Machine learning models combining the faecal immunochemical
test with routinely collected data may reduce colonoscopy demand
In 35,812 pan-risk patients
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Background & Aims

 The Faecal Immunochemical Test (FIT) is used in primary care for
triaging patients with suspected colorectal cancer (CRC). NICE
recommends referring patients with FIT = 10 pg/g [1], yet only
about one in eleven FIT positives have CRC [2].

* Previous attempts to improve the precision of FIT by combining it
with demographics and bloods have been restricted to traditional
statistical methods and a limited number of variables [3]. This
study applies machine learning (ML) models on broader sets of
predictor variables.

* This poster represents an updated analysis of Oxford University
Hospitals data, focussing on the more recent pan-risk patient
population (patients with both low- and high-risk symptoms), who
were tested with higher-quality buffered kits, to reflect current FIT
test use. These are initial results on a limited set of models and will
be updated subsequently.

Methods

* FITs requested by GPs (Jan 2017-May 2025) were extracted from the Oxford University Hospitals (OUH)

Clinical Datawarehouse (CDW) along with linked data.

« Adults with at least one record for core bloods (haemoglobin, mean cell volume, platelets, white cells), and

180-day follow-up for CRC were included.

* Predictors were grouped as:

* (1) FIT, age, sex, and common bloods (23 variables);
« (2) Set 1 plus 180-day blood test time series slopes (46 variables);
« (3) Sets 1-2 plus clinical symptoms, additional bloods and slopes, diagnoses, procedures and

prescriptions (661 variables).

ML models (ridge regression, explainable boosting machine [EBM], gradient boosted decision trees

[XGBoost]) were trained on these sets.

* Models were evaluated by the percentage reduction in the number of referrals compared to FIT 210 ug/g, at

thresholds that capture the same number of cancers as FIT (estimated from training).

* The most recent pan-risk (low/high risk) subset of patients with buffered FITs was divided into five cross-

validation folds (Fig 1), adding older data into training folds only, to reflect current FIT use.

* The models were simultaneously optimised for high test set performance and low optimism.
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+ 69,840 individuals (865 CRC) were included; 35,812 pan-risk patients (399 CRC) formed the primary subset.
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« At the threshold of 210 pg/g, FIT had 92.5% sensitivity, 84.0% specificity, 6.1% positive predictive value, and : ’ ’ : °
99.9% negative predictive value. 2. Impute missing values \
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« On Set 3 (full set of predictor variables), EBM produced a mean reduction in referrals of 23.8% (SD: 6.2%), with highest average validation O et mvragamegy
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computed as the percent reduction in the number of patients that test positive at a model risk score threshold B e g I
compared to FIT 210 ug/g, when the model threshold is selected to capture the same percentage of cancers imimunochemical test on the test set
as FIT 210 pg/g on training data. The threshold was selected on training data to mimic real-world usage. The 5. Repeat steps 2-4 until each fold created at step 1 has
metric is called ‘reduction in referrals’, as patients with a positive test would be referred to further cancer S random ShiTt (reemtod frve told cromsvandacion)
investigations, usually colonoscopy.
 The top 10 most predictive variables in the EBM model were FIT, age, sex, change in bowel habit, albumin, Fig 1. Model selection and validation using cross-validation with an
s platelets, serum ferritin, mean cell volume, mean cell haemoglobin, and index of multiple deprivation. ) inner hyperparameter tuning loop.
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Overall discrimination Sensitivity-PPV trade-off Potential reduction in referrals
 Models have higher average PPV (precision) than FIT * Models have notably higher PPV at the lower-  The models would potentially lead to less patients testing positive
sensitivity range (sensitivity < 70%): this than at FIT 210 pg/g, while potentially delaying diagnosis in about
probably drives the higher average precision 3% cancers compared to FIT (see discussion).
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cross-validation folds) for the machine learning models and the the machine learning models and the FIT test. At each on held-out data (mean + SD across five cross-validation folds) at a

FIT test. The models were trained on the full set of predictor level of sensitivity, mean + SD across five cross- risk score threshold that captured the same number of cancers as FIT

variables (Set 3). validation folds is shown. The models were trained on =10 pg/g on training data. The models were trained on the full set of
. ) | the full set of predictor variables (Set 3). | predictor variables (Set 3). Proportions, not percentages, are shown.
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Discussion & Conclusions

ML models using routinely collected data across pan-risk patients may reduce colonoscopy demand by about 20% compared to FIT alone, with a risk of delaying diagnosis in about
3% of cancers.

« Strengths. This analysis includes nearly all patients with FIT in Oxfordshire since the introduction of FIT in 2017 and up to May 2025. We included a rich set of predictor variables,
capturing the potential health status of patients, and employed powerful ML models that can automatically detect interactions and find cancer signals from such heterogeneous data.

« Limitations. The number of FIT-positive (210 ug/g) cancers missed by the model may be higher than 3%, as the total missed cancers may be offset by detecting additional FIT-
negative cancers. Model hyperparameters were evaluated on a random sample of training data, which included a mix of buffered and non-buffered FIT kits and may have thus been
suboptimal. Risks of missing pre-cancerous lesions remain unquantified. Except for blood test time series slopes, the models use cross-sectional information only.

* Next steps. A broader set of ML models are being trained on more data splits, using a more robust pipeline (assigning lower importance weights to non-buffered data and ensuring
that hyperparameters are only evaluated on higher-quality buffered kits). Larger multi-hospital datasets, such as from the new Thames Valley and Surrey Secure Data Environment,

. are needed to further analyse the potential of ML models. Y,
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