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Abstract: Individualized risk prediction models for colorectal cancer (CRC) play a pivotal role in
shaping risk-based screening approaches, garnering attention for use in informed decision making by
patients and clinicians. While the incorporation of new predictors and the development of advanced
yet complex prediction models can enhance model performance, their practical implementation
in clinical settings remains challenging. This systematic review assessed individualized CRC risk
prediction models for their validity and potential clinical utility. Utilizing the Cochrane Collaboration
methods and PROBAST tool, we conducted comprehensive searches across key databases and risk
of bias assessment, respectively. Out of 41 studies included evaluating 44 risk prediction models,
12 conventional and 3 composite models underwent external validation. All risk models exhibited
varying discriminatory accuracy, with the area under the curve (AUCs) ranging from 0.57 to 0.90.
However, most studies showed an unclear or high risk of bias, with concerns about applicability.
Of the five models with promising clinical utility, only two underwent external validation and one
employed a decision curve analysis. These models demonstrated a discriminating and well-calibrated
performance. While high-performing CRC risk prediction models exist, a need for transparent
reporting of performance metrics and their clinical utility persists. Further research on this area is
needed to facilitate the integration of these models into clinical practice, particularly in CRC screening.

Keywords: risk prediction; risk scores; colorectal cancer; advanced neoplasia; risk factors; model
performance; clinical utility

1. Introduction

Colorectal cancer (CRC) is the third most frequently diagnosed cancer and the second
leading cause of cancer death worldwide for both sexes combined [1]. The past two
decades have witnessed a notable decline in CRC incidences and mortality, attributed in
part to population-based screening, precursor lesion removal, and shifts toward healthier
population-wide lifestyles, particularly in Western countries [2–5]. However, despite the
substantial progress made in CRC prevention through these screening efforts, they remain
insufficient in providing personalized prognostic information for individual patients [1].

Traditionally, cancer screening has been directed by population-wide guidelines that
advocate for uniform screening approaches, often limited to age and, in certain cases, a
family history of cancer, without further differentiation [6,7]. While these guidelines have
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undoubtedly contributed to the early detection of many cancers, they may inadvertently
overlook the heterogeneity that exists within these groups. Individuals possess unique
genetic makeups, lifestyle choices, and clinical profiles that significantly influence their risk
of developing cancer [8]. Failing to account for these important traits can result in both
over-screening for some and under-screening for others, thereby diluting the impact of
screening efforts [9]. The complex interplay between these multifaceted risk factors and the
broader public health strategies necessitates a more nuanced and personalized approach for
decision making regarding prevention and screening [10]. On the other hand, in countries
where increasing CRC incidence is experienced without organized screening programs,
it is crucial to explore alternative approaches that can effectively identify and prioritize
high-risk individuals for screening colonoscopy [11]. With this regard, individualized
risk prediction models have emerged as a pivotal tool that can be combined with other
(medical) decision-making tools to support informed choice and enhance personalized care
in CRC screening [12].

An individualized risk prediction model is defined as a mathematical function that
is designed to estimate the personal probability or (absolute) risk of developing a specific
condition in the future based on two or more risk factors [13]. In the context of CRC,
prediction models incorporate well-established risk factors and sometimes use risk scoring
systems and risk assessment tools or calculators to estimate the individual’s likelihood of
developing CRC or advance neoplasia (AN) [5,8,14]. There are generally two known types
of risk models for CRC: conventional risk models and composite (advanced) risk models.
Conventional risk predictors refer to the inclusion of readily available risk factors, such
as age, sex, demographics, family history of the disease, and well-established comorbidi-
ties [15]. However, a growing interest on the inclusion of new and more advanced features
to enhance the performance and effectiveness of risk assessment for CRC or AN has led to
the development of composite models [16]. These models refer to those tools that leverage
a combination of risk factors, clinical variables (e.g., laboratory/test results), and sometimes
biomarkers or genetic information to estimate an individual’s risk of developing CRC.

Primary care providers and patients both recognized the usefulness of risk prediction
tools in supporting informed choice and its potential for enhancing participation, safety,
and efficiency in CRC screening [12,17]. However, several barriers have offset this potential,
including skepticism about the tool’s accuracy, the complexity in assessing the predictors,
and the categorizations of different risk groups that are not in line with the established
screening guidelines [17–19]. To address these concerns, it is important to consider four
key factors, including the performance, complexity (or clinical usability), potential clinical
utility, and generalizability of the models, which determine their readiness for integration
into risk-based CRC screening [10,20,21]. While sophisticated prediction models might
promise heightened predictive accuracy, their practical application within clinical settings
can be impeded by challenges due to their complexity, low potential for clinical utility, and
limited generalizability [18,21]. Model complexity refers to the level of difficulty associated
with implementing and incorporating a model into clinical practice, and it is assessed
through an evaluation of the model’s usability [22]. This evaluation considers whether
the model utilizes straightforward risk scores, calculators, or nomograms to estimate the
risk of CRC and facilitate efficient risk-stratification approaches. Conversely, the potential
clinical utility of a model is determined by its interpretability of the performance metrics
to clinicians and patients and its practicality in clinical settings, ensuring accessibility to
both clinicians and patients for informed decision making [22]. The generalizability of the
model, on the other hand, refers to whether the model has undergone external validation
using appropriate exclusion criteria and a statistical method that accounts for confounding
or competing risk, indicating its validity beyond its development context.

Although several systematic reviews are available related to CRC risk prediction
models, these reviews solely focused on evaluating conventional risk scores, leaving a
gap in understanding the potential benefits and trade-offs of incorporating more complex
predictors for improved CRC and AN risk prediction [8,23]. Furthermore, these reviews
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did not adequately consider the models’ generalizability and did not assess the clinical
usability and potential clinical utility of these risk scores. At its core, this study aimed to
synthesize and appraise CRC risk prediction models to identify plausible models that are
suited for integration into clinical practice. This involved a comprehensive examination of
the model’s performance, complexity, potential clinical utility, and generalizability in the
context of predictive models for real-world clinical practice, particularly in CRC screening.
Moreover, this review provides practical guidance for researchers to consider common
pitfalls during model development, validation, and reporting of CRC risk prediction models
that go beyond model performance.

2. Methods

As part of the ORIENT Project (Towards Informed Decisions in Colorectal Cancer
Screening in Flanders) (https://thomasmore.be/nl/orient (accessed on 20 October 2023)),
this review aims to synthesize evidence on the individualized risk prediction models
for CRC or AN. Specifically, our review addresses the following key questions: What is
the current state of evidence regarding the performance and validation of risk prediction
models for CRC or AN? Which of these models have demonstrated readiness for adoption in
CRC screening and support informed decision making in various CRC screening contexts?

The protocol of this systematic review was registered with the International Prospec-
tive Register of Systematic Reviews (PROSPERO registration number: CRD42022368227,
https://www.crd.york.ac.uk/prospero/export_details_pdf.php (accessed on 13 September
2023)). Furthermore, this review adhered to the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines for transparent and comprehensive
reporting (Supplementary Materials Supplementary S1).

2.1. Criteria for Considering Studies for This Review

In this review, the Population, Index model, Comparator, Outcome, Timing, and
Setting (PICOTS) system was employed to formulate the review question and guide the
systematic review of risk prediction modeling studies [24] (Table 1).

Table 1. The PICOTS system for this review.

P Population

Apparently healthy individuals at time of predictor assessment who had not undergone CRC screening
(colonoscopy) and had no history of a CRC diagnosis or treatment within the past 10 years at the time of
prediction/predictor assessment. Studies involving participants with Lynch syndrome or who have been
diagnosed with CRC for the past 10 years were excluded.

I Index
model(s)

All risk prediction models (with or without external validation) that aimed to estimate the risk of
developing CRC or AN; risk models that comprised individualized risk factors, including conventional
and composite models. Studies were excluded if predictors were based solely on genetic information,
test/laboratory findings, or a combination of both only.

C Comparator No predefined comparator.
O Outcome(s) CRC or AN detected during screening colonoscopy and cumulative risk of CRC.

T Timing The moment of predictor assessment before the screening for CRC; any moment before diagnosis
was included.

S Setting Not specified.

2.2. Search Methods for Identification of Studies
Electronic Searches

The following databases were searched for English published studies from 1 January
2010 to 24 November 2022 and was updated on 3 October 2023: (1) Cochrane CENTRAL
via Ovid, (2) MEDLINE via Ovid, (3) PubMed, and (4) Web of Science. For ongoing trials,
the following database was searched: ClinicalTrials.gov (www.clinicaltrials.gov, accessed
on 24 November 2022). To mitigate publication bias, additional sources were utilized,
including searching references in relevant reviews of the literature or snowballing, and
searching for grey literatures.

https://thomasmore.be/nl/orient
https://www.crd.york.ac.uk/prospero/export_details_pdf.php
www.clinicaltrials.gov
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2.3. Selection of Studies

Articles retrieved from the electronic databases were exported directly as EndNote X9
files and imported into Rayyan software for de-duplication and screening (https://www.
rayyan.ai (accessed on 9 October 2023)). During the initial screening, independent review
authors (DJH, WvdV, AF, and DMS) assessed titles and abstracts, categorizing studies as
“included”, “excluded”, or “maybe” for full-text screening based on the review’s inclusion
criteria. Disagreements were resolved through consensus or arbitration by other review
authors (GVH). In the subsequent round, full-text papers were obtained from the selected
abstracts, allowing for a detailed assessment, including the identification of fraudulent or
flawed studies and assessment of risk of bias. Regular group discussions were held among
the members of the review team to ensure congruency and maintain written records.

2.4. Data Extraction and Data Management

Data extraction with a validation step was implemented to ensure the accuracy and
consistency of the collected information. This process involved an independent review by
the authors (DJH, DMS, KF, MHB, CGO, and NBY), who critically extracted, reviewed, and
cross-verified the extracted data. Throughout this procedural sequence, ongoing dialogues
among the review authors played a pivotal role in maintaining the consistency of the
extracted data. Any disparities in interpretations or findings were effectively addressed
and resolved through collaborative consensus. In instances where a unanimous agreement
could not be reached, arbitration was proficiently overseen by the third set of review
authors (GVH and WvdV).

2.5. Risk of Bias and Applicability Assessment

The RoB and applicability of risk prediction models from eligible studies was assessed
using the PROBAST tool, following recommendations from the Cochrane Prognosis Meth-
ods Group [25,26]. The PROBAST tool enables a focused and transparent approach to
assess the RoB and applicability of studies that develop, validate, or update prediction
models for individualized predictions [27] (Figure 1). It consists of four domains: patient
selection, predictors, outcome, and analysis. Each domain is assigned a risk of bias category:
“low risk,” “high risk,” or “unclear risk.” To guide the assessment, signaling questions
were employed with response options, such as “yes,” “probably yes,” “probably no,” and
“no.” Domain-level judgements were made based on criteria fulfillment and available
information [26,28]. This included the first three domains (patient selection, predictors, and
outcome), which were also assessed for applicability concerns. Overall risk of bias was
determined by combining domain-level judgments. Additionally, RoB and applicability as-
sessments were conducted by six independent review authors (DJH, DMS, KF, MHB, CGO,
and NBY). Consistency in judgement was maintained through discussions, disagreements
were resolved through consensus, and arbitration by a third review author (DJH, DMS,
and KF) was available if necessary.

https://www.rayyan.ai
https://www.rayyan.ai
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Figure 1. Schematic diagram of the “risk of bias” assessment based on the PROBAST tool [27].

2.6. Measures of Prediction Model Performance

Predictive performance measures were extracted from development and validation
studies by using the following statistical measures: discriminatory accuracy based on area
under the curve (AUC) values with 95% CIs, if available, and model calibration, including
E/O ratios and the Hosmer–Lemeshow goodness-of-fit test (PHL) [13,29]. An AUC of 0.5
indicated a chance-level performance, and 1 reflected a perfectly discriminating model.
Moreover, in cases where the E/O ratio was not reported, we estimated model performance
using the following available formulas and reported quantities:

In(O : E) = In(O)− In(E)
and

SE(In (O : E)) =

√
[N×( O

N )×(1− O
N )]

O

where O is the total number of observed events, E is the total number of expected events,
N is the total sample size, and SE is the standard error. Other metrics were further noted,
including the range of sensitivity and specificity of the models, and net reclassification
improvement (NRI), both relevant for assessing the model performance and potential
clinical utility (Table 2).

Table 2. Definition of metrics used in evaluating model performance and potential clinical utility
(adapted and modified from Wynants et al. 2019) [30].

Terms Definition

AUC

In this case, the receiver operating characteristic curve. A measure of discrimination. For prediction
models based on logistic regression; this corresponds to the probability that a randomly selected
diseased patient had a higher risk prediction than a randomly selected patient who does not have
the disease.

Calibration Correspondence between predicted and observed risks is usually assessed in calibration plots or by
calibration intercepts and slopes.
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Table 2. Cont. [30].

Terms Definition

Sensitivity The proportion of true positives in truly diseased patients
Specificity The proportion of true negatives in truly non-diseased patients.
Positive predictive value The proportion of true positives in patients classified as positive.
Negative predictive value The proportion of true negatives in patients classified as negative.

Decision curve analysis A method to evaluate classifications for a range of possible thresholds, reflecting different costs of
false positives and benefits of true positives.

Net reclassification
improvement

Net reclassification improvement, reflecting reclassifications in the right direction when making
decisions based on one prediction model compared to another

2.7. Dealing with Lack of Information in Included Studies

In terms of missing information or incomplete data on model performance, specifically
on 95% CIs and E/O ratios, these measures were estimated using the formula proposed by
Debray and colleagues [13,29].

2.8. Generalizability, Clinical Utility, and Usability of the Models

We undertook an assessment of the model’s generalizability, potential clinical utility,
and usability to identify models that are suitable for adoption in clinical practice. Our
assessment of generalizability revolved around a model’s external validation either in the
original work or subsequent research. We critically assessed any potential selection bias
and scrutinized for unwarranted participant exclusions, as well as the adequate sample
size used.

In terms of clinical utility, our criteria focused on metrics that hold practical value in
clinical settings, ensuring accessibility to both clinicians and patients for informed decision
making. According to these criteria, we expected studies to report and discuss essential
metrics, such as sensitivity, specificity, NPV, and PPV, as well as the number needed to
screen (NNS) or refer (NNR) (Table 2). Additionally, we evaluated whether studies reported
specific clinical scenarios or decision nodes, like net benefits and decision curves, associated
with risk categories or multiple plausible thresholds. Notably, our evaluation was also
centered on the appropriateness of determining risk thresholds to assess the model’s
potential clinical utility. Furthermore, in terms of usability, we took note of whether authors
included tools such as calculators, nomograms, or reported absolute predicted probability
estimates, along with simple risk scoring systems, all aimed at facilitating more accessible
knowledge translation [22].

2.9. Data Synthesis and Hierarchical Clustering Approaches

Performance measures were extracted and summarized from all included studies,
including AUC values, O/E ratios, and Hosmer–Lemeshow goodness-of-fit test [31–33].
Key study characteristics and the model performance of the models were presented in
tables, with AUCs being further illustrated using forest plots. Additionally, we performed
hierarchical clustering analysis using R software version 4.2.2 [34], visualized through a
radial bar chart to provide a broad overview of the included models based on five domains:
sociodemographics, behavior, clinical factors, patient history, laboratory/test findings
limited to fecal immunochemical test (FIT)/fecal hemoglobin concentration (FHbC) tests,
and biomarkers. The aim was to explore patterns, specifically the similarities and the
differences between prediction models within clusters and across different studies. On
the other hand, an evidence matrix was used to visualize and assess the clinical usability
of the models, as shown in the Supplementary Materials Figure S1. Finally, the RoB and
applicability assessment was presented in detail, including the judgement for each domain,
the reasons for such judgement, and the overall judgement, using a table following the
PROBAST guideline (Supplementary Materials Supplementary S3).
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3. Results
3.1. Study Inclusion

The initial electronic search generated a substantial dataset of 4852 records, including
1658 citations from MEDLINE via Ovid, 1802 citations from PubMed, 175 citations from
Cochrane Central, and 1217 citations from Web of Science (Figure 2). After the removal
of duplicates (n = 1611) and initial screening of studies based on their title and abstract
(n = 3806), a total of 144 records qualified for full-text screening. Additionally, 19 studies
were identified by citation mining of three literature reviews relevant to risk prediction
models for CRC [8,23,35]. During the review update from November 2022 to October
2023, we identified five new eligible studies. Following full-text screening, 41 studies were
considered for inclusion in this review.
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3.2. Risk of Bias and Applicability of the Included Studies

Among the 41 studies appraised, 10 showed an overall unclear risk of bias [36–44], while
30 exhibited an overall high risk of bias [45–75]. Interestingly, only one study emerged with
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an overall low risk of bias [76] (Figure 3). The primary sources of bias were traced to issues
like the inappropriate exclusion of relevant participants, such as those with a family history
of CRC and comorbidities like diabetes or cardiovascular diseases, ultimately diminishing the
generalizability of the model in predicting the risk of CRC. Other biases included non-blinding
of predictor and outcome assessment, improper use of statistical methods (including the use
of univariate analysis for predictor selection and neglecting competing risk), and inadequately
small sample sizes. Furthermore, a total of 15 studies raised applicability concerns, which were
uniformly linked to the specific selection of participants based on FIT results or their pre-existing
cardiovascular disease [41,50,57,61–65,67,72,76].
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(Prediction Model Risk of Bias Assessment Tool) [25].

3.3. Characteristics of Risk Prediction Models for CRC

There are two main categories of risk models for predicting CRC or AN based on their
predictor features: (1) conventional risk model, which uses known and well-established risk
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factors for CRC; and (2) composite model, which combines well-established risk factors with
more advanced features, such as test/laboratory findings and genetic factors. Among the 41
included studies, we identified 22 original conventional risk models, [36–38,40,45,48,50,51,53,54,
58,59,61,63–65,67–70,72,74] and 13 composite models [39,41–44,47,56,57,62,71,73,75,76]. Of these,
three conventional risk models have undergone external validation in separate studies: (1) the
Asia–Pacific Colorectal Screening (APCS) model [45], validated in four other studies [46,49,66,70];
(2) Kaminski’s risk scores [60,69], validated in one study; and (3) The National Cancer Institute—
Colorectal Cancer (NCI-CRC) risk assessment tool [77], validated in one study [78]. Eight other
studies conducted external validation in the original publication, including six conventional risk
models [37,48,63,65,67] and three composite models [41,56,76].

3.3.1. APCS Risk Score

The APCS score is a tool designed to predict the risk of advanced colorectal neoplasia
(ACN), which was defined as the presence of colorectal carcinoma or any adenoma at least
10 mm in diameter or with villous histological features or high-grade dysplasia. It uses age,
gender, family history of CRC, and smoking status [45]. Following the initial publication,
four additional studies expanded on the APCS model, introducing modifications to the
data collection design and incorporating extra risk factors [46,49]. Sung et al. (2018) and
Luu et al. (2021) externally validated and modified the scores for Hong Kong and Korean
populations, adding body mass index (BMI) to the original APCS risk factors, resulting in
improved ACN predictions [49,66].

In 2019, He et al. further updated the APCS score for Chinese people over 40 years
old, adding BMI, diabetes, and alcohol consumption to the risk factors [46] (Table 3). Later,
the Korean Colorectal Screening (KCS) risk model by Hyun Kim et al. was developed by
optimizing and adjusting the APCS score for Koreans aged 30 to 74, using age, sex, BMI,
family history of CRC, smoking, alcohol, and diabetes as predictors of ACN [70].

3.3.2. Kaminski’s Risk Score

The model was originally derived from a multi-ethnic population aged 40 to 66 in
Poland, as part of a national colonoscopy program. The model also aimed to predict
the risk of ACN, defined similarly to that in the APCS risk modeling study. However,
adenomas were categorized differently in the analysis, with either tubular adenomas or
non-neoplastic (Supplementary Materials Supplementary S2). The validated risk index,
based on the remainder of the screening cohort (n = 17,939 out of 35,918 participants),
included age, sex, family history of colorectal cancer, cigarette smoking, and BMI [69]. After
the initial publication, Ruco et al. externally validated the Kaminski’s score on Canadians
aged 50 to 74 years. This validation revealed that the model was less predictive of ACN in
comparison with the original study [60].

3.3.3. The NCI-CRC Risk Assessment Tool

This tool was developed to estimate the 10-year risk of colorectal cancer, while account-
ing for competing risks such us death [79]. Risk factors for men comprised cancer-negative
sigmoidoscopy/colonoscopy in the last 10 years, polyp history in the last 10 years, history
of CRC in first-degree relatives, aspirin and NSAID use, cigarette smoking, BMI, current
leisure-time vigorous activity (hours per week of intense physical activity), and vegetable
consumption. For women, hormone-replacement therapy (HRT) and estrogen exposure
based on menopausal status predictors were added. Following the initial publication, the
model was externally validated among a veteran cohort undergoing baseline screening
colonoscopy [63].
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Table 3. Individualized risk prediction models of the included studies.

Study ID
(Author and Year)

Target Population|
Study Period (Cohorts)

All Features Included in the Final Model|Name of Risk
Prediction Model AUCs (95% CI) Calibration PHL

Conventional risk prediction models

Briggs 2022 [43] Caucasians, aged 40–80 years
2006–2010 (UK Bank cohorts)

Ethnic group, previous medical history, alcohol use, smoking
status, and family history of colorectal cancer, multiple genetic
variants, including LDpred2 sparse grid|QCancer-10 risk score +
LDP-Polygenetic Risk Score (PRS)

Not reported 0.99 a,QM

0.81 a,QF

Brand 2017 [36] Multi-ethnicity, aged < 50 years
2013–2015 (EQUIP-3 study)

Age, sex, BMI, ASA physical status class, ethnicity, and indication
(surveillance vs. screening)|prediction model for adenoma
detection

0.60 (not reported) 1.01 a

Cai 2011 [37] Asians, ≥40 years
2006–2008 (Han citizens)

Age, sex, smoking, diabetes mellitus, green vegetables, pickled
food, fried food, and white meat|prediction rule for advanced
colorectal neoplasm risk

0.74 (0.70–0.78) 1 0.77 *

Cao 2015 [38]
Caucasians, male, aged 40–75 years
1986–2008 (HPFS)

Age, family history of colorectal cancer, BMI, smoking, sitting
watching TV/VCR, regular aspirin/NSAID use, physical activity,
joint term of multivitamin and alcohol|not reported

0.64 (not reported) 0.48 *

Caucasians, female, aged 30–55 years
1986–2008 (NHS)

Age, family history of colorectal cancer, BMI, smoking, alcohol,
beef/pork/lamb as main dish, regular aspirin/NSAID, calcium,
and oral contraceptive use|not reported

0.57 (not reported) 0.96 *

Chen 2014 [68] Asians, aged ≥ 40 years
2011–2012 (AARP-Chinese)

Age, sex, coronary heart disease, egg intake, and defecation
frequency|risk scoring system for advance colorectal neoplasm 0.75 (0.69–0.82) 1 0.174 *

Deng 2023 [74] Asians, <50 years
2015–2021 (Fudan cohort, Rejin cohort)

Family history of CRC, smoking, alcohol consumption, processed
meat intake, sweet and fried food intake, higher education, eggs
and coffee intake, and dietary fiber, calcium, and vitamin
supplementation, abdominal discomfort, anorectal symptoms,
and intestinal bleeding|not reported

0.82 (0.76–0.86) b

0.78 (0.74–0.83) c Not reported

He 2019 [46] Asians, aged > 40 years
2016–2018 (Chinese)

Age, family history of first-degree relatives, smoking alcohol
consumption, diabetes, and BMI|modified APCS score 0.69 (0.61–0.77) 0.87 1

Hong 2017 [51] Asians, aged ≥ 20 years
2002–2012 (SCS-Korean)

Age, sex, smoking duration, alcohol drinking frequency, and
aspirin use|not reported 0.71 (0.69–0.74) Not reported

Hyun Kim 2015 [70] Asians, aged 30–75 years
2006–2009 (Korean CS)

Age, sex, BMI, family history of colorectal cancer, smoking,
alcohol, and diabetes|KCS score 0.68 (0.61–0.76) 1 0.48 *
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Table 3. Cont.

Study ID
(Author and Year)

Target Population|
Study Period (Cohorts)

All Features Included in the Final Model|Name of Risk
Prediction Model AUCs (95% CI) Calibration PHL

Conventional risk prediction models

Imperiale 2015 [53] Caucasians, aged 50–80 years
2004–2011 (not reported) §

Age, sex, family history of CRC, cigarette smoking, and waist
circumference|not reported 0.72 (not reported) 1 0.42 *

Imperiale 2021 [52] Caucasians, aged 50–80 years
2004–2011 (not reported) §

Age, sex, marital status, education, smoking, significant ethanol
use, NSAID use, aspirin use, metabolic syndrome, red meat
consumption, regular activity (10 years), moderate activity (over
last years), and vigorous activity (over last year)|not reported

0.78 (not reported) 1 0.37 * (0.69 * in
validation set)

Jung 2017 [72] Asians, aged 30–49 years
2010–2014 (Korean- SHS)

Age, sex, BMI, family history of colorectal cancer, and smoking
habits|Probability of Advanced colorectal neoplasia in a
population aged < 50 years (PAC-50)

0.67 (0.65–0.70) 0.093 *

Jung 2018 [61] Asians (FIT-negative), aged ≥ 40 years
2010–2014 (Korean-SHS)

Age, current smoker, overweight, obesity, hypertension, and old
cerebrovascular attack|risk scores in fit-negative participants Not reported Not reported

Kaminski 2014 [69] Multi-ethnicity, aged 40–66 years
2007 (Poland NCSP)

Age, sex, family history of colorectal cancer, and cigarette
smoking, BMI|Kaminski’s risk prediction model 0.62 (0.60–0.64) 1 1.0 a

Kim 2019 [50] Asians, aged < 50 years
2003–2012 (Koreans)

Age, sex, alcohol, smoking, BMI, glucose metabolism abnormality,
and family history of colorectal cancer|YCS score 0.66 (0.65–0.67) 1 0.261 *

Liu 2018 [67] Caucasians, Male, aged 40–75 years
1986–2010 (HPFS US-based)

Age, higher BMI, more pack-years of smoking, higher alcohol
consumption with lower levels of multivitamin use, family
history of colon cancer, and colonoscopy or sigmoidoscopy
screening|not reported

0.62 (not reported) 1.05 a

Caucasians, female, aged 30–55 years
1986–2010 (NHS US-based)

Age, height, BMI, postmenopausal hormone use, physical activity,
pack-years of smoking, calcium intake, alcohol and multivitamin
intake, aspirin use, history of CRC, family history, and
colonoscopy|not reported

0.60 (not reported) 1.19 a

Luu 2021 [66] Asians, aged ≥ 40 years
2002–2014 (Korean Cancer Screening)

Age, sex, first-degree family history of CRC, and smoking
status|APCS score 0.62 (not reported) c Not reported

Ma 2010 [65] Asians, male, aged 40–69 years
1993–2005 (JPHC and PHC, Japanese)

Age, BMI, daily physical activity, alcohol consumption, smoking
habit, family history of colorectal cancer, and diabetes
diagnosis|JPHC risk prediction model

0.70 (0.68–0.72) 0.08 *
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Table 3. Cont.

Study ID
(Author and Year)

Target Population|
Study Period (Cohorts)

All Features Included in the Final Model|Name of Risk
Prediction Model AUCs (95% CI) Calibration PHL

Conventional risk prediction models

Murchie 2017 [64] Multi-ethnicity, aged 40–59 years
2008–2014 (not reported)

Age, sex, BMI, and smoking history|calculator for high-risk colon
adenomas 0.64 (not reported) Not reported

Musselwhite 2019 [63] Multi-ethnicity, aged 50–75 years
1994–1997 (Veterans)

Age, history of colonoscopy or endoscopy in the last 10 years,
whether polyps were observed, family history of CRC, weekly
physical activity, aspirin or NSAIDs use, smoking, vegetable
intake, and BMI|NCI-CRC risk assessment tool (external
validation)

0.60 (0.57–0.63) 3 Not reported

Ruco 2015 [60] Caucasians, aged 50–74 years
2003–2008 (VACS, US-based)

Age, sex, family history of CRC, smoking history, and
BMI|Kaminski’s risk prediction model 0.64 (0.61–067) Not reported

Schroy III 2015 [54] Multi-ethnicity, aged 50–79 years
2009 (BMC)

Age, sex, smoking, alcohol intake, height, and combined
sex/race/ethnicity|risk prediction index for advanced colorectal
neoplasia

0.69 (0.66–0.72) 1 0.73–0.93 *

Sekiguchi 2018 [59] Asians, aged ≥ 40 years
2004–2013 (NCC, Japanese)

Sex, age, first-degree relatives with CRC, BMI, and smoking
history|de novo risk score for advanced colorectal neoplasia 0.70 (0.67–0.73) 0.71 *

Sharara 2020 [58] Lebanese, aged ≥ 50 years
Not reported (AUBMC patients)

Age, BMI, smoking status, and daily consumption of red
meat|not reported 0.73 (0.66–0.79) 0.85 *,a

Shin 2014 [48]
Asians, male, aged 30–80 years
1996–1999 (NHIC, Koreans)

Age, BMI, serum cholesterol, family history of cancer, and alcohol
consumption|not reported 0.76 (0.75–0.77) b 1.29 a

Asian, female, aged 30–80 years
1996–1999 (NHIC, Koreans) Age, height, and meat intake frequency|not reported 0.71 (0.70–0.72) b 1.23 a

Sung 2018 [49] Asians, aged 50–70 years
2008–2012 (Hong Kong-based)

Age, sex, BMI, family history of CRC, and smoking history|APCS
score 0.65 (0.61–0.69) 0.57 *

Sutherland 2021 [40] Caucasians, aged 50–74 years
2008–2016 (CCSC)

Age, sex, BMI, smoking status, diabetic status, family history of
CRC, alcohol consumption, and vitamin D supplementation|not
reported

0.69 (0.65–0.72) 4 Not reported

Tao 2014 [55] Germans, ≥50 years
2005–2011 (BliTz study)

Age, sex, first-degree relatives with a history of CRC, cigarette
smoking, alcohol consumption, red meat consumption, ever
regular use of NSAIDs, previous colonoscopy, and previous
detection of polyps|de novo risk prediction model

0.67 (0.65–0.69) b,1

0.71 (0.67–0.75) b,2 Not reported



Gastrointest. Disord. 2023, 5 561

Table 3. Cont.

Study ID
(Author and Year)

Target Population|
Study Period (Cohorts)

All Features Included in the Final Model|Name of Risk
Prediction Model AUCs (95% CI) Calibration PHL

Conventional risk prediction models

Yeoh 2011 [45]
Asians, mean age of 54.4 years (SD ± 11.6
years), 2004 (Multi-ethnic cohorts from
Asia)

Age, sex, first-degree family history of CRC, and smoking
status|APCS score 0.64 (0.57–0.71) 1 0.49 *,b

Composite risk prediction models

Arnau-Collell 2022 [75] Hispanic, aged 50 to 69 years
2009 = 2019 (CRC screening cohorts) Sex, age, FIT value, and polygenic risk score 0.64 (0.61–0.66) Not reported

Auge 2014 [73]
Spanish/Catalan, aged 50–69 years
2009–2012, (Barcelona CRC screening
Program, FIT-positive individuals)

Age, sex, and FHbC result|not reported 0.67 (not reported) 0.31 *

Cooper 2020 [71] UK patients, aged 60–74 years
2009–2017 (BCSS)

Age, sex, smoking status, alcohol consumption (units per week),
previous negative FOBT, family history of gastrointestinal cancer,
and FOBT result|not reported

0.86 (0.85–0.87) Not reported

Meester 2022 [42] Dutch, aged 55 to 75 years
2014–2019 (Dutch CRC Screening cohort) Age, sex, first and second FHbC|not reported 0.78 (0.77–0.79) 1

0.73 (0.71–0.75) 2 0.98–0.99 a

Müdler 2023 [44] Dutch, aged 55 to 75 years
2014–2021 (Dutch citizens)

Age, sex, f-Hb previous round, and the two most recent f-Hb
concentrations|not reported

0.79 (0.78–0.80) b,1

0.76 (0.74–0.78) b,2 Not reported

Park 2019 [62] Asians, aged ≥ 50 years
2013–2017 (NCSP, Koreans)

Age, sex, smoking habit, obesity, diabetes mellitus, and FHbC|not
reported 0.90 (0.86–0.93) 0.26 *

Soonklang 2021 [57] Asians, aged 50–65 years
2009–2010 (Thai)

Age, sex, BMI, family history of CRC in first-degree relatives,
smoking, diabetes mellitus, and FIT result|not reported 0.77 (0.71–0.84) Not reported

Stegeman 2014 [39] Dutch, aged 50–75 years
2009–2010 (COCOS)

Age, sex, total calcium intake, family history of CRC, number of
family member with CRC, alcohol intake, smoking history,
regular use of aspirin or non-steroid anti-inflammatory drug
(NSAID), physical activity, and FIT result|not reported

0.76 (not reported) 0.94 *

Thomsen 2022 [41] Danish residents, aged 50–74 years
2014–2016 (DCCSD and DCCG) Age, sex, and FIT result|not reported 0.67 (0.67–0.68) c,1

0.75 (0.74–0.76) c,2
1.02 a,1

0.99 a,2

Van ’t Klooster 2020 [76] Dutch, aged 45–80 years
2005–2012 (UCC-SMART and CANTOS)

Age, sex, smoking, weight, height, alcohol use, antiplatelet use,
diabetes, and C-reactive protein|not reported 0.64 (0.58–0.70) c,2 0.85 c,d
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Table 3. Cont.

Study ID
(Author and Year)

Target Population|
Study Period (Cohorts)

All Features Included in the Final Model|Name of Risk
Prediction Model AUCs (95% CI) Calibration PHL

Composite risk prediction models

Yang 2017 [47] Asians, aged 50–70 years
2003–2012 (Koreans)

Age, sex, family history of colorectal cancer, smoking, BMI, serum
levels of fasting glucose, low-density lipoprotein cholesterol, and
carcinoembryonic antigen|Samsung Colorectal Screening (SCS)
risk model ***

0.68 (0.67–0.69) 0.35 *

Yen 2014 [56] Asians, aged ≥ 40 years
2001–2007 (KCIS, Taiwanese)

Sex, FHbC result, family history of colorectal cancer, type 2
diabetes, hypertension, alcohol drinking, smoking, BMI,
triglyceride level, total cholesterol|not reported

0.63 (0.62–0.65) c,+

0.86 (0.85–0.87) c,++ Not reported

Cohort abbreviations: HPFS, Health Professional Follow-Up Study; NHS, Nurses’ Health Study; AARP, asymptomatic average-risk population; KHSH, Kangbuk Samsung Health
Study; JPHC, Japan Public Health Center-based prospective study; PHC, public health center-based areas; VACS, Veterans Affairs Cooperative Study; NCSP, National Cancer
Screening Programme; COCOS Study, Colonoscopy or Colonography for Screening Study; NHIC, National Health Insurance Corporation; BCSS, Bowel Cancer Screening Programme;
UCC-SMART, Utrecht Cardiovascular Cohort—Second Manifestations; DCCSD, Danish Colorectal Cancer Screening Database; DCCG, Danish Colorectal Cancer Group Database;
CANTOS, Canakinumab Anti-Inflammatory Thrombosis Outcomes Study; ACNR, Advanced colorectal neoplasia risk; KCIS, Keelung community-based integrated screening; BMC,
Boston Medical Center; NCC, National Cancer Center in Tokyo, Japan; CCSC, Colon Cancer Screening Centre; NCSP, National Colonoscopy Screening Program. Features and model
abbreviations: FIT, fecal immunochemical test; FOBT, Faecal Occult Blood Test; FHbC, fecal hemoglobin concentration; BMI, body mass index; + conventional risk model only;
++ conventional risk in combination with a test/laboratory findings; APCS, Asia–Pacific Colorectal Screening risk model; KCS, Korean Colorectal Screening risk model; YCS, Young
Colorectal Screening; *** SCS c-statistics was found superior to the APCS and KCS risk models; NCI, National Cancer Institute; QM, QCancer-10 model for men; QF, QCancer-10 model for
female. Outcome measures: CRC, colorectal cancer; AN, advanced neoplasia; 1 advanced neoplasms diagnosis at colonoscopy; 2 CRC diagnosis at colonoscopy; 3 risk of AN at 5 years;
4 high-risk adenomas; 5 cumulative risk of colon cancer up to 70 years. Statistical terms: CI, confidence interval; PHL, Hosmer–Lemeshow goodness-of-fit test; * p-value higher than 0.05
indicating adequate calibration; a observed/expected ratio or calibration slope; b development or derivation dataset; c external validation dataset; d the expected-to-observed ratios of
the event of interest and competing event; §, model updating.
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3.4. Clustering Analysis among Risk Prediction Models

The hierarchical clustering analysis of 44 risk models generated five distinct clus-
ters and 16 nodes based on five variable domains, namely (1) sociodemographic factors
(e.g., age, gender, and race), (2) behavioral/dietary factors (e.g., smoking habits, alcohol
use, physical activities, and meat intake), (3) clinical factors (e.g., NSAID/aspirin use, BMI,
diabetes, and hypertension), (4) patient/family history (e.g., family history of history and
indication screening or surveillance), (5) test/laboratory results (e.g., FHbC and FIT), and
(6) biomarkers (e.g., carcinoembryonic antigen and C-reactive protein) (Figure 4).
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Figure 4. Hierarchical clustering of 44 risk prediction models (n = 41 studies) based on five vari-
able domains.

Each slice of the chart represents one risk prediction model. The sectors in each
study indicate what types of domains were included in each model, along with their
corresponding proportions. The blue branches starting from the center of the chart show
how the tools were divided based on the similarity of their domain profiles. For instance,
the second cluster (sub-node #3), which consists of four models, exhibited strikingly
similar characteristics. The majority of the predictors used sociodemographic factors
and were combined with test/laboratory findings. Specifically, the FIT test results served
as predictors of CRC or AN. Meanwhile, the third and fourth clusters demonstrate high
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heterogeneity. Specifically, within the 7th and 13th node, the risk prediction models
integrate at least four domains, namely sociodemographic factors, behavioral factors,
clinical factors and test/laboratory findings, and biomarkers.

3.5. Risk Predictors for Asian Populations

The newly developed risk prediction models between 2011 and 2021 predominantly
originated from Asian countries (n = 19), including China [37,46,68,74], Korea [47,48,50,51,61,62,
66,70,72], Japan [59,65], Thailand [57], Hong Kong [45,49], and Taiwan [56]. Among these novel
risk prediction models based on Asian populations, the most common predictors were age
(n = 19), smoking history (n = 17), sex (n = 15), BMI (n = 14), family history of CRC (n = 14),
alcohol intake (n = 8), and diabetes mellitus (n = 6) [37,45–51,56,57,59,61,62,65,66,68,70,72,74,80].

3.6. Risk Predictors for Caucasian Populations

Several studies reported different models, published between 2014 and 2022, based
on Caucasian cohorts from the United States [52,53,67,76], Canada [40], the United King-
dom [71], Germany [55], Denmark [41], and the Netherlands [39]. Among these models,
the most common predictors were age (n = 11), sex (n = 10), smoking history (n = 8),
alcohol intake (n = 6), and family history of CRC (n = 6) [39–42,44,52,53,55,67,71,76]. On
the other hand, predictors that were less common included BMI (n = 2) [40,67], NSAID use
(n = 3), physical activity (n = 3) [39,52,55], red meat consumption (n = 2) [52,55], and height
(n = 1) [76].

3.7. Risk Predictors for Multi-Ethnic or Ethnic Minority Populations

Eight studies reported models that were derived from multi-ethnic groups, including
Black, Hispanic or Latino, Asian, Afro Caribbean, Lebanese, and Afro American from
Poland [69], Spain [73,75], the United States [36,54,63,64], and Lebanon [58]. Among these
models, the most common predictors were age (n = 7), sex (n = 6), smoking history (n= 5),
and BMI (n = 5) [36,54,58,63,64,69,75]. Additionally, ethnicity (n = 2) [36,54], height (n = 1),
and alcohol intake (n = 1) [54] were also identified as significant predictors of CRC or AN.
To note, weekly physical activity, the use of aspirin or NSAIDs, and vegetable consumption
emerged as distinctive protective predictors that were exclusively reported in a model
derived from the cohorts of veterans in the United States [63].

3.8. Performance of Risk Prediction Models for CRC

All included studies, except for that of Jung et al. (2018) and Briggs et al. (2023),
reported AUC values to assess the discriminatory accuracy of the models (Table 3). Among
the 44 included models, 23 conventional risk models [37,40,42,44–46,48–51,54,58–61,63–
65,67–70,72,74,75] and 10 composite models [39,41,47,56,57,62,71,75,76,80] reported AUC
values with a 95% confidence interval (CI), as presented in Figure 5. Meanwhile, the
model calibration was assessed in two different metrics: using the expected-to-observed
(E/O) ratios, which were only demonstrated in nine of the studies; or by employing the
Hosmer–Lemeshow (HL) goodness-of-fit test, as was the case in 12 out of 41 studies.
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Figure 5. Model performance of (A) conventional [37,40,42,44–46,48,50,51,54,55,58–60,63,65,68–70,72,
74,75,78] and (B) composite risk models for colorectal cancer with 95% confidence interval (CI) [41,42,
44,47,56,57,62,71,75,76].

3.8.1. Performance of the (Modified) APCS Risk Score

The APCS score, through various modifications, exhibited an enhanced
performance [45,46,49,66,70]. Initially, the score had an AUC of 0.64 (95% CI: 0.57–0.71) with
good calibration (HL goodness-of-fit p-value (PHL) = 0.49) [45]. However, when externally
validated with a Korean cohort, it demonstrated a lower AUC of 0.62 compared with the
original study and without calibration details [66]. In contrast, the modified APCS score
of Sung et al. showed a slight AUC improvement to 0.65 (95% CI: 0.61–0.69), with good
calibration (PHL = 0.57) [49] (Figure 5A). In another external validation study by He et al.,
the addition of BMI, diabetes, and alcohol consumption led to an AUC of 0.69 (95% CI:
0.65–0.73) and a good calibration (PHL = 0.87) [46]. This modified version, combined with
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FIT results, achieved an NPV of 98%, marking an advancement over just FIT (NPV of 97%)
or the APCS score alone (NPV of 97.9%) [46].

3.8.2. Performance of the Kaminski’s Risk Score

Kaminski’s risk scores, originally based on multi-ethnic groups from Poland, had an
AUC of 0.62 (95% CI: 0.60–0.64) [60,69]. This model showed good calibration, with a test
dataset PHL of 0.74 and a validation dataset PHL of 0.16, along with an E/O ratio of 1.00
(95% CI: 0.95–1.06) [69]. Subsequently, when externally validated on a large Canadian
cohort, the AUC slightly increased to 0.64 (95% CI: 0.61–0.67). The PPV of the model was
found to be 5.88%, indicating a limited ability to accurately identify high-risk individuals
for CRC. In contrast, its NPV was 93.16%, thus effectively classifying those without CRC as
low risk [60] (Supplementary Materials Supplementary S4).

3.8.3. Performance of Models Based on Asian Populations

Deng et al. (2023), who focused on a Chinese population, reported the highest AUC
of 0.78 (95% CI: 0.74–0.83) [48] (Figure 5A). This high value was attributed to the inclusion
of lifestyle and dietary factors, clinical symptoms, and medical and family history in their
prediction model, which could be closely linked to the occurrence of CRC. Other models from
Chen et al. and Cai et al., also based on Chinese cohorts, achieved AUCs of 0.75 (95% CI:
0.70–0.82) and 0.74 (95% CI: 0.70–0.78), respectively [37,68]. Models from Hong et al., Ma et al.,
and Shin et al. exhibited AUCs ranging between 0.70 and 0.71 [48,51,65]. Sekiguchi et al.’s
model, which is a Japanese cohort-based model, displayed a better performance (AUC = 0.71
(95% CI: 0.67–0.73) compared with the APCS score (AUC = 0.68; 95% CI: 0.65–0.71) [59]. On
the other hand, the KCS score only exhibited modest discriminatory accuracy, with an AUC of
0.68 (95% CI: 0.61–0.75) [70], but suggested good calibration from both datasets: the derivation
dataset (PHL = 0.81) and the validation dataset (PHL = 0.48) (Table 3).

For composite models, the model developed by Park et al. had the highest reported
AUC of 0.90 (95% CI: 86–0.93), indicating an almost excellent discriminatory accuracy [62]
(Figure 5B). Similarly, the model developed by Yen et al. (2014), based on Taiwanese
populations, also demonstrated a high discriminatory accuracy of 0.86 (95% CI: 0.85–0.87).
It is worth noting that both models incorporated FHbC results, and the one by Yen et al.
also included a triglyceride-level predictor.

3.8.4. Performance of Models Based on Caucasian Populations

Of 15 models based on Caucasian populations, the model developed by Imperiale et al.
in 2021 had the highest AUC (0.78) and exhibited good calibration for both the derivation
(PHL = 0.37) and validation (PHL = 0.69) datasets [52]. Other notable models include Stegeman
et al. (AUC = 0.76) [39], Imperiale et al. (2015) (AUC = 0.72, 95% CI: not reported) [53], and
Tao et al. (AUC= 0.71, 95% CI: 0.67–0.75) [55] (Figure 5A). Only Imperiale et al. (2015) reported
the model calibration (PHL = 0.42). The model by Cao et al. had the lowest AUC of 0.57 (95%
CI was not reported) but exhibited good calibration (PHL of 0.48) (Table 3). Interestingly, the
NCI-CRC tool evaluated risks of CRC at 5, 10, and 20 years for the veteran cohort, showing
a declining AUC over time (0.60 to 0.58) [63]. However, the study did not report model
calibration, which limits the validity of the prediction model.

For the composite risk models based on Caucasians, the model by Cooper et al. achieved
the highest AUC (0.86, 95% CI: 0.85–0.87) by integrating the FOBT results, along with con-
ventional risk predictors, but lacked model calibration. In contrast, only the model derived
by van ‘t Klooster exhibited modest discriminatory accuracy, with an AUC of 0.64 (95% CI:
0.58–0.70), and it displayed good calibration (PHL = 0.85) [76] (Table 3 and Figure 5B).

3.8.5. Performance of Models Based on Multi-Ethnic or Ethnic Minority Populations

Five out of seven models derived from multi-ethnic groups used conventional risk
predictors to estimate the risk of CRC or ACN [36,54,58,63,64]. Sharara et al.’s model
showed the highest accuracy (AUC = 0.73) [58], while the other five models had moderate
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discriminatory accuracy (AUCs between 0.60 and 0.69) [36,54,58,63,64]. Additionally, four
conventional risk models demonstrated good calibration, either using the PHL (n = 2) [54,58]
or the E/O ratios (n = 2) [36,69].

3.9. Generalizability, Clinical Utility, and Usability of the Models
3.9.1. Generalizability

When examining generalizability, we observed that most of the included studies
lacked model validation in an independent cohort (n = 27), while others excluded relevant
individuals eligible for CRC screening (n = 14) (Table 4). Moreover, among the development
studies that only conducted internal validation, only nine performed either bootstrapping
or 10-fold cross-validation, while 12 employed a random split-sampling approach, and
four had unclear information regarding the internal validation approach.

Table 4. Summary of evidence of the model’s performance, validity, and potential clinical utility.

Reported Metrics
Out of 41
Studies

n (%)
References

AUCs reported 39 (95.1) [36–42,44–60,62–76]
Expected/observed ratios 9 (21.9) [36,38,41,48,65,67,69,71,76]
Sensitivity 16 (39.0) [37,39,40,43,46,50,51,60,61,66,68,70–72,74,75]
Specificity 15 (36.6) [37,39,40,43,50,51,60,61,66,68,70–72,74,75]
Net reclassification improvement 3 (7.3) [39,54,67]
Negative predictive value 6 (14.6) [40,46,51,60,68,75]
Positive predictive value 6 (14.6) [40,51,60,68,71,75]
Number needed to screen for CRC or number
needed to refer for colonoscopy 5 (12.2) [37,49,55,68,72]

Appropriate handling of continuous variables 18 (43.9) [36,38,40,42–44,48,51,53,58,62–64,67,69,71,75,76]
Risk threshold determination 27 (65.8) [37,39–42,44–47,49–55,59,60,62–66,69–73,75]

� Risk threshold arbitrarily 14/27 (51.8) [37,42,45–47,50,53,55,61,62,66,70,73,75]

External validation studies 13 (31.7) [37,41,46,48,49,56,60,63,65–67,74,76]
Clinical usable models 26 (63.4) [38,40–42,44–47,49,53–55,57,60,62–68,70,71,73,75,76]

� Simple risk score/risk assessment tool 8 (19.5) [38,45,46,49,63,65–67]

Potential clinical utility
⊕⊕⊕⊕ 5 (12.2) [39,40,60,71,76]
⊕⊕⊕ 9 (21.9) [37,41,43,44,48,51,54,66,75]
⊕⊕ 18 (43.9) [38,42,46,47,49,52,53,55,59,63,65,67–70,72–74]
⊕ 9 (21.9) [36,45,50,56–58,61,62,64]

⊕⊕⊕⊕, High potential: interpretable performance metrics, risk estimates, decision curves/net benefits, and
(multiple) plausible risk thresholds were reported. Appropriate handling of continuous predictors and risk
threshold determinations were observed. ⊕⊕⊕, Some concerns: minor issues exist in terms of performance
metrics reporting or risk threshold determination, including few (≤2) missing performance metrics and use of
arbitrary risk thresholds, respectively. ⊕⊕, Low potential: limited potential for clinical utility due to inappropriate
handling of continuous predictors, unclear model calibration, risk threshold determination, sensitivity, specific,
and other estimates demonstrating clinical utility. ⊕, Very low potential: very minimal information provided,
making it hard to assess any meaningful clinical utility.

We further identified the most common pitfalls related to model development and
validation that could potentially influence the generalizability. Notably, several studies
failed to report calibration using E/O ratios and goodness-of-fit (PHL) measurements and
did not include calibration plots to check for alignment of predictions in actual CRC or AN
outcome. This lack of reporting hinders our comprehension of the model stability and the
distribution of risk estimates among all individuals in a dataset. Other concerns included
the use of split-sample techniques for internal validation, reliance on univariate analysis for
risk predictor selection, a lack of reporting on the net reclassification index, and improper
handling of continuous variables like age and BMI without a sufficient basis (Table 5).
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Table 5. Evidence matrix for evaluating the potential clinical utility of the model.

Study ID Sample Size (n) Prevalence of ACN
(%)

Expected/Observed
Ratio

Reported

Model’s
Sensitivity Reported

Model’s
SpecificityReported

Appropriate Handling of
Continuous Predictors †

Risk Threshold
Determination

Other Estimates Demonstrating
Clinical Utility

Reported

Potential
Clinical Utility

DC (n) VC (n)

Asia–Pacific Cancer Screening (APCS) risk prediction model ***

Yeoh 2011 [45] ++ 860 1892 4.5 1

3.0 2 No No No No Arbitrarily determined No ⊕

Sung 2018 [49] +++ 3829 1915 5.4 1

6.0 2 No No No No Prevalence as threshold Yes ⊕⊕

He 2019 [46] +++ 995 1201 4.1 1

3.7 2
No Yes No No Arbitrarily determined Yes ⊕⊕

Luu 2021 [66] +++ 12,520 - 2.5 No Yes Yes No Arbitrarily determined Yes ⊕⊕⊕
Kaminski’s risk prediction model
Kaminski 2013 [69] ++ 17,979 17,939 7.1 Yes No No Yes Prevalence as threshold No ⊕⊕
Ruco 2015 [60] +++ - 5137 6.8 No Yes Range Yes Range No Prevalence as threshold Yes ⊕⊕⊕⊕
Other risk prediction model with external validation
Cai 2012 [37] +++ 5229 2312 6.4 No Yes Yes No Arbitrarily determined Yes ⊕⊕⊕
Deng 2023 [74] +++ 1087 397 NA No Yes Yes No Unclear Yes ⊕⊕
Liu 2018 [67] +++ 103,249 - 1.12 Yes No No Yes Unclear Yes ⊕⊕

Ma 2010 [65] +++ 28,115 18,256 1.9 1

2.2 2 Yes No No No Based on absolute risk No ⊕⊕

Musselwhite 2019 [63] +++ 3121 - 11.0 No No No Yes Based on absolute risk No ⊕⊕
Shin 2014 [48] +++ 1,326,058 963,749 0.69 Yes No No Yes Not reported No ⊕⊕⊕
Thomsen 2022 [41] +++ 34,929 21,530 5.9 Yes No No No Prevalence of FIT positive as threshold No ⊕⊕⊕
van ’t Klooster 2020 [76] +++ 7280 9322 2.5 Yes No No Yes NA Yes ⊕⊕⊕⊕
Yen 2014 +++ 54,921 Unclear - No No No No Not reported No ⊕
De novo models without external validation
Arnau-Collell 2022 [75] ++ 2893 - NA No Yes Yes Yes Arbitrarily determined No ⊕⊕
Auge [73] ++ 3109 - 9.5 No No No No Arbitrarily determined Yes ⊕⊕
Brand 2017 [36] ++ 9934 10,034 40 • Yes No No Yes Not reported No ⊕
Briggs 2022 [43] ++ 30,000 280,664 1.5 No Yes Yes Yes Utility-based risk threshold Yes ⊕⊕⊕⊕

Cao 2015 [38] ++ 17,970 W

4881 M § 3.8 W

6.7 M Yes No No Yes Unclear No ⊕⊕

Chen 2014 [68] ++ 905 § 5.3 No Yes Yes No Unclear Yes ⊕⊕
Cooper 2020 [71] ++ 292,059 § 5.41 Yes Yes Yes Yes Threshold minimizing misclassification Yes ⊕⊕⊕⊕
Hong 2017 [51] ++ 24,725 24,725 2.3 No Yes Yes Yes Prevalence as threshold Yes ⊕⊕⊕
Hyun Kim 2015 [70] ++ 2152 1316 4.4 No Yes Yes No Arbitrarily determined No ⊕⊕
Imperiale 2015 [53] ++ 2993 1467 9.4 No No No Yes Arbitrarily determined No ⊕⊕
Imperiale 2021 [52] ++ 3025 1475 9.1 No No No No Prevalence as threshold No ⊕⊕
Jung 2017 [72] ++ 57,635 38,600 1.3 No Yes Yes No Based on Youden index Yes ⊕⊕
Jung 2018 [61] + 11,873 FIT- - 2.1 No Yes Yes No Arbitrarily determined No ⊕
Kim 2019 [50] ++ 41,702 17,873 0.9 No Yes Yes No Arbitrarily determined No ⊕

Meester 2022 [42] ++ 266,881 11,903 1.2 AN

0.2 CRC Yes No No Yes Prevalence as threshold Yes ⊕⊕⊕

Müdler 2023 [44] ++ 219,258 192,793 1.7 No No No Yes Prevalence as threshold Yes ⊕⊕⊕
Murchie 2017 [64] ++ 5063 § 5.7 No No No Yes Unclear No ⊕
Park 2019 [62] ++ 3733 - 9.8 No No No Yes Arbitrarily determined No ⊕
Schroy III 2015 [54] ++ 3543 § 5.7 No No No No Based on predicted probability Yes ⊕⊕⊕
Sekiguchi 2018 [59] ++ 5218 § 4.3 No No No No Threshold minimizing misclassification No ⊕⊕
Sharara 2020 [58] ++ 980 § 5.10 No No No Yes Not reported No ⊕
Soonklang 2021 [57] ++ 1311 § 4.04 No No No No Not reported No ⊕
Stegeman 2014 [39] ++ 1121 - 9.1 No Yes Yes No Utility-based risk threshold determination Yes ⊕⊕⊕⊕
Sutherland 2021 [40] ++ 3035 § 7.53 No Yes Yes Yes Based on predicted probabilities. Yes ⊕⊕⊕⊕
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Table 5. Cont.

Study ID Sample Size (n) Prevalence of ACN
(%)

Expected/Observed
Ratio

Reported

Model’s
Sensitivity Reported

Model’s
SpecificityReported

Appropriate Handling of
Continuous Predictors †

Risk Threshold
Determination

Other Estimates Demonstrating
Clinical Utility

Reported

Potential
Clinical Utility

DC (n) VC (n)

Tao 2014 [55] ++ 7891 3519 9.9 No No No No Arbitrarily determined Yes ⊕⊕
Yang 2016 [47] ++ 49,130 21,052 1.4 No No No No Arbitrarily determined No ⊕⊕

+ Development study; ++ development study with internal validation; +++ (with) external validation study; † in the context of individualized risk prediction model; • refers to
the prevalence of any colorectal adenoma that is histologically confirmed; 1, derivation cohort; 2, internal validation cohort; M, Men; W, Women; FIT, fecal immunochemical test;
AN, Advanced Neoplasia; CRC, Colorectal cancer; § is used 10-fold cross-validation or bootstrapping method; Range, present range of scenarios across scores (with different sensitivity and
specificity/multiple plausible threshold); *** existing effectiveness studies of the APCS risk scoring-system combined with FIT results have been reported by Aniwan et al. (2015) and
Chiu et al. (2016). ⊕⊕⊕⊕, High potential: interpretable performance metrics, risk estimates, and (multiple) plausible risk thresholds were reported. Appropriate handling of continuous
predictors and risk threshold determinations were observed. ⊕⊕⊕, Some concerns: minor issues exist in terms of performance metrics reporting or risk threshold determination,
including few (≤2) missing performance metrics, and use of arbitrary risk thresholds, respectively. ⊕⊕, Low potential: limited potential for clinical utility due to inappropriate handling
of continuous predictors, unclear model calibration, risk threshold determination, sensitivity, specific, and other estimates demonstrating clinical utility. ⊕, Very low potential: very
minimal information provided, making it hard to assess any meaningful clinical utility.
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3.9.2. Potential Clinical Utility

Our findings revealed that 22 studies failed to report and discuss the NPV, PPV,
NNS, NNR, NRI, and net benefit or decision curve (see Table 2 for the definitions of these
metrics). Fifteen studies adopted arbitrary cutoffs for risk threshold determination, and
ten did not propose plausible risk thresholds (Table 5). Furthermore, only a few studies
reported the sensitivity (recall or true positive rate; n = 16) and specificity (true negative rate;
n = 15) (Table 4). Of note, only five studies demonstrated high potential clinical utility
for their models. These studies not only reported model performance but also employed
appropriate risk threshold determination, exhibited clinical usefulness to aid in decision
making, discussed standard metrics understandable to clinicians (e.g., PPV and NPV),
and reported incremental measures such as the NRI. Specifically, Sutherland et al. (2021)
reported the model performance, presented multiple plausible risk thresholds based on
predicted probabilities, and reported the missed rate for high-risk adenomas (HRAs) of
5% risk threshold [40]. They demonstrated the clinical utility of their model by aiming
at identifying individuals with HRAs during a primary screening colonoscopy. They
used multiple factors, such as age, sex, and BMI, to develop this model, which achieved
an optimism-adjusted AUC of 67%. The practical application of the model was further
highlighted when they indicated that, by adopting a 5% risk threshold, the model could
potentially eliminate the need for an immediate colonoscopy in about a third of the tested
individuals. Even with a 13% miss rate for HRAs at this threshold, these could still be
detected through subsequent FIT screenings and suggested that the model could aid
clinicians in prioritizing individuals for screening colonoscopy.

Furthermore, among these five studies, only one discussed the net benefit of the model,
a critical metric enabling clinicians to balance the advantages of true positives against the
disadvantages of false positives for a given threshold of risks. This net benefit was demon-
strated by Briggs et al. (2023), who presented and discussed a decision curve analysis [43].
They assessed the clinical utility of the model (QCancer-10 model + polygenetic risk score
(PRS)) by proposing a scenario in which one colonoscopy at the onset of an eight-year span
detects all colorectal anomalies. Using a net benefit formula that factors in true positives,
false positives, and risk thresholds, the findings were visualized with decision curves. Their
finding showed that a small incremental improvement in net benefit with QCancer-10 plus
polygenic risk score models compared with QCancer-10 alone was observed, implying that
integrating the PRS with the QCancer-10 model has a modest enhancement in the overall
benefit of predictive CRC risk when compared to using only the QCancer-10 model [43].

3.9.3. Clinical Usability

In terms of clinical usability, only eight studies reported the use of a simple risk score or
assessment tool to estimate the risk of CRC [38,45,46,49,63,65–67]. Meanwhile, 13 studies re-
ported a clear risk threshold that only used less than four tiers to facilitate risk-stratification
of individuals [40,41,47,50,51,53,54,57,60,62,68,70,71] (Supplementary Materials Figure S1).

4. Discussion
4.1. Summary Findings

Previous systematic reviews have evaluated risk prediction models for CRC or AN,
including a head-to-head comparison and a meta-analysis of the model performance of
risk scores based on cohorts of average risk or asymptomatic populations undergoing
colonoscopy [8,23]. These reviews indicated that risk scores exhibited moderate discrimina-
tory accuracy and suggested integrating advanced features, like novel laboratory findings
or polygenetic risk scores, to enhance risk score performance.

This review included a comprehensive synthesis and appraisal of 41 studies
(44 models), including 26 original conventional models and 12 composite models. Of these,
12 conventional and 4 composite models underwent both internal and external validations,
while 21 de novo models were limited to internally validation and four did not undergo any
form of validation. All models reported varying discriminatory accuracy, with AUCs ranging
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from 0.57 (conventional model) to 0.90 (composite model). However, all except the study of
van ‘t Klooster et al. exhibited an overall unclear or high risk of bias, and 12 raised concerns
about applicability [76]. Pronounced biases included the exclusion of relevant participants,
lack of blinding, improper statistical methods, and small sample sizes.

Among the five models that demonstrated high potential for clinical utility (⊕⊕⊕⊕),
only three underwent external validation, including one conventional model and two
composite models. Both models demonstrated modest discriminatory accuracy and good
calibration. However, only one model has shown high potential for clinical utility with an
overall low risk of bias, albeit with limited generalizability since it exclusively considered
individuals with a well-established cardiovascular disease. Of note, only one of these
studies elaborated on the net benefit of the model [43]. The authors introduced a scenario
leveraging the QCancer-10 model combined with a polygenetic risk score (PRS) and show-
cased an incremental improvement when integrating a PRS, enhancing the overall benefit
of the model for predictive CRC risk assessment. Nonetheless, the study by Sutherland et al.
(2021) also well demonstrated the clinical utility of their model. They comprehensively
elaborated on the presented performance of the model, as well as its capacity to inform and
refine clinical decision making, such as reducing immediate procedural needs for screening
colonoscopy [40]. They also presented a scenario based on a given risk threshold and
emphasized complementary approaches like FIT screenings to address the missed rate
of HRAs.

In terms of clinical usability, the APCS scores, validated externally in four separate
studies, raised concerns about their potential clinical utility. Nevertheless, they demon-
strated clinical usability through a simple risk score and received recent recommendations
for adoption from the Asia–Pacific Working Group. Our study highlights the need for
further external validation, unbiased approaches to model development and validation,
and enhanced reporting of the potential clinical utility and usability of the model.

We further explored the characteristics of the externally validated models with high
potential for clinical utility. These models include two composite models developed and
externally validated by Thomsen et al. (2022) and van ‘t Klooster et al. (2020), and Kamin-
ski’s risk score, a conventional model, which was externally validated by Ruco et al. (2015).
One of the highlighted models was the risk prediction model developed by Thomsen et al.,
which not only showed promise for clinical utility but also demonstrated high discrimina-
tory accuracy, good calibration, and high clinical usability [41]. Interestingly, their model
involved only a combination of a FIT test result and sociodemographic factors— age and
sex. This is because their study focused on developing a prediction model for risk-stratified
screening, specifically for the purpose of selecting participants for diagnostic colonoscopy
after FIT-based CRC screening. The proposed predictive models effectively estimated the
risk of CRC or ACN by using age, gender, and fecal hemoglobin levels, which are readily
available in all FIT-based screening protocols [41]. Conversely, van ‘t Klooster’s model
exhibited modest discriminatory accuracy and good calibration. However, its generaliz-
ability was limited due to its exclusive focus on predicting the risk of CRC among patients
with cardiovascular disease. Furthermore, Kaminski’s validated model displayed high
potential for clinical utility and generalizability [60]; however, its complex risk stratification
approach posed challenges, thus limiting the model’s usability. More precisely, despite
successfully establishing risk cutoff points, it demonstrated complexity due to risk strat-
ification involving up to eight tiers, which may pose difficulties in decision making for
clinicians and individuals considering a screening colonoscopy.

Several models have also been externally validated but exhibited limited clinical utility
due to a lack of guidance on their practical implementation in clinical settings. Specifically,
the studies conducted by Cai et al. (2012) [37], Shin et al. (2014) [48], Sekiguchi et al.
(2018) [59], Sharara et al. (2020) [58], Wei et al. (2017) [78], and Yen et al. (2014) [56]
revealed limited clinical utility despite their noteworthy discriminatory accuracy. This
is attributed to instances where these studies presented risk stratification methodologies
without well-defined cutoffs or did not report plausible risk stratification approaches.
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4.2. Common Pitfalls of CRC Risk Prediction Models

Our review findings revealed that several risk models, including both conventional
and composite models, demonstrated modest-to-high discriminatory accuracy and good
calibration. However, less than half of these models exhibited clinical usability, and their
generalizability was limited. These limitations stemmed from various pitfalls in developing,
validating, and reporting risk prediction models, which were identified when assessing the
risk of bias, clinical usability, potential clinical utility, and generalizability of the models:

• Exclusion of relevant populations: Key populations, such as those with diabetes or
cardiovascular diseases, were often excluded. Excluding participants with a family
history of CRC is particularly concerning given its established role as a significant
risk factor.

• Non-accounting for competing risk/censoring: Failure to account for competing
risks or censoring events (e.g., deaths or withdrawals) can distort risk estimates,
compromising model accuracy and reliability.

• Non-blinding of predictor and outcome assessors: In certain studies, assessors lacked
blinding, potentially introducing bias, as they might unconsciously favor certain
predictors or outcomes, thus affecting model development and evaluation.

• Reliance on univariate analysis for risk predictor selection: In studies that exclusively
relied on univariate analysis for predictor selection, a potential drawback emerged
wherein significant predictors might be inadvertently omitted from consideration. This
risk stems from the failure to account for confounding bias, as a univariate analysis
examines predictors in isolation, neglecting potential interactions with other variables.
Consequently, influential predictors could be excluded from the analysis due to the
presence of these confounding pathways.

• Use of split-sample techniques in conducting model validation in most studies: The
limitations of the split-sampling method include sensitivity to data split, limited
training data, sampling variability, assumption of constant data distribution, and the
potential for overfitting or underfitting. These issues were less pronounced in alterna-
tive methods like bootstrapping or 10-fold cross-validation, which were employed by
only nine studies included in this review.

• Lack of information regarding the model’s stability: Most studies did not report E/O
ratios and calibration plots, thus hindering our understanding of the model’s stability
across different scenarios and the distribution of risk estimates among all individuals
in a dataset.

• Unclear cutoffs or the use of arbitrary risk threshold determination: Inappropriate
determination of risk thresholds, characterized by unclear cutoffs or arbitrary choices,
can undermine the clinical utility of the models. These issues may also lead to mis-
classification of risk, reduced sensitivity or specificity, lack of standardization, and
difficulties in patient communication.

• Low sample size when conducting external validation and lack of external validation
of most models. Numerous risk models developed to estimate CRC exist, but less than
half of these new models have been externally validated and rarely had demonstrated
potential clinical utility. Moreover, several included models in this review often
suffer from small sample sizes during external validations. Furthermore, many of
the models examined in this review frequently encountered the issue of insufficient
sample sizes, especially when undergoing external validation. Small sample sizes can
result in imprecise estimates of a model’s performance metrics, such as calibration,
discrimination, and clinical utility [81].

• Inefficient handling of continuous variables: Some studies demonstrated poor han-
dling of continuous variables like age and BMI without proper justification, which was
observed in most of the included studies. Research has demonstrated that categorizing
continuous predictors results in models that exhibit poor predictive performance and
limited clinical utility. The act of categorizing continuous predictors is both unneces-
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sary and biologically implausible, proving to be an inefficient practice that should be
avoided in the development of risk models [30].

• Non-reporting of net benefits or decision curves. None of the studies demonstrated
clinical scenarios or decision nodes, such as net benefits and decision curves, associated
with risk categories or multiple plausible thresholds.

These observations underscore the need for more rigorous and unbiased approaches
when developing and validating CRC risk prediction models, as well as the importance of
standardized reporting that accounts not only for the model performance but also for their
clinical usability, clinical utility, and generalizability of the model.

4.3. Recommendation and Implications for Research

We make propositions for model development, validation, and enhanced reporting
with regard to potential clinical utility and usability of the risk model.

Proposition 1. The exclusion of individuals with a family history of CRC during the development
of risk prediction models warrants careful consideration, given its well-established status as a risk
factor for CRC [82]. Clear reasons for such exclusion and transparency during consent are essential.
Therefore, it is imperative to ensure that these individuals are not only informed about their exclusion
but also guided towards appropriate screening and preventive measures that are in line with current
guidelines. Additionally, excluding those with comorbidities can introduce selection bias, potentially
limiting the generalizability of study findings. Moreover, prediction models should accurately handle
competing events, using methods that prevent bias in risk predictions, as this might go unnoticed in
external validations [83].

Proposition 2. The following recommendations for determining risk thresholds to enhance the
clinical utility of risk prediction models are firmly grounded in the principles of PROGRESS
(Prognosis Research Strategy) 4 [15,84] and were supported by the research of Wynants et al. in
2019 [30]. In accordance with this guideline, the emphasis lies in aligning risk thresholds with the
clinical implications of risk stratification, striving for levels of risk considered acceptable within
the specific clinical context [84]. Furthermore, the recommendation is to present multiple plausible
risk thresholds to cater to diverse clinical scenarios, thereby enhancing the overall utility of the
model [30]. These guidelines emphasize that plausible risk thresholds should be based on clinical
or theoretical grounds rather than just metrics like Youden’s index, which might be insufficient
in clinical settings. It is important to consider factors like intervention costs and the relevance
of colonoscopy, especially with well-calibrated models. For models not perfectly calibrated, it is
recommended to consider the population prevalence of colorectal cancer, as well as the sensitivity
and specificity of the model, when determining risk thresholds [30,84].

Proposition 3. To address the issue on low sample sizes and determine the minimum sample size
required for a new external validation study, the proposed calculations consider certain factors,
including the desired level of precision (confidence interval width), the expected event proportion
in the validation population, the expected (mis)calibration of the model, the variance of predictor
values, and potential risk thresholds for clinical decision making [81].

In studies where models or risk scores with high clinical usability were identified, we
underscored a common approach characterized by the development of a simple risk scoring
system. As an exemplar of this approach, the (modified) APCS scores have demonstrated
high clinical usability due to their simple risk scoring system, which makes it easy to
implement them in practice and effectively stratify individuals into risk categories for CRC
screening in the Asia–Pacific region [11,45,49]. Specifically, the model was presented using
a risk score ranging from 0 to 7 points, stratifying patients into three risk tiers: scores 0 to 1
were categorized as low risk (LR), scores 2 to 3 as moderate risk (MR), and scores 4 to 7 as
high risk (HR). The risk score was calculated as the sum of individual risk factors, whether
present or absent in an individual. The simplicity of APCS risk score was attributed to its
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methodology of assigning weights to individual variables based on their adjusted odds
ratios (AORs) [45,49]. To achieve this simplicity, the AOR values were halved and then
rounded to the nearest integer, effectively constraining the total risk score for each subject
to remain below 10 [49]. This approach was implemented to streamline the scoring system,
making it more straightforward and practical for clinical application.

Proposition 4. In the context of handling continuous predictors, an alternative approach was
proposed, wherein clinical decisions should be founded upon the estimated risk, rather than cate-
gorizing predictors as dichotomous or categorical variables [30]. If risk groups are desired, these
should be defined based on a predicted outcome of the model instead of inputs that are recommended
by these guidelines. However, our research uncovered a noteworthy study conducted by Liu et al.
(2018), who conducted a comparative analysis between a concise categorized lifestyle exposure-based
colorectal cancer (CRC) risk prediction tool and a model employing continuous measures [67].

It is intriguing that the results indicated that the categorical assessment of predictor
variables did not result in a loss of model performance in the general population. One
possible explanation for the insignificant performance difference between the categorized
lifestyle exposure-based CRC risk prediction tool and the model using continuous measures
could be related to the specific dataset, population, and, most importantly, the risk factor
under investigation. It is possible that the chosen lifestyle exposure variables in their study
naturally lent themselves to categorization or that the population studied had characteristics
that made categorization effective.

Additionally, the modeling techniques and algorithms employed may have con-
tributed to this result. To address these conflicting findings, it is important to consider
the broader context and conduct further research. A comprehensive meta-analysis or
systematic review of existing studies in this domain may help identify patterns and factors
that influence the choice between categorical and continuous predictors. Nevertheless, the
choice between categorical and continuous predictors should be guided by their practical
implication and clinical utility—in this case, in the context of a CRC risk-stratified screening.

Proposition 5. Model stability, as evidenced through calibration plots, is crucial. Consider a
model developed in the US and later used in Belgium. It is essential to verify if the model performs
consistently in the new context. If not, calibration using local data is necessary to adjust its
predictions. Furthermore, as time progresses, models initially designed years prior should be
periodically reviewed and recalibrated if they no longer align with current standards to ensure
ongoing accuracy and relevance.

Proposition 6. Researchers engaged in risk prediction modeling should give precedence to the
decision curve analysis for assessing the clinical utility of their models. This approach comprehen-
sively integrates both the benefits and limitations of the prediction model in comparison with a
default strategy [85]. The decision curves analysis enables us to have a better understanding of
the consequences of the decisions made that are driven by a model or test. This is a perspective
that traditional metrics such as discrimination and calibration often miss. To further learn how to
conduct a decision curve analysis, studies by Vickers et al. (2006 and 2019) on the decision curve
analysis are recommended [85,86]. Additionally, considering the widespread misunderstanding
of and confusion about the decision curve analysis, they further presented a step-by-step didactic
introduction to interpreting a decision curve analysis.

5. Conclusions

In this review, certain risk models for CRC were highlighted that display a promising
performance, clinical utility, clinical usability, and high generalizability. Interestingly, one
model has been adopted in the Asia–Pacific region due to its simple risk scoring system,
particularly when combined with FIT results. Unfortunately, numerous risk models for
CRC still lack external validation and have low potential for clinical utility due to the non-
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reporting of interpretable metrics, inadequate assessment of model stability, inappropriate
statistical approaches, poor handling of continuous predictors, and unclear or improper
determination of risk thresholds. Moreover, a significant gap in the current research
landscape is the absence of a decision curve analysis, a crucial tool to understand the net
benefits and implications of these models compared with a default strategy in actual clinical
settings. It is important to emphasize that a risk model with a moderate performance but
high potential for clinical utility can be more impactful than a high-performing model
lacking real-world relevance. In essence, a real-world application of the model and impact
on patient care define its true value, emphasizing the importance of clinical utility over
mere accuracy.
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