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Abstract
Purpose of review: With the progressive ageing of populations of people with HIV (PWH), multimorbidity is increasing. Multi-morbidity patterns, i.e. groups of comorbidities that are likely to cooccur, may suggest shared aetiologies or common risk factors. We review the literature regarding
multi-morbidity patterns identified with data-driven approaches and discuss the methodology and
the potential implications of the findings.
Recent findings: Despite the substantial heterogeneity in the methods used to identify multimorbidity patterns, patterns of mental health problems, cardiovascular diseases, metabolic
disorders and musculoskeletal problems are consistently reported in the general population, with
patterns of mental health problems, cardiovascular diseases or metabolic disorders commonly
reported in PWH. In addition to these, patterns of lifestyle-related comorbidities such as sexually
transmitted diseases, substance use (alcohol, recreational drugs, tobacco smoking) or their
complications, seem to occur among PWH.
Summary: Multi-morbidity patterns could inform the development of appropriate guidelines for the
prevention, monitoring and management of multiple comorbidities in PWH. They can also help to
generate new hypotheses on the aetiology underlying previously known and unknown associations
between comorbidities and facilitate the identification of risk factors and biomarkers for specific
patterns.
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Introduction
Multi-morbidity has been defined as “the co-existence of two or more chronic conditions, each one of
which is either a physical non-communicable disease, a mental health condition or an infectious
disease” (1). In the context of people with HIV (PWH), this definition can be adapted to refer to the
co-existence of two or more additional chronic conditions in an individual.
With the widespread use of combination antiretroviral treatment (cART) and the consequent
improvement in survival of PWH (2, 3), an increasing number of PWH are reaching the age at which
multi-morbidity becomes more likely. As several co-morbidities have been reported to occur at an
earlier age in PWH than in HIV-negative individuals (4-7), multi-morbidity has become an increasing
focus of research in HIV settings because of its increasing prevalence (8) and its negative association
with health outcomes (9-11). The clinical management of individuals with multiple comorbidities is
typically more challenging than that of individuals with a single condition (12, 13) with most
treatments and practice guidelines targeting single diseases independently, and lacking guidance on
how to address the complex needs of individuals with multi-morbidity.
Although any combination of co-morbidities is, in theory, possible, there is evidence to suggest that
certain comorbidities are more likely to co-occur within the same individual (14). As clustered
comorbidities may be indicative of shared aetiologies or common risk factors, the identification of the
most common patterns of comorbidities is recognised as a research priority for both the general
population and PWH, in order to improve the delivery of targeted healthcare (1, 15).
The number of potential patterns of comorbidities increases exponentially as the number of
comorbidities considered increases. For example, a set of 20 comorbidities will result in 380 possible
pairs of comorbidities, 1140 triplets, and so on. Even in the absence of a shared aetiology (i.e.
comorbidities that develop independently), co-occurrence may still occur simply due to chance.
Modern statistical methods have been applied to separate this random co-occurrence from non-

random co-occurrence of comorbidities and to explore the underlying structure in the distribution of
co-occurring comorbidities.
Here we summarise the current evidence regarding the most common patterns of comorbidities,
identified with data-driven approaches, both in the general population and in PWH, discussing the
methods used and the potential implications of these findings.

An overview of statistical methods
As highlighted by two systematic reviews, there is considerable variability in the methods used to
study associations among and patterns between comorbidities (16, 17). The choice of study
population, data source, number and type of co-morbidities considered, and statistical methodology
will all influence the patterns identified. Whilst most studies have focused on older age groups where
multi-morbidity is more likely, fewer studies have included broader age ranges. Study settings include
primarily the general population or primary care (16, 17), but also confinement (18), a veteran regional
network (19, 20) and claim-based records from an health insurance company (21). Data sources and
methods used to ascertain the presence of a given disease or clinical condition varied considerably
across studies; these included one or a combination of participant self-report (either via interview or
questionnaire), clinical examination, administrative and clinical health records. Partly as a reflection
of the data source, the number of diseases considered ranged from 10 (22) to 263 (23).
Researchers commonly aim to identify the most prevalent combinations (pairs, triplets, quartets, etc.)
of co-occurring comorbidities. However, the prevalence of a combination of comorbidities is strongly
influenced by the prevalences of the individual comorbidities in question and, therefore, a high
prevalence of a particular combination does not, by itself, provide evidence to support a non-random
pattern. In order to account for this random co-occurrence, some studies have compared the observed
prevalence of distinct comorbidity patterns to the prevalence that would be expected due to chance
alone (21, 24, 25), calculating the observed-to-expected prevalence ratio of each pattern and retaining
those with the most extreme values of this ratio (Figure 1A).

Other statistical approaches with no a priori hypothesis about the possible patterns and that go
beyond the random chance of co-occurrence include cluster analysis, principal component analysis
(PCA) and exploratory factor analysis (EFA). Cluster analysis is a widely-used statistical method for
identifying homogenous distinct groups of objects (‘clusters’). The goal of cluster analysis is to find
groups of observations (i.e. individuals or comorbidities) such that observations within each group are
similar to one another with respect to variables or attributes of interest, whereas observations from
different groups are as dissimilar as possible (26) (Figure 1B). While a few studies have followed the
classical approach of clustering observations (i.e. study participants) based on some
similarity/dissimilarity index derived from a set of variables (i.e. presence/absence of comorbidities)
(19, 27-29), the desire to find patterns of comorbidities based on their degree of co-occurrence in the
same individual may be better addressed by a cluster analysis of variables rather than observations
(i.e. co-morbidities rather than participants), and the majority of studies have followed this approach
(16, 17). The analytical choices made result in several algorithms to perform cluster analysis, the
choice of which may ultimately impact the overall result.
PCA and EFA are conceptually-different but mathematically-similar approaches (Figure 1C). Both are
data reduction techniques that aim to reduce the size of a large dataset of many interrelated variables
and involve the same steps: factoring the correlation or covariance matrix that measures the pairwise
associations between variables, extraction of a smaller set of factors/components obtained as
combinations of the original variables, rotation of the factors/components to improve interpretability,
and selection of the optimal number of factors/components that should be retained. (30, 31).
However, whilst PCA identifies combinations (components) that maximise the total variance retained
in the dataset, EFA identifies combinations (factors) that maximise the covariance explained among
the original set of variables. EFA therefore does not attempt to reproduce the intrinsic variance in
each variable which is due to measurement error and is not shared with the other variables.
Differences exist between the measures used to assess the correlation between comorbidities,
rotation techniques and the criteria used to determine the optimal number of components/factors,

which can translate into different findings. For example, rotation techniques rearrange the coefficients
of the original variables in the composition of the components/factors so that, for each
component/factor, only a few variables have large coefficients with the remaining variables having
small coefficients. This means that the component/factor can be more easily interpreted, whilst the
amount of information explained by the rotated components/factors remains unchanged. Two classes
of

rotation

techniques

exist:

so-called

orthogonal

rotation

techniques,

which

rotate

components/factors in a way so that they are independent to each other, and oblique rotations, which
allow components/factors to be correlated. When applied to comorbidity data, each
component/factor translates into a multi-morbidity pattern: orthogonal rotations would lead to
patterns that are independent and where co-occurrence of different patterns will be unlikely; oblique
rotations would allow the possibility of multiple patterns being present in the same individual.
Other methods that have been proposed include multiple correspondence analysis (32, 33),
association rule analysis (34) and an asymmetric version of the Somers’ D statistic (a measure of
agreement between categorical variables) for binary data to measure non-random associations
between pairs of comorbidities together with a three-step clustering algorithm that enables
comorbidities to overlap in more than one cluster (35).
All approaches have their strengths and limitations. For example the observed-to-expected
prevalence ratio is affected by technical difficulties associated with the large number of theoreticallypossible combinations of comorbidities. Cluster analysis is sensitive to the choice of the algorithm (36)
and does not allow comorbidities to be part of multiple patterns, unless subjects, rather than
comorbidities, are grouped. Factor analysis was originally developed for continuous data and it
remains unclear how this method adapts to the dichotomous nature of comorbidity data. Moreover,
the interpretation of patterns may be difficult when negative weights are assigned to a comorbidity
suggesting a negative association between that comorbidity and the others in the same pattern. A
systematic review has described the methodological features of 14 studies and found differences in

both the number of patterns and the number of diseases within each pattern across the three most
common approaches (i.e. cluster analysis, PCA/EFA and observed-to-expected prevalence ratio) (16).
Ng et al. (17) applied five analytical methods to the same multi-morbidity data and found that different
methods resulted in different multi-morbidity patterns. Similarly, in another study, despite some
overlap, there were differences in the patterns identified with hierarchical cluster analysis and EFA
(23). It is therefore important that future studies of multi-morbidity patterns in PWH, take into
consideration the intrinsic characteristics of the technique used when interpreting the findings.

What is known about multi-morbidity patterns in the general
population?
Considering this heterogeneity in the methods, a comparison of patterns identified across different
studies can be challenging. Nevertheless, mental health problems, cardiovascular diseases, metabolic
disorders and musculoskeletal problems often feature among the patterns identified in the general
population (16, 37, 38). Reported patterns of mental health problems predominantly included anxiety
and depression with some studies reporting associations with other comorbidities such as
neurological problems, pain and somatic disorders, substance use, asthma/chronic obstructive
pulmonary disease, gastro-intestinal and musculoskeletal disorders (16, 38). Patterns of
cardiovascular diseases and metabolic disorders have also been frequently reported, with some
studies reporting them as separate patterns, others only reporting one or other of the two patterns,
and others reporting a single pattern including both cardiovascular diseases and metabolic disorders.
Within this cardio-metabolic pattern, the most frequent comorbidities are diabetes, hypertension,
heart disease, obesity and hyperlipidaemia. Few studies have reported co-occurrence of either
cardiovascular or metabolic disorders with respiratory problems.
Another pattern consistently identified is musculoskeletal disorders (at least one of osteoarthritis,
back pain, osteoporosis and arthrosis). Often, this pattern also includes one or more non-

musculoskeletal disorders including obesity, prostatic hypertrophy, hypertension, gastro-intestinal
disorders, respiratory problems, visual or hearing impairment (16, 38).

Are multi-morbidity patterns different in PWH?
To our knowledge, only three studies have investigated potential non-random patterns of co-occurring
comorbidities in PWH using a statistical approach without any a priori hypothesis, with one study
exploring patterns in two separate cohorts (Table 1) (39-41). Using EFA, Goulet et al. (39) identified
three different patterns from an original set of 11 individual comorbidities in a cohort of HIV-positive
veterans in care in the US. The authors identified a ‘mental disorders’ pattern including psychiatric
disorders, alcohol and drug abuse, a ‘medical disorders’ pattern with diabetes, hypertension,
congestive heart failure and coronary artery disease and an ‘alcohol-related complications’ pattern of
pancreatitis, anaemia and alcohol abuse. Using a similar approach, Kim et al. (40) investigated the
distribution in clusters of 15 different comorbidities in PWH in the South-Eastern US. They reported
three different patterns: a ‘Metabolic’ pattern which included conditions such as hypertension,
diabetes mellitus and chronic kidney disease; a ‘Behavioural’ pattern of mood disorders,
dyslipidaemia, chronic obstructive pulmonary disease, peptic ulcer disease, osteoarthritis and cardiac
disorders; and an additional pattern labelled ‘Substance use’ consisting of alcohol, substance and
tobacco abuse and HCV. More recently, we have reported frequent patterns of co-occurring
comorbidities in PWH enrolled in the AGEhIV (The Netherlands) and Pharmacokinetic Observations of
PeoPle over fifty (POPPY) study (UK/Ireland) cohorts (41), most of whom were on cART and virally
suppressed. Exploring between 42 and 65 individual comorbidities, we found patterns of
cardiovascular diseases, metabolic disorders, sexually transmitted diseases, and mental health
problems in both cohorts.
Notably, all three published studies of multi-morbidity patterns in PWH reported patterns that are
generally reported in the general population (16), such as the ones consisting of mental health
problems, cardiovascular diseases or metabolic disorders. In addition to these patterns, other novel

patterns emerged, including patterns of sexually transmitted diseases, and of conditions related to
substance use (alcohol, recreational drugs, tobacco) or their complications. In some way, these are all
interrelated with lifestyle and behavioural factors, including the sexually transmitted disease pattern
which is likely to reflect exposure to the same common sexual behaviours. These lifestyle-related
patterns are expected to be particularly frequent in PWH (compared to the general population) given
the higher prevalence of substance use and risk-taking sexual behaviours often reported among
populations of PWH (42-45).
Whilst studies focused on both PWH and the general population have been primarily undertaken in
resource-rich countries, multi-morbidity patterns in low- and middle-income countries, where HIV and
other chronic infectious diseases (e.g. tuberculosis, hepatitis C virus (HCV)) are typically more
prevalent (46), are less well documented. For example, sub-Saharan Africa, one of the regions of the
world with the highest prevalence of HIV, tuberculosis and HCV (46), has observed a recent rise in
morbidity and mortality from non-communicable diseases (47). Whilst chronic infectious and noncommunicable diseases often co-occur (48, 49), knowledge about how they distribute in sub-Saharan
Africa and other low- and middle-income countries is lacking.

What can we learn from multi-morbidity patterns?
A thorough understanding of multi-morbidity patterns has important implications for both clinical and
research purposes (Figure 2). Multi-morbidity patterns could inform decisions about prevention and
monitoring strategies for individuals with one condition aimed at preventing the development of other
conditions that may co-occur. For example, based on the finding that depression, anxiety and other
mental health problems consistently form a pattern in studies of PWH, the presence of one of these
conditions would prompt close monitoring and prevention strategies of the other conditions, whereas
treatment of the condition present may also reduce the risk of the others. Ultimately, these datadriven multi-morbidity patterns would provide useful evidence for the development of patient-

(rather than disease-) oriented guidelines for the management and treatment of individuals with
multi-morbidity.
Co-occurring comorbidities may share the same aetiology or exposure to the same risk factors.
Therefore, multi-morbidity patterns may indicate previously known pathophysiological mechanisms
(e.g. cardiovascular and metabolic disorders) but also suggest previously unknown hypothesisgenerating associations leading to further studies of common underlying pathophysiological
pathways. By separating random from non-random co-occurrence of comorbidities, random noise is
reduced, allowing researchers to design more powerful studies to identify risk factors or biomarkers
for a given pattern, and quantify the impact of patterns on health-related outcomes, quality-of-life
and resource use. Subsequent to our identification of patterns in PWH in the UK/Ireland (41), we
showed that risk factors and associations with health-related outcomes, functional status and
healthcare resource use differed by pattern (50). Knowledge about the modifiable determinants of
patterns would provide further evidence to optimizing approaches to prevent multi-morbidity.

Conclusion
Despite the heterogeneity in the methods used, patterns of cardiovascular and metabolic diseases,
mental health problems and musculoskeletal disorders are frequently reported in general population
studies. Whilst the cardiovascular and metabolic disease pattern and the mental health patterns were
consistently described in cohorts of PWH, other patterns related to lifestyle and behavioural factors
have also been reported. Knowledge about such multi-morbidity patterns could help clinicians to
deliver targeted treatment and prevention strategies to PWH, and direct future research to
understand the mechanisms underlying specific patterns. Future studies should focus on understudied
groups of PWH, such as women and PWH in low- and middle-income countries, investigate changes
over the life course of multi-morbidity patterns in PWH, and identify the patterns which pose the
greatest burden for patients and healthcare systems.

Key points


With the progressive ageing of HIV-positive populations, multi-morbidity is increasing and the
study of multi-morbidity patterns, i.e. groups of comorbidities that are likely to co-occur, has
been identified as research priority to improve the quality of life of PWH.



There is great heterogeneity in the methods used to identify multi-morbidity patterns in the
general population. The most commonly used statistical methods are observed to expected
prevalence ratio, cluster analysis, principal component analysis and exploratory factory
analysis.



Despite the heterogeneity in analytical approaches, patterns of mental health problems,
cardiovascular diseases, metabolic disorders and musculoskeletal problems are consistently
reported in the general population.



Three studies have explored multi-morbidity patterns in PWH and have consistently reported
patterns of mental health problems, cardiovascular diseases or metabolic disorders, with the
addition of patterns of lifestyle-related comorbidities such as sexually transmitted diseases,
substance use or their complications.



Knowledge of frequent multi-morbidity patterns could inform the development of
appropriate guidelines for the management of PWH with multi-morbidity. In research
settings, multi-morbidity patterns can generate new hypotheses on the aetiology underlying
the associations between comorbidities and facilitate studies to identify risk factors and
biomarkers for specific patterns.

Acknowledgements
None

Financial support and sponsorship
None

Conflicts of interest
DDF has no conflicts of interest. CAS. has received funding from Gilead Sciences, ViiV Healthcare,
and Janssen-Cilag for membership of data safety and monitoring boards, advisory boards, and
speaker panels and for preparation of educational materials. PR has served as a scientific advisor to
Bristol-Myers Squibb, Gilead Sciences, Grupo Ferrer, GlaxoSmithKline, Janssen Pharmaceuticals,
Merck & Co, Inc, and ViiV Healthcare. He has served on data and safety monitoring boards and
endpoint adjudication committees for Janssen Pharmaceuticals and his institution has received
honoraria for speaking engagements at scientific conferences from Bristol-Myers Squibb, Gilead
Sciences, Inc, GlaxoSmithKline. He has received research support from Gilead Sciences, ViiV
Healthcare, Merck & Co, Inc, Janssen Pharmaceuticals, Bristol-Myers Squibb, Abbott, and Boehringer
Ingelheim Pharmaceuticals.

Figure/Table legend
Table 1.
Heading: Summary of methods and findings of studies on multi-morbidity patterns in PWH
Figure 1.
Heading: Overview of statistical methods. A) Observed to expected ratios of pairs of four
hypothetical conditions. B) Cluster analysis: scatter plot of 13 hypothetical conditions indicated by
capital letters (left) and output of the cluster analysis showing three patterns. C) PCA/EFA:
individuals mapped in a three-dimensional space defined by the likelihood of three hypothetical
conditions (left) and in the two-dimensional space defined by the two extracted components/factors
(i.e. patterns)
Figure 2.
Heading: Potential benefits of identifying multi-morbidity patterns
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