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ABSTRACT
Objective  Extreme and persistent fatigue affects >50% 
of individuals with inflammatory bowel disease (IBD), 
with similar prevalence across many common immune-
mediated inflammatory diseases (IMIDs). Despite its 
ubiquity, human scientific studies have yet to fully explain 
the mechanistic basis of this complex symptom. One 
fundamental reason is our inability to account for the 
clinical heterogeneity and multifactorial nature of fatigue.
Methods and analysis  We present the conceptual 
machine-learning (ML) framework to dissect fatigue 
using one of the largest prospectively captured, real-
world patient-reported outcome (PROs) on well-being 
from three contemporaneous cohorts (2020–present), 
totalling 2970 responses from 2290 participants across 
the UK and internationally, including non-IBD controls 
with 100 lines of clinical metadata. In parallel, our 
patient public involvement group performed thematic 
analysis of this PRO dataset, which identified fatigue as 
a key research priority (www.musicstudy.uk).
Results  We systematically defined the (1) threshold of 
fatigue as our primary outcome (≥10/14 fatigue days 
in 1604 patients (1151 responses in active disease and 
1061 responses in remission; some patients measured 
longitudinally; median fatigue days 14 vs 7, respectively; 
p<0.001) to build our ML approach, (2) used routinely 
available clinical data that can be used at a population-
level analysis, (3) employed seven different ML methods 
with external validation in three different cohorts in the 
UK, Spain and Australia (n=252), (4) employed Shapley 
Additive Explanations (SHAP) analysis to break down 
clinical heterogeneity and allow the examination of clinical 
predictive factors at an individual level; and finally, (5) 
investigated whether there are distinct clusters of fatigue 
patients. We found that ML models performed comparably 
(area under the curve/C-index ~0.7) on external validation 
with SHAP analysis showing interpretable, individualised 
fatigue drivers and five distinct fatigue cluster groups, 
including a subgroup with lower fatigue burden.
Conclusions  Our data provide the ML ‘roadmap’ to 
predict and deconstruct fatigue in IBD and potentially 
more widely in IMIDs, enabling patient-level dissection 
beyond symptom-based classification with the ability to 
integrate deep molecular data. This is a step towards 

future clinical-scientific artificial intelligence models 
with immediate clinical application to stratify patients for 
human experimental studies to better identify patient-level 
patterns associated with fatigue.
Trial registration number  NCT04760964.

INTRODUCTION
Many patients with inflammatory bowel 
diseases (IBD) suffer from extreme fatigue, 
even when in remission.1–3 From a patient’s 
perspective, fatigue is a major priority area 
for further research.4 Extreme fatigue is also 
a common symptom across many immune-
mediated inflammatory conditions (IMIDs) 
such as rheumatoid arthritis (RA), systemic 
lupus erythematosus and sarcoidosis.5–7 This 

WHAT IS ALREADY KNOWN ON THIS TOPIC
	⇒ Fatigue in inflammatory bowel disease (IBD) is com-
plex, heterogeneous, has significant negative impact 
on quality of life and is identified as a top research 
priority by patients.

	⇒ Clinical trials aiming to treat fatigue in IBD have 
been limited due to inability to account for patient-
level heterogeneity.

WHAT THIS STUDY ADDS
	⇒ We developed an end-to-end machine-learning 
framework using patient-reported outcomes to 
dissect the heterogeneity of fatigue, enabling 
individual-level prediction compared with traditional 
population-level statistics.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ Provides a scalable approach to stratify patients and 
guide mechanistic or interventional studies, laying 
the foundation for future individualised treatment 
strategies for fatigue in IBD and other diseases with 
similar complex, multifactorial symptoms.
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suggests there may be unrecognised cross-disease mecha-
nisms that are potentially independent of organ-specific 
inflammation8 and hence also poorly treated by conven-
tional immune suppression. There are increasingly 
powerful scientific tools from functional neuroimaging 
to metabolic assays to study the mechanistic basis of this 
pervasive symptom in IMIDs.9 10 However, human exper-
imental and interventional studies have been stymied 
by patient heterogeneity. Pertinently, in IBD, few inter-
ventional studies have specifically targeted fatigue, and 
those that have often show poor results,11–13 are small and 
open-labelled in design14 and include ill-defined patient 
groups with fatigue.

IBD is a challenging condition with considerable 
heterogeneity in its presentation. Many patients have 
different disease courses, from mild to severe activity, and 
with variable IBD-related complications from anaemia to 
nutritional deficiencies. In addition, they may experi-
ence and respond variably to clinical and gastrointestinal 
symptoms from pain, urgency to diarrhoea that can affect 
their well-being and sleep on an individual basis. Medical 
therapies such as steroids and immunosuppressants and 
lifestyle factors (eg, diet and smoking) that can contribute 
to fatigue are also different within the IBD patient popu-
lations. IBD individuals can be at different stages of this 
lifelong condition; in remission or at an advanced disease 
phase; and undergoing IBD flares during different devel-
opmental stages—adolescence to advanced age groups 
with different physiological demands. While in some IBD 
patients, fatigue can be explained by IBD-inflammation 
related effects and improve with medical therapy, many 
continue to experience fatigue when in clinical remission 
and without obvious cause. How we can account for such 
heterogeneity in addressing the complex construct of 
extreme fatigue in IBD presents a formidable challenge 
to understanding the contributors to this debilitating 
symptom.

Our aim is to develop a conceptual machine-learning 
(ML) approach that can characterise this heteroge-
neity vis-à-vis the complex symptom construct of fatigue 
(figure 1). Here, we present an end-to-end ML roadmap 
in IBD using as first basis, patient-reported outcomes 
(PROs) and combining routinely available clinical and 
laboratory data to do this at a population level to predict 
significant fatigue in IBD. We investigate the potential for 
our ML approach to define the clinical characteristics on 
the individual level who are fatigued, and thus a working 
transparent ML framework that can be further developed 
and enhanced, working towards the objective of deeper 
patient stratification is ‘to find the right patients for the 
right studies’ in the future.

MATERIALS AND METHODS
Patient data
We used PRO fatigue data from two prospective mech-
anistic biomarker studies, namely (1) Investigation into 
Gastrointestinal Damage Associated Molecular Patterns 

(DAMPs) that is a cross-sectional IBD study and (2) Mito-
chondrial DAMPs as mechanistic biomarkers of mucosal 
inflammation in Crohn’s Disease (CD) (MUSIC study; 
www.musicstudy.uk; ​ClinicalTrials.​gov NCT04760964), 
a prospective IBD cohort study. Both are cohort studies 
carried out in Scotland (Glasgow, Edinburgh and 
Dundee; 2020–present) that recruit participants with IBD 
along with ~100 lines of clinical metadata including IBD 
activity, treatment, comorbidities and laboratory parame-
ters. In addition to this, we conducted an online survey to 
further collect PRO data on fatigue (2023–2024; n=1643 
within the UK, n=112 internationally).

In all three studies (online supplemental table 1), we 
used the validated Crohn’s and Ulcerative Colitis Ques-
tionnaire-32 (CUCQ32) questionnaire that is applicable 
to CD and ulcerative colitis (UC), the two subtypes of 
IBD.15 CUCQ32 contains 32 questions that measure 4 
domains of well-being (gastrointestinal, social, psycho-
logical and general well-being) with 5 main questions 
pertaining to fatigue, generating a score ranging from 0 
to 272 (online supplemental table 2). Collectively, these 
studies involved 2290 total participants (including 336 
non-IBD participants who responded online, and 27 
non-IBD symptomatic controls) and provide the scale of 
data to establish a clinical threshold of patient-reported 
fatigue as a baseline for our ML approach.

Model development and evaluation of ML pipeline
Input features include clinical (eg, diagnosis group, 
Montreal classification), demographics, exposome 
(smoking, alcohol, seasonality), laboratory (eg, C reac-
tive protein (CRP), faecal calprotectin and IBD drug 
exposure data (full list in online supplemental table 4). 
Seven supervised ML models were employed: XGBoost, 
Random Forest, AdaBoost, multilayer perceptron (MLP), 
support vector machine, logistic regression (scikit-learn) 
and a custom feedforward deep neural network (DNN) 
implemented in TensorFlow (online supplemental figure 
4c). Conventional logistic regression (statsmodels), 
which uses maximum likelihood estimation (traditional 
method in premachine learning era medical literature) 
compared with gradient descent with regularisation from 
scikit-learn, was included as a reference comparator on 
the final external dataset comparison. Analyses were 
conducted using Python (V.3.11.9), with the following 
libraries: scikit-learn (V.1.5.2), scipy (V.1.14.1), xgboost 
(V.2.1.2), pandas (V.2.2.3), numpy (V.2.0.2), shap 
(V.0.46.0), tensorflow (V.2.18.0), statsmodels (V.0.14.4), 
seaborn (V.0.13.2) and matplotlib (V.3.10.0).

Missing data were imputed according to variable type. 
Continuous variables with non-normal distributions (eg, 
CRP, albumin, faecal calprotectin) were imputed using 
the median to minimise bias (imputation sensitivity 
analyses in online supplemental table 10). Categorical 
variables were transformed using one-hot encoding. 
Numerical variables were standardised (zero mean, 
unit variance) using StandardScaler (scikit-learn). 
Derived features included seasonality (calculated from 
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the date of CUCQ32 completion) and disease duration 
(expressed in weeks since diagnosis). To avoid informa-
tion leakage from repeated measures, group-aware data 
splitting was performed using GroupKFold and Group-
ShuffleSplit (scikit-learn), with participant identifiers 
used as grouping variables. For conventional ML models, 
data were partitioned into training-validation (80%) 
and independent testing (20%) sets, with hyperparam-
eter tuning conducted via fivefold group cross-validation 
(hyperparameter details in online supplemental table 9). 
For DNNs, data were split into training (65%), valida-
tion (15%) and testing (20%) sets using the same group-
aware strategy. For the DNN, a fixed validation set was 
required for hyperparameter tuning and early stopping, 
which precluded the use of cross-validation; however, the 
train-validation-test split ratios were matched as closely as 

possible to the conventional ML workflow, and all models 
were evaluated on the same testing and external valida-
tion datasets.

Model interpretability was evaluated using Shapley 
Additive Explanations (SHAP).16 Model generalisability 
was evaluated using fully anonymised datasets from three 
prospectively collected independent validation cohorts 
based in Scotland, Spain and Australia (online supple-
mental table 6, predominantly recruited in the outpatient 
IBD clinic setting). These cohorts were selected because 
they were recruited in different health systems, geographic 
regions and clinical workflows, which provided intention-
ally heterogeneous casemix. We also deliberately focused 
on the outpatient IBD clinic setting, where such a model 
would most likely be applied in practice. These datasets 
were entirely independent of model development, and 

Figure 1  Summary and overview of machine-learning approach. AUC, area under the curve; CUCQ-32, Crohn’s and 
Ulcerative Colitis Questionnaire-32; IBD, inflammatory bowel disease; ML, machine learning; SHAP, Shapley Additive 
Explanations.
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no subjects overlapped with the training population. 
Prior to prediction, clinical units were harmonised to 
match training data, and feature standardisation was 
applied using parameters derived exclusively from the 
training dataset to avoid data leakage. This approach 
ensured that the evaluation reflected performance on 
truly out-of-distribution data. Model performance was 
assessed using receiver operator curves, area under the 
curve (AUC), sensitivity, specificity, positive and negative 
predictive values, using a standard probability threshold 
of 0.5 (ie, model output >0.5 is classified as FatigueHigh). 
Model reporting adheres to Transparent Reporting of a 
multivariable prediction model for Individual Prognosis 
or Diagnosis-Artificial Intelligence guidelines (online 
supplemental file 3).

Unsupervised clustering was performed using K-means. 
Following exclusion of a single outlier datapoint, the 
optimal number of clusters was empirically determined 
by evaluating solutions for k=2 to k=10, informed by prior 
clinical knowledge that the cohort contained a subgroup 
with active IBD. A solution with k=5 was selected, 
balancing cohort heterogeneity while avoiding over-
fragmentation or generation of spurious small clusters 
(online supplemental figure 5).

All anonymised datasets, dependencies and code to 
reproduce this study are publicly available at https://​
github.com/1-gut/machine_learning_for_ibd_fatigue 
and Zenodo.17

Patient and public involvement
Our patient and public involvement group has been 
embedded throughout the duration of the study, with 
patient-led thematic analysis of our PRO dataset (avail-
able open access via www.musicstudy.uk/patients-taking-​
the-lead) which identified fatigue as a major patient and 
research priority.18 Our patient group provided direct 
input into the collection of data via an online survey and 
overview on the analysis and presentation of the MUSIC/
GIDAMPs dataset.

RESULTS
Defining the threshold of fatigue
We modelled our ML algorithms to predict IBD patients 
with PRO fatigue of ≥10 days over the past 14 days at time 
of data entry, as the primary outcome variable (Fatigue 
PRO). This is based on CUCQ32 question: ‘On how 
many days over the last 2 weeks did you feel tired?’ (0–14 
days). Across the combined dataset, IBD patients with 
active disease reported significantly more fatigued days 
than those in remission (medians 14 vs 7 days; p<0.001). 
In IBD patients in remission, fatigue days remained 
significantly elevated compared with non-IBD controls 
(7 vs 4 days; p<0.001; online supplemental figure 1a). 
These findings were consistent across individual cohorts. 
Fatigue days were strongly correlated with total CUCQ32 
scores (r=0.73, p<0.0001; online supplemental figure 
1b). The distribution of fatigue days was skewed (online 

supplemental figure 1c). Therefore, we used the median 
value of ≥10 days of fatigue over 14 days and defined it 
as the threshold for clinically significant fatigue (Fatigue-

High). Using this definition, 53.9% (1602/2970) of obser-
vations met criteria for FatigueHigh, comprising 75.2% 
of active IBD patients, 43.6% of those in remission, and 
14.2% of non-IBD controls. Patients in the FatigueHigh 
group had significantly higher overall CUCQ32 scores 
than those below this threshold (median 130 vs 38; 
p<0.0001; online supplemental figure 1d, full detailed 
breakdown in online supplemental table 8).

Fatigue PRO is highly correlated to all measures of 
CUCQ32 domains (all p<0.001, online supplemental 
table 3). This shows that a simple question is relevant in 
the complex construct of fatigue. PROs (‘what patients tell 
clinicians’) are strongly correlated with clinician-based 
assessment (‘what clinicians think of patients’) (online 
supplemental figure 2a,b) and are associated with clinical 
parameters such as CRP and faecal calprotectin (online 
supplemental figure 2c,d, both p<0.0001). Among 147 
MUSIC patients with longitudinal follow-up over 12 
months, serial CUCQ32 measurements demonstrated 
heterogeneity between individuals. Patients achieving 
clinical remission (Harvey Bradshaw Index, HBI≤5 for 
CD and Simple Clinical Colitis Activity Index (SCCAI≤2) 
for UC) at 12 months tended to show improvements in 
both overall CUCQ32 scores and fatigue-specific domains 
(online supplemental figure 3). However, no significant 
difference in CUCQ32 was observed between those with 
or without mucosal healing at 12 months (median 68 vs 
62; online supplemental figure 2e), indicating that endo-
scopic remission does not fully capture patient-reported 
well-being. Collectively, this demonstrates the clinical 
heterogeneity of fatigue when assessed in accordance 
with conventional measures of inflammation in IBD.

Development of ML algorithms and external validation to 
predict fatigue
Having defined our threshold for fatigue, we incorpo-
rated self-reported fatigue assessments and all avail-
able clinical parameters such as disease activity indices 
(HBI and SCCAI), laboratory parameters (CRP, faecal 
calprotectin, full blood count), body mass index (BMI), 
smoking status, drug therapy and seasonality. Here, we 
generated an initial training dataset of 1215 observations 
from cohorts 1 and 2 for seven ML algorithms: XGBoost, 
random forest, AdaBoost, MLP classifier, support vector 
classifier, logistic regression and a custom-built DNN 
(figure  2A). The purpose of comparing these models 
was to benchmark different methodological families and 
assess whether more complex models provide mean-
ingful gains over traditional logistic regression. Group-
KFold cross-validation ensured that repeated measures 
from individual patients remained in the same dataset 
split.

Across classical ML models, predictive performance 
was broadly comparable with AUC values ranging from 
0.69 to 0.73 for FatigueHigh prediction (figure  2B, online 
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Figure 2  Machine-learning workflow, performance and interpretability of models predicting fatigue in IBD patients. 
(a) Overview of the machine-learning workflow. Two pipelines were implemented: one including all IBD patients (cohorts 1–2), 
and another restricted to patients in biochemical remission (defined as calprotectin <250 µg/g and CRP<5 mg/dL). Model 
performance was subsequently evaluated on an external validation cohort comprising patients with IBD from Spain, Australia 
and Scotland. (b) Model performance (AUC) in the full IBD cohort. The deep neural network (DNN) achieved the highest test 
set performance compared with other models, motivating external validation. (c) Model performance (AUC) in the external 
validation cohort. All models performed similarly, though the DNN showed a notable decrease in AUC, suggesting possible 
overfitting in the initial test dataset. (d) SHAP summary plot for the DNN, illustrating the impact of individual features on 
model predictions. Each dot represents a patient’s data point for a specific feature. The horizontal position of the dot shows 
how much that feature pushes the prediction towards fatigue (positive values) or away from fatigue (negative values). Dot 
colour reflects the actual feature value (eg, red for high platelet counts, blue for low). Features are listed vertically in order of 
their overall impact on the model, with the most influential features at the top. This visualisation reveals which features most 
strongly influence fatigue predictions and highlights that the impact of features can vary between patients—for example, very 
high platelet counts increase predicted fatigue in some individuals but not in others. Assessments conducted in autumn also 
increased the likelihood of fatigue prediction. AUC, area under the curve; CD, Crohn’s disease; CRP, C reactive protein; IBD, 
inflammatory bowel disease; ML, machine learning; SHAP, Shapley Additive Explanations; UC, ulcerative colitis.

B
M

J D
igital H

ealth &
 A

I: first published as 10.1136/bm
jdh-2026-000037 on 26 F

ebruary 2026. D
ow

nloaded from
 https://bm

jdigitalhealth.bm
j.com

 on 1 A
pril 2026 by guest.

P
rotected by copyright, including for uses related to text and data m

ining, A
I training, and sim

ilar technologies.



6 Chuah CS, et al. BMJ Digit Health 2026;2:e000037. doi:10.1136/bmjdh-2026-000037

BMJ Digital Health & AI

supplemental table 5). To explore whether complex 
nonlinear patterns might enhance predictive accuracy, we 
developed a custom DNN implemented in TensorFlow. 
The network architecture comprised four layers (two dense 
layers interspersed with two dropout layers; online supple-
mental figure 4c). On internal test data, the DNN outper-
formed classical ML models, achieving an AUC of 0.89 for 
all IBD cases and 0.94 in patients in biochemical remission 
(figure 2B). However, external validation using an indepen-
dent cohort (n=252; Córdoba, Spain n=101; Melbourne, 
Australia n=90; Edinburgh, Scotland n=61) revealed that the 
DNN’s performance did not generalise, with AUCs falling 
back to the 0.69–0.73 range observed across all models 
(figure 2C, online supplemental table 5). This suggests that 
the superior internal performance likely reflected model 
overfitting rather than true generalisability. No single ML 
model demonstrated consistent superiority across all datasets 
(online supplemental table 11).

When restricting the analysis to patients in biochemical 
remission (CRP <5 mg/L and calprotectin <250 µg/g), model 
performance declined (AUCs 0.61–0.66 (online supple-
mental figure 4a). In this subgroup, inflammatory markers 
contributed less to fatigue prediction, while features such as 
anaemia, elevated lymphocytes, reduced urea (potentially 
reflecting sarcopenia), age and seasonality emerged as more 
influential (online supplemental figure 4b). This reduction 
in performance indicates that the model is partly driven 
by inflammatory activity and that routine clinical metadata 
alone is insufficient to capture the complexity of fatigue once 
overt inflammation is absent.

Personalised fatigue profiling using SHAP-driven model 
interpretation
To better understand how individual factors contributed 
to model predictions, we applied SHAP analysis.16 SHAP 
values quantify the relative contribution of each input 
variable to individual model predictions, offering a trans-
parent, patient-specific decomposition of the model’s 
decision-making process. SHAP interpretation revealed 
distinct patient-level patterns, underscoring the clinical 
(and possibly biological) heterogeneity of fatigue in 
IBD. For some individuals, fatigue was closely linked to 
inflammatory markers, while for others, factors such as 
weight, medication use or seasonal variation were more 
influential. In the DNN model, key predictive features 
for all IBD patients included clinical symptom activity, 
steroid use, IBD diagnosis (CD vs UC), platelet count 
and autumn season (figure  2D). By enabling granular, 
patient-specific insights into the drivers of fatigue, SHAP 
analysis provides a proof-of-concept pathway towards 
personalised characterisation of factors associated with 
fatigue in IBD (figure 3).

Identification of distinct fatigue phenotypes using K-means 
clustering
To further characterise potential fatigue subtypes, we 
applied unsupervised k-means clustering (figure 4). This 
analysis is an exploratory, data-driven view of fatigue 

heterogeneity and highlights patient subgroups that may 
differ in their fatigue profiles despite similar routine clin-
ical features. Although SHAP groups related features by 
their contribution patterns, this reflects feature behav-
iour rather than patient similarity. The k-means analysis 
therefore identifies groups of individuals with shared 
multidimensional profiles and provides a starting point 
for defining subpopulations for future mechanistic or 
interventional studies.

Five distinct patient clusters emerged (table 1), namely 
those with (1) active IBD, (2) young tall males, (3) CD 
patients with long disease duration, (4) more elderly UC 
patients and (5) young female IBD patients. Cluster 0, 
representing active IBD, exhibited the highest preva-
lence of FatigueHigh (81.4%, n=113). In contrast, cluster 
1 (young tall males) demonstrated a significantly lower 
fatigue prevalence (34.9%) compared with all other 
groups (analysis of variance F=22.6, p<0.0001; Tukey HSD 
post hoc comparisons; figure  4C). The remaining clus-
ters exhibited intermediate fatigue prevalence ranging 
from 50% to 56% (online supplemental table 7). The 
low-fatigue male cluster (cluster 1) was distinct not only 
in sex (96% male), height (median 1.80 m) and weight 
(median 84 kg), but also exhibited higher haemoglobin 
levels (145 g/L vs 120–137 g/L in other clusters). The 
reasons for their relative fatigue resistance remain unclear 
but may reflect biological resilience, under-reporting or 
unidentified protective mechanisms. Notably, deviations 
from low baseline fatigue within this group may repre-
sent meaningful signals warranting focused mechanistic 
investigation. Together, these findings demonstrate that 
IBD-associated fatigue remains prevalent despite disease 
control, exhibits marked individual variability and can 
be modelled using supervised and unsupervised ML 
approaches that integrate patient-reported data and 
current level multidimensional clinical data that can be 
further optimised in future work.

DISCUSSION
Artificial intelligence and powerful ML are now firmly 
established and are increasingly used in medicine.19 A 
key consideration is how we construct the practical steps 
and apply these tools to a complex and relevant medical 
patient-centric problem, such as fatigue. Here, we present 
a transparent conceptual ML framework ‘roadmap’ to 
characterise fatigue-related patterns towards a practical 
outcome of better patient stratification to aid mech-
anistic studies; using one of the largest prospectively 
captured, real-world PROs on well-being from three 
contemporaneous cohorts, totalling 2970 responses from 
2290 participants across the UK and internationally, 
including non-IBD controls. We systematically defined 
the relevance of the (1) primary outcome of fatigue to 
base our ML approach, (2) used routinely available clin-
ical data that can be used at a population-level analysis, 
(3) employed seven different ML methods, (4) employed 
SHAP analysis to break down the clinical heterogeneity at 
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an individual level; and finally, (5) investigated whether 
there are distinct clusters of fatigue patients based simply 
on routine clinical observations.

Notwithstanding the complexities of IBD, we found 
that our ML approach can predict patients with signifi-
cant fatigue (AUC 0.70) with external validation across 
three independent cohorts in different geographical 

locations, but the performance drops within the IBD 
patient group that is in remission (AUC 0.60). We system-
atically compared seven ML models against traditional 
logistic regression to evaluate their ability to incorporate 
deep clinical data. DNNs demonstrated superior internal 
performance but similar external validation performance 
across all models. However, substantial unexplained 

Figure 3  Individualised decomposition of IBD-related fatigue using SHAP. SHAP force plots for true positive cases (ie, 
instances where the patient reports fatigue and the model predicts fatigue). f(x) represents the model-predicted probability of 
FatigueHigh; for example, f(x) = 0.76 corresponds to a 76% probability of FatigueHigh. Values closer to 1 indicate higher model 
confidence in predicting fatigue, while values closer to 0 indicate confidence in predicting low fatigue. This proof of concept 
illustrates the model’s ability to decompose feature contributions at the individual level. For example, in patient A, active IBD 
is a major contributor to fatigue; in patient B, azathioprine is a more influential factor. Patients C and D exhibit multifactorial 
contributions, with an important weight-related component, while patient E’s smoking status emerges as a key driver of fatigue. 
BMI, body mass index; CD, Crohn’s disease; IBD, inflammatory bowel disease; SHAP, Shapley Additive Explanations; UC, 
ulcerative colitis.
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variance remains, particularly in remission. At the cohort 
level, the model reflects the strong association between 
fatigue and disease activity, and its lower performance 
in remission indicates that routine inflammatory and 
clinical markers have limited predictive value once overt 
inflammation is controlled. This suggests that current 
classifiers partially reflect disease activity, although they 
still capture some non-inflammatory components of 
fatigue (online supplemental figure 4b). This is pertinent 
as it points towards the need to build in more expansive 
molecular data in this difficult group of patients. Most 
pertinently, future studies will require a larger cohort of 
IBD patients in remission.

The use of our simplified outcome threshold of ≥10/14 
fatigue days deserves further discussion. First, the preva-
lences of fatigue defined by this agree with clinical studies 
of IBD and IMID fatigue.20 21 Second, this allows us to 
harmonise fatigue measurement across cohorts, scale up 
our dataset and facilitate predictive ML analyses that can 
be applicable to different IMID cohorts in the future. 
Thirdly, our data from the broader CUCQ32 shows that 
this simple PRO is highly correlated to other domains of 
well-being and therefore a good representation of the 

deeper construct of the symptom fatigue that may be 
linked to poor sleep, depression, anxiety and organic 
disease-related causes. Furthermore, regression model-
ling (available at code repository) of the continuous 0–14 
fatigue outcome demonstrated minimal explanatory 
ability (R²=0.17), indicating current clinical metadata 
lack the granularity required for finer-scale prediction. 
Hence, our goal is to build an ML approach that can 
capture these complexities from a simple starting point 
that is easily captured in the clinic.

A potential critique is that fatigue prediction models 
may merely recapitulate the fatigue question itself, 
i.e. reinforcing a circular argument. We address this 
by explicitly excluding the fatigue question and other 
CUCQ questions as input variables in our ML algorithms. 
Instead, fatigue was predicted from a broad range of 
independently collected clinical metadata, including 
laboratory markers (eg, CRP, calprotectin), medication 
exposure, BMI, smoking status and seasonality. These 
predictors are biologically and clinically orthogonal 
to self-reported fatigue. Furthermore, SHAP analysis 
revealed interpretable, participant-specific predictors 
such as inflammatory markers and smoking, providing 

Figure 4  K-means clustering identifies five distinct fatigue clusters. (a) Fatigue prevalence by cluster: cluster 0 shows high 
fatigue prevalence (81%), cluster 1 shows low fatigue prevalence (35%), and clusters 2–4 show intermediate fatigue prevalence 
(50%–56%). (b) Visualisation of fatigue clusters using principal components analysis (PCA). (c) Tukey’s HSD test indicates that 
cluster 0 has significantly higher fatigue compared with the other clusters, while cluster 1 has significantly lower fatigue. No 
significant differences are observed among clusters 2–4. (d) Heatmap visualisation of the five identified subgroups. CD, Crohn’s 
disease; HSD, honestly significant difference; IBU, inflammatory bowel disease unclassified; UC, ulcerative colitis.
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face validity to the modelling. External validation across 
independent cohorts confirmed that fatigue can be 
predicted to an extent without direct fatigue self-report, 
demonstrating the capacity of ML to uncover latent 
patterns underlying fatigue.

This suggests that (1) ML is equivalent to clas-
sical methods for structured clinical data and (2) 
the consistent performance ceiling likely reflects 
a ‘hidden’ multifactorial pathobiological compart-
ment of factors currently unmeasured. We, therefore, 
present the first comprehensive framework using 
ML algorithms to dissect the complex presentation 
of fatigue. This is initially based on using routinely 
available clinical data, but this will be expanded to 
include molecular data such as genetics, nutritional 
factors, microbiome and metabolomics in the future. 
We acknowledge that our dataset lacked key variables 
known to influence fatigue, including sleep quality 
(we excluded the use of CUCQ sleep question as it 
was highly correlated to the outcome), mental health, 
socioeconomic status and more detailed comorbidi-
ties. However, with the ML framework established, 
these datasets can be included with relative ease in 
future studies. We think that with further training of 
the models, there will be direct clinical application 
by identifying ‘clusters of patients’ or individual-
ised stratification based on SHAP analysis to human 
experimental studies of fatigue. These insights may 
ultimately support patient stratification to targeted 
interventional studies (figure 1).

In conclusion, fatigue profoundly impacts well-being 
in IBD, even in remission. Our data provide credible 

support for the utility of PROs as endpoints for future 
translational scientific research. In addressing IBD-
associated fatigue, we show the conceptual ability 
to reduce the dimensionality via modelling (thus 
flattening out the heterogeneity of IBD-associated 
fatigue) as the first-pass method to identify fatigue 
subgroups. This simplified approach will allow the 
future incorporation of multiple streams of complex 
scientific metadata (such as genetics and micro-
biome, for example) for larger scale analyses at a 
cohort level. There are many better scientific tools to 
study central and peripheral fatigue—from imaging, 
metabolism and mitochondrial function. We envisage 
that our work provides a step towards identifying 
subgroups suitable for future mechanistic studies and 
therapeutic development, shifting beyond symptom-
based classification towards data-driven and person-
alised fatigue management in IBD.
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