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Fig 2. Layered violin plots of SHAP values showing the important features influencing cluster membership for all twelve identified
clusters.
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0.4.2 Prevalence analysis

We calculated within-cluster and relative prevalence of each indicator (Supplementary
section S5 Appendix). We say that an indicator is over-represented in a cluster if its
relative prevalence is greater than one, so that it is more prevalent in the cluster than in
the burden cohort as a whole.

Results

0.5 Burden cohort characteristics

The burden cohort includes 310,990 members, of whom 51.6% (160,339) are female and
48.4% (150,651) are male. The majority, 88.25%, are of White ethnic background (Fig
3a), and nearly one-third reside in the most deprived areas, WIMD= 1, (Fig 3b)). The
age at onset of first LTC peaks in the thirties (Fig 3c).
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(a) Distribution of ethnic backgrounds for burden cohort members.
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(b) Distribution of the Index of Multiple Deprivation (WIMD) 2019 quintiles. WIMD=1 is the
most deprived quintile and WIMD=5 is the least deprived quintile.

ONSET AGE DISTRIBUTION

Ocount

62
58
54
50
46
42
38
34
30
26
22

o

2000 4000 6000 8000 10000 12000 14000 16000

(c) Distribution of the age at onset of the first LTC
Fig 3. (a-c)Demographic characteristics of the burden cohort.

0.6 Clustering results

Using repeated k-means with an initial choice of 40 clusters, the global silhouette score
was 0.47. After filtering out clusters with a per-cluster silhouette score below 0.6, 12
clusters remained (Fig 4a), resulting in a clustered population of 240,297 and an
improved global silhouette score of 0.74.

All except the two largest clusters (0, “Low burden” and 1, “Pain”), are
predominantly female (Fig 4b); not only do females outnumber males in these clusters,
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but they are also over-represented relative to their proportion in the overall burden
cohort. In contrast, clusters 0 and 1 contain a higher proportion of males, who are
similarly over-represented compared to the cohort as a whole.

Patients residing in the least deprived residential areas are over-represented in
clusters 0, 6 and 7, whereas those from the most deprived areas are over-represented in
clusters 1, 2, 3, 4, 5, 8, 10 and 11 (Fig 4c). In cluster 9, although the WIMD=2
category is slightly over-represented, the differences between WIMD groups are small.

The clusters are distinctive in terms of number of LTCs (Fig 4d): individuals with a
high number of LTCs (7 or more) are notably over-represented in clusters 2, 4, 8, 10 and
11, and underrepresented in clusters 0, 5, 6, and 7, where people with lower number of
LTCs are over-represented.

Older ages (above 55 years) at onset of the first LTC are over-represented in clusters
0, 3, 5, and 6, in which low or very low numbers of LTC are also over-represented (Fig
4e). We see below that cluster 0 tends to experience a lower overall burden compared to
other clusters. In contrast, clusters 2, 4, 8, 9, 10, and 11 exhibit over-represented onset
ages in the 22-34 age group, and are characterized by over-representation of high or very
high numbers of LTCs. Except for cluster 9, these clusters are associated with higher
burden, as indicated by both the number and severity of over-represented burden
indicators. Cluster 7 is interesting being characterized by over-representation of both a
lower number of conditions, and an age at onset of the first condition in the 35-44 age

group.
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(a) Burden cluster size distribution. Size is given as a percentage of the final clustered
population.
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Fig 4. Distributions of cluster sizes, sex, WIMD 2019 quintiles, total number of LTCs
and age at onset LTC per cluster. Where relative distributions are shown, they are
relative to the distribution in the overall burden cohort.
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0.7 Burden indicator SHAP and prevalence analyses of the

clusters

We performed SHAP (Fig 2 and supplementary Fig S4) and prevalence analyses (Figs 5
and 6; supplementary Fig S5) of the clusters using the burden indicators.

Table 1 summarises the high-impact burden indicators for each cluster - down to a
threshold of 0.01 for mean SHAP value - and the over-represented indicators. Clusters
are named according to the binary burden indicators that are present and have SHAP
values above threshold (Fig 5).

Table 1. Clusters characterised by the most influential features in SHAP analysis
(third column) and over-represented features in the relative prevalence analysis (fourth
column), listed in order of cluster size. Influential features from SHAP analysis are
listed in descending order of SHAP value, to a minimum SHAP value of 0.01. The
over-represented features listed are those with relative prevalence above one. For
categorical variables with multiple over-represented categories, only the category with
the highest relative prevalence is reported. VL, L, M, H, and VH stand for Very Low,
Low, Medium, High, and Very High, respectively. Cluster size is given as a percentage
of the final clustered population.

ID | Cluster name

Most influential fea-
tures in SHAP analy-
sis

Over-represented Features (rel-
ative prevalence > 1)

Size(%)

0 Low burden

No Pain, no Depres-
sion, no Anxiety, no
Stress, lower GP
interactions, lower no.
medications, lower
DNA, and lower no.
LTCs

VL GP interactions, VL no.
medications, VL. MLTCS (2
LTCs), VL outpatient atten-
dances, H accrual interval >
20yrs, VL A&E arrivals, VL
DNA, VH WIMD(= 5), not
frail, and VL inpatient admis-
sions

46.13

Pain, no depression,
no anxiety, no stress,
higher GP interac-
tions, and higher no.
medications

Pain, H inpatient admissions(>
10/yr), mobility problems, M
no. medications (5-9), VH out-
patient attendances (> 20/yr),
H GP interactions, M MLTCs
(7-9 LTCs), mildly frail, L
DNA, work change, WIMD (=
1), M A&E arrivals, and VL ac-
crual interval (0-3 yrs)

19.97

1 Pain

2 Anxiety,
Depression &
Pain

Anxiety, depression,
pain, higher GP in-
teractions, no sleep-
ing problems and no
stress

Anxiety, VH A&E arrivals (>=
10/yr), depression, VH DNA
(>= 20/yr), H MLTC (> 10
LTCs), VH GP interactions,
severely frail, H no. medica-
tions (> 10), loneliness, mobil-
ity problems, pain, VH outpa-
tient (>= 20/yr), M inpatient
admissions (5-9 / yr), WIMD
(= 1), separation/divorce, work
change and VL accrual interval
(0-3 yrs)

6.06
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Continuation of Table 1
ID | Cluster name | Most influential fea- | Over-represented Features (rel- | size(%)
tures in SHAP analy- | ative prevalence > 1)
sis
3 Anxiety & | Anxiety, depression, | Anxiety, depression, VH A&E | 5.21
Depression no pain, lower no. | arrivals (>= 10/yr), loneliness,
medications, lower GP | VL no. medications, VL. GP in-
interaction, and lower | teractions, separation/divorce,
DNA M inpatient admissions, not
frail, L MLTC (3-6 LTCs),
L DNA, L outpatient atten-
dances, L accrual interval (4-9
yrs), and VL WIMD (= 1)
4 Depression & | Depression, pain, no | Depression, mobility problems, | 4.97
Pain anxiety, no sleeping | Hno. medications (> 10), pain,
problems, higher GP | H MLTC (> 10 LTCs), VH GP
interactions, no stress, | interactions (>= 70/yr), VH
higher no. medica- | DNA >= 20/yr, moderately
tions frail, H A&E arrivals (5-9 /
yr), VH outpatient attendance
(>= 20/yr), M inpatient ad-
missions (5-9 / yr), VL WIMD
(= 1), work change, VL accrual
interval (0-3 yrs), and separa-
tion/divorce
5 Depression Depression, no pain, | Depression, VL GP interac- | 4.62
no anxiety, lower GP | tions, VH A&E arrivals (>=
interaction, no stress, | 10/yr), VL no. medications,
lower no. medication, | separation/divorce, not frail,
higher A&E, and no | VL DNA, M accrual interval
sleeping problems (10-19 yrs), VL outpatient at-
tendance, VL. MLTC (2 LTCs),
VL WIMD (= 1), and L inpa-
tient admissions
6 Anxiety Anxiety, no depres- | Anxiety, VL no. medications | 3.85
sion, no pain, lower | (0-1), VH WIMD (= 5), H ac-
GP interaction, no | crual interval (>= 20yrs), M
stress GP interaction, not frail, VL
MLTC (2 LTCs), VL DNA,
VL outpatient attendances, VL
A&E arrivals, and VL inpatient
admissions
7 Stress Stress, no pain, no de- | Stress, L. GP interactions (10- | 3.25
pression, no anxiety, | 19 / yr), H accrual interval
lower GP interaction | (>= 20 yrs), VH WIMD (= 5),
VL outpatient attendance, VL
MLTC (2 LTCs), VL no. med-
ications, VL inpatient admis-
sions, VL A&E arrivals, not
frail and VL. DNA.
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Continuation of Table 1

ID

Cluster name

Most influential fea-
tures in SHAP analy-
sis

Over-represented Features (rel-
ative prevalence > 1)

size(%)

Anxiety &
Pain

Anxiety, pain, no
depression, higher
GP interactions, and
higher no. medica-
tions

Anxiety, pain, mobility prob-
lems, VH GP interactions (>=
70/yr), H no. medications (>=
10), VH outpatient attendance
(>= 20/yr), H MLTC (>= 10
LTCs), H inpatient admissions
(>=10/yr), VH A&E arrivals
(>= 10/yr), mildly frail, M
DNA (4-9 / yr), work change,
WIMD (= 1), and VL accrual
interval (0-3 yrs)

2.62

Stress & Pain

Stress, pain, no anxi-
ety, no depression

Stress, pain, H GP interactions
(40-69 / yr), M no. medications
(5-9), work change, mildly frail,
L DNA (2-3 / yr), M outpatient
attendance (7-9/ yr), M MLTC
(7-9 LTCs), M A&E arrivals (2-
4 / yr), L accrual interval (4-
9 yrs), WIMD (= 2), and L
inpatient admissions (2-4 / yr)

1.74

10

Sleeping
problems,
Depression &
Pain

Sleeping problems, no
anxiety, depression,
pain

Sleeping problems, severely
frail, mobility problems, H
MLTC (>= 10 LTCs), H no.
medications (>= 10), depres-
sion, VH GP interactions (>=
70/yr), H A&E arrivals (5-9
/ yr), pain, M inpatient ad-
missions (5-9 / yr), VH outpa-
tient attendance (>= 20/yr),
M DNA (4-9 / yr), unemploy-
ment, work change, WIMD (=
1), separation/divorce, and VL
accrual interval (0-3 yrs)

1.00

11

Sleeping
problems,
Anxiety &
Stress

Sleeping  problems,
anxiety, stress

Sleeping problems, severely
frail, stress, VH A&E arrivals
(>= 10/yr), VH GP interac-
tions (>= 70/yr), anxiety, H
MLTC (>= 10 LTCs), de-
pression, H no. medications
(>= 10), separation/divorce,
M DNA (4-9 / yr), mobility
problems, M inpatient admis-
sions (5-9 / yr), pain, VH out-
patient attendance (>= 20/yr),
work change, WIMD(= 1), and
VL accrual interval (0-3 yrs)

0.59

The SHAP analysis shows that Anxiety, Depression, Pain and Stress are the driving
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indicators in forming most of the burden clusters.

Within the largest cluster (cluster 0, “Low burden”), patients with two LTCs, the
longest time between diagnoses, and very low severity of all other burden indicators are
over-represented, as are individuals from the least deprived residential areas (Fig 6).
The group is predominantly male (57.65%; Fig 4b).

Within cluster 1 (“Pain”), individuals with MLTC (7-9 LTCs) and from the most
deprived areas are over-represented. The other over-represented burden indicators are
pain, having high levels of interaction with both primary and secondary healthcare
systems, mobility problems and work change. This group is also predominantly male
(53.65%).

Cluster 2 (“Anxiety, Depression & Pain”) is predominantly female (63.27%), with
over-representation of those from the most deprived areas. Individuals experience severe
frailty, mobility problems, extensive MLTC( >= 10 LTCs) with the shortest diagnosis
interval, taking 10 or more medications simultaneously, and frequent healthcare use
-especially GP, outpatient and A& E services. Three of the core indicators — anxiety,
depression, and pain- are prevalent. In addition, the cluster exhibits over-representation
of separation/divorce, loneliness and work changes.

In cluster 3 (“Anxiety & Depression”), is marked by over-representation of anxiety,
depression, loneliness, separation/divorce, and frequent A&E admissions (> 10/yr).
Females (58.71%), and those with MLTC (3-6 conditions) with moderate accrual
interval (4-9 years) and those residing in the most deprived areas are over-represented.
Despite very low GP interaction, secondary care use -especially A&E arrivals (> 10/yr)-
is over-represented. Medication burden is minimal, with very low number of
medications over-represented.

Cluster 4 (“Depression & Pain”) shares similarities with cluster 1 (“Pain”) in
over-representation of high healthcare interaction, work change and mobility problems.
However, it is distinguished by high prevalence of depression, greater proportion of
females (56.05%), and over-representation of the highest counts of LTCs and
medications (10 or more), moderate frailty, and highest number of DNA (20 or more),
likely linked to intensive GP interaction. Separation/divorce is also notably
over-represented.

Cluster 5 (“Depression”) is predominantly female (51.94%), and individuals with 2
LTCs with more than 10 years accrual time gap, those from the most deprived areas and
those experiencing depression, separation/divorce and very high number of A&E arrivals
(more than 10 per year) are over-represented. While these burdens are notable, severity
levels across other indicators are low, making this one of the least burdened clusters.

In cluster 6 (“Anxiety”), similar to cluster 5, females (57.54%), those with 2 LTCs
with highest accrual time gap (more than 20 years), and those from the least deprived
areas are over-represented. All cluster members have records of anxiety and moderate
interaction with GP (20-39 per year) is over-represented. The overall burden profile is
moderate as 9 indicators are over-represented at low or medium severity which makes it
one of the least burdened groups .

Cluster 7 (“Stress”) is similar to clusters 5 and 6, with over-representation of females
(59.11%), individuals with 2 LTCs, and the highest accrual time gap. In contrast, those
from the least deprived areas are over-represented. Stress is the most prevalent burden.
This is another least burdened cluster. This was the only cluster where fatigue played a
slight role in its formation based on SHAP analysis, but it wasn’t over-represented as its
relative prevalence remained slightly below one.

In cluster 8 (“Anxiety & Pain”), anxiety is the most prevalent indicator. It is similar
to cluster 4 (“Depression & Pain”) in sex distribution (60.69% female) and most
healthcare-related burdens. However, cluster 4 is marked by depression,
separation/divorce, and higher levels of frailty, and DNAs indicating a greater personal
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life burden.

Cluster 9 (“Stress & Pain”) includes over-representation of females (60.81%),
individuals with 7-9 LTCs, and work change. In contrast to previous pain-related
clusters, individuals from less deprived areas (WIMD=2) and lower interaction with the
secondary health system are over-represented.

In cluster 10 (“Sleeping problems, Depression & Pain”) includes over-representation
of females (53.30%), individuals with more than 10 LTCs, severe frailty, those from the
most deprived areas, and those experiencing sleeping problems, work change,
unemployment, separation/divorce, and mobility problems. Compared to cluster 4
(“Depression & Pain”), individuals in this cluster are more frail. This is also the only
cluster where unemployment is over-represented.

Cluster 11 (“Sleeping problems, Anxiety & Stress”) is predominantly female
(70.51%). Those with 10 or more LTCs, from the most deprived areas, and the highest
interaction with both primary and secondary healthcare systems are over-represented.
In many aspects, it is similar to cluster 10 but includes two additional burdens -anxiety
and stress-and higher A&E arrivals. This cluster does not show over-representation of
unemployment. Notably, although pain and depression did not contribute to cluster
formation, they are among the most prevalent indicators. Thus, all four core indicators
are prevalent in this cluster, each with a prevalence of 1.
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Fig 5. Heatmap showing burden indicator prevalence per cluster. Some cells are suppressed to mask low counts of less than 10; in
some cases, extra values are masked to prevent low count identification. Key: AEArr: A&E arrivals, GPInteracts: GP interactions,
HospAdmits:inpatient admissions, OPVisits: outpatient attendances, LTCCount: total count of LTCs, SimMedCount: number of
medications, and AvgCondGap: the average interval between the accrual of conditions.
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Fig 6. Heatmap showing the relative prevalence of burden indicator per cluster, filtered to include only values with relative
prevalence > 1.
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The “Low burden”, “Anxiety” and “Stress” clusters (0, 6 and 7) broadly reflect
lower recorded burden, characterized by relatively low healthcare interactions, a greater
likelihood of having only 2 LTCs, and very high WIMD.

The “Anxiety, Depression & Pain”, “Depression & Pain”, “Anxiety & Pain”,
“Sleeping problems, Depression & Pain” and “Sleeping Problems, Anxiety & Stress”
clusters (2, 4, 8, 10 and 11) show over-representation of binary burdens or severe levels
of categorical ones for at least 11 of the 21 burdens, and may reasonably be described as
higher-burden clusters.

0.8 Long-term conditions and cluster membership

We examined patterns linking LTCs to cluster membership, calculating the relative
prevalence of diagnosed conditions within each cluster, focusing on the top 20 most
common LTCs in the burden cohort (Fig S6), namely hypertension, drug and alcohol
misuse, osteoarthritis, asthma, atopic eczema, neuropathic pain, coronary heart disease,
arrhythmia, type 2 diabetes, deafness, chronic obstructive pulmonary disease, irritable
bowel syndrome, hypothyroidism, chronic fatigue syndrome, diverticular disease, gout,
anaemia, psoriasis, peripheral vascular disease and skin cancer. Additionally, we
identified the most highly over-represented LTCs among all the LTCs in supplementary
Table S2 for each cluster. Results are summarized in Table 2.

Table 2. Over-represented LTCs in each cluster. Column 3 shows the over-represented
LTCs among the 20 most common LTCs in the burden cohort, while column 4 shows
the over-represented LTCs among all LTC in supplementary Table S2. Those with
relative prevalence > 1, up to the first five most highly over-represented LTCs are
shown in each case.

Over-represented LTCs
ID | Cluster name | Among 20 most common Among all
Low burden | Skin cancer Prostate cancer, Skin cancer

1 Pain Gout, Osteoarthritis, Neuro- | Motor neurone disease, Anky-
pathic pain, Peripheral vas- | losing spondylitis, Psoriatic
cular disease (PVD), Type 2 | arthritis, Rheumatoid arthri-
diabetes tis, Primary lung cancer

2 Anxiety, Chronic fatigue syndrome, | Personality disorders, Post-

Depression & | Chronic obstructive pul- | traumatic stress disorder

Pain monary disease (COPD), | (PTSD), Pancreatic disease,
Anaemia, Osteoarthritis, | Fibromyalgia, Self harm
Arrhythmia

3 Anxiety &
Depression

Chronic fatigue syndrome,
Drug alcohol misuse, Ar-
rhythmia, COPD, Hypothy-
roidism

Chronic fatigue syndrome,
Obsessive-compulsive disor-
der (OCD), PTSD, Autism
and Attention deficit hyperac-
tivity disorder (ADHD), Eat-
ing disorders

4 Depression &

COPD, PVD, Anaemia,

Dementia Alzheimer’s, Pan-

Pain Type 2 diabetes, Osteoarthri- | creatic disease, Multiple scle-
tis rosis, Paralysis, Chronic pain
5 Depression Drug alcohol misuse, COPD, | Bipolar disorder, Demen-

Hypothyroidism, Type 2 dia-
betes

tia Alzheimer’s, Self harm,
Schizophrenia, Eating disor-
ders
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Continuation of Table 2
Over-represented LTCs
ID | Cluster name | Among 20 most common Among all
6 Anxiety Arrhythmia, Inflammatory | OCD, PTSD, Autism and
bowel disease (IBS), Skin can- | ADHD, Arrhythmia, Parkin-
cer son’s
7 Stress Atopic eczema, IBS, Skin can- | Long Covid,  Polycystic
cer, Deafness, Psoriasis ovary syndrome (PCOS), En-
dometriosis, Atopic eczema,
IBS
8 Anxiety & | Arrhythmia, Neuropathic | OCD, PTSD, Ehlers-Danlos
Pain pain, Osteoarthritis, IBS, | syndrome, Autism and
Anaemia ADHD, Plasma, cell cancer
9 Stress & Pain | Neuropathic  pain, Os- | Psoriasis arthritis, Long
teoarthritis, Gout, IBS, | Covid, Systemic lupus ery-
Atopic eczema thematosus, Chronic pain,
Neuropathic pain
10 | Sleeping COPD, PVD, Anaemia, | Ehlers-Danlos syndrome,
problems, Type 2 diabetes, Osteoarthri- | Fibromyalgia, Parkinson’s,
Depression & | tis Chronic pain, Dialysis
Pain
11 | Sleeping Chronic fatigue syndrome, | PTSD, Personality disorders,
problems, IBS, COPD, Anaemia, Ar- | Eating disorders, Long Covid,
Anxiety & | rhythmia Bipolar disorder
Stress

Skin cancer is over-represented in the lower-burden clusters 0, 6 and 7 (Table 2, first
column), which may indicate that it is associated with lower burden on average
compared to the average across all LTCs considered. Along with the other
over-represented condition listed for the “Low burden” cluster, namely prostate cancer,
skin cancer is typically addressed quickly by the healthcare system, plausibly explaining
their appearance in the cluster. Post-traumatic stress disorder appears as a common
over-represented condition across all clusters where anxiety is an important burden;
chronic obstructive pulmonary disease is over-represented across those where depression
is prevalent; inflammatory bowel disease and long COVID across all those with stress,
and chronic fatigue syndrome across those with both anxiety and depression. Among
the higher-burden clusters (2, 4, 8, 10, and 11), anaemia is a shared over-represented
condition among the 20 most common.

In clusters where pain is important (1, 2, 4, 8, 9, and 10), osteoarthritis is a shared
over-represented condition among the 20 most common. However, these clusters differ
in their most over-represented LTCs among all LTCs, which contributes to distinct
burden profiles within each group.

Discussion

Our analysis identified 12 clusters with distinct burden profiles. The SHAP analysis
reveals these clusters are formed around pain, anxiety, depression, and stress, indicating
that mental health, emotions and symptoms play a significant role in defining and
characterizing them.

Those living in more deprived areas are over-represented in all clusters except 0, 6,
and 7 (“Low burden”, “Anxiety”, and “Stress”). Among these, clusters marked by pain
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(1,2, 4, 8,9, 10 and 11) show a greater likelihood of more intensive use of the
healthcare system and of having seven or more LTCs with less than 4 years gap between
their diagnosis. This highlights the connection between socioeconomic deprivation and
ill-health, and underscores the need for targeted support from the health system to
mitigate the impacts of socioeconomic inequalities on quality of life.

Conversely, those living in the least deprived areas are over-represented in clusters 0,
6, and 7 (“Low burden”, “Anxiety”, and “Stress”) that feature greater likelihood of low
numbers of conditions with more than 20 years gap between their diagnosis, and less
intensive use of the public healthcare system. This perhaps suggests that higher
socioeconomic status and better health are likely to be protective of each other. In
addition, we speculate that recording symptom codes such as stress and fatigue may be
more likely when there is no clear diagnosis, and that individuals residing in the least
deprived areas may make more use of private healthcare.

Clusters 3 (“Anxiety & Depression”) and 5 (“Depression”) are centred around
psychological burdens without pain, fewer than seven LTCs, and very high A&E
utilization. These clusters exhibit minimal variation across WIMD levels, while the
highest rate of A&E arrivals, and at the same time the lowest rate of GP interactions,
are over-represented. This pattern suggests that depression may be linked to a distinct
mode of healthcare utilization irrespective of socioeconomic circumstances.

Pain has been identified as a key component of patient workload by Holland et
al. [23]. Three of the pain-related clusters-“Pain”, “Depression & Pain”, and “Sleeping
problems, Depression & Pain” (1, 4, and 10)- show notable differences that may offer
valuable insights for future research. Individuals in the latter two clusters are more likely

to be female and have higher numbers of conditions, alongside additional burden records.

Frailty severity, increases progressively: mild is overrepresented in “Pain”, moderate in
”Depression & Pain”, and severe in ”Sleeping problems, Depression & Pain”.

In contrast, comparing “Pain” and “Anxiety & Pain”, individuals in the latter are
also more likely to be female and have more conditions, but frailty level remains
unchanged. Additionally, individuals in “Anxiety & Pain” are less frail than those in
“Depression & Pain”, where missed appointments (DNA) and separation or divorce are
over-represented. On the other hand, the “Anxiety & Pain” cluster shows higher
likelihood for the most frequent hospital admissions and A&E arrivals.

Comparing the “Pain” and “Stress & Pain” clusters, despite substantial overlap in
over-represented indicators, the latter group comprises a higher proportion of females.
Notably, the overrepresented levels of inpatient and outpatient admissions are lower in
the “Stress & Pain” cluster, while both the WIMD and the condition accrual gap are
higher. Relative to “Anxiety & Pain” and “Depression & Pain” clusters, individuals in
“Stress & Pain” group exhibit less severe interactions with the health care system, fewer
LTCs, and reside in less deprived areas.

Some burden indicators appear to be closely linked within the identified clusters. For
example, the number of long-term conditions (LTCs), the number of medications, and
the number of GP interactions tend to follow the same trend—when a higher level of
one is over-represented in a cluster, a higher level of the others also tends to be
over-represented.

Less frequently recorded indicators may help to shape different burden profiles or
clusters. For instance, in clusters where separation/divorce is over-represented,
depression is consistently also over-represented. Over-representation of work change and
pain also frequently co-occur in clusters. Mobility problems co-occur with these two
burdens in all their instances except for cluster 9.

To our knowledge ours is the first study to cluster individuals with MLTC on the
basis of the pattern of burden they experience. This patient-centred approach is novel
and highlights the relationship between health inequalities, quality of life and
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socioeconomic deprivation.

However, the patient experience of burden is only partially captured in routine EHR
data. Fraser et al [29] discuss limitations and bias of EHR data in capturing
patient-focused burden concepts. We highlight that our binary burden indicators,
derived from clinical code lists, do not directly capture information about the patient,
but are mediated through the coding practice of their healthcare providers. Thus, if, for
example, a cluster defined by a coding of stress in the absence of pain has a higher
prevalence of patients from the least deprived areas, this may reveal something about
the experience of higher-income patients, but it may also reflect patterns in how GPs
tend to code information about higher-income patients. Similarly, prescribing and
referral patterns may vary by patient demographic characteristics, by GP
characteristics, or as a result of the interaction between the two. For example, some
patient groups may be more likely to successfully advocate for themselves to receive or
reduce medications, or younger GPs may have different prescribing practices from older
ones. At present we cannot reliably untangle the contributions from patient-related and
healthcare-provider-related information that are reflected in the EHR.

Furthermore, patient burden is only captured in EHR data when patients interact
with healthcare systems. Individuals who interact with the system less frequently may
be less likely to have burden indicators recorded. Thus there may be a bias towards

under-recording of burden in demographic groups that access healthcare less frequently.

For example, it is well-documented that men are less likely to use primary care
services [51,52], and this could be one reason why males are over-represented in the
“Low burden” cluster and females are over-represented in nearly all the others. In
addition, if the recording of any burden indicators is itself biased according to these
same patient characteristics, this could either counteract or compound differences
arising from the different frequency of healthcare interactions. For example, if a
particular burden indicator is more likely to be recorded for females than males (e.g.
anxiety [53]), then this would compound any difference arising from men being less
likely to consult. This potential for ‘hidden’ burden in large ostensibly healthier groups
is important to take into account when planning healthcare interventions to support
vulnerable and higher-burden groups.

Our analysis can be repeated with more comprehensive, tailored and reliable
indicators of patient burden as they become available and routinely recorded. It can
also be adapted to focus on particular aspects of the patient experience by curating a
bespoke set of indicators, or on particular subpopulations of patients, for example those
with particular demographic characteristics, or living in a specific region, or with
particular long-term conditions.

A MELD-B Delphi study on the importance of aspects of patient workload
associated with MLTC, and the frequency of coding or ability to calculate related
concepts in EHR, has recently been completed. It reached consensus with people living
with MLTC, carers, clinicians and expert MLTC-researchers on a set of indicators of
patient burden that can be used in analyses such as ours.

Profiling patient burden, especially if coupled with focused and careful collection of
data that accurately captures the patient experience, opens the way to identifying how
health services might best be delivered to ease patients’ experience of managing
long-term conditions and improve quality of life.
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