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Abstract
Early detection of colorectal cancer (CRC) remains a major unmet need, as current diagnostic pathways rely on
symptoms which often appear only at advanced stages. Longitudinal electronic health records (EHRs) provide the
means to identify earlier signals, and are well suited to machine learning approaches capable of identifying complex
temporal patterns associated with CRC. We present DetectCRC, an XGBoost-based model for early detection of CRC
using real-world EHR data. Using 13.6 million QResearch primary care records, the model is developed and evaluated in
a matched nested case-control study (22,406 CRC cases; 559,849 controls), incorporating demographics, clinical risk
factors, and two years of longitudinal symptom and blood test data using time-lagged features in 6-month advancing
windows prior to diagnosis. Longitudinal analyses show that symptom signals are largely confined to the 6 months
preceding diagnosis, whereas changes in blood test results, particularly full blood count markers, are detectable up to
two years prior. Although multiple biomarkers are evaluated, optimal performance is achieved using routinely available
full blood count tests alongside symptoms and risk factors. DetectCRC achieves a C-index of 0.874 in a held-out
regional validation set and maintains strong performance on sparse data, demonstrating the potential of routinely
collected blood tests for earlier CRC detection.

Introduction
Colorectal cancer (CRC) is the 4th most common cancer in the UK, and the 2nd most common cause of cancer death 1.
Unfortunately, the UK has lower five-year survival rates than comparable high-income countries. A key contributor to
poor survival rates is delayed diagnosis: CRC is often detected at a later stage, when outcomes are substantially worse.
Five-year survival exceeds 90% for patients diagnosed at stage I, but falls to below 10% at stage IV 2. This stark
contrast highlights the urgent need for improved early detection pathways. With progression from a polyp to CRC
estimated to take place over a 10–15 year period 3, there exists a prolonged window during which early pathological
changes may be detectable, offering strong potential for earlier diagnosis.

Diagnosis of CRC commonly depends on patients presenting to primary care with symptoms such as rectal bleeding or
changes in bowel habit. An awareness initiative in England has been established to increase the public’s awareness of
cancer-associated symptoms, with the aim of increasing early referrals 4. However, symptomatic presentation is

frequently associated with more advanced disease compared with cancers detected through screening 5. To promote
earlier detection, from 2025 individuals in England aged 50–74 are invited to biennial CRC screening using faecal
immunochemical testing (FIT) 6. However, screening effectiveness is limited by individual uptake and excludes those
under 50 years of age, an age group that has experienced a marked rise in CRC incidence over the past 25 years 7.

There are currently limited cancer risk-prediction algorithms using routinely collected primary care electronic health
record (EHR) data. QCancer8 is a publicly available tool to identify individuals at a high risk of certain cancers, however,
it is based mainly on symptoms; established risk factors and apart from anaemia, does not incorporate blood test
results, which can indicate the presence of CRC 9. Additionally, this tool is based on single measures of variables at
cohort entry rather than repeated measures over time. More advanced models incorporating multiple blood tests have
recently been published and shown to outperform the QCancer model 10, however, these models also rely on single
timepoint measurements and do not account for longitudinal trends. Furthermore, these approaches utilise logistic
regression, which does not natively accommodate the missingness inherent to EHR data, and therefore requires
missing data imputation, which may introduce additional uncertainty. In contrast, another model11 did utilise a machine
learning approach using decision-trees, with a range of longitudinal complete blood count results, however the cohort
was limited to those aged ≥ 40 and no symptoms or risk factors were included in this model.
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Here we develop DetectCRC, an XGBoost 12 based early detection model for CRC using longitudinal EHR data. Unlike
previous algorithms, DetectCRC can natively handle sparse and longitudinal data, reducing reliance on missing data
imputation. These properties make it well suited for potential integration into routine clinical risk prediction workflows.
Within the DetectCRC framework, we investigated the utility of routinely collected blood tests as early biomarkers of
CRC, including full blood counts, liver function tests and inflammatory markers, by analysing their longitudinal trends
over the five years prior to diagnosis. We then developed and evaluated predictive models which integrate blood test
data with symptoms, clinical risk factors, and demographic information using time-lagged features in 6-month
advancing time windows preceding diagnosis, to assess the predictive value of combining multi-modal, longitudinal
data for CRC early-detection.

Results
A matched nested case-control sample of 22,406 cases and 559,849 controls (1:25 case-control matching) was
extracted from a total cohort of 13.6M patients from the QResearch database according to the selection criteria shown
in Fig. 1. For each patient, demographic information and five years of relevant clinical history prior to diagnosis or the
equivalent index date were obtained from primary care EHRs for trend analysis and model development (Table S1).
Longitudinal data were partitioned into ten consecutive six-month time windows to represent the five-year pre-
diagnostic period.

The resulting dataset was inherently sparse, particularly for blood tests and lifestyle variables. Across all sparse
predictors and time windows, the proportion of observed values ranged from 0.7% (iron level) to 34.7% (bilirubin). Full
details of data completeness across the ten time windows are provided in Table S2.

Trend Analysis
To assess which time windows were important for subsequent analysis, general trends were assessed for blood tests
and BMI (Fig. 2), and symptoms (Figure S1) reported across the 5 years prior to diagnosis/index date for both cases
and controls. These results were based on averages across the entire cohort at each 6-month time window.

Differences in full blood count tests between cases and controls became apparent from the 18–23 month window for
mean corpuscular volume (MCV), haemoglobin and platelets. These differences increased up until diagnosis at 0
months, with a particular increase in trend steepness in the 0–5 month window. Haemoglobin and MCV showed a
decrease in cases compared to controls, whereas white blood count and platelets showed an increase. White blood
count (WBC) appeared to show very minor elevation in cases from 3–4 years prior to diagnosis, but again, the most
notable increase was seen from the 18–23 month window onwards.

Similarly, differences in trends for liver function tests were also apparent from 18–23 months prior to diagnosis/index
date for albumin, bilirubin and alanine aminotransferase (ALT), with a gradual decrease seen for all until diagnosis at 0
months (and a slight consistent decrease also seen for controls over the full 5 years). In contrast, the difference in
trend for gamma-glutamyl transferase (GGT) was only seen in the 0–5 month window, with a sudden increase seen for
cases compared to controls (which showed a slight continual increase over the full 5 years).

A decrease in iron level was evident in cases compared to controls from 18–23 months prior to diagnosis onwards,
with a steep drop seen in the 0–6 months prior to diagnosis. Ferritin did appear to be slightly lower in cases compared
to controls as early as 3–4 years prior to diagnosis, but a more noticeable deviation in trend was seen from 18–23
months prior to diagnosis onwards, when a gradual decrease in ferritin is observed until a slight uptick is seen in the 0–
5 month window. In contrast to cases, controls exhibit a continual increase in ferritin over the 5-year period, whilst iron
levels showed a slight decrease.
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Across the population, BMI appeared to be higher on average in CRC cases compared to controls, until the 0–5 months
prior to diagnosis when this dropped rapidly to below the average for controls. The total cholesterol to HDL ratio
(TC/HDL) showed a gradual decline over the 5-year period for both cases and controls, with minimal differences seen
between the groups.

When looking at inflammation markers, erythrocyte sedimentation rate (ESR) was elevated in cases compared to
controls, starting with a gradual increase from 18–23 months and transforming to a steeper increase by 0–5 months
prior to diagnosis. C-reactive protein (CRP) was similar in controls and cases, only showing an increase in cases during
the 0–5 months prior to diagnosis.

For all symptoms assessed, differences between trends in cases and controls were only visible in the 0–5 months prior
to diagnosis, when a sharp increase was seen in symptoms reported for cases (excluding back pain which showed only
a very minor increase). These symptoms included abdominal pain, abdominal mass, appetite loss, bowel change,
constipation, diarrhoea, rectal bleed, tiredness and weight loss.

Odds ratios: blood tests, health metrics and symptoms
Logistic regression analyses estimated odds ratios (OR) to assess the magnitude of association between each
predictor and the likelihood of CRC, with blood tests and BMI modelled using log-transformed values (Fig. 3). Based on
the results of the trend analysis, this analysis was focused on the four 6-month time windows from 0–23 months prior
to diagnosis. The strongest associations were observed in the 0–5 months prior to diagnosis, particularly for full blood
count tests: CRC cases showed higher inflammatory markers, reflected in elevated platelet (OR 12.20, 95% CI 11.50-
12.94) and WBC levels (OR 3.79, 95% CI 3.58–4.01), alongside markedly lower anaemia-related markers, MCV and
haemoglobin (ORs approaching zero), compared with controls. Other markers of iron deficiency were also evident in
cases compared with controls to a slightly lesser degree, with reduced iron (OR 0.12, 95% CI 0.10–0.13) and ferritin
levels (OR 0.53, 95% CI 0.52–0.54). Additional inflammatory markers, ESR (OR 1.89, 95% CI 1.83–1.96) and CRP (OR
1.69, 95% CI 1.65–1.73) were also elevated in cases. However, only modest differences were generally observed for
liver function tests, including slightly higher GGT (OR 1.28, 95% CI 1.23–1.32) and lower bilirubin (OR 0.45, 95% CI 0.43–
0.47) and ALT (OR 0.45, 95% CI 0.43–0.47), although a stronger decrease was seen for albumin (OR 0.01, 95% CI 0.01–
0.01). A reduction of BMI was seen in cases during this time (OR 0.50, 95% CI 0.44–0.58), however no significant
association was seen for TC/HDL.

Associations weakened in the 6–11 month period prior to diagnosis. Differences in full blood count parameters
remained apparent, despite reduced elevation of WBC and platelet counts in cases. Additionally, associations with CRP
and ESR inflammatory markers noticeably weakened. Liver function tests signals were weaker, however, evidence of
decreased albumin levels remained strong.

Associations continued to lessen through the 12–17 month period, and the 18–23 months prior to diagnosis, however
differences in blood test profiles between cases and controls remained at 18–23 months, for full blood count tests in
particular. There was a noticeable decrease in MCV (OR 0.21, 95% CI 0.15–0.30), haemoglobin (OR 0.24, 95% CI 0.20–
0.30) and albumin (OR 0.29, 95% CI 0.23–0.38) in cases compared with controls, and a slight but significant elevation
of platelets (OR 1.38, 95% CI 1.27–1.51) and white blood cell count (OR 1.29, 95% CI 1.17–1.42).

Reports of symptoms showed a similar pattern to blood test results, with the signals predominantly appearing in the 0–
5 months prior to diagnosis, but then fading more rapidly in prior time windows. This can be seen clearly when viewing
the reported frequencies of all symptoms included in the analysis (Table S3), with 2.18% of cases reporting abdominal
pain and 0.75% reporting rectal bleeding in the 18–23 month window, increasing to 15.30% reporting abdominal pain
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and 13.76% reporting rectal bleeding in the 0–5 month window, whilst reports of symptoms amongst controls remained
steady across all time windows.

The odds ratio analyses confirm these findings, with the signals being strongest in the 0–5 months prior to diagnosis,
most notably for reports of rectal bleeding (OR 11.10, 95% CI 10.56–11.68), bowel change (OR 9.29, 95% CI 8.73–9.89)
and abdominal mass in CRC patients (OR 6.93, 95% CI 6.08–7.91). There was also evidence of increased reports of
appetite loss, abdominal pain, diarrhoea, constipation, weight loss and tiredness amongst cases. Reports of symptoms
in cases dropped considerably by 6–11 months prior to diagnosis, and by 12–17/18–23 months prior to diagnosis
there was almost no difference in symptoms reported between cases and controls, excluding rectal bleeding which
was still reported slightly more for cases than controls (OR 1.34, 95% CI 1.21–1.49 at 18–23 months prior to
diagnosis).

Odds ratios: comorbidities and family history
The percentages of cases and controls reporting family history of cancer as well as the comorbidities Crohn’s and
Ulcerative Colitis (UC) are shown in Table S4. The proportions with reported family history of both non-CRC cancer and
CRC specifically, were slightly higher in cases than controls. This is reflected in the logistic regression analysis, which
found that a family history of colorectal cancer was associated with a 38% increase in the odds of CRC (OR 1.38, 95%
CI 1.22–1.57). A family history of other cancers was associated with a 5% increase in the odds of CRC (OR 1.05, 95% CI
1.02–1.09).

In terms of comorbidities, although absolute prevalence was low, both Crohn’s disease and ulcerative colitis were more
frequently reported among cases than controls. Individuals with Crohn’s disease had 31% higher odds of CRC (OR 1.31,
95% CI 1.10–1.57), while those with ulcerative colitis had 34% higher odds (OR 1.34, 95% CI 1.18–1.51).

At least one record of alcohol consumption and smoking status was available for 61.55% and 82.53% of patients
respectively, within the 5 years prior to the diagnosis/index date. Both alcohol consumption and smoking were
associated with increased risk of CRC: alcohol intake was associated with a 4% increase in odds per 10-unit/week
increase (OR 1.04, 95% CI 1.03–1.05), whilst compared to non-smokers, ex-smokers had an 18% increase in odds of
CRC (OR 1.18, 95% CI 1.15–1.22), light smokers had a 14% increase in odds (OR 1.14, 95% CI 1.07–1.22), moderate
smokers had a 13% increase in odds (OR 1.13, 95% CI 1.06–1.21), and heavy smokers had a 15% increase in odds (OR
1.15, 95% CI 1.08–1.22).

DetectCRC development
Guided by the trend and odds ratio analyses, model development incorporated full blood count tests and symptoms up
to 23 months prior to diagnosis, together with key demographic and clinical risk factors in time-lagged 6-month
advancing time windows preceding diagnosis. Additional models were assessed following inclusion of liver function
tests and other anaemia and inflammation markers.

Initial models were trained and benchmarked using XGBoost and logistic regression (Table 1), on both non-imputed (i.e.
complete cases only) and imputed data (using MICE) using the training and validation split (Fig. 1), as both methods
have shown strong performance in model predictions using EHR data 10,13,14. Additional machine learning models were
also evaluated, with LightGBM achieving near-identical performance to XGBoost, while Random Forest performed less
well overall.
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To allow a fair and direct comparison between XGBoost and logistic regression, which cannot natively handle sparse
data, the same complete-case filtering strategies were applied to both models, restricting analyses to patients with
complete full blood count data across the defined history windows. Cases had lower levels of missingness for full
blood count measurements than controls, resulting in slight shifts in the case:control ratio after complete-case filtering.
The numbers of cases and controls retained under each filtering strategy are shown in Table S5.

Table 1
Comparison of performance metrics in the validation dataset for a range of machine learning and logistic regression
models, using differing time frames of historical electronic health record data, for the early detection of CRC on non-

imputed data.
Model History C-index Sensitivity Specificity PPV NPV Pred value

lightGBM 0–5 months 0.873

(0.866–0.880)

0.813 0.784 0.244 0.980 > 0.35

Random Forest 0–5 months 0.776

(0.767–0.786

0.832 0.453 0.115 0.969 > 0.35

XGBoost 0–5 months 0.873

(0.866–0.880)

0.812 0.785 0.244 0.980 > 0.35

0–11 months 0.870

(0.858–0.883)

0.850 0.717 0.186 0.984 > 0.3

0–23 months 0.859

(0.836–0.881)

0.828 0.704 0.149 0.985 > 0.25

Logistic Regression 0–5 months 0.860

(0.853–0.868)

0.810 0.764 0.227 0.979 > 0.1

0–11 months 0.855

(0.842–0.868)

0.910 0.447 0.111 0.985 > 0.05

0–23 months 0.853

(0.828–0.878)

0.871 0.584 0.116 0.986 > 0.05

The models were trained on the same features – full blood count tests (haemoglobin, mean corpuscular volume, white
blood count and platelets), symptoms (rectal bleed, bowel change, abdominal mass, appetite loss, abdominal pain,
diarrhoea, constipation, weight loss and tiredness) as well as age, sex, ethnicity, BMI, diagnosis of UC / Crohn’s, family
history of cancer / CRC. Models shown here were trained on non-imputed data only.

To allow a direct comparison of XGBoost and logistic regression, the same filtering strategy was applied to each – for 0–5
months history, rows were kept if a full set of full blood count tests was recorded within the 0–5 month window; for 0–11
month history, if recorded in both the 0–5 and 6–11 month window; for 0–23 month history if recorded within each of the
0–5, 6–11, 12–17 and 18–23 month windows.

The ‘Pred value’ refers to the model’s score threshold, which was chosen to optimise sensitivity, to define patients at a high
risk of having CRC.
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Using non-imputed data, XGBoost showed a small but consistent improvement in performance compared with logistic
regression on the validation set. Incorporating patient history beyond the 0–5 month window resulted in a slight
reduction in performance. Models trained on imputed data performed marginally worse than those trained on non-
imputed data (Table S6).

After demonstrating strong performance on complete imputed data, XGBoost models were subsequently trained on
sparse data without imputation to evaluate performance in real-world clinical settings. These models were trained on 2
years of historical data, with varying combinations of predictors (Table 2).

The best-performing model incorporated both symptoms and full blood count tests, achieving a C-index of 0.874 (95%
CI, 0.867–0.881). Model performance decreased slightly (0.806–0.817) when additional blood tests - including liver
function tests, ferritin, iron levels, and inflammatory markers (ESR and CRP) - were included. Performance was lower
(0.799) when models used full blood count tests alone without symptoms, and substantially lower (0.579) when
symptoms were used in isolation without full blood count data.

Table 2
Comparison of performance metrics in the validation dataset for a range of XGBoost models, using differing predictors

and 2 years of historical electronic health record data, for the early detection of CRC
Predictors used by XGBoost C-index Sensitivity Specificity PPV NPV Pred

value

† Symptoms + FBC 0.874

(0.867–
0.881)

0.910 0.491 0.084 0.991 > 0.2

Symptoms + FBC + LFT 0.806

(0.798–
0.814)

0.808 0.597 0.093 0.984 > 0.3

Symptoms + FBC + LFT + ferritin + iron
level

0.810

(0.803–
0.818)

0.846 0.501 0.080 0.985 > 0.25

Symptoms + FBC + LFT + ferritin + ESR 
+ CRP

0.817

(0.809–
0.825)

0.870 0.461 0.076 0.986 > 0.25

FBC only 0.799

(0.791–
0.807)

0.821 0.558 0.087 0.984 > 0.3

Symptoms only 0.579

(0.571–
0.588)

0.840 0.227 0.053 0.965 > 0.45

Patients were retained for model prediction if at least one set of full blood counts (haemoglobin, platelet count, white blood
cell count, and mean corpuscular volume) was recorded within the 2 year history window. Symptoms, when included, were
as follows: rectal bleed, bowel change, abdominal mass, appetite loss, abdominal pain, diarrhoea, constipation, weight loss
and tiredness. All models also included age, sex, ethnicity, bmi, diagnosis of UC / Crohn’s, family history of cancer / CRC,
smoking status and alcohol intake. Models were trained and tested on 0–23 months of historical data. The ‘Pred value’
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refers to the model’s score threshold, which was chosen to optimise sensitivity, to define patients at a high risk of having
CRC.

† denotes the best performing model which was used for the feature importance and risk distribution plots in Fig. 4

Models were further trained and evaluated across each of the four time windows to assess changes in predictive
performance at increasing time intervals before diagnosis (Table 3). Model performance declined substantially beyond
the 0–5 month window and continued to decrease gradually at earlier timepoints.

Model performance was also assessed with differing requirements for patient inclusion based on their availability of
recent full blood count test results, i.e. requiring a full blood count test in the prior 0–5 months, 0–11 months and 0–23
months (Tables S5 and S7). Whilst the best performance was seen when a full blood count test had been performed in
the prior 0–5 months (C-index: 0.886), good performance was still seen when the requirements were relaxed to allow
patients with a full blood count in the prior 0–11 months or even the prior 0–23 months, with only a very minor
decrease in C-index (0.880 and 0.874 respectively).

Table 3
Comparison of performance metrics in the validation dataset for a range of XGBoost models for the early

detection of CRC, looking at sliding 6-month intervals prior to diagnosis

  C-index Sensitivity Specificity PPV NPV Threshold

All symptoms + FBC

XGBoost – lag0

(0–5 months history)

0.873

(0.866–0.880)

0.812 0.785 0.244 0.980 > 0.35

XGBoost – lag1

(6–11 months history)

0.649

(0.635–0.663)

0.734 0.436 0.053 0.975 > 0.42

XGBoost – lag2

(12–17 months history)

0.593

(0.578–0.608)

0.904 0.138 0.042 0.972 > 0.48

XGBoost – lag3

(18–23 months history)

0.554

(0.539–0.569)

0.859 0.189 0.041 0.971 > 0.48

Patients were retained for model prediction if a full blood count test (haemoglobin, platelet count, white blood cell count,
and mean corpuscular volume) was recorded in the 0–5 month window for the lag0 model, the 6–11 month window for the
lag1 model, the 12–17 month window for the lag2 model and the 18–23 month window for the lag3 model. All models
were trained on the full blood count tests; the following symptoms: rectal bleed, bowel change, abdominal mass, appetite
loss, abdominal pain, diarrhoea, constipation, weight loss and tiredness; as well as age, sex, ethnicity, bmi, diagnosis of UC
/ Crohn’s, family history of cancer / CRC, smoking status and alcohol intake. The ‘Pred value’ refers to the model’s score
threshold, which was chosen to optimise sensitivity, to define patients at a high risk of having CRC.

To assess model stability of the final model (full blood count and symptoms in Table 2), five-fold cross-validation was
performed within the training set, with the model trained on four folds and evaluated on the held-out fold in each
iteration. The resulting ROC curves shown in Fig. 4A were highly consistent across folds, demonstrating stable
predictive performance and limited variability in AUC estimates.

Model evaluation
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We further evaluated the final DetectCRC model in terms of its prediction scores and feature importance. Overall, in the
validation set, the CRC case samples had significantly markedly higher risk prediction scores than control samples
(median score of 0.202 for controls, and 0.836 for cases, p < 2.2e-16, Fig. 4B). A threshold of 0.2 was selected as it
maintained high sensitivity (91.01%) while improving specificity compared to a lower threshold of 0.15 (49.09% vs
24.95%), as shown in Table 4. Higher thresholds reduced sensitivity (≤ 85.42%), with the proportion of missed cases
increasing from approximately 1 in 11 at 0.2 to 1 in 7 at 0.25, a level likely too high for clinical screening.

Table 4
Distribution of predicted classes when using a range of cut off values to assign high risk of CRC

Pred
value

True
Positive

False
Positive

True
Negative

False
Negative

Accuracy Sensitivity Specificity PPV NPV

0.15 4,134 62,987 20,941 159 28.42% 96.30% 24.95% 6.16% 99.25%

0.20 3,907 42,727 41,201 386 51.13% 91.01% 49.09% 8.38% 99.07%

0.25 3,667 26,494 57,434 626 69.26% 85.42% 68.43% 12.16% 98.92%

0.30 3,520 19,145 64,783 773 77.42% 81.99% 77.19% 15.53% 98.82%

The distribution of predicted classes within the validation set using an XGBoost model trained on 2-years of historical
blood test and symptom data – corresponds to the model denoted by ‘†’ in Table 2.

To assess feature contribution, we produced a SHAP summary plot (Fig. 4C). The features which contributed most
strongly to the model as indicated by the highest mean absolute SHAP values, were three full blood count measures
(haemoglobin, platelets and MCV), followed by several symptoms, including rectal bleeding, abdominal pain and bowel
change. For each of these features, measurements from the 0–5 month window prior to diagnosis were of greatest
importance. The direction of these effects was broadly consistent with the trend and odds ratio analyses, with lower
haemoglobin and mean corpuscular volume contributing to increased predicted risk, while higher platelet count and
white blood cell count were associated with increased risk. Symptom reports within this time window, such as rectal
bleeding, abdominal pain, diarrhoea and constipation also increased predicted risk, with repeated reports of such
symptoms within the window contributing more strongly.

Historical full blood count results continued to contribute to model predictions, with measurements from the 6–11, 12–
17 and 18–23 month windows appearing among the top 25 features. However, the directionality of these associations
became less distinct further from diagnosis, suggesting a diminishing signal over time. Symptom reports outside the
initial 0–5 month window showed comparatively low importance; with symptoms reported further from diagnosis
generally associated with reduced predicted risk, suggesting earlier symptoms are less specific and more often benign.
An exception to this was seen for rectal bleeding, which remained positively associated with risk across earlier time
windows, indicating that its predictive signal persists further from diagnosis than other symptoms.

Age was the fourth most important predictor, with younger individuals tending to show a higher predicted risk. However,
as cases and controls were age matched, this should not be interpreted as younger age conferring a higher overall risk
of CRC. Instead, SHAP values reflect how features influence predictions conditional on the other variables in the model;
consequently, CRC-associated clinical features such as symptom reports or anaemia may exert a stronger influence on
risk prediction in younger individuals, where these findings are less expected.

Sex fell within the top ten predictors, with male sex contributing modestly towards higher model-predicted risk,
although cases and controls were sex matched. Ethnicity was the eleventh most important predictor, however, the
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cohort was heavily skewed towards white patients, with relatively few cases in other ethnic groups, limiting the
reliability of any observed differences in risk by ethnicity.

Factors such as smoking status, alcohol intake and a diagnosis of ulcerative colitis also contributed to the final model
but showed much lower overall importance compared to sex and age, while a diagnosis of Crohn’s disease and family
history of cancer did not appear among the top 50 features at all.

Discussion
We have developed and validated an early detection algorithm to predict the likelihood of a patient having a current but
not yet diagnosed case of CRC, with the potential for detection up to 2-years earlier than current diagnostic timelines.
After assessing the performance of multiple algorithms, using different combinations of blood tests and time frames,
the final best performing model incorporated a range of predictors, including full blood counts, relevant symptoms and
associated risk factors, utilising up to 2 years of historical data.

Our analysis demonstrates that XGBoost is well suited for developing predictive models using electronic health record
data. Its performance is comparable to that of recently developed logistic regression–based approaches 10, while
avoiding the need for explicit data imputation. Although multiple imputation by chained equations (MICE) is widely
regarded as a robust approach, its performance has been shown to deteriorate under conditions of high missingness
(i.e. >50%), particularly in longitudinal health data 15. In our cohort, missingness in blood test variables substantially
exceeded this threshold, making imputation likely to introduce inaccuracies. Consistent with this, a slight reduction in
predictive performance was observed in models trained on imputed data compared with those restricted to cases and
controls with complete data. XGBoost’s ability to work directly on the sparse data effectively addresses these issues.

After assessing the 5-year trends of CRC-associated biomarkers in cases compared to controls, the model was based
on 2 years of historical data, with four consecutive 6-month time windows prior to diagnosis. When assessing model
performance across each individual time window, performance declined with increasing time from diagnosis. This
aligns with the natural progression of CRC, as physiological changes intensify nearer to diagnosis. Trend analysis
showed that symptoms tend to appear only in the 5 months immediately preceding diagnosis, while blood test
abnormalities are detectable up to two years prior and become increasingly pronounced over time.

It has previously been reported that the median time from symptom onset to diagnosis of CRC is 14 weeks 16, with the
most frequently reported symptoms being rectal bleeding, abdominal pain and change in bowel habits. This coincides
with our analysis, with these three symptoms showing the strongest contributions to our model when assessing SHAP
scores; and with our trend analysis, which showed that symptoms were generally only reported in the 0–5 months prior
to diagnosis. Whilst symptoms are a key feature of predictive CRC models, their usefulness for early detection before
this initial time frame is limited, highlighting the benefit of including other clinical biomarkers.

Blood test results provide a larger scope for early detection of CRC. Trend analysis showed that markers of anaemia
(haemoglobin, MCV, ferritin and iron level) began to decline up to 2 years prior to diagnosis in cases, showing a clear
separation from controls. Studies have found that many CRC patients present with anaemia at diagnosis 17–20, and
several studies have also identified anaemia as a marker of CRC up to 2 years prior to diagnosis 21–24. However, these
studies often rely on fixed clinical thresholds to define anaemia, which may miss earlier changes occurring while levels
remain within the normal range, and additionally does not account for the patient’s own baseline. Using longitudinal
trends of these anaemia markers is therefore likely to be more informative than defined thresholds for early detection.
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Among markers of anaemia, haemoglobin and MCV emerged as the strongest early indicators of CRC, showing more
consistent and pronounced associations across the four 6-month time windows than ferritin or iron levels. In addition,
being part of a standard full blood count, these markers were substantially more frequently recorded (approximately
30% of records), compared with ferritin and iron levels, which were rarely available. This combination of stronger
predictive signal and greater availability supports their suitability for an early detection model.

Interestingly, trend analysis showed a slight uptick in ferritin levels for CRC patients, in the final 0–5 month period prior
to diagnosis, whilst all other markers of anaemia continued to decline. This may be the result of increased
inflammation in CRC patients. Inflammation has been shown to trigger the synthesis of ferritin, with the cytokine
network thought to modulate iron metabolism in a manner resulting in low serum iron and elevated ferritin 25. This
correlates with our findings, with trend analysis showing clear signs of elevated markers of inflammation. Platelets,
WBC, ESR and CRP all show a notable increase in CRC patients, particularly in this 0–5 month period prior to diagnosis,
with WBC and platelet levels showing divergence from controls at an earlier time point than CRP, making them well-
suited markers for our model. Other studies have also shown that an increase in inflammation markers is associated
with CRC. High levels of CRP, WBC, platelets and ESR have all been associated with increased risk of CRC prior to
diagnosis, particularly in the 6–9 months prior 22,26,27.

Platelet levels and WBC are routinely recorded as part of a full blood count and were therefore included in the early
detection model as standard markers of inflammation. We then assessed model performance with the addition of ESR
and CRP, but observed little change in performance. This suggests that the relevant inflammatory signal was already
captured through the full blood count markers, and given the high level of missingness for ESR and CRP, these markers
were not retained in the final model.

There is limited research examining the relationship between liver function tests and early detection of CRC, and to our
knowledge, longitudinal trends in liver function test results up to two years prior to CRC diagnosis have not been well
explored. Our trend analysis showed that albumin, bilirubin and ALT declined more steeply in CRC cases than in
controls up to two years prior to diagnosis. In contrast, GGT levels only diverged close to diagnosis, with a marked
increase observed in cases in the final 0–5 months. Other studies have shown similar trends. One study examined
blood test results in the 1–6 month period prior to diagnosis and reported reduced ALT, albumin and bilirubin levels
alongside elevated GGT in CRC cases compared with controls 28. Whilst another study concluded that lower levels of
ALT, albumin, bilirubin and GGT were associated with a higher risk of CRC 29, citing a potential link between liver
function and the gut microbiota in contributing to CRC risk. The disparity in findings regarding GGT could be because
this study examined overall CRC risk over a 10-year follow-up period as opposed to focusing on markers in the few
months directly before diagnosis.

Overall, our findings suggest that liver function markers may have potential as early indicators of CRC. However, as
values largely remained within normal clinical ranges, it appears that longitudinal trends, rather than absolute levels,
carry the relevant signal. When incorporated into the predictive model alongside full blood counts and symptoms,
inclusion of liver function markers resulted in a slight reduction in performance. This suggests that the predictive
information captured by these markers may already be reflected in the full blood counts, or that they introduce
additional noise. This noise could be due to the presence of noticeable downward trends also being observed for these
markers in controls (except for GGT which shows a slight upward trend over time). These trends are likely related to
ageing, with previous studies reporting declining ALT and increasing GGT levels with age 30.

After identifying full blood counts and symptoms as the key markers for DetectCRC, the model performance was
evaluated under varying eligibility criteria, requiring at least one full blood count to have been recorded within 6, 12, or
24 months prior to diagnosis. Performance was highest when a test had been performed within 6 months prior, but
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declined only modestly when this window was extended to 12 or 24 months. As over one third of the cohort had at
least one full blood count within 6 months, and more than two thirds within 24 months, this suggests the model would
be applicable to a substantial proportion of patients in routine clinical practice. These findings could also warrant more
regular full blood count testing for patients. Annual measurements could enhance capture of patient-specific trends
and increase the efficacy of early detection models, although the feasibility and cost-effectiveness of such an approach
would require further evaluation.

While this study demonstrates promising findings, limitations should also be noted when interpreting the results. In
primary care, blood tests are often performed in response to symptoms or clinical concern, meaning patients
developing CRC are more likely to undergo testing than controls. This was reflected in our dataset, where cases had
lower levels of missingness for full blood count measurements than controls. As XGBoost can learn from missingness,
part of the predictive signal may reflect testing behaviour in addition to biological change. Although this may influence
predictions across groups with different testing rates, it reflects current real-world practice and may support clinical
applicability. Moreover, although unseen regions of the UK (South East and West Midlands) were used as the testing
split, further validation in independent national and international datasets is required to confirm generalisability.

Summary
Our final best-performing model, termed DetectCRC, included 2 years of historical full blood count results and clinically
relevant symptoms, in addition to key demographic and clinical risk factors using time-lagged features in 6-month
advancing time windows prior to diagnosis. Although other markers demonstrate detectable longitudinal changes, such
as liver function markers, and additional markers for inflammation and anaemia, they do not meaningfully enhance
predictive performance when full blood counts are already included.

The identification of full blood counts as the primary predictors is advantageous, as these tests are among the most
routinely requested in primary care, increasing the potential applicability of the model in real-world settings.
Additionally, these markers act as a composite signature: while anaemia markers (MCV and haemoglobin) or
inflammatory markers (WBC and platelets) alone may be indicative of multiple conditions, their combined pattern
forms a distinctive fingerprint which is more specific to CRC.

Our model demonstrated strong predictive performance, with a c-index of 0.874. Its ability to operate directly on sparse
data from primary care electronic health records, while incorporating patient-specific longitudinal trends rather than
relying on fixed cut-offs, supports its potential utility as an early detection tool for CRC and could be used by GPs to flag
at risk patients for further testing, such as FIT.

Methods

Study design and data sources
Data was obtained from the electronic medical record database, QResearch. This database comprises anonymised
medical record data collected across England from hospitals, GP practices as well as the cancer registry. QResearch is
based on the EMIS (Egton Medical Information Systems) clinical system, which hosts electronic health records (EHRs).

CRC cases were defined using ICD-10 site codes C18 (colon), C19 (rectosigmoid junction) or C20 (rectum). Tumours
with histology codes corresponding to non-epithelial or non-relevant morphologies (ICD-O histology codes 9050–9055,
9140, 9590, and 9992) were excluded. The criteria for selecting CRC patients for the cohort was a first-time diagnosis
with CRC recorded in the cancer registry, between January 2010 and 31st December 2018, with at least 1 year of
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practice registration prior to the diagnosis date and no other cancer diagnosed in the cancer registry in the 2 years prior
to CRC diagnosis (excluding non-melanoma skin cancer).

The CRC cases were matched to controls by GP practice, sex and age ±10 years. This matching was performed at a
ratio of 1:25 cases to controls, broadly reflecting the rarity of CRC in the general population. Where > 25 eligible controls
were available, matches were prioritised by smallest absolute age difference. The only inclusion criterion for controls
was an absence of CRC diagnosis at the index date and at least 1 year of practice registration prior to the index date
(which was the diagnosis date of the matched CRC case).

Patients aged 20–100 at the time of diagnosis (or the index date for controls) were eligible for the cohort. Patients
were excluded if ethnicity data was absent – this was to prevent bias in the model, since the majority of CRC patients
had ethnicity data present from the cancer registry, whereas ethnicity data was frequently absent in potential controls.
Patients from the West Midlands and South East regions were left out of the training cohort, and formed an external
validation set. All other regions were included in the training cohort. A summary of the demographics of the full cohort
are included in Table S8.

Predictor Variables
Potential predictors included variables which are used in clinical practice and recorded in GP records. This included
factors which are associated with baseline probability of CRC, such as smoking, alcohol, family history of CRC and
other cancers and comorbidities (UC and Crohn’s), as well as predictors which could facilitate detection of an
undiagnosed cancer (e.g. symptoms and blood tests). Symptoms were selected based on existing prediction models
and the literature 31–35, including both red-flag symptoms (those which warrant further assessment) and more general
symptoms. Blood tests were chosen based on those frequently requested by clinicians if cancer is suspected, as well
as existing prediction models and the literature 36–39. Blood test results outside biologically plausible ranges were
excluded, such as negative values.

Odds Ratios
Odds ratios were estimated using unconditional logistic regression models (glm, binomial family) on non-imputed
values, using log x + 1 for blood tests / BMI. No transformation was applied to symptoms.

Model development
Models were developed using XGBoost, as well as multivariable logistic regression for benchmarking. Unlike logistic
regression, XGBoost natively handles sparse data, therefore, most analyses were performed directly on the sparse data.
However, multiple imputation with chained equations (MICE) was used to generate an imputed version of the dataset to
determine whether imputation provided any meaningful performance advantage.

The R package mice v3.19.0 40 was used to replace missing values for smoking (which was categorised as never,
former, light, moderate, or heavy smoker) and alcohol intake (recorded as a continuous variable using units/week), only
for patient rows where at least one record was present (i.e. at least one 0–5 month time window); and for blood tests
and health metrics, which were all stored as continuous variables (body mass index, haemoglobin, platelets, white
blood cell count, mean corpuscular volume, erythrocyte sedimentation rate, total cholesterol: HDL cholesterol ratio, iron
level, ferritin, albumin, alanine aminotransferase, bilirubin and gamma-glutamyl transferase), only for rows where at
least two records were present.

Binary static variables (family history of CRC and comorbidities) were coded as present if these were listed in the GP
record and otherwise coded as absent. Family history of cancer excluding CRC was encoded as 0–3, based on the
number of types of cancer recorded, representing 0 to ≥ 3.
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Time-varying variables were represented using a lagged feature approach. For each individual, clinical variables from
the five years preceding the index date were encoded as 6-monthly lags: 0 to < 6 months, 6 to < 12 months and so on,
up to 54 to < 60 months, resulting in a set of temporally ordered predictors (i.e. lag0–lag9) that capture historical
information. If multiple values were present for continuous variables (e.g. blood tests) within any of these 6-month
windows, then an average of these test results was taken. Symptoms were recorded as present only within the 6-month
window that they were reported. Symptoms were encoded as values from 0–3, with 0 representing no reports for that
symptom within the time window, 1 representing a single report, 2 representing the symptom having been reported
twice and 3 representing the symptom having been reported 3 or more times.

The predictor variables were first assessed using a trend analysis over the 5-years prior to diagnosis / index date, to
decide their suitability for the model. It was then decided to use 2 years of history for model development and
predictions.

Logistic regression models were trained using glm with the ‘binomial’ argument. To account for class imbalance, a
weight of 2 was assigned to cases and 1 to controls; more extreme weighting proportion to class prevalence resulted in
poorer performance.

The R package xgboost v1.7.8.112 for R was used to train models using a binary logistic objective. Model training used
a learning rate of 0.01, maximum tree depth of 6, and L2 regularisation (λ = 1), with additional regularisation through a
minimum child weight of 5 and a gamma penalty of 1. Subsampling of observations and features was applied
(subsample = 0.8; colsample_bytree = 0.8) to reduce overfitting. Models were trained using the histogram-based tree
method. To account for class imbalance, positive cases were upweighted using the scale_pos_weight parameter, set
according to the observed case-to-control ratio in the training set. This value varied slightly across model runs where
different cohort filtering criteria were applied. shap.prep was used to obtain the SHAP scores from the model, which
represent the contribution of parameters to the model.

Model evaluation
The XGBoost model generates a probability between 0 and 1 for each individual. This probability reflects the degree to
which the individual's pattern of symptoms, blood test results and clinical characteristics resembles those observed
among CRC cases compared with controls in the training dataset. Values closer to 1 indicate a stronger model-
estimated likelihood of CRC, whereas values closer to 0 indicate a lower likelihood. These values do not represent
absolute risk of CRC and instead should be interpreted as model-derived probabilities. These values were used for risk
stratification and performance evaluation.

For all models, the validation set was used to assess performance by calculating the C-statistic (equivalent to the Area
under the Receiver Operating Curve), sensitivity, specificity, PPV and NPV. The threshold of model-derived probability for
the patient having CRC was set per model and is stated alongside each report of model performance. This threshold
was decided by assessing the confusion matrix and prioritising case detection (sensitivity) while maintaining
reasonable discrimination of controls.
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Figures

Figure 1

Flowchart showing selection criteria for the cohort used for model training and validation
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Figure 2

Trend analysis of full blood count tests (mean corpuscular volume, haemoglobin, platelets and white blood count),
liver function tests (albumin, bilirubin, gamma-glutamyl transferase and alanine aminotransferase), iron level, ferritin,
inflammation markers (erythrocyte sedimentation rate and C-reactive protein) and BMI and total cholesterol to HDL
ratio across the 0-5 years prior to diagnosis for cases and controls. Cases shown in red and controls in blue. The x-axis
represents the time in months prior to diagnosis, from 0 to -54 months (representing the start of the final 54-59 month
window). 95% confidence intervals were shown (shaded areas) along with the average values.
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Figure 3

Odds ratio analyses of (A) common blood tests and (B) CRC-related symptoms. Adjusted for age and sex. Ordered by
absolute odds ratios. Odds ratios rounded to two decimal places. 95% confidence intervals shown in brackets.
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Figure 4

A. ROC curves from five-fold cross-validation of the full blood count and symptoms XGBoost model, with fold-
specific AUC values indicated. B. The distribution of risk scores predicted on the validation set using an XGBoost
model trained on 2-years of historical blood test and symptom data – corresponds to the model denoted by ‘†’ in table
2. Controls are shown in blue, and CRC cases in red. The dashed line represents the cutoff used to assign high-risk vs
low-risk patients for CRC. Risk scores represent model-estimated risk rather than absolute CRC risk. C. SHAP summary
plot illustrating the magnitude and direction of each feature’s contribution to the model output- corresponds to the
model denoted by ‘†’ in table 2. Only the top 50 features are shown here. Values on the left represent the mean absolute
SHAP value for the corresponding variable. Ethnicity scores were excluded from the plot, as categorical values would
lack interpretability. The terminology ‘lag0’ refers to symptoms/blood tests recorded in the 0-5 months prior to
diagnosis, ‘lag1’ to 6-11 months, ‘lag2’ to 12-17 months and ‘lag3’ to 18-23 months. For ‘sex1’, 0 = female and 1 = male.
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