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Abstract

BackgroundGenerating clusters of people with similar patterns of Multiple Long-
TermConditions (MLTC) could help target healthcare services for specificpatient groups.Weaimed to
generate data-driven clusters of patients based on their disease trajectories and assess clinical
interpretability and associations with future health outcomes.
Methods We used structured general practice data from the Clinical Practice
Research Datalink Aurum, linked to Hospital Episode Statistics data on emergency department (ED)
attendances and hospital admissions, including all adults registered on 1st January 2015. For each
patient, we generated a vector embedding representing their trajectory of diseases developed over
time, using a transformer model, followed by clustering using k-means. Patients were subsequently
followed up for 1 year to estimate associations of cluster membership with ED attendance,
hospitalisation and mortality, compared to patients with no long-term conditions. We also evaluated
the use of the clusters for predicting these outcomes compared with using number of long-term
conditions, individual diseases or embeddings alone.
Results Analysis included 5,981,091 (82.1%) patients with MLTC and 1,304,119
(17.9%) with no chronic conditions.We identified eight clusters of patients withMLTC as optimal. The
largest, representing 21.3% of the population included strong contributions from cardio-kidney-
metabolic conditions, but there was substantial overlap in prevalent conditions across clusters.
Although large differences were found between clusters in 1-year odds of ED attendance,
hospitalisation and mortality, with the highest odds in cardio-kidney-metabolic clusters, clusters
explained only between 1.2-3.1% of total variance, and associations were substantially attenuated
after adjustment for age, sex, ethnicity and deprivation. Clusters performed substantially worse at
predicting outcomes than using the individual diseases or embeddings, and performed worse than a
person’s count of long-term conditions at predicting ED attendance and hospitalisation.
Conclusions We generated eight data-driven clusters of adults with similar
trajectories of MLTCs. Interpretation of the clusters was challenging due to overlap of the dominant
conditions across clusters, while clusters explained little of the variation in 1-year health outcomes.
Our findings highlight challenges in translating data-driven clusters of disease trajectories into
interpretable groups that can inform future care needs.
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Multimorbidity, also knownasMultiple Long-TermConditions (MLTC), is
a health state defined as the co-existence of two or more Long-Term
Conditions (LTCs) in one person1. With population ageing and the
increasingly effective management of many LTCs, the prevalence of MLTC
is a growing problem for health systems globally2. Having MLTC is asso-
ciated with increased mortality3, greater use of health services4, poorer
quality of life5, and challenges in navigating healthcare services6. One of the
central challenges in developing strategies to care for people with MLTC is
its heterogeneity, with tens of thousands of unique combinations of co-
existing conditions7. Over the last decade, unsupervised clusteringmethods
have been widely used as a data-driven approach to distinguish common
patterns of MLTC, consistently identifying cardiometabolic and mental
health clusters8,9.

While clustering of diseases has been the predominant approach in the
literature8, disease clusters may not map clearly to people, who will often
have diseases inmany clusters10. A growing body of research instead aims to
create clusters of people who share similar diseases11,12. Applied to health-
care, these approaches are analogous to “segmentation” methods, an
approach “to categorising individuals with similar characteristics with the
aim of identifying common care needs and designing services tailored to
those in each segment”13. For clusters to inform the design of care pathways,
they should be clinically interpretable, while to inform risk stratification,
they should capture meaningful variation in patient outcomes.

Althoughmany studies have applied segmentation in healthcare, most
create broad groups, such as a cluster of people with any chronic illness,
which does not capture the diversity within MLTC14–16. Furthermore, most
clustering studies represent MLTC at a single point in time8,9. This ignores
the sequence in which conditions develop, which may provide valuable
information on underlying patterns of disease progression17. Sequence-
based approaches, such as transformer models, have demonstrated strong
performance in capturing disease trajectories over time and predicting
health outcomes17,18, but whether grouping these representations into
clusters produces clinically meaningful and informative patient groups
remains uncertain.

Here, we aim to generate data-driven clusters of patient disease tra-
jectories and assess their interpretability and ability to capture variation in
future health outcomes.Using a pipeline incorporating a transformermodel
and k-means clustering, we first generate unsupervised clusters of people
with MLTC, based on their chronological patterns of disease development.
We then characterise each cluster by their prevalent LTCs and socio-
demographic profiles. Finally, we investigate the extent to which clusters
capture variation in future healthcare utilisation and mortality over one-
year follow-up.

Methods
Data sources and data cleaning
This cohort study uses the Clinical Practice Research Datalink (CPRD)
Aurum dataset, which collates patient-level data from general practice
electronic health records (EHRs) in England, and is nationally
representative19. Secondary care data on emergency department (ED)
attendances and hospital admissions were sourced from Hospital Episode
Statistics (HES), and death registration data from the Office for National
Statistics. Linkage was performed by NHS Digital using a pseudonymised
patient identifier. Only patients eligible for linkage were included, resulting
in 1.2% being excluded. Our data extract includes only patients marked as
‘research acceptable’ by CPRD20. We included patients aged ≥18 years who
were registered on 1st January 2015. We required that all patients were
registered for at least one year before 1st January 2015 to allow sufficient time
for data input21, and that all patients had at least one year of follow-up. Two
cohorts were constructed: the first included those with two or more LTCs
(see definition below), for clustering, and the second included those with no
LTCs to provide a consistent comparator group.

As a marker of socioeconomic deprivation, we used the Index of
Multiple Deprivation 2019, linked to each patient based on their geographic
area of residence22. This is a composite area-levelmeasure capturing a range

of socioeconomic factors. Ethnicity was categorised using standard NHS
categories (see SupplementaryMaterial p.2).Deaths can be recorded in both
CPRDand inONSmortality statistics – in caseswhere a deathwas recorded
only in one source, or was recorded in both, but with different dates, we
reconciled the sources adapting an algorithm developed by Delmestri and
Prieto-Alhambra (see Supplementary Material p.2)23. In all analyses, miss-
ing sociodemographic data were encoded as missing indicator variables.

Disease definitions
We used code lists derived in earlier research representing 212 LTCs rele-
vant to MLTC (Supplementary Material p.3-9)24–26. These code lists map
9,462 diagnostic codes (the ‘Medcode’ clinical ontology in CPRD) entered
during clinical encounters to the 212 LTCs. For each patient, a sequence of
diseaseswas constructed according to the temporal order of clinical codes in
their EHR, allowing for repetition. For example, a disease sequence for a
patient might read “hypertension, rheumatoid arthritis, hypertension,
chronic kidney disease, gout, gout”. For each patient, their entire history of
LTCs was included, from birth up until 31st December 2014. In CPRD, each
code has an ‘observed’ date and an ‘entry’ date; we used the former to define
the order of diseases, as diagnostic codes may be back-dated to the date of
observation.

Generating a patient representation
Generating clusters requires a quantifiable representation of the disease
sequences as an input. To produce these representations, we generated an
unsupervised ‘vector embedding’ for each patient. Here, we generated the
representation using a transformer architecture, EHR-BERT, which we
developed in earlier work17. In brief, this algorithm, adapted from large
language models used for text inputs27, uses the sequence of each patient’s
diseases as an input to try to predict randomly ‘masked’ diseases within the
sequence. In doing so, it learns a vector representation of each person’s
disease sequence. The information on disease sequences is supplemented
with information on age, gender, ethnicity, socioeconomic deprivation and
calendar year for each code. While gender, ethnicity and deprivation are
fixed throughout, age and calendar year associated with each code will vary
over time, allowing themodel to learn the impact of these factors on disease
sequences. More information is provided in Beaney et al. (2024), but the
result is the generation of a vector of length 288 for each patient, repre-
senting their unique disease trajectory17. Our previous work indicated that
this representation captures deep contextual information that offers better
predictive power than methods of representation using only the co-
occurrence of diseases across a range of clinical outcomes17.

To assess the impact of sociodemographic embeddings within the
transformer architecture, we conducted a sensitivity analysis applying the
same clustering pipeline to embeddings generated from a simpler Med-
BERT architecture derived from our earlier work17,28. This model generates
embeddings using the sequence of disease codes only, without socio-
demographic information.

Clustering
Weuse the vector embeddings as input to k-means clustering for the cohort
with MLTC. We initially experimented with different clustering methods,
such as density-based and graph-based clustering29, but it was not com-
putationally feasible to run these on the entire dataset. For practical use, we
hypothesised that between four and 40 clusters would balance meaningful
separation of patient phenotypes with interpretability, and ran k-means
clustering for all values of k clusters between four and 40. This was imple-
mented in the scikit-learn Python package, using the Lloyd algorithm and
iterating 1000 times with different random centroids30. We selected the
optimal value of k clusters, using both Davies-Bouldin and Calinski-
Harabasz scores31.Withhigh-dimensional data, separationof clusters canbe
challenging usingmethods based on Euclidean distances such as k-means32.
As a sensitivity analysis, we tested two variants of the 288-length input
embedding with the number of dimensions reduced via Principal Com-
ponentAnalysis (PCA): one explaining 95%of the variance (96dimensions)
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and the second explaining 90% of the variance (71 dimensions) of the
original embedding.

Descriptive analysis of clusters
To account for conditions which are more prevalent in the population, we
calculated the ratio of observed to expected number of people with an LTC
in eachcluster.Here, the expected number,E is given by the formulaE =N *
P, whereN is the number of people in the cluster, and P is the prevalence of
the disease in the whole population. We then calculated a Z-score for the
difference between observed and expected prevalence of each LTC in each
cluster, and the two-tailed p-value under the null hypothesis of the differ-
ence being zero. If the observed-to-expected ratio was greater than one and
the p-value p < 0.00024 (applying a Bonferroni correction to account for
multiple testing), we retained the disease in the cluster. We visualised the
diseases in each cluster using word clouds, where larger text size indicates
relative prevalence of a condition in the cluster, using the Pythonwordcloud
package (version 1.9.2)33. Thus, the inclusion of a disease in a cluster
represents it occurring more than expected by chance given the population

prevalence, and the text size represents prevalence relative to other condi-
tions within the same cluster.

Associations with healthcare utilisation and mortality
For each cluster (defined as of 31st December 2014), we calculated the
percentage of patients i) presenting to ED at least once, ii) with one ormore
emergency hospital admissions, and iii) who died during one year of follow-
up through 2015 (i.e., in the year after information input into the clustering
was captured). We selected a one-year follow-up period as a practical
planning horizon commonly used within health services to inform service
delivery. For each outcome, we calculated the total variance bothwithin and
between clusters. To examine the strength of association of each clusterwith
each outcome, we used logistic regression, incorporating the cluster
assignment of a patient as a categorical variable using Stata version 1734. The
reference group included patients with no LTCs as a fixed baseline that did
not require selection of a reference cluster; a sensitivity analysis compared
outcomes only within the MLTC population using the youngest cluster as
the reference group. To assess the degree to which cluster associations were
explainedby sociodemographics andnumber of LTCs,we constructed three
models:
1. Model 1: unadjusted
2. Model 2: adjusted for age, gender, ethnicity and deprivation decile
3. Model 3: adjusted as for model 2, plus the number of LTCs per person

Age category, gender, ethnicity and deprivation deciles were incor-
porated as categorical variables. In Model 3, the number of LTCs was
incorporated as a continuous variable, along with a quadratic term, which
was found to be statistically significant across all models.

Predicting healthcare utilisation and mortality
We assessed the performance of the clusters to predict the same three
outcomes over 1-year, training a logistic classifier with L2 penalisation and
four-fold cross-validation in scikit-learn30. Due to the small number of
deaths, for mortality we included only adults aged ≥ 60 years. Clusters were
input as dummy variables.Models were evaluated using theAreaUnder the
Curve (AUC). We compared performance against three models with
alternative inputs:
1. Number of LTCs (as a continuous variable)
2. Presence or absence of each disease (as binary indicators)
3. Theoriginalpatient embeddingsonly (as a vectorof continuous values)

For each input, we compared performance using: i) the input alone; ii)
inclusion of sociodemographics (age, gender, ethnicity and deprivation
decile); iii) additional inclusion of the count of LTCs per person.

Patient and public involvement
This work was supported by a Patient and Public Advisory Group (PPAG)
comprising three people with lived experience as a patient or carer for a
person with MLTC who gave informed consent to participate. Three
workshops were conducted over the course of the work, informing the
selection of the 212 LTCs and outcomes, and the interpretation of results.
Key findings from our PPAG are reported in the Discussion.

Ethical approval
Data access to CPRDand ethical approval was granted byCPRD’s Research
Data Governance Process on 28th April 2022 (Protocol reference:
22_001818) and with linkage to HES data on 6th March 2023 (Protocol
reference: 22_002481).

Results
Study population
A total of 5,981,091 (82.1%) patients with MLTC and 1,304,119 (17.9%)
with no LTCs were included. Those with MLTC were older, with a mean
(SD) age of 54.2 years compared with 36.0 years in those with no LTCs
(Table 1). Gender profiles also differed, with more females (53.0%) in those

Table 1 | Characteristics of the study population for thosewith
MLTC and those with no LTCs

Patient characteristic With MLTC With no LTCs

Total Percent Total Percent
Age (years)

Mean (SD) 54.2 (18.1) 36.0 (13.1)

18–29 635,951 10.6% 483,464 37.1%

30–39 738,864 12.4% 380,631 29.2%

40–49 1,059,467 17.7% 239,663 18.4%

50–59 1,183,828 19.8% 127,768 9.8%

60–69 1,048,679 17.5% 48,889 3.7%

70–79 777,891 13.0% 15,992 1.2%

80+ 536,411 9.0% 7712 0.6%

Gender

Female 3,172,062 53.0% 509,105 39.0%

Indeterminate 54 <0.1% 15 <0.1%

Male 2,808,975 47.0% 794,999 61.0%

Ethnicity

White 5,167,461 86.4% 850,120 65.2%

South Asian 351,992 5.9% 127,547 9.8%

Black 207,090 3.5% 67,234 5.2%

Other 77,371 1.3% 72,885 5.6%

Mixed 59,219 1.0% 24,079 1.8%

Missing 117,958 2.0% 162,254 12.4%

IMD decile

1 (least deprived) 681,578 11.4% 119,686 9.2%

2 623,792 10.4% 113,088 8.7%

3 634,813 10.6% 129,157 9.9%

4 631,560 10.6% 123,984 9.5%

5 564,937 9.4% 127,624 9.8%

6 592,094 9.9% 138,709 10.6%

7 589,598 9.9% 147,314 11.3%

8 565,316 9.5% 151,630 11.6%

9 566,781 9.5% 137,429 10.5%

10 (most deprived) 525,831 8.8% 114,218 8.8%

Missing 4791 0.1% 1280 0.1%

Total 5,981,091 82.1% 1,304,119 17.9%
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withMLTC andmoremales (61.0%) in those with no LTCs. People with no
LTCs were more likely to have missing ethnicity (12.4% versus 2.0%),
suggesting that those with more LTCs may have more opportunities for
documenting ethnicity in EHRdata. Among people withMLTC, there were
slightly more patients in the least deprived deciles, in contrast to those with
no LTCs, where there were slightly more patients in the most deprived
deciles.

Clusters of people with MLTC
We generated clusters of people withMLTC using k-means. Based on both
the Calinski-Harabasz and Davies-Bouldin scores, local minima were
identified at resolutions of five, eight, fourteen, seventeen, 27 and 37 clusters
(Supplementary Fig. 1). These six optima were investigated further. A
Sankey plot of the assignment of people between the six partitions
demonstrated a loosely hierarchical pattern, with most conditions
remaining with other conditions in the same cluster as the number of
clusters reduced (Supplementary Fig. 2).

Two sensitivity analyses using embeddings following dimensionality
reduction with PCA (explaining 90 or 95%) gave different optimal sets of
clusters (both at six, ten, 24 and 34), but the contents of the clusters were
similar across partitions, suggesting minimal impact on the composition of
the clusters (Supplementary Figs. 3, 4).

Disease patterns across clusters
Of the six optimal partitions, we focus on the eight-cluster partition. Eight
clusters provided more granular insights than only five clusters, but with
higher numbers of clusters of fourteen, 27 or 37, it became less clear which
diseases made a cluster unique. For example, in the fourteen-cluster parti-
tion, clusters 1, 2, 4, and 6 shared similar cardio-kidney-metabolic condi-
tions, while clusters 10, 12, and 14 shared high prevalences of acne, allergic
and chronic rhinitis, asthma and dermatitis. The most common diseases in
each cluster, which were statistically more likely to occur than expected, are
shown in Fig. 1 (see Supplementary Figs. 5–9 for other optima).

Cluster 1 (21.3% of the population) and cluster 5 (9.8%) had
strong contributions from cardio-kidney-metabolic conditions,
including diabetes, hypertension and raised cholesterol measure-
ments. Cluster 2 (15.2%) was made up of mostly allergic, skin and
pain conditions. Musculoskeletal conditions contributed significantly
to cluster 3 (16.0%), along with other conditions affecting different
body systems. Cluster 4 (15.1%) was made up of four measurements
of raised cholesterol and triglyceride levels. Cluster 6 (8.2%) included
mostly mental health conditions, with some pain disorders, and
Cluster 7 (8.1%) had high contributions from obesity, asthma, and
low high-density lipoprotein (HDL)- cholesterol. Finally, cluster 8
(6.3%) included high contributions from asthma, allergic and chronic
rhinitis and dermatitis. There was strong overlap between clusters,
with raised cholesterol measurements dominant across Clusters 1, 4,
5, and 7, while asthma appeared strongly across Clusters 7 and 8.

Sociodemographic characteristics of people in each cluster
There were large differences in the age distributions among people in
each cluster, with the youngest median age in Cluster 2 (31 years)
and oldest in Cluster 5 (70 years) (Table 2). Gender distributions also
varied by cluster, with Cluster 7 including the highest percentage of
females (74.4%). The relative age distributions by gender were similar
within each cluster (Supplementary Fig. 10), but males in Cluster 4
(lipid-related disorders) tended to be younger than females in Cluster
4. The distribution of ethnicity also varied across clusters, with the
lowest percentage of people of White ethnicity in Cluster 2 (78.3%),
made up of allergic, skin and pain conditions, and the highest in
Cluster 6 (92.4%), with a prominence of mental health conditions
(Table 2). Similarly, there were differences across deprivation deciles,
with the lowest percentage of people living in the most deprived areas
in Cluster 3 (6.2%) and highest in Clusters 6 and 7 (12.1% and 12.0%
respectively).

Associations with healthcare utilisation and mortality
Clusters explained only a small percentage of overall variance in outcomes:
1.2% for any ED attendance, 3.1% for any emergency admission and 1.8%
for mortality over 1 year. Using the larger set of 37 clusters, corresponding
percentages remained low (1.4%, 3.7% and 2.5% for each outcome,
respectively) (Supplementary Table 1). People in cluster 1 had the highest
odds of ED attendance, emergency admission and mortality over 1 year
(Figs. 2–4) in unadjusted models (model 1). However, after adjustment for
sociodemographics and number of LTCs (model 3), cluster 5 had the
highest odds of attending ED. For all clusters, effect sizes were significantly
attenuated following adjustment, with a small range of values between
outcomes.

Predicting outcomes
We assessed cluster performance for predicting the same three outcomes.
Using the 8-clusters alone, predictive performance was substantially worse
than using either individual diseases or the embeddings from which they
were derived, although differences were attenuated once sociodemographic
information was also included as an input (Table 3). The clusters also
performed worse than using a person’s LTC count alone for predicting ED
attendance and hospitalisation, but slightly better for mortality. In a sensi-
tivity analysis examining cluster performance for predicting mortality
across the range of cluster sizes from four to 40, there was only a modest
increase in the AUC (from 0.781 to 0.799; Supplementary Fig. 16).

Sensitivity analysis using clusters generated without socio-
demographic information
We generated embeddings using a simpler Med-BERT architecture
which learns from disease sequences without linked sociodemographics,
identifying different optimal partitions (Supplementary Figs. 17–20).
Comparing 8-clusters for consistency with the primary analysis, both
approaches generated two cardio-kidney-metabolic clusters and a lipid
cluster. However, the cluster of musculoskeletal conditions did not
emerge using Med-BERT, and instead two mental health clusters were
formed (Supplementary Fig. 19). In general, clusters derived from Med-
BERT embeddings explained slightly less variation in healthcare utili-
sation than those from EHR-BERT but similar or slightly more variation
in mortality (Supplementary Table 3). For prediction, the raw embed-
dings and clusters derived from Med-BERT performed consistently
worse than those from EHR-BERT, but once sociodemographic factors
and number of LTCs were included as inputs in the prediction model,
performance was similar (Supplementary Table 4).

Discussion
We generated eight data-driven clusters of adults with MLTC, based on 6
million patients’ sociodemographic characteristics and disease trajectories
recorded in GP records. There were large differences between clusters in
sociodemographic profiles and prevalent diseases. Clusters 1 and 5 included
older adults with cardio-kidney-metabolic conditions, reflecting shared
causes and pathophysiology between these diseases35, while Cluster 2
included younger adults with skin and allergic conditions. Although people
in Clusters 1 and 5 used healthcare services most frequently and had the
highest risk of mortality over one year, much of this association was
explainedby their older average age andhighernumberof LTCs, rather than
the specific mix of conditions, with clusters explaining little of the overall
variability in outcomes. Furthermore, clusters performed substantially
worse at predicting 1-year outcomes compared with information on either
the individual diseases or embeddings from which they were derived,
demonstrating the potential loss of information for risk stratification when
aggregating individual diseases into clusters.

Ultimately, clustering approaches are useful if they support the design
of care pathways or allow identification and subsequent intervention for
patients at high risk. For example, well-defined clusters might allow for the
creation of specific services tailored to each cluster thatwould not be feasible
to create for every individual, while supporting a shift away from single-
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disease care.Alternatively, if a cluster enables accurate risk stratification, this
might allow clinicians to initiate a review or target treatments. From our
analysis, two prominent challenges emerged that impact the implementa-
tion of findings in clinical practice: 1) interpretability; 2) discrimination of
future outcomes.

Identifying the features distinguishing each cluster was challenging.
While someof our identified clustersmapontoknown relationships, such as
cardio-kidney-metabolic conditions in clusters 1 and 535, connections
within other clusters were not well-established. Overlap in the conditions
across clusters also introduces complexity to interpretation,which increased

Fig. 1 | Disease clouds of most common diseases in each cluster for the 8-cluster partition. Diseases included only if prevalence is significantly higher than expected by
chance. Text size indicates the relative prevalence of a disease within the cluster. For prevalence of each disease in each cluster, see Supplementary Data 1.
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as the number of clusters increased. Methodological choices, including the
inclusion of 212 LTCs and transformer-based architectures, are likely to
contribute to this complexity. However, use of the simpler Med-BERT
architecture produced clusterswhichwere similarly challenging to interpret.
Furthermore, other studies using fewer diseases and simpler cross-sectional
methods have also found strong overlap across clusters. For example,
Robertson et al. found that hypertension was among the three most pre-
valent conditions in seven out of ten clusters of people based on co-
occurrenceof 30 diseases11. Thus, the challenge of interpreting unsupervised
clusters of patients may reflect their inherent heterogeneity within the
population, rather than being unique to methodological decisions36.

Discussions with our patient and public group highlighted the
importance of being able to clearly explain why a patient is assigned to a
cluster for healthcare applications.Without clearly separable clusters, this is
difficult: in our case, we would be unable to assign an individual to a cluster
without an external algorithm. Assignment algorithms, such as decision
trees,maybeused in this context toprovide clear assignment thresholds, but
would not be deterministic and would introduce new statistical error in
assignment.

Clusters derived from EHR-BERT—incorporating sociodemographic
characteristics—performed slightly better at predictingoutcomes than those
fromMed-BERT, but these differences were largely eliminated once patient
sociodemographic characteristics were included in the prediction model,
indicating how EHR-BERT captures these relationships within the
embeddings. Despite large variation in 1-year mortality and healthcare use
across clusters (Figs. 2–4), differences were substantially attenuated after
adjustment for sociodemographic characteristics,while relatively little of the
overall variation in outcomes was explained by the clusters alone (Supple-
mentary Table 1).

Furthermore, information on the clusters alone had lower predictive
accuracy than individual-level data on the conditions or embeddings from
which they were derived (Table 3). This reflects the expected information
loss from reducing continuous patient representations into a small number
of groups but highlights the practical challenge of balancing interpretability
while preserving individual heterogeneity. The number of LTCs alone
surprisingly performed better than cluster membership in predicting ED
attendance and hospitalisation, demonstrating the importance of overall
disease burden, and highlighting the value of considering simple disease
counts alongside disease composition when developing approaches to
anticipate future care needs.

Instead of clustering on sociodemographic characteristics anddiseases,
some studies have clustered on metrics of healthcare utilisation or
outcomes13,37.While these clusters will reflect people with similar healthcare
use, this may produce clusters that are dissimilar with respect to patient
characteristics and disease patterns, making it difficult to identify effective
interventions. Furthermore, being in a “high-utilisation” cluster now may
not mean someone is in a high utilisation cluster in future13. Some seg-
mentation approaches incorporate both demographics and outcomes, but
tend to be derived by clinical expertise, rather than data-driven processes,
such as assigning a patient to a high EDuse segment based on a threshold of
attendances14,38. Creating clusters combining both patient characteristics
and outcomes using data-driven methods requires a weighting of the two.
Extending our transformerarchitecture tofine-tune the patient embeddings
to predict specific outcomes could allow for clusters that retain both the
characteristics (from pre-training) and outcome associations (from fine-
tuning).A recent data-driven approachdeveloped byHuang et al. combines
characteristics and outcomes, thus creating groups similar with respect to
both, which is a promising avenue for future work39.

Table 2 | Characteristics of people in each cluster

Cluster Median (IQR)age (years) Gender(% female) Ethnicit(% White)* Deprivaton(% in mostdeprived decile) Ψ Median (IQR)numbr of LTCs

Cluster 1 69 (58–79) 50.0 88.8 10.4 10 (7–13)

Cluster 2 31 (25–39) 62.1 78.3 8.9 3 (2–4)

Cluster 3 56 (49–66) 45.1 90.7 6.2 4 (2–5)

Cluster 4 58 (50–67) 41.8 83.1 6.6 5 (3–7)

Cluster 5 70 (61–79) 52.4 89.2 7.1 7 (5–10)

Cluster 6 45 (36–54) 64.3 92.4 12.1 5 (3–7)

Cluster 7 47 (38–56) 74.4 83.3 12.0 5 (3–7)

Cluster 8 38 (27–50) 47.5 86.5 9.1 4 (3–6)
*: see Supplementary Fig. 11 for a breakdown of clusters across all ethnic groups.
Ψ: see Supplementary Fig. 12 for a breakdown of clusters across all deprivation deciles.

Fig. 2 | Odds ratios for any ED attendance over one year for each cluster, com-
pared to people with no LTCs. Model 1: unadjusted; Model 2: adjusted for socio-
demographics; Model 3: adjusted for sociodemographics and number of LTCs per
person. Vertical line at 1 represents OR for peoplewith no LTCs. Point estimates and
confidence intervals shown in Supplementary Table 2. A comparison of outcomes
among those with MLTC only is shown in Supplementary Fig. 13.
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A strength of our study is the use of a large and nationally repre-
sentative sample of patients from primary care in England19. We defined
MLTC based on a broader set of LTCs than many studies, and examined a
range of healthcare utilisation measures relevant to both primary and sec-
ondary care. Our embeddings were generated from a novel transformer
algorithm developed in earlier work, which uses disease sequences, incor-
porating information on age, gender, ethnicity and deprivation17. We also
tested a simpler embeddingmodel which uses the disease sequences alone –
direct comparisonwas challenging due to differences in the optimal number
of clusters, but cardio-kidney-metabolic and lipid clusters were consistent

across both methods, while explanatory and predictive performance was
slightly lower. This suggests that the observed challenges in interpretability
and predictive utility are not solely attributable to the inclusion of socio-
demographic information and may reflect broader challenges of applying
hard clustering to heterogeneous disease trajectories.

We applied k-means clustering, a widely used clustering algorithm
which is computationally feasiblewith largedatasets.However, k-means can
generate unbalanced clusters with high-dimensional data. For this reason,
we tested a reduction in the dimensionality of the data using PCA and did
not find substantial differences in the resulting clusters. Applying a clus-
tering model learned in one setting to a new population would require
training of an additional predictive algorithm to learn assignment patterns.
Although beyond the scope of this work, this is likely to be challenging to
implement and would lead to greater loss of both the explanatory and
predictive power of the clusters, representing a limitation to the real-world
use of data-driven clusters of people in healthcare settings.

A limitation of generating sequence-based embeddings fromEHRdata
is the capturing of patterns of healthcare interaction as well as disease
biology, whichmay lead to clusters reflecting care processes rather than true
phenotypes40. For example, cluster 4 included four common measures of
elevated blood lipids, which are routinely measured together. We also
assessed associations of clusters with outcomes over a relatively short 1-year
time-frame; assessment over longer horizons in future research may help
identify whether clusters capture meaningful longer-term differences in
health. Trajectory-based approaches may be more adept at distinguishing
variation in longitudinal patterns in outcomes, for example, stable versus
escalating use of services.

Based on our findings, we propose the following considerations for
future research using clustering approaches in MLTC:

What is the goal of clustering?
Clustering should be aligned to a clearly defined purpose, such as describing
disease patterns, informing service design or risk stratification. In our study,
clustering disease trajectories did not improve short-term risk prediction
over individual-level disease representations. Where prediction is the pri-
mary objective, approaches retaining individual-level information or
incorporating supervisionmay therefore be preferable39, while unsupervised
clusteringmay be better suited to generating interpretable groups for service
or pathway design.

What is the unit of clustering?
Clustering people across trajectories of 212 LTCs resulted in substantial
overlap between clusters with limited separation of outcomes. Clustering
diseases may be more interpretable, as the number of conditions is far
smaller, but requires an additional assignment step10. Alternatively, where
the objective is to identify groups with distinct risks or outcomes,

Table 3 | Performance metrics for predicting ED attendance, hospital admission and mortality from different model inputs

Outcome Additional variables Count of LTCs Diseases Embedding 8 clusters
AUC AUC AUC AUC

ED attendance None 0.622 0.609 0.641 0.568

Sociodemographics 0.642 0.639 0.646 0.609

Sociodemographics and number of LTCs N/A 0.639 0.647 0.628

Hospital admission None 0.667 0.718 0.736 0.653

Sociodemographics 0.714 0.730 0.739 0.692

Sociodemographics and number of LTCs N/A 0.730 0.739 0.710

Mortality* None 0.656 0.831 0.865 0.669

Sociodemographics 0.777 0.852 0.865 0.783

Sociodemographics and number of LTCs N/A 0.852 0.865 0.786
* Among patients ≥60 years

Fig. 3 | Odds ratios for any emergency hospital admission over one year for each
cluster, compared to people with no LTCs.Model 1: unadjusted; Model 2: adjusted
for sociodemographics; Model 3: adjusted for sociodemographics and number of
LTCs per person. Vertical line at 1 represents OR for people with no LTCs. Point
estimates and confidence intervals are shown in Supplementary Table 2. A com-
parison of outcomes among those with MLTC only is shown in Supplemen-
tary Fig. 14.
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segmentation approaches clustering on outcomes or utilisation patterns
may be more appropriate.

What type of clustering approach should be used?
Hard, mutually-exclusive clustering may be unsuited to MLTC, where
disease patterns commonly overlap, as observed here. Probabilistic or ‘soft’
clustering approaches allowing membership across multiple groups may
better represent this heterogeneity41,42.

Does clustering add value over simpler stratification?
In our analysis, cluster membership explained little variation in healthcare
utilisation and mortality, providing less predictive information than indi-
vidual conditions and in some cases less than simple disease counts. Clus-
tering should therefore be benchmarked against simpler, interpretable
approaches to determine the incremental value of additional complexity.

Should clusters be stratified across populations?
We observed large demographic differences in cluster membership. Prior
stratification by characteristics such as age and sex may identify patterns
driven less by these factors43,44, but increases complexity of interpretation
and reduces comparability across subgroups. Choice should therefore be
guided by the intended application.

How should similarity and heterogeneity be evaluated?
Most variation in healthcare outcomes in our study occurred within, rather
than between clusters. Evaluation should therefore assess within- and
between-cluster heterogeneity in features or outcomes relevant to the
intended purpose, rather than relying on statistical metrics of cluster
separation alone.

How can generalisability be established?
Different embedding models produced different cluster configurations in
our study, demonstrating sensitivity to modelling choices. Establishing
generalisability therefore requires assessment of both stability across mod-
elling assumptions and replicability across populations.

How will clusters be used in practice?
High within-cluster heterogeneity in our study limited the ability of cluster
membership alone to identify individual care needs. Practical value is more
likely where clusters align with recognised care pathways, support specific
interventions and are reproducible across settings. Ultimately, imple-
mentation studies areneeded toestablishwhether their use improves service
delivery or patient outcomes.

Conclusion
We generated eight clusters of people with MLTC based on similar disease
trajectories.Although clusters differed in sociodemographic profiles, disease
composition, healthcare utilisation and mortality, interpretation was chal-
lenging due to substantial overlap in conditions across clusters and high
residual heterogeneity inoutcomeswithin clusters.Clustermembership also
provided less predictive information than individual-level diseases, and for
some outcomes, the number of LTCs alone, demonstrating the information
lost when heterogeneous trajectories are reduced to discrete groups. Future
research should focus on approaches that better balance simplification and
interpretability with preserving individual heterogeneity and evaluate
whether clustering can support practical improvements in patient care and
clinical outcomes.

Data availability
This study used data from the Clinical Practice Research Datalink (CPRD)
which are not publicly available, but may be requested from CPRD, subject
to approvals. More information is available at: https://www.cprd.com/
access-data

Code availability
Code lists developed during this project are available in a dedicated project
repository45.
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