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Summary
Background Unplanned hospital admissions are associated with worse patient outcomes and cause strain on health 
systems worldwide. Primary care electronic health records (EHRs) have successfully been used to create prediction 
models for emergency hospitalisation, but these approaches require a broad range of diagnostic, physiological, and 
laboratory values. In this study, we aimed to capture temporal patterns of patient activity from EHR data and evaluate 
their effectiveness in predicting emergency hospital admissions compared with conventional methods.

Methods In this retrospective observational study, we used the Secure Anonymised Information Linkage databank to 
extract temporal patterns of primary care activity from undifferentiated electronic health record timestamp data for 
1·37 million patients in Wales aged 18–80 years with at least one recorded Read code between the years 2016 and 2018. 
Using Gaussian mixture modelling we grouped patients into distinct temporal clusters, performed a three-stage 
validation of our approach and calculated the risk of emergency hospital admission for each temporal cluster group. 
Finally, these temporal clusters were combined with five administrative variables and incorporated into four emergency 
hospital admission prediction models (logistic regression, naive Bayes, XGBoost, and multilayer perceptron [MLP]) 
and compared with a more traditional, but data-intensive, modelling technique. The primary outcome was emergency 
hospital admission as the next health-care event.

Findings Six distinct temporal cluster patterns of primary care EHR activity were identified, associated with varying 
risks of future emergency hospital admission risk. These patterns were visually interpretable, repeatable at a 
population-level, and clinically plausible. The best emergency hospital admission prediction model (MLP) achieved 
an area under the receiver operating characteristic (AUROC) of 0·82 and precision of 0·94 in regional cohorts. In 
external validation in regional cohorts, similar model performance was observed (AUROC 0·82 and precision 0·92). 
This model also matched the performance of a more complex model (extended feature model) requiring 33 clinical 
parameters (AUROC 0·82 vs 0·83; precision 0·94 vs 0·90) for the same task on the same dataset.

Interpretation We developed a novel machine learning pipeline that extracts interpretable temporal patterns from 
simple representations of EHR data and can be incorporated into emergency hospital admission predictors. This 
framework might enable more rapid development of parsimonious clinical prediction models.

Funding UKRI CDT in AI for Healthcare, UKRI Turing AI Fellowship, NIHR Imperial Biomedical Research Centre, 
and Research Capability Funding.

Copyright © 2025 The Author(s). Published by Elsevier Ltd. This is an Open Access article under the CC BY 4.0 
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Introduction
Internationally, an urgent need to reduce hospital 
admissions has been identified,1,2 prompting interest in 
using electronic health records (EHRs) to help reduce 
this burden by identifying patients for intervention or 
care planning before hospital admission.3 Although 
EHRs are a well-established resource for clinical 
prediction,4 their use is expanding into new areas such as 
health-care planning, scheduling, and pandemic 
preparedness.5,6 Accurate and representative data are 
needed for these tasks, but improving data quality in 
EHRs can be expensive and resource-intensive.7,8 This 
conventional approach to EHR prediction modelling is 
fraught with challenges including noisy and complex 
data, algorithmic bias, mixed data types, data 
missingness, inconsistent quality, and interoperability 

issues.4,9 As such, the use of prediction modelling has 
been limited to health systems with sophisticated data 
infrastructures.

For two decades, EHRs have been used to build 
statistical and machine learning predictors for 
emergency hospital admission.10,11,12 For example, the 
landmark QAdmissions study achieved an area under 
the receiver operating characteristic (AUROC) of 0·78 
for prediction of emergency admission within 2 years.11 
However, the practical application of such models might 
be limited by their real-world performance (eg, high 
false positive rates). This phenomenon was demonstrated 
in the PRISMATIC trial published in 2018 which showed 
increased health-care costs without patient benefits 
when such prediction software was used in primary care 
practices.13 However, recent advancements suggest that 
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machine learning might outperform more traditional 
prediction models.14 A 2018 study from Rahimian and 
colleagues used standard machine learning techniques 
to enhance the QAdmissions model, achieving a 
benchmark predictive performance (AUROC 0·848)15 
with an average precision-recall score of 0·35. This 
model relied on over 100 clinical parameters, limiting its 
use to health systems with sophisticated data 
infrastructures. Yet the simple presence of recorded 
medical data might be just as revealing as specific 
measured variables.16

These data, used by conventional EHR prediction 
models, are typically single-timepoint features, such as 
age or recent clinical measurements, which might not 
fully capture a patient’s dynamic health status or health 
trajectory.17 Changes in these trajectories might precede 
significant health-care events, such as unplanned 
hospital admissions, and can be associated with worse 
outcomes.18,19 Nonetheless, most published models use 
only simplified summary statistics of past health-care 
interactions to predict emergency hospital admissions.

In this paper, we harness the datatime labels of EHR 
administrative data, which are automated, low-cost, 
reliable, ubiquitous, and require minimal data 
preprocessing. We aimed to determine the usefulness of 
the datatime labels using a purpose developed machine 

learning pipeline (figure 1A) to analyse patient trajectories 
as manifested in EHRs and read their temporal activity 
(figure 1B) by creating a novel, interpretable feature with 
a principled, multifaceted approach to validating this 
new feature, and show it can enrich the performance of 
emergency hospital admission prediction compared with 
a conventional approach.

Methods
Study design and data collection
In this retrospective observational study, we explored 
how patient trajectories can be extracted from primary 
care EHR data and be rendered informative to predicting 
future emergency hospital admission. We identifed the 
ideal number of primary care interactions needed for 
this task and show that these sequences are not random. 
We then incorporated this optimal configuration into 
prediction models and compared this with more 
conventional approaches to the prediction of emergency 
hospital admission.

We used the Secure Anonymised Information Linkage 
(SAIL) databank for model development.20,21 SAIL is a 
national dataset from Wales (population: 3·1 million22), 
consisting of billions of person-based health records and 
covering 86% of the population. This includes 43 linked 
and anonymised health data assets covering primary and 

Research in context

Evidence before this study
We searched PubMed and Google Scholar from inception to 
July 31, 2024 for publications in the English language that aimed 
to predict emergency hospital admission from primary care 
electronic health record (EHR) data. We used the keywords 
“emergency hospital admission”, “prediction”, “risk”, “machine 
learning”, “primary care”, and “electronic health records”. 
Research in this domain, so far, has focused on curating accurate 
and detailed primary care medical data to maximise the number 
of model input variables. The landmark QAdmissions study from 
2013 showed that emergency hospital admission could be 
predicted from primary care data. Larger and more sophisticated 
EHR datasets, combined with newer machine learning 
modelling techniques, have allowed more accurate predictors to 
be created. The current state-of-the-art approach used in one 
study improved upon the QAdmissions model’s predictive 
performance. Although these models achieve strong predictive 
performance they require a lot of clinical parameters to be 
measured and suffer from limitations, such as high false positive 
rates, which preclude them being used as primary care alert 
tools. In summary, existing methods use only a single timepoint 
of a large number of clinical variables to predict patient 
trajectory.

Added value of this study
In this study, we incorporate a dynamic representation of 
patients’ interaction with health care that allows us to map 

their health activity over time with their risk of emergency 
hospital admission. We show that temporal patterns of primary 
health-care interactions can be decoded via our so-called 
general practice event clustering method and then provide a 
three-step validation of our novel approach to predict 
hospitalisation. We integrate this dynamic, temporal measure 
with five administrative variables, and show how we match or 
outperform a more traditional approach to emergency hospital 
admission prediction.

Implications of all the available evidence
We show here instead that simple data, likely to be present in 
most EHRs, can reveal interpretable and informative temporal 
patterns of primary care interaction that can replace more 
complex data. Our approach requires only a sequence of 
timestamps, easily extracted from most EHR databases, that we 
decode using machine learning. We use these temporal pattern 
signals with five other purely administrative variables (sex, age, 
ethnicity, Welsh Index of Multiple Deprivation, and total 
hospital admissions in the last 12 months) to train accurate and 
clinically useful predictors of emergency hospital admission. 
This work demonstrates a substantially lower data burden than 
a traditional approach (moving from >100 clinical parameters to 
six administrative parameters) for the prediction of emergency 
hospitalisation from primary care data. As we retain sufficiently 
high predictive performance, with a low false positive rate, this 
approach has potential utility for a range of health systems.
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secondary health care. Of these available assets, four data 
resources were used: the Welsh Demographic Service 
Dataset, the Welsh Longitudinal General Practice 
Dataset, the Patient Episode Database for Wales, and the 
Annual District Death Extract (appendix p 2).

Approval for this project was granted by the SAIL 
Health Information Research Unit’s Information 
Governance Review Panel (project approval number 1323). 
All data used in this study were anonymised and arise 
from the delivery of routine public services, so additional 
consent or ethical approval were not required as 
per Health Research Authority guidance.23

Patients
All patients aged 18–80 years with at least one recorded 
Read code between the years 2016 and 2018 were 
included. All patients with five or more emergency 
hospital admissions in 2018 were excluded. All patients 
without a recorded pseudo-identifier, year of birth, sex 
identifier, or Welsh Index of Multiple Deprivation 
(WIMD)24 were excluded as these formed key demo
graphic data for our analysis. These exclusions were 
chosen as a minimum requirement for individual health 

record completeness based on those chosen by Rahimian 
and colleagues.15

Patients who died during the study period were also 
excluded. This decision was made as we could not 
reliably identify patients with do not resuscitate orders, 
treatment escalation plans, and patients with expected 
deaths. These different subgroups of patients were 
deemed likely to have interacted with health care 
differently and risked artificially amplifying or adversely 
influencing our findings. However, these patients were 
reintroduced, to form a sensitivity analysis of our final 
prediction model (see appendix pp 3–4 for further 
details).

Outcomes
The outcome of interest was emergency hospital 
admission in the year 2018. Mental health and psychiatry 
admissions were excluded as these patients generally 
receive treatment that is partitioned from the main 
hospital infrastructure and have different treatment 
needs. Patients with five or more emergency admissions 
in 2018 (“frequent attenders” as defined by the Royal 
College of Emergency Medicine25) were excluded, to 

See Online for appendix

Figure 1: Research pipeline (A) and real-world patient data (B)
(A) GPE data are separated and the associated timestamps extracted to create inter-event sequence clusters using machine learning clustering. The outputs from this 
process are then merged with routinely collected patient data and used to train an emergency hospital admission prediction model. (B) Real GP inter-event times, 
before an index date, for a sample of anonymised patients. Blue markers indicate individual GPE. Random noise is added to inter-event times to hide true patient 
identities. This image is for demonstrative purposes only and shows the inter-event times for three patients (A–C) chosen at random from the admitted outcome 
group and three patients (D–F) chosen at random from the not admitted outcome group. EHR=electronic health record. GP=general practice. GPE=general practice 
event. PMH=past medical history. DH=drug history.
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focus on identifying individuals with high but potentially 
undetected risk and avoid patients likely already well 
known to health services. However, all patients with 
one to four admissions were included and each repeat 
admission was treated as a distinct outcome point. This 
decision was made as each admission event, even if in 
relation to the same patient, is preceded by a unique 
pattern of primary care events. Our control group 
consisted of all patients that did not undergo an 
emergency hospital admission in 2018. Our method 
predicts emergency hospital admission as the next 
health-care event, so to assess our models on the control 
group we generated a random date within the outcome 
period (drawing on Jan 1, to Dec 31, of 2018 using a 
discrete uniform distribution). Thus, every patient in the 
study cohort was assigned an index date in 2018, even if 
an emergency admission did not occur. This approach 
was chosen over other methods, such as assigning the 
same index date to all non-admitted patients, to avoid 
confounding from seasonal variations in medical 
consumption and hospital admissions.

General practice events (GPEs)
To extract patterns of patient interaction with primary 
care services during the study period, we captured the 
unique dates on which each patient had at least 
one datapoint recorded in their individual primary care 
electronic health record: a general practice event (GPE). 
We defined a GPE as the date associated with any patient-
specific clinical or administrative datapoint (symptoms, 
laboratory test results, medical appointments, telephone 
calls, etc). This approach was data-agnostic and treated 
all data similarly, regardless of the format or type of 
encoded data. For each study patient, all dates associated 
with any primary care EHR datapoint were extracted, but 
the data fields themselves were discarded. Duplicate 
date-values were removed, thus a list of dates was created 
demonstrating how patients temporally interacted with 
primary health-care services over the study period. The 
extraction of these data was purposefully straightforward 
as it involved the collection of raw timestamps only.

Baseline features
We extracted person-level data for demographics 
(patient age, gender, ethnicity, and WIMD decile), 
comorbidities, the total number of unique drug 
prescriptions in the year 2016, the total number of 
hospital admissions 1 year before the index date, and 
the total number of GPEs 2 years before the index date. 
These features were then divided into sparse and 
extended feature sets (appendix p 21). The sparse 
features included five simple variables (age, sex, 
ethnicity, WIMD, and number of hospital admissions in 
the last 1 year) normally available at an administrative 
level. The extended feature set was comprised of 
26 comorbidities and clinical datapoints. These variables 
were selected to represent data used in more traditional 

prediction models, informed by Rahimian and 
colleagues’15 previous work.

All Welsh Longitudinal General Practice datapoints 
referring to hospital admissions and emergency depart
ment attendances were excluded, to avoid data leakage 
and duplication from secondary care data stored in the 
Patient Episode Database for Wales dataset.

Novel feature engineering: GPE intervals
We extracted GPEs for each unique patient and calculated 
the time difference (in days) between sequential GPEs 
(ie, inter-event times). Thus, each patient was mapped to 
a sequential array of integers representing the time 
difference between GPEs: we refer to this as their GPE-
Sequence. In other words, for n GPEs, a total of n − 1 
inter-event times can be calculated, thus making the 
GPE-Sequence length = n − 1. For example, a patient with 
GPEs on Jan 1, Jan 8, and Jan 10 would have a 
corresponding GPE-Sequence length of 2, containing the 
values 7 days and 2 days.

We used each study patient’s index date to extract the 
preceding 24 months’ GPE-Sequence. These GPE-
Sequences were then clustered using Gaussian Mixture 
Models (GMMs) to create GPE-Clusters (figure 1A). A 
GMM is a probabilistic unsupervised machine learning 
technique that assumes all datapoints, in a given dataset, 
are generated from a combination of Gaussian 
distributions26 which yields a principled approach to 
handle the natural variability in the data. This approach 
performs well with highly heterogeneous data and was 
chosen because the distribution of GPE inter-event times 
was heavily skewed (long-tail distribution; appendix p 8). 
However, GMMs require the dimensionality of all input 
features to be the same (each observation must possess 
the same number of variables). For this task, this meant 
that all GPE-Sequences had to be the same length. For 
the years 2016 to 2018, the study cohort had a variable 
number of GPEs (and thus GPE-Sequence lengths; 
appendix p 9). To facilitate comparison between GPE-
Sequences with varying lengths, longer GPE-Sequences 
were reduced to the requisite length by removing 
datapoints representing the oldest GPEs and the most 
recent values were retained. This approach captured 
primary care activity over a fixed number of events rather 
than a fixed period of time. A visual demonstration of 
this procedure is provided in the appendix (p 10).

To determine the most effective GPE-Sequence length 
to predict emergency hospital admissions, we generated 
GPE-Clusters for lengths from 4 to 30 and incorporated 
these into corresponding logistic regression models 
(further details of this procedure are provided in the 
appendix [p 5]). This length was chosen as we felt that 
three or fewer inter-event times was not enough to be 
considered a pattern. The models were directly com
parable since the GPE-Clusters were the only variable 
that differed between them. The optimal model was 
determined by balancing incremental prediction 
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performance against the number of patients that could 
be included in the model; longer GPE-Sequences 
resulted in a reduced number of patients meeting 
inclusion criteria, decreasing the patient sample size for 
model training (illustrated in appendix p 11).

GPE-intervals: validation
The approach outlined previously allowed us to capture 
patterns of primary care interaction from EHR data. To 
ensure our data were robust and not a chance phenom
enon, we conducted a three-step validation experiment 
(details of which are described in the appendix pp 6–7).

Advanced prediction modelling
To demonstrate how our novel feature could be integrated 
into a real-world clinical predictor, we developed a 
two-stage pipeline that first generated GPE-Clusters 
using a GMM and then incorporated these into 
emergency hospital admission prediction models.

The optimal length GPE-Sequence was used to train a 
GMM and assign all patients in the cohort to a GPE-
Cluster (GPE-Cluster 0, GPE-Cluster 1, etc). All patients 
with fewer than the required GPEs were assigned to a 
separate cluster label: GPE-Cluster-1; meaning patients 
who were not eligible for clustering could still be included 
in the final emergency hospital admission prediction 
model. Each patient’s cluster membership was combined 
with their sparse baseline features and used to train 
four machine learning models—logistic regression, naive 
Bayes, extreme gradient boosting (XGBoost), and a 
multilayer perceptron (MLP)—to predict emergency 
hospital admission at the next health-care interaction. 
These models were each chosen as they belong to different 
categories of machine learning methods and offer different 
approaches to model estimation. XGBoost was chosen as 
the ensemble tree-based method over similar methods 
(eg, Random Forest, Gradient Boosting Classifier) as this 
approach has demonstrated superiority over deep neural 
networks for tabular data.27 Additionally, EHR data are 
composed of mixed data types (binary, categorical, and 
numerical values), which can be handled by each of these 
methods. Hyperparameters for all models (eg, learning 
rate, tree-depth, and hidden-layer size) were tuned using a 
grid search (a complete summary of the search space can 
be found in appendix p 23). We performed internal 
validation using five-times cross- validation. We report the 
area under the receiver operating characteristic curve 
(AUROC), recall, precision, and Brier score. Model 
calibration curves were generated with 95% CIs. A 
sensitivity analysis was performed by rerunning the above 
models and including all patients who died within the 
study period (see appendix pp 3–4 for further details).

Advanced prediction modelling: external validation
External validation of the two-stage approach described 
previously was performed by emulating the methodology 
of Rahimian and colleagues,15 as recommended by Riley 

and colleagues.28 Specifically, the study population was 
divided into three non-random regional groups according 
to the 22 local authorities in Wales (see appendix p 22).

The best-performing GMM and machine learning 
classifier were identified, along with their hyper
parameters. The first regional group was used as the 
training cohort and a GMM was trained to generate GPE-
Clusters. The GPE-Clusters, for every patient in this 
region, were then combined with their sparse baseline 
features to create an emergency hospital admission 
prediction model. The optimal hyperparameters learned 
previously were used for model training. Further tuning 
was deemed unnecessary as these regional groups 
represented sub-sections of the whole study population.

This new two-stage pipeline was then tested on the 
second regional group (testing cohort 1) and the third 
regional group (testing cohort 2). Again, we report the 
AUROC, recall, precision, and Brier score. CIs were 
calculated by performing bootstrapping five times by 
sampling 90% of the population with replacement.

Comparative modelling including additional features
To demonstrate the predictive use of GPE-Clusters we 
trained separate XGBoost models, as above, using the 
sparse baseline features with and without the novel GPE-
Clusters feature to predict emergency hospital admission 
as the next health-care interaction. An XGBoost classifier 
was chosen for this task, as model feature importances 
could easily be extracted. Hyperparameters were tuned 
with a grid search and five-times cross-validation was 
performed for each model. Performance metrics were 
then compared between the two best models.

Finally, we identified our best sparse feature model 
(GPE-Cluster + Sparse Baseline Feature model) and used 
the same class of machine learning predictor to train a 
more traditional predictive model (Extended Baseline 
Feature model) using the extended baseline feature set 
(appendix p 21) without GPE-Clusters. Internal five-times 
cross-validation was performed and the models perfor
mance were compared using AUROC, recall, precision, 
and Brier score. We then compared the performance of 
this conventional model with our best-performing sparse 
model.

Our findings are reported according to the TRIPOD29 
and STARD statements.30 We performed all statistical 
analyses using Python version 3.9.12.

Role of the funding source 
The funders of the study had no role in study design, 
data collection, data analysis, data interpretation, or 
writing of the report.

Results
From the SAIL databank, a total of 2 794 146 patients were 
identified with at least one GPE in the study period. 
71 458 patients died during the study period and 
1 288 858 patients did not meet age inclusion criteria. 
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Emergency hospital admission p value

Overall (n=1 373 048) Admitted (n=156 467) Not admitted (n=1 216 581)

Age, years 46·5 (17·2) 52·1 (18·7) 45·8 (16·9) <0·001

Sex

Female 726 068 (52·9%) 86 324 (55·2%) 639 744 (52·6%) ··

Male 646 980 (47·1%) 70 143 (44·8%) 576 837 (47·4%) <0·001

WIMD decile 5·6 (2·9) 5·0 (2·8) 5·7 (2·9) <0·001

Ethnicity

African 2745 (0·2%) 205 (0·1%) 2540 (0·2%) ··

Arab 1164 (0·1%) 57 (0·0%) 1107 (0·1%) ··

Asian other 3718 (0·3%) 204 (0·1%) 3514 (0·3%) ··

Bangladeshi 1488 (0·1%) 168 (0·1%) 1320 (0·1%) ··

Black 1107 (0·1%) 90 (0·1%) 1017 (0·1%) ··

British or mixed British 181 586 (13·2%) 21 101 (13·5%) 160 485 (13·2%) ··

Caribbean 347 (0·0%) 30 (0·0%) 317 (0·0%) ··

Chinese 3055 (0·2%) 54 (0·0%) 3001 (0·2%) ··

Indian 2923 (0·2%) 178 (0·1%) 2745 (0·2%) ··

Mixed 4159 (0·3%) 312 (0·2%) 3847 (0·3%) ··

Not stated 993 655 (72·4%) 111 783 (71·4%) 881 872 (72·5%) ··

Other 43401 (3·2%) 3495 (2·2%) 39 906 (3·3%) ··

Pakistani 1842 (0·1%) 184 (0·1%) 1658 (0·1%) ··

White 131 858 (9·6%) 18 606 (11·9%) 113 252 (9·3%) ··

Comorbidities

Hypertension 181 180 (13·2%) 35 918 (23·0%) 145 262 (11·9%) <0·001

Diabetes 77 127 (5·6%) 20 598 (13·2%) 56 529 (4·6%) <0·001

Atrial fibrillation 19 155 (1·4%) 8241 (5·3%) 10 914 (0·9%) <0·001

Ischaemic heart disease 37 946 (2·8%) 15 629 (10·0%) 22 317 (1·8%) <0·001

Venous thromboembolic disease 13 216 (1·0%) 4712 (3·0%) 8504 (0·7%) <0·001

Chronic kidney disease 3304 (0·2%) 1363 (0·9%) 1941 (0·2%) <0·001

Valvular heart disease 11 286 (0·8%) 3714 (2·4%) 7572 (0·6%) <0·001

Congestive cardiac failure 8052 (0·6%) 4172 (2·7%) 3880 (0·3%) <0·001

Cancer 155 506 (11·3%) 27 029 (17·3%) 128 477 (10·6%) <0·001

Asthma or chronic obstructive pulmonary disease 259 298 (18·9%) 44 559 (28·5%) 214 739 (17·7%) <0·001

Epilepsy 22 259 (1·6%) 5315 (3·4%) 16 944 (1·4%) <0·001

Falls 1130 (0·1%) 607 (0·4%) 523 (0·0%) <0·001

Depression 97 431 (7·1%) 19 607 (12·5%) 77 824 (6·4%) <0·001

Hypercholesterolaemia 92 360 (6·7%) 19 058 (12·2%) 73 302 (6·0%) <0·001

Manic depression or schizophrenia 49 809 (3·6%) 9974 (6·4%) 39 835 (3·3%) <0·001

Chronic liver disease or pancreatitis 11 987 (0·9%) 3543 (2·3%) 8444 (0·7%) <0·001

Rheumatoid arthritis or systemic lupus erythematosus 11251 (0·8%) 3151 (2·0%) 8100 (0·7%) <0·001

Osteoarthritis 133 215 (9·7%) 28 351 (18·1%) 104 864 (8·6%) <0·001

Connective tissue disease 3530 (0·3%) 998 (0·6%) 2532 (0·2%) <0·001

Hemiplegia 2952 (0·2%) 1088 (0·7%) 1864 (0·2%) <0·001

Learning difficulties 5889 (0·4%) 1114 (0·7%) 4775 (0·4%) <0·001

Obesity 48 697 (3·5%) 11 071 (7·1%) 37 626 (3·1%) <0·001

Osteoporosis 20 740 (1·5%) 5994 (3·8%) 14 746 (1·2%) <0·001

Peripheral vascular disease 8825 (0·6%) 3451 (2·2%) 5374 (0·4%) <0·001

Peptic ulcer disease 462 (0·0%) 141 (0·1%) 321 (0·0%) <0·001

Substance misuse 6616 (0·5%) 1836 (1·2%) 4780 (0·4%) <0·001

Total unique prescriptions (2016) 2·0 (0·0–6·0) 7·0 (2·0–13·0) 2·0 (0·0–5·0) <0·001

Hospital visits in last 1 year 0·0 (0·0–0·0) 0·0 (0·0–1·0) 0·0 (0·0–0·0) <0·001

Total GPEs in last 2 years 19·0 (6·0–41·0) 49·0 (24·0–78·0) 17·0 (6·0–37·0) <0·001

Data are n (%), mean (SD), or median (IQR). WIMD=Welsh Index of Multiple Deprivation. GPE=general practice event.

Table: Baseline characteristics
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After excluding patients with incomplete demographic 
information and all patients with five or more emergency 
hospital admissions, we identified 1 373 048 study 
patients (from 1 336 010 unique patients after accounting 
for repeat admissions) with a total of 156 467 emergency 
hospital admissions in the year 2018 (population 
admission rate of 11·4%). The time-to-event distributions 
for both outcome groups are shown in the appendix 
(pp 13–14). Individuals admitted to hospital were older 
(52·1 years [SD 18·7] vs 45·8 years [16·9]) and more likely 
to be female (86 324 [55·2%] of 156 467) than individuals 
not admitted to hospital (639 744 [52·6%] of 1 216 581). 
72·4% of the study cohort did not have an ethnicity 
recorded, but where reported, ethnicity was approximately 
equally distributed amongst both outcome groups (table). 
The total number of unique prescriptions was higher in 

individuals admitted to hospital than not admitted 
(7 [IQR 2–13] vs 2 [0–5]). The total number of GPEs, in the 
2 years before the index date, was also higher for patients 
admitted to hospital (49 [IQR 24–78] vs 17 [6–37]).

Logistic regression predictor models were created for 
GPE-Sequence lengths from 4 to 30 (4–30 inter-event 
times before the index date). A step-change in model 
performance occurred at GPE-Sequence lengths 
greater than 15 for both emergency hospital admission 
prediction and for the high-risk cluster admission rate 
(appendix pp 11, 15). An optimal GPE-Sequence length 
was determined to be 18 as model performance plateaued 
for both experiments at this point. As such, we selected 
an optimal GPE-Sequence length of 18 as model 
improvements beyond this point were outweighed by the 
loss of patients eligible for clustering. We identified 

Figure 2: GPE-Sequence clusters patterns (A) and stability of GPE-Sequence clusters (B)
(A) The 6 GPE-Cluster and their centroids, based on 19 GPEs. Each line demonstrates cluster-specific GP event patterns and mean inter-event times leading up to an index date. The first (earliest) GPE is 
represented by the left-most tick on the horizontal line with the penultimate GPE, before the index date, represented by the right-most tick. The associated admission rate is shown to the right of each 
cluster (blue). (B) Summary of 1000 clustering trials based on different random initialisations—across multiple trials there is a consistent pattern seen in the three highest ARCGs. Each ARCG is the 
amalgamation of one given cluster over 1000 experimental trials. This is a summary plot that shows the spread of values over 1000 trials for this specific cluster. Each box represents the distribution of 
inter-event times (in days) after 1000 trials. The different colours in the box plots are to aid visualisation, they are not representative of any values. Clusters 0 and 1 demonstrate a frequent and regular 
attendance pattern, whereas Cluster 2 demonstrates a crescendo (increasing frequency of GPEs). The distributions around each cluster in ARCG 0−2 are tight, suggesting that these activity patterns are 
highly stereotyped and reliably present across the population. However, ARCGs 3−5 have wider distributions around most cluster centroids, suggesting that these patterns might be less stable across 
the population and account for a wider variety of primary care activity behaviour. GP=general practice. GPE=general practice event. ARCG=Admission Risk Cluster Group.
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six clusters as the optimal number of components 
(appendix p 16), approximating six distinct phenotypes of 
primary care EHR activity before an index date. The 
choice of six clusters was reinforced by the findings of 
our validation experiments.

For all lengths of GPE-Sequence explored, a specific 
pattern of interest emerged: regular and frequent 
primary care consumption was associated with a higher 
hospital admission rate than all other clusters. The 
results of clustering based on a GPE-Sequence of 
length 18 is shown in figure 2A, with the highest risk 
cluster (GPE-Cluster 0) associated with a GPE 
approximately every week and an emergency hospital 
admission rate of 47·8%.

We used the optimal GPE-Sequence length (18) and 
optimal number of clusters (six), as identified above, to 
perform 1000 clustering trials with different random 
initialisations. When the clusters were matched across 
trials by admission rate rank, this resulted in 
six admission risk cluster groups, each composed of 
1000 18-dimensional clusters. Within each admission 
risk cluster groups, the median and IQR of the 
18 sequential centroids are demonstrated in figure 2B. 
The admission risk cluster groups associated with the 
highest admission rates (admission risk cluster 
groups 0, 1, and 2) showed clear stability across all trials 

evidenced by tight distributions across each dimension. 
Specifically, admission risk cluster groups 0 and 1 
showed frequent and repeating patterns where each 
centroid (indicative of mean inter-event times) had a very 
similar value (6·2 [IQR 0·29] and 15·5 [0·60], 
respectively) with admission rates of 46·9 (95% CI 1·3) 
and 15·4 (0·4). Admission risk cluster group 2 showed a 
clear step-like decrease in centroid values (inter-event 
time), before the index date, with an admission 
rate of 13·2 (95% CI 0·7).

The distribution of cosine distances between all 
clusters from the 1000 trials was compared with the 
simulated pseudo-clusters and found to be visually 
different (figure 3A). The distribution of the cosine 
distances between the true clusters (appendix p 12) was 
then used to identify a value of 0·02 as the threshold of 
similarity. From a total of 6000 clusters, created after 
1000 clustering trials (six clusters per trial), a total of 
24 unique clusters (cosine distances between each cluster 
and all other dictionary clusters >0·02) were identified 
with 11 having at least one match across all trials. Unique 
cluster patterns, with at least one match across 1000 trials, 
are shown in figure 3B. The top three most common 
clusters created accounted for more than 50% of all 
patterns generated, representing stability of these cluster 
patterns across all 1000 clustering trials. The most 

Figure 3: Cumulative distribution function of cosine distances for true and random clusters (A) and dictionary of clusters (B)
(A) For 1000 simulated trials (6000 clusters), the distributions of cosine distances between all clusters are markedly different for the true clusters (GPE-Clusters) and 
randomly generated clusters. (B) Demonstration of the 11 most commonly occurring unique clusters identified after 1000 clustering trials (6000 clusters) based on 
the cosine distance threshold of similarity. After each clustering trial, each new set of six clusters was compared with previous unique clusters by calculating the cosine 
distance. If the cosine distance between any new cluster was greater than the threshold of similarity (appendix p 12) between all other clusters, then this cluster was 
considered a new unique cluster and added to the dictionary of unique clusters. If the calculated cosine distance was below the threshold of similarity, this was 
considered a match with a previous cluster, and the new cluster was discarded. Each unique cluster, with at least one match, is shown here and ordered by the 
frequency of matching (ie, the most commonly occurring cluster patterns). GPE=general practice event.
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common unique clustering patterns identified in this 
dictionary closely resemble the final six clusters shown 
in figure 2A.

Using the five sparse baseline features in conjunction 
with the length 18 GPE-Clusters, the logistic regression, 
XGBoost, and MLP models achieved AUROC 
performances of 0·813 (95% CI 0·813–0·813), 0·821 
(0·820–0·821), and 0·821 (0·820–0·821), respectively, for 
the prediction of emergency hospital admission as the 
next health-care interaction. The naive Bayes classifier 
had significantly worse performance: AUROC 0·753 
(95% CI 0·753–0·754). The MLP demonstrated 
significantly better precision when compared with the 
other models: logistic regression 0·402 (95% CI 
0·388–0·415), naive Bayes 0·691 (0·691–0·692), 
XGBoost 0·450 (0·421–0·478), and MLP 0·935 
(0·935–0·935). The MLP demonstrated the best 
calibration (appendix p 17) and the lowest Brier scores 
and negative log loss (figure 4). A full account of model 
performance metrics and tuned hyperparameters are 
located in the appendix (p 23). Model performance for the 
sensitivity analysis, including all patients who died within 
the study period, are reported in the appendix (pp 3–4). 
These results show comparable performance metrics to 
our baseline analysis, demonstrating robustness of our 
approach to a different composite outcome.

The most effective model for predicting emergency 
hospital admissions using five sparse baseline features 
and 18 GPE-Clusters was the MLP classifier. A similar 
two-stage model, trained exclusively on patients from 
seven Welsh regions, achieved similar performance to 
the model trained on the entire study population. Model 
performance on testing cohorts 1 and 2 (appendix p 18) 
achieved AUROCs of 0·810 (95% CI 0·809–0·811) and 
0·822 (0·821–0·822), respectively. Precision (0·899 
[0·898–0·899] and 0·916 [0·915–0·916]) and recall (0·404 
[0·404–0·405] and 0·429 [0·428–0·430]) metrics were 
also congruous with the predictive performance. A full 
account of model performance metrics for these test 
cohorts is provided in the appendix (p 24).

The addition of GPE-Clusters to the sparse baseline 
features significantly improved the performance of our 
XGBoost model to predict emergency hospital admission. 
The median AUROC for the standard model was 0·776 
(95% CI 0·726–0·826) and improved to 0·821 
(0·789–0·853) with the addition of the novel cluster 
feature. The feature importances are shown in the 
appendix (p 19).

Our best prediction model trained on the sparse 
baseline feature set combined with the GPE-Cluster was 
identified to be the MLP. As such, we trained a second 
MLP model using the extended baseline feature set but 
excluding the GPE-Cluster feature. Results were 
comparable between the models: AUROC 0·821 (95% CI 
0·820–0·821) for the GPE-Cluster and sparse baseline 
feature model versus 0·834 (0·830–0·839) for the 
extended baseline feature model, recall 0·418 

(0·418–0·418) versus 0·432 (0·432–0·432), precision 
0·935 (0·935–0·935) versus 0·902 (0·890–0·915; 
figure 5). To demonstrate that the MLP was the fairest 
comparator model here we also trained XGB models (see 
appendix p 20). This result suggests that our novel GPE-
Cluster feature has the same predictive value as an 
extended list of medical diagnoses, total drug 
prescriptions, and total primary care visits in 24 months.

Discussion
We have shown a novel approach to EHR research by 
discovering and interpreting a temporal code in simple 
timestamp data and transforming this code into a novel 
temporal feature, the GPE-Cluster, which can be 
incorporated into patient outcome predictors. Crucially, 
this approach matched a conventional predictive approach 
that relied on extensive clinical data. Specifically, our GPE-
Clusters, based on simplified representations of routinely 
collected data, reveal interpretable and meaningful 
primary care interaction patterns. A three-stage validation 
of these GPE-Clusters confirmed their mathematical 
stability and demonstrated consistent interaction patterns 
associated with high hospital admission risk. Finally, 
these meaningful GPE-Clusters can enrich emergency 
hospital admission prediction models.

Previous studies have shown that health-care 
behaviours change before emergency hospitalisation.15,18 

Figure 4: Model performance for the full pipeline
Model performance for four machine learning classifiers trained with five baseline administrative features in 
combination with the GPE-Sequence clusters, to predict emergency hospital admission. The Brier score and Log 
loss score are probabilistic prediction evaluation metrics, with the multilayer perceptron showing the best (lowest) 
scores. AUROC=area under the receiver operating characteristic. GPE=general practice event.
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Our findings expand on this, by demonstrating that 
complex temporal patterns of health-care use might be 
more informative than simplistic summary metrics. Our 
data-driven approach extracts a comprehensible, temporal 
representation of patient trajectories, meaning that 
clinical predictions are accompanied by inbuilt, bespoke 
interpretability. Similar published works11,15 that adopt a 
more traditional approach to prediction modelling tend to 
be more data-intensive, requiring sophisticated and 
effortful approaches to high-quality feature extraction. In 
addition, the explainability of these models is limited to 
methods such as feature importance, which might 
provide a poor understanding of the inner workings of a 
model.31 However, our prediction models are not directly 
comparable with these previously published works, due 
to subtle differences in our defined outcomes. Our novel 
GPE-Cluster feature is retrospectively constructed from 
patient outcome dates, as we were focused on identifying 
imminent emergency hospital admissions. Instead, we 
trained an internal comparator predictor to represent a 
more established modelling approach, partially based on 
these previously published models. Compared with this 
conventional approach, our novel feature prediction 
model used 18% as many features of the data (6 vs 33) to 
achieve similar prediction performance.

Our GPE-Clusters are derived from readily available 
EHR data and require straightforward preprocessing, but 
are able to replace more expensive features which require 
medical expertise to parse (eg, past medical history and 
prescriptions). Nonetheless, this novel feature was able to 
extract interesting and interpretable patterns of primary 

care interaction. For example, GPE-Cluster 0 could 
encompass a patient with poorly controlled diabetes 
needing regular treatment for chronic complications like 
an infected ulcer; patients in this cluster are associated 
with an emergency hospital admission rate of 
approximately 47·8%. The next temporal pattern, GPE-
Cluster 1, was similar to GPE-Cluster 0, but had roughly 
twice the periodicity with bi-weekly events. In this cluster, 
for example, we might find a patient with multiple 
chronic diseases that are well managed due to frequent 
preventive actions by health services (corresponding to a 
lower admissions rate of 15·9% for patients falling into 
this cluster). The third, GPE-Cluster 2, might represent 
individuals with a sudden deterioration in health, such as 
an acute infection, as it shows a pattern that increases in 
its rhythm, from monthly to bi-weekly health-care 
interactions (14·2% are admitted). By contrast, GPE-
Cluster 5 showed a reversal of this pattern going from 
bi-weekly to monthly intervals, for example, a patient 
showing improvement after apparent resolution of 
complications due to chronic illness (10·3% of whom are 
admitted). Over time, patients might transit between 
different GPE-Clusters (eg, from deterioration in 
GPE-Cluster 2 to GPE-Cluster 1 to GPE-Cluster 0), 
showing potential fluctuation of health activity over time.

To demonstrate the potential for real-world applicability, 
the novelty of the GPE-Clusters needed to be paired with 
robust validity and clinically useful prediction models. 
Our methodology captured 60% of the approximately 
2·2 million people aged 18–80 years old in Wales (with at 
least one primary care Read code recorded). This sample 

Figure 5: Feature exchangeability
Emergency hospital admission prediction models achieve similar performance when 28 commonly used features are replaced with our single novel GPE-Cluster 
feature. GPE=general practice event.
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was demographically representative (age and sex) of the 
official population statistics,22 making our findings 
applicable to the country of Wales. The stability of our 
GPE-Clusters was cross-validated across this large group 
and confirmed through thousands of randomised initial
isations, giving us high confidence in the precise nature of 
these clusters. Finally, our MLP model matched AUROC 
scores of logistic regression and XGBoost models, but 
with superior precision (positive predictive value), 
minimising false positives at the expense of true positives. 
As a population-level screening tool, this is a justifiable 
trade-off as these patients would not otherwise have been 
identified and most health services would not have the 
resources to intervene pre-emptively in this cohort.

Our study should be interpreted considering its 
limitations. First, although our study population was large, 
it was confined to a single country with a unified health 
system, free at the point of care, with unrestricted access to 
primary care which controls access to secondary and 
specialist care. More comprehensive testing (eg, validation 
on an external dataset from a different country) is 
warranted before real-world clinical deployment. Second, 
over 70% of our study population did not have a recorded 
ethnicity, which might have masked ethnicity-specific GPE 
patterns. Different ethnic groups might interact differently 
with health-care services.32 Third, to construct our GPE-
Clusters, we did not explore GPE-Sequence lengths 
less than 4, as we felt that three inter-event times did not 
constitute a pattern of primary care interaction and were 
reassured by model performance improvements above 
this minimum threshold. Finally, we have trained models 
using four established machine learning approaches. 
Although it is possible that time-to-event models (to 
account for right censoring) or state-of-the-art classifiers 
might have outperformed these approaches, the focus of 
our work here was to introduce the novel GPE-Cluster 
approach to EHR data.

One of the key advantages of our study is that we chose 
established predictor variables, readily available in most 
modern EHRs, allowing our approach to easily be 
replicated using most primary care data repositories. 
Second, our novel GPE-Cluster features were generated 
using immediately intuitive clustering approaches, 
making them tangible and physically measurable 
quantities. This built-in interpretability facilitates visual
isation of specific patterns of primary care activity and 
clinical understanding of stereotypical patterns of health 
interaction before emergency hospital admission. Simple 
escalating or de-escalating temporal patterns of behaviour 
have been shown to be predictive of human nature, 
performance, or intent in non-clinical domains, such as 
voting in the US Congress,33 sick leave patterns in 
employee performance,34 and social media commun
ication.35 Although our GPE-Clusters contain such 
escalating and de-escalating temporal patterns of health-
care consumption, we also found more nuanced temporal 
patterns. Finally, the data required to create GPE-Clusters 

are derived from complex clinical data, but our feature 
requires only a simplified representation of these data. 
Our approach is agnostic to specific data types, requiring 
only timestamps, meaning all data are treated equally, 
thus reducing preprocessing requirements and the need 
for domain expertise for variable interpretation. This 
framework for analysis is easily generalisable to other 
health-care outcomes, presenting opportunities for 
application and validation to other predictive tasks.

In conclusion, we have shown, using an exemplar 
application of emergency hospital admission prediction, 
a general principle that EHR administrative data contain 
valuable temporal predictive information that can be 
extracted using purpose-built artificial intelligence 
models. We provide a principled approach to evaluating 
these GPE-Clusters and demonstrate how they can 
facilitate clinical predictions using straightforward EHR 
data. In addition to standard clinical data, EHRs possess 
temporal patterns of activity that resemble a kind of 
health Morse code, which can be extracted at a national 
level, opening new avenues for EHR research.
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