricted our ability to fully evaluate
essential aspects such as model calibration and reproducibility.
In addition, an important limitation concerns the high risk of
bias observed in the index test domain, primarily due to the
lack of external validation. Only 2 out of 35 studies conducted
external validation, and even these were often limited to retro-
spective datasets from similar institutional settings. For exam-
ple, while Lindvall et al. [50] validated a deep learning model
on ICU notes, it was not tested in a primary care setting where
the majority of symptomatic patients initially present. This
severely limits the generalizability and clinical applicability
of the reviewed models. Therefore, the conclusions should be
interpreted with caution.

The included studies were highly heterogeneous in terms of data
sources, cancer types, and predictive model architectures, which
limited the possibility of direct comparison and meta-analysis.
Although all studies incorporated symptoms, the type and com-
bination of additional predictors, such as sociodemographic

characteristics, comorbidities, and laboratory or genetic data,
varied substantially, contributing to the variability in model
performance. This heterogeneity also influenced the assess-
ment of methodological quality. The high proportion of studies
rated as having a high risk of bias within the index test domain
mainly reflects incomplete reporting, lack of external validation,
and limited methodological transparency, rather than uniform
methodological flaws. While alternative thresholds or subgroup
analyses (for instance, stratified by study design, publication
year, or validation method) might slightly modify the distribu-
tion of bias ratings, the overall conclusion remains consistent:
current ML-based cancer risk prediction studies display consid-
erable methodological diversity and suboptimal reporting stan-
dards, highlighting the need for more rigorous and standardized
research in this field.

Furthermore, our review highlights a recurring limitation in
reporting performance metrics across primary studies. While
AUC was the most frequently reported measure, it does not
fully capture clinical utility. Only a minority of studies pro-
vided additional metrics such as calibration, positive predic-
tive value, or net benefit, key elements for assessing real-world
applicability. Future research should prioritize comprehen-
sive and standardized reporting of clinically relevant metrics
to support the safe and effective translation of ML models into
practice.

Another factor that may limit generalizability is the geographic
distribution of the included studies, which was heavily skewed
toward Asian countries. While this reflects the rapid integration
of AT technologies and availability of large-scale clinical data-
sets in these settings, differences in healthcare infrastructure,
diagnostic practices, and population characteristics may restrict
the applicability of these models to other regions. Future re-
search should aim to validate and adapt ML-based cancer risk
prediction models across diverse healthcare systems to enhance
external validity and global relevance.

Limited information on variable selection and data sources fur-
ther restricted our assessment of model robustness. Moreover,
the review focused only on indexed articles, potentially overlook-
ing valuable insights from preprints and conference proceedings
that are prominent in AI research but not yet peer-reviewed or
included in databases like PubMed, which may have narrowed
our findings. Inconsistent approaches to handling missing data,
validation, and variability in reporting standards across studies
made it difficult to compare models and assess their practical
applicability.

Another limitation is the focus on longer prediction horizons,
which restricts the evaluation of model performance in shorter-
term contexts, such as 6-month predictions. Longer follow-up
periods allow for higher predictive accuracy, as events such as
cancer development are more likely to occur over longer periods.
Of the included studies, only six [40, 50, 59, 62, 64, 67| reported
prediction horizons, all within a 5-year window. Short-term pre-
dictions are more challenging but are critical for timely clinical
decision-making and early intervention. Future research should
explore the performance of ML models over shorter prediction
intervals to address this gap and enhance their practical utility
in urgent clinical scenarios.
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Additionally, this study could not determine whether the com-
parisons between ML models and conventional statistical
techniques were entirely appropriate. In many instances, the
statistical comparator used may not reflect the optimal imple-
mentation of traditional methods, potentially biasing results in
favor of ML models. This raises concerns about the rigor and
validity of such comparisons, as suboptimal statistical models
may not provide a robust benchmark for evaluating ML perfor-
mance. Greater transparency and standardization in the design
and reporting of both ML and conventional models are essential
to ensure fair and meaningful head-to-head evaluations.

Also, this review may be subject to selection bias. We excluded
non-English language studies and restricted our search to in-
dexed literature, thereby potentially overlooking relevant gray
literature and studies published in other languages. While these
criteria ensured the inclusion of peer-reviewed and methodolog-
ically sound sources, they may have narrowed the scope of the
findings, especially in the context of a rapidly evolving research
area such as machine learning in cancer prediction.

Finally, a key limitation of the reviewed studies is the lack of im-
plementation of models within a learning health system frame-
work. Such systems are critical for evaluating the real-world
performance and impact of predictive models, as they enable
continuous feedback, adaptation, and integration into clinical
workflows. Without this framework, it remains challenging
to assess how these models perform in dynamic healthcare
settings, further emphasizing the need for future research to
embed predictive models into learning health systems to ensure
their practical utility and scalability.

5 | Conclusions

ML models show promise in managing high-dimensional data
and capturing complex, non-linear relationships, but their
practical applicability in clinical settings remains to be fully
established. Techniques such as LR with carefully selected in-
teraction terms continue to demonstrate reliability and utility.
Achieving a balance between model complexity, interpretability,
and clinical relevance is crucial for improving practical applica-
bility in healthcare. Key methodological challenges, including
limited external validation and calibration issues of ML models,
must be addressed to enable their clinical adoption. Enhancing
reporting practices—through thorough documentation of data
preprocessing, model training, and validation—will be essential
for developing robust and clinically useful risk prediction tools.
Further research is needed to robustly compare the diagnostic
accuracy of ML models and traditional statistical methods, with
a focus on explaining performance differences and considering
the influence of prediction horizons. Additionally, implementa-
tion studies evaluating these algorithms within learning health
systems are critical to determine their real-world applicability
and impact. Future research should prioritize adherence to
TRIPOD-AI guidelines, transparent sharing of code and data,
and standardized reporting of prediction horizons, missing
data handling, and calibration metrics. Embedding ML models
within learning health systems and ensuring fairness across di-
verse populations will be essential steps to enhance their real-
world utility, reliability, and ethical deployment in oncology.
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Additional supporting information can be found online in the
Supporting Information section. Table S1: Literature search strategy
(Pubmed). Table S2: Data information of included studies. Table S3:
Risk predictors. Table S4: Risk predictors: specific variables included
in “other”. Table S5: Classification of included studies according to the
types of data used in machine learning models for cancer risk predic-
tion. A study was classified as “Included” for a given data type if that
type was explicitly used as input in the final model. Studies integrating
three or more data types (excluding symptoms, which were present in
all studies) are defined as multimodal and are shown in bold.
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