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Abstract

Background Early diagnosis of colorectal cancer (CRC) is critical to increasing survival rates. Computerized risk predic-
tion models hold great promise for identifying individuals at high risk for CRC. In order to utilize such models effectively
in a population-wide screening setting, development and validation should be based on cohorts that are similar to the target
population.

Aim Establish a risk prediction model for CRC diagnosis based on electronic health records (EHR) from subjects eligible
for CRC screening.

Methods A retrospective cohort study utilizing the EHR data of Clalit Health Services (CHS). The study includes CHS
members aged 50-74 who were eligible for CRC screening from January 2013 to January 2019. The model was trained to
predict receiving a CRC diagnosis within 2 years of the index date. Approximately 20,000 EHR demographic and clinical
features were considered.

Results The study includes 2935 subjects with CRC diagnosis, and 1,133,457 subjects without CRC diagnosis. Incidence
values of CRC among subjects in the top 1% risk scores were higher than baseline (2.3% vs 0.3%; lift 8.38; P value <0.001).
Cumulative event probabilities increased with higher model scores. Model-based risk stratification among subjects with a
positive FOBT, identified subjects with more than twice the risk for CRC compared to FOBT alone.

Conclusions We developed an individualized risk prediction model for CRC that can be utilized as a complementary deci-
sion support tool for healthcare providers to precisely identify subjects at high risk for CRC and refer them for confirmatory
testing.
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Introduction

Colorectal cancer (CRC) is the third most common cancer
worldwide [1] and one of the leading causes of cancer-related
mortality in Europe and the United States [2]. Early diagno-
sis of CRC is crucial to enhancing the success of treatment
approaches, increasing the survival rate and improving quality
of life [3]. A number of randomized clinical trials have shown
that screening for CRC is effective in reducing CRC incidence
and related mortality [4, 5]. A recent multinational pragmatic
randomized trial evaluated the 10-year impact of invited
screening colonoscopy and found a significant reduction in
CRC incidence [5]. Although there is evidence that CRC
screening is beneficial, compliance and adherence to CRC
screening remains low [6, 7]. During the past decade, sev-
eral models have been developed for the purpose of CRC risk
assessment and diagnosis. These models utilize various types
of features, including patient demographics, anthropometric
data, lifestyle characteristics, diagnoses, lab results, imaging,
genetics and microbiome data [8—13]. However, these models
have their own limitations. For example, some models were
trained and tested on cohorts that include individuals without
indication for CRC screening such as individuals older than
75 years, individuals with previous diagnosis of CRC, indi-
viduals undergoing workup for CRC diagnosis and individuals
with recent positive screening tests [10, 14]. Furthermore, one
model required the subjects to have a blood sample record
within a few months prior to the diagnosis, and excluded sub-
jects without such records [9]. Other models utilized features
that are not readily available in the EHR such as microbiome,
genetic, lifestyle and diet information, some of which required
active patient participation by filling questionnaires, limiting
their application in a population-wide screening setting [8, 11,
12]. Due to these limitations, it is difficult to predict the perfor-
mance of these tools in a real-life screening setting.

As the purpose of such risk prediction models is to comple-
ment current screening methods, we hypothesize that training
and evaluating such models on a cohort of subjects that closely
resembles the population indicated for screening will enable
a more accurate assessment of performance in a real-world
setting and improve generalizability and utility. The aim of
the current study was to establish an individualized CRC risk
prediction model that complements current screening strate-
gies by harnessing readily available comprehensive EHR data
corresponding to a carefully selected population of subjects
eligible for CRC screening.
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Methods
Setting and Study Population

We conducted a retrospective cohort study utilizing the
Clalit Health Services (CHS) EHR database to develop a
CRC risk prediction model. CHS is the largest integrated
payer-provider healthcare organization in Israel. CHS has
a comprehensive health care data warehouse. Member-
ship turnover within CHS is 1-2% annually, facilitating
long-term follow-up and the ability to capture temporal
trends within the data [15]. This study includes all CHS
members who were 50-74 years old during the study
period. The model was trained and validated on members
who met the study eligibility criteria for CRC screening
(did not undergo colonoscopy in the past 5 years or fecal
occult blood test (FOBT) in the past 2 years) as of four
index dates: January 1, 2013, January 1, 2015, January 1,
2017 and January 1, 2019. To be included in the cohort
for each index date, members were also required to have at
least 1 year of continuous CHS membership prior to that
date. Individuals eligible during several index dates were
included several times. Individuals matching any of the
predefined exclusion criteria were excluded from model
development and validation (Methods supplement 1).

Outcome Definition

Subjects were considered positive for the outcome if they
had a diagnosis of CRC within 4-24 months after the
index date (Methods supplement 1).

Model Inputs and Development

For each participant in the cohort, predictor features were
extracted from the CHS EHR database up to 3 years prior
to the index date. Extracted features included: demo-
graphic information, medical conditions, hospitalizations,
medications, and labs. For each lab value we included the
last recorded value and aggregated metrics.

The model was developed using a training set composed
of the 2013, 2015 and 2017 cohorts and its performance
was evaluated on a validation set composed of the 2019
cohort. The training set was further down-sampled in order
to control for class imbalance. Feature selection was car-
ried out to identify the top 50 features with the highest
impact on the model during training (Methods supplement

D).
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Model Performance Evaluation

Model discrimination was assessed using the area under
the receiver operating curve (AUROC), with further
metrics like sensitivity, specificity, positive predictive
value (PPV) and lift evaluated at specified risk percentile
thresholds. A cumulative incidence analysis over 4 years
was carried out to appraise long-term risk identification
for CRC. Performance measures were also examined for
a subset of individuals who underwent FOBT for each
combination of FOBT result and predicted risk (Methods
supplement 1).

Feature Importance Analysis

Feature importance and feature risk contribution were evalu-
ated using SHAP (SHapley Additive exPlanations) values
[16]. To demonstrate the impact of the last values of specific
lab features and the interaction with their trajectory on CRC
predicted risk, partial dependence plots (PDP) were stratified
by slope and plotted for the lab features deemed important
by the model.

Statistical Analysis

Deviations between the incidence of CRC cases in each
model, score risk percentile and baseline incidence along
with corresponding confidence intervals were calculated
using a two-sided binomial test. The cumulative incidence
curves were compared using the log-rank test. 95% con-
fidence intervals were calculated using the survminer R
package. Death rates and CRC proportions were compared
using the chi-squared test. Python (version 3.8.8) and the
scikit-learn package were used for machine learning mod-
eling [17]. 95% confidence intervals (CIs) for the AUROC
were calculated using the DeLong method [18]. Statistical
analyses were performed using R statistical software (ver-
sion 4.0.2; R Foundation for Statistical Computing, Vienna,
Austria).

Results
Study Participants

The initial cohort included 3,571,164 individuals aged
50-74, out of which 2,157,192 (60.4%) had undergone an
FOBT or a screening colonoscopy within 2 or 5 years prior
to the index date, respectively and therefore were excluded
from the model training and validation cohorts. Two lakhs
sixty-two thousand hundred and seventy (7.3%) individuals
were excluded as they were unlikely to benefit from screen-
ing or at a high risk for complications during an endoscopic

evaluation (Supp. Figure 1). The model training and vali-
dation cohorts following index date-based sub-sampling
included 867,588 subjects, out of which 2,196 (0.3%) were
positive cases, and 268,804 subjects out of which 739 (0.3%)
were positive cases, respectively. Exclusion criteria were
applied to target a cohort most likely to benefit from CRC
screening. Subjects who were included displayed lower all-
cause mortality rates (6.6% vs. 11.7%; P value <0.001) and
a longer median time until death (6.2 years vs. 5.5 years)
among those who did not survive throughout the study
period compared to excluded subjects. Demographic fea-
tures and risk factors for CRC did not demonstrate a sig-
nificant difference between the training and validation sets
(Supp Table 1). Among subjects diagnosed with CRC within
2 years of the index date, the median time until diagnosis
was 413 and 408 days in the training and validation sets,
respectively. The median [interquartile range: IQR] age was
64 [58, 69] and 59 [54, 65] years among those who expe-
rienced an event and those that did not, respectively. Slight
differences were demonstrated in the lab values between the
two groups. Labs corresponding to iron stores demonstrated
a more notable difference, with median iron levels of 71 [52,
94] and 80 [62, 102] and median ferritin levels of 58 [24,
113] and 74 [39, 132] in the group that experienced the event
compared to the rest of the cohort (Table 1).

Model Performance

The model demonstrated an AUROC of 0.672 on the vali-
dation set [95% CI 0.651-0.692]. Incidence values at the
top score percentiles (corresponding to the PPV) were sig-
nificantly higher compared to the baseline incidence, with
an incidence of 2.3% (lift 8.38; P value=9.3e—36), 1.09%
(lift 3.95; P value=4.75e—42), and 0.82% (lift 2.98; P
value =4.5¢—43) at the top 1%, 5% and 10% risk percen-
tile (Table 2). The incidence at the bottom score percentiles
(i.e. bottom 10%) was significantly lower than the baseline
incidence (0.01%; lift=0.392; P value =4.4e—9) (Supp.
Figure 2A). Stratifying model performance by age demon-
strated a consistently higher incidence of CRC in the top
risk percentile across age groups. Sex-based stratification
demonstrated consistent performance across both sex groups
(Supp. Figure 2B).

Cumulative Incidence Analysis

Among subjects in the validation cohort, the median
follow-up time was 48 months. Among subjects in the
model’s top risk percentiles, the cumulative incidence
of CRC increased with higher model scores, supporting
an association between the model’s risk prediction and
the time until CRC diagnosis (Fig. 1). Among subjects
in the top 1% risk percentile the cumulative incidence
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Table 1 Descriptive statistics of
the study population

Characteristic Missing (%) CRC, N=2935 Control, N=1,133,457*
Age (years) <0.1 64 (58, 69) 59 (54,65)
Gender <0.1
Female 1372 (47%) 582,874 (51%)
Male 1563 (53%) 550,578 (49%)
Hemoglobin (g/dL) 18 13.60 (12.60, 14.60) 13.80 (12.90, 14.80)
Hematocrit (%) 18 41.5 (38.8,44.3) 42.0 (39.5, 44.7)
RDW (%) 22 13.70 (13.20, 14.40) 13.50 (13.00, 14.10)
Platelets (k/pL) 18 246 (207, 294) 241 (204, 284)
Glucose (mg/dL) 18 100 (91, 117) 97 (89, 110)
Iron (pg/dL) 64 71 (52, 94) 80 (62, 102)
Ferritin (ng/mL) 71 58 (24, 113) 74 (39, 132)
GI bleed 0 165 (5.6%) 24,469 (2.2%)
Smoking (Pack years) 66 33 (18, 46) 33 (18, 45)
BMI (kg/m?) 13 28.0 (25.1,31.6) 27.3 (24.4,30.9)
Prior malignancy 0 265 (9.0%) 62,369 (5.5%)

*Median (25%, 75%); n (%)

Table 2 Characteristics of participant by their risk score percentile

Characteristic Risk percentile
Bottom 90%, N=241,923* Top 10%, N=13,444* Top 5%, N=10,748? Top 1%, N=2689*

Age 59 (54, 64) 69 (66, 72) 70 (67, 73) 70 (66, 73)
MCH sd 0.44 (0.28, 0.64) 0.55 (0.38, 0.76) 0.61 (0.42,0.86) 0.93 (0.65, 1.36)
Ferritin last value 78 (42, 138) 60 (29, 112) 44 (20,91) 18 (10, 36)
ALT slope 0.000 (- 0.007, 0.006) —0.002 (- 0.008, 0.002) —0.003 (- 0.009, 0.001) — 0.004 (- 0.009, 0.000)
MCH velocity 0.0001 (= 0.0007, 0.0010) — 0.0003 (— 0.0013, 0.0008) — 0.0008 (— 0.0019, 0.0004) — 0.0023 (— 0.0038, — 0.0011)
HCT slope 0.001 (- 0.002, 0.003) 0.000 (— 0.003, 0.002) —0.001 (- 0.004, 0.001) —0.003 (- 0.006, 0.000)
Gender

F 127,476 (53%) 5339 (40%) 4253 (40%) 1175 (44%)

M 114,447 (47%) 8105 (60%) 6495 (60%) 1514 (56%)
BMI 27.0 (24.1, 30.5) 28.6 (25.9,32.2) 28.8 (26.2, 32.5) 29.3 (26.2, 33.0)
MCH slope 0.0001 (= 0.0006, 0.0009) — 0.0002 (— 0.0012, 0.0008) — 0.0007 (— 0.0018, 0.0004) — 0.0023 (— 0.0038, — 0.0011)
Past malignancy 11,146 (4.6%) 2061 (15%) 2353 (22%) 621 (23%)
MCYV slope 0.001 (= 0.001, 0.004) 0.000 (- 0.003, 0.003) —0.001 (- 0.004, 0.002) —0.005 (= 0.009, — 0.001)

Neutrophils min
Iron last value

3.50(2.77,4.32)

83 (65, 104)

13.40 (12.90, 13.90)
13.40 (12.95, 13.90)

RDW last value

RDW mean

PLT velocity 0.00 (- 0.03, 0.03)
Past GI bleed 3936 (1.6%)

ALT last value 19 (15, 26)

HGB slope

CRC diagnosis

0.0001 (- 0.0006, 0.0008)
519 (0.2%)

3.90 (3.20, 4.70)

72 (56, 92)

13.80 (13.30, 14.40)

13.78 (13.32, 14.30)

0.01 (= 0.02, 0.04)

644 (4.8%)

17 (13, 22)

—0.0002 (— 0.0010, 0.0004)
74 (0.6%)

3.93 (3.30, 4.72)

66 (48, 85)

14.10 (13.50, 14.70)

13.97 (13.50, 14.55)

0.02 (- 0.01, 0.05)

921 (8.6%)

16 (12, 21)

— 0.0004 (- 0.0013, 0.0003)
84 (0.8%)

3.98 (3.30, 4.77)

45 (31, 66)

14.80 (14.00, 16.00)

14.47 (13.87, 15.35)

0.03 (0.00, 0.08)

375 (14%)

14 (11, 19)

—0.0013 (= 0.0023, —0.0004)
62 (2.3%)

*Median (IQR); n (%)

of CRC was significantly higher compared to the bottom
90% (P value =2.4e—87) and increased over time from
1.5% (95% CI 1.04-1.96%) in the first year to 3.04% (95%
CI 2.38-3.7%) by the end of the fourth year. To assess
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whether the difference in risk remains significant through-
out the follow-up period (i.e. the model has long-term
predictive ability beyond the 2-year outcome period used
for its training), cumulative incidence was compared for
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Fig. 1 Cumulative incidence of
CRC during the follow-up by
risk percentiles. A Cumulative
incidence of CRC throughout
the follow-up period demon-
strating a higher cumulative
incidence in the top risk percen-
tiles. Cumulative incidence was
also calculated for all subjects
who survived without a CRC
diagnosis after 1 (B) and 2 (C)
years
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subjects that were not diagnosed with CRC and survived
for 1 and 2 years following the index date (Fig. 1).

Risk Stratification Among Those That Performed
Screening

Subjects who underwent FOBT within 2 years prior to the
index date (N=1,524,738) were excluded from the cohort
regardless of the FOBT result. The incidence of CRC

Fig.2 Cumulative incidence of A
CRC by risk class and FOBT
combination. A Three-year

cumulative incidence of CRC
stratified by FOBT result and

= FOBT - | Model - = FOBT - | Model +

diagnosis within 2 years following FOBT in this cohort was
slightly higher compared to the incidence in the validation
cohort (0.310% vs 0.275%; P value =0.003). Evaluation of
the utility of the model as a decision support tool among
those that did perform screening demonstrates predictive
ability for both FOBT-positive and FOBT-negative individu-
als (Fig. 2a). Among FOBT-positive individuals the model
can further stratify the risk, with the risk being more than
two times higher after 2 years of follow-up among those who

FOBT +

Model - = FOBT + | Model +

model risk class (+). Risk 5.0%1
class was defined by setting a
risk score threshold resulting
in the same rate of subjects
predicted positive as the rate of 4.0%
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were also tagged as high-risk by the model (4.32% [95% CI
4.0-4.7%] vs 2.1% [95% CI 2.0-2.15%]). Among subjects
with a negative FOBT, CRC incidence was more than three
times higher among those tagged as high-risk by the model
(0.46% [95% C10.41-0.5%] vs 0.15% [95% C1 0.14-0.15%]
for those not tagged as high-risk). Moreover, among subjects
who were not diagnosed with CRC after 1 year of follow-up,
the cumulative incidence during a 3 year follow-up period
for those with a negative FOBT and a positive risk predic-
tion was comparable to those with a positive FOBT and a
negative risk prediction (0.65% vs 0.68%; P value=0.37)
(Fig. 2b).

Features Contributing to Model Performance

Features that were deemed important by the model showed
clear trends when stratified according to risk percentiles
(Supp. Table 2). The SHAP-based analysis identified the
most important features to be age, gender and BMI, with a
higher predicted risk for individuals with older age, male
gender and higher BMI. These features were followed
mostly by laboratory tests and previous malignancy-related

diagnoses (Supp. Figure 3). Interestingly, numerous lab
features that were found to be predictive of CRC reflected
the dynamics of complete blood count and chemistry values
over time (the slope and velocity of the collected lab values
over time).

Examining the predicted risk of CRC as a function of
lab values stratified by the slope over the follow-up period,
revealed various interaction patterns between the last value
of the lab test and its dynamics over time (Fig. 3). For lab
results such as alanine transaminase (ALT) and platelets
(PLT), both the last result and the dynamics over time dem-
onstrated predictive ability, but no major interaction was
noted between the two features. For HGB and HCT, lower
last values were generally associated with increased risk, but
this effect was much more pronounced with the presence of a
negative slope over time, demonstrating an important inter-
action between the two features. Lastly, for MCH and MCV
it seems that the last value was not predictive at all with the
presence of a positive slope overtime, whereas a lower last
value was highly predictive of the risk in the presence of
a negative slope. In the validation cohort, the interaction
between lab values and slopes was significantly associated

=e~ Negalive slope =#= Positive slope
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[

0.02
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Fig.3 Association between lab values and slopes and CRC risk. Risk
scores are plotted vs. last lab values for the top six labs selected by
the model as important discriminatory features. Scores are stratified
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by whether the calculated slope of lab values was negative (red) or
positive (blue) during the 3 years prior to the index date
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with the actual risk of CRC diagnosis for all the labs tested
(P<0.001).

Discussion

In this study, we describe the development and validation
of a CRC risk prediction model based on EHR clinical and
laboratory parameters. Our model, which was trained on
one of the largest datasets to date, explored the predictive
ability of thousands of features and utilized the data from
over half a million subjects[14]. Performance was evalu-
ated using two distinct validation cohorts: We demonstrated
the model’s high discrimination ability within a cohort of
subjects that have not undergone CRC screening, noting the
model’s utility as a safety net for identifying high-risk indi-
viduals among those with low adherence to screening. We
further demonstrated the discrimination ability of the model
among subjects that underwent FOBT screening, noting the
model’s ability to further assist in decisions regarding those
who underwent screening. Specifically, within the cohort of
subjects with a negative FOBT, the model was able to pin-
point individuals whose CRC risk was comparable to those
with a positive FOBT.

Despite increases in CRC screening rates over the past
decade, the absolute rate remains suboptimal [7]. The ongo-
ing lack of compliance can be attributed to patients’ low
awareness of screenings, fear of screening procedure—par-
ticularly colonoscopy, and general lack of communication
with the physician [19]. Utilizing an EHR-based classifica-
tion model for CRC identification could potentially improve
awareness by providing physicians with a method for com-
municating risk to patients that need to undergo screening.

Across the entire validation cohort, in order to identify
10 CRC cases, 3,636 individuals would require a diagnostic
colonoscopy. By stratifying the risk among these individuals
and selecting the top 1% risk percentile, only 435 individuals
would have to undergo a diagnostic colonoscopy, in order to
identify the same amount of CRC cases. By screening the
top 1.3% risk percentile, corresponding to 3,521 individu-
als, 10% of CRC cases within the validation cohort could be
identified. This is markedly more efficient when compared
with a non-stratified approach, which would require screen-
ing 26,881 individuals to achieve the same detection rate. A
crucial consideration is that all of the patients in our cohort
are already recommended for colonoscopy based on existing
medical guidelines. Thus, our approach is designed to prior-
itize such patients without resulting in additional burden or
potentially harmful practices.

Features that had the strongest impact on the model
included characteristics such as age, gender and BMI. These
identified features are consistent with the current literature
regarding risk factors for CRC [20]. As expected, lab values
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characteristic of iron deficiency and anemia had a strong
impact on the model. In addition to these, less obvious lab
values—such as a decrease in ALT and aspartate transami-
nase (AST) values and higher glucose, alkaline phosphatase
(ALKP) and triglyceride levels were also shown to increase
the risk for CRC according to the model. Interestingly, while
these associations are less commonly known, they have all
been described in the medical literature [21-23].

Our model stands out because it was specifically designed
to enhance existing screening approaches. Unlike many
models developed over the past decade, which often relied
on cohorts with varied indications or required data not com-
monly found in EHRs, our model was developed using a
cohort of at-risk individuals eligible for screening colo-
noscopy. By focusing on this particular demographic, we
believe our model offers enhanced accuracy and generaliz-
ability in real-world clinical settings, making it a valuable
complement to existing screening strategies. Furthermore,
CHS covers more than 50% of the Israeli population and
therefore includes subjects from various ethnic backgrounds,
providing a representative nation-wide cohort. It is there-
fore less likely that ethnic biases and healthcare inequalities
would have a significant effect on model development [24].

A major strength of our model is the utilization of longi-
tudinal follow-up data. Various features corresponding to the
trajectory of laboratory value changes over time (e.g. slope
and velocity), were selected by the model as impactful. Such
features better reflect the evolving nature of the disease and
the patient’s health status compared to a single measurement
in time. While a single data point could provide a snapshot
of a patient’s condition, it is incapable of capturing the inher-
ent variability and changes over time, which are critical to
understanding disease progression and risk prediction. A
longitudinal follow-up approach, on the other hand, allows
us to identify how such changes in certain lab values cor-
respond to the onset or progression of CRC. In our study,
we analyzed the interaction between the last recorded values
and the slope of selected lab features. We showed that while
both the last value and the slope contribute to the predictive
capabilities of the model, for some features such as MCV
and MCH, the interaction between the two uncovers dis-
criminatory signals that would otherwise be missed.

This study has several potential limitations. First, a fol-
low-up period of 48 months may not be sufficient for the
purpose of CRC risk assessment, especially for slower-pro-
gressing forms of the disease which might have been pre-
sent at the index date but were not identified throughout the
follow-up period. Therefore our model’s long-term accuracy
beyond this period remains uncertain, and longer follow-up
times are necessary to better assess its predictive capabil-
ity over time. Furthermore, while the study accounts for a
range of demographic and clinical features, it’s reliance on
electronic health records may be subject to information bias,
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including inaccuracies in coding, data entry errors, or miss-
ing data. There may also be unmeasured confounders or risk
factors such as specific biomarkers and genetic factors not
included in the model that could affect CRC risk. Finally, the
applicability of the model in clinical practice also presents
challenges as integration of predictive models into routine
clinical workflows requires consideration of practical aspects
such as healthcare provider training, patient acceptance, and
system-level adaptations.

In conclusion, we developed a CRC risk stratification
model that improves risk stratification both among sub-
jects that did not undergo recommended screening and
among those that underwent screening using an FOBT.
This model leveraged information from one of the largest
patient populations used for CRC risk evaluation to date and
uses commonly available EHR-based features that allows
for automatic risk evaluation on entire patient populations.
Employing this model holds great potential to enhance the
precision of CRC risk stratification, identify high-risk indi-
viduals who might be missed by conventional screening
methods, and optimize the use of healthcare resources.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s10620-024-08427-4.
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