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ABSTRACT

Introduction Multimorbidity, or the co-occurrence of multiple chronic health con-
ditions within an individual, is an increasingly dominant presence and burden in
modern health care systems. To fully capture its complexity, further research is
needed to uncover the patterns and consequences of these co-occurring health
states. As such, the Multimorbidity Cluster Analysis Tool and the accompanying
Multimorbidity Cluster Analysis Toolkit have been created to allow researchers to
identify distinct clusters that exist within a sample of participants or patients living
with multimorbidity.

Development The tool and toolkit were developed at Western University in
London, ON, Canada. This open-access computational program (JAVA code and
executable file) was developed and tested to support an analysis of thousands of
individual records and up to 100 disease diagnoses or categories.

Application The computational program can be adapted to the methodological
elements of a research project, including type of data, type of chronic disease
reporting, measurement of multimorbidity, sample size and research setting. The
computational program will identify all existing, and mutually exclusive, com-
binations and permutations within the dataset. An application of this computa-
tional program is provided as an example, in which more than 75,000 individual
records and 20 chronic disease categories resulted in the detection of 10,411
unique combinations and 24,647 unique permutations among female and male
patients.

Discussion The tool and toolkit are now available for use by researchers inter-
ested in exploring the complexities of multimorbidity. Its careful use, and the
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comparison between results, will be valuable additions to the nuanced understand-

ing of multimorbidity.

Keywords: chronic disease, comorbidity, disease clustering, multimorbidity,
multiple chronic conditions

INTRODUCTION

In examining the burden of multimorbidity, or the co-occur-
rence of multiple chronic health conditions within an individual,
previous literature has focused on the descriptive counting
of singular diseases and the prevalence of two or more and
three or more chronic diseases.’™” As such, the majority of
research to date has been limited to reporting pairs or trip-
lets of chronic disease occurrences. However, the full physi-
cal and psychological impact of multimorbidity can be highly
dependent on the specific disease clusters that an individual
is living with, in addition to the severity of disease and an
individual’s ability to cope with the associated challenges.®-1!
The analysis of cumulative interactions and the comprehen-
sive reporting of the unique clusters occurring within a cohort
will help lead to a more nuanced understanding of the com-
plexity of multimorbidity.'>=14 While epidemiological studies
will likely show consistent trends in the rising prevalence of
overall multimorbidity, research now must focus on under-
standing how specific clusters of diseases occur over time.

A computational analysis can be used to explore and
detect all distinct profiles that exist among a sample of partic-
ipants or patients within a health-related database (e.g. hold-
ing clinical, administrative or self-reported data). To detect
these distinct profiles and because of the ongoing lack of a
gold standard measure of multimorbidity, researchers must
decide on the number and type of chronic disease catego-
ries that will be included. To inform this selection, a system-
atic review has indicated that at least 12 chronic diseases
should be included to appropriately capture the burden of
multimorbidity.’> Although including more than 12 chronic
diseases in the study of multimorbidity is ideal, detecting
all possible combinations (i.e. unordered clusters) and per-
mutations (i.e. ordered clusters) within a cohort or dataset
can become challenging to compute using common statisti-
cal programs (e.g. Statistical Analysis System, Stata or R).
However, these results are valuable to report the prevalence
of each unique cluster and to identify health outcomes from
each cluster type.

The Multimorbidity Cluster Analysis Tool (herein referred
to as Tool) and the accompanying Multimorbidity Cluster
Analysis Toolkit (herein referred to as Toolkit) have been cre-
ated to allow researchers to identify distinct clusters or clinical
profiles that exist within a sample of participants or patients
living with multimorbidity. Importantly, this tool can be adapted
for use in research involving varying data sources, diagnostic
or disease-reporting systems, multimorbidity measurements,
sample sizes and research settings. Its intent is to facilitate
a consistent approach to identifying sub-groups of partici-
pants or patients with multimorbidity, based on cluster type

and cluster sequence. This information is driven by the data
and the corresponding results should be interpreted carefully.
While this information can be a helpful resource for research,
clinical care and health policy decisions, the results should
be interpreted within the appropriate context. Moreover, the
term ‘disease category’ was used in this report as its purpose
was not to differentiate among chronic disease categories,
chronic or acute conditions, symptoms or risk factors.

DEVELOPMENT

The tool and toolkit were developed by a research team at
Western University from the Department of Epidemiology and
Biostatistics and the Department of Computer Science. The
computational program was developed and prototyped using
the de-identified electronic medical record (EMR) data from
the Canadian Primary Care Sentinel Surveillance Network
(CPCSSN) database. The accompanying toolkit was cre-
ated to guide research teams in the appropriate adaptation
of the computational program to the methodological details
of their research project, including the measurement of multi-
morbidity and structure of the data type. The toolkit contains
a number of screenshots of the input and output data struc-
ture to ensure high usability of the tool. A section detailing
Frequently Asked Questions and an active email address are
included within the toolkit to troubleshoot common issues.

The tool (which consists of JAVA code and an executable
file) was developed and tested to support up to 250,000 indi-
vidual records and up to 100 disease diagnoses or disease
categories. The development of the tool was conducted in
a progressive manner, starting with only 100 records, then
10,000 records and then 150,000 records. Some of the tech-
nical challenges that had to be overcome in the development
of this computational program were ensuring efficient use of
available computer memory and determining the proper and
required structure of the input data file.

APPLICATION

As noted, the computational program can be adapted to
the specific methodological elements of a research project.
These methodological elements can vary in terms of the fol-
lowing: 1) type of data (e.g. databases containing clinical,
administrative or self-reported information); 2) type of chronic
disease information (e.g. identifying chronic diseases using
self-reported diagnoses or specific classification systems
such as the International Classification of Diseases or Read
Codes); 3) measurement of multimorbidity (e.g. using a pre-
determined list of chronic disease categories to measure mul-
timorbidity); and 4) sample size (e.g. from 2 to approximately
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250,000 individual records from participants or patients with
multimorbidity). The computational program will identify all
existing, and mutually exclusive, combinations and permuta-
tions within the submitted dataset. A description of each con-
ceptis included below. Because the concept of multimorbidity
ensures that no single chronic disease diagnosis takes pre-
cedence or focus over any other co-occurring disease within
an individual®-2, each chronic disease is of equal importance
in the conceptualization and analysis of the data.

An example of an unordered cluster or combination of mul-
tiple chronic diseases would be those individuals (participants
or patients) who have been diagnosed or have self-reported
the same three chronic diseases (e.g. obesity, hypertension
and cancer), but these diseases did not occur in the same
sequence in each individual. For example, some individuals
may have been diagnosed with obesity, then hypertension
and then cancer. In comparison, other individuals may have
been diagnosed with obesity, then cancer and then hyperten-
sion. Both of these sets of individuals would still be clustered
into the same combination, but not the same permutation.
An example of an ordered cluster or permutation of multiple
chronic diseases would be those individuals (participants or
patients) diagnosed with the same chronic diseases in the
same sequence (e.g. obesity, then hypertension and then
cancer, in that order). That is, all individuals who were diag-
nosed with obesity, then hypertension and then cancer would
be clustered within the same permutation. In comparison,
those individuals who were diagnosed with obesity, then
cancer and then hypertension would be clustered within the
same combination, but not the same permutation.

This computational program will conduct a record-level
categorization to determine the frequency and type of
mutually exclusive clusters of diseases (i.e. combinations
and permutations) among a sample of individuals living
with multimorbidity. Although the tool was developed with
a focus on multiple chronic diseases, a similar approach
could be carefully applied using a broader scope (e.g.
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incorporating risk factors or acute conditions). This analysis
could also be tailored to exploring the burden of multimor-
bidity among a specific subset of participants or patients,
which would adopt a co-morbidity approach to the analysis
(e.g. focusing on a cohort of individuals all living with dia-
betes or depression). Regardless, it is important to high-
light the fact that the results created by the computational
program do not indicate any causal link between disease
occurrences.

An analysis was conducted by the authors to demonstrate
the use of the tool with the CPCSSN EMR database. This
database holds de-identified, longitudinal, record-level clini-
cal data for more than 1,000,000 primary health care patients
across Canada.' In this application, those patients with mul-
timorbidity as of 30 September 2013 were identified using
a list of 20 chronic disease categories. More than 75,000
individual records were input into the computational program,
and a total of 6095 unique combinations and 14911 unique
permutations were identified among female patients, while
4316 unique combinations and 9736 unique permutations
were detected among male patients.!”

DISCUSSION

As a companion to the Multimorbidity Cluster Analysis Tool,
the toolkit contains the following items: 1) a summary of the
background, development and use of the tool; 2) a summary
of the process of creating both the input and output files for the
tool and 3) a section detailing Frequently Asked Questions.
The process of using the tool is explained in two multi-part
steps within the toolkit. Step 1 describes how to create the
required structure of the input data file, and Step 2 describes
how to run the computational program to produce valid output
data files. The basic setup of the input data file was designed
to allow for reasonable adaptability to methodological differ-
ences between studies. The structure of the input data file is
included below and is depicted in Figure 1.

File Edit Format View Help

@ 1425, Diabetes

avasc,71.Diapefes, 559, Hyp ensi,343,Arthritis,, Thyraid
004, Hypertensi,537,C.MUsculos
1005, ColonProbl, 180, Cancer, 3004, Thyroid

1007,Anxiety,2258,C.Musculos,1036,Hyperlipid

1009, Hypertensi,610,Cancer,713,C.Musculos,92,Arthritis, 412,0besity
1010, Hypertensi, 303,C.Urinary, 1,Anxiety, 217,Dementia

1011, C.Musculos,339,C.Bronchit,487,StomachPro,500,Arthritis
1012,Arthritis,44,0steoporos

1013, Hypertensi, 701, Cancer

1014,C.Musculos,147,Arthritis,43,Cancer

1015,Hyperlipid, @, Thyroid, 215,Anxiety,176,Arthritis,335,C.Musculos
1016,Arthritis,615,Anxiety

1017,C.Musculos,134,Anxiety

1018, Cardiovasc, 319,Hyperlipid, 758,Hypertensi, 281,Arthritis,986,0besity
1019,Diabetes, 350, Hypertensi, 1191, Cancer
1020,0steoporos,658,Arthritis

1021,Hypertensi, 1436,Diabetes
1022,Hyperlipid,138,C.Musculos,555,0besity,657,Arthritis

1023, Hyperlipid, 189,Hypertensi, 237,C.Musculos
1024,Hypertensi, 132,Arthritis, 2070,0besity,,Cardiovasc
1025,Anxiety,1348,Cancer

,Cancer,224,StomachPro, 244 ,Hyperlipid

1006, Hypertensi, 287,C.Musculos,307,Anxiety, 93, StomachPro, 55,Hyperlipid, 777,Cancer

1008,Diabetes,41,C.Urinary,8,Arthritis,138,C.Bronchit,124,Cardiovasc,163,C.Musculos,126,Hypertensi, 919, Anxiety,767,0besity

Figure 1 Structure of an example input data file

Note. Red circle indicates participant/patient identification number. Blue circle indicates condition/disease category. Yellow circle indicates time elapsing

between diagnoses
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Identification Number, Disease 1, Time 1, Disease 2,
Time 2, Disease 3, Time 3,...

The time that elapses between occurrences of a subse-
quent chronic disease can be explored using the tool (e.g.
measured in whole years, months, days or hours), if the data
are available. It is important that these time data must be
included in the input data file as whole numbers (i.e. without
any decimal places). If the date of diagnosis was not recorded
in the dataset, or if the study design was a cross-sectional
analysis, the tool can still be used. In order for the compu-
tational program to run properly, however, it is important to
maintain a column for the time variable in the input data file.
More specifically, all time data should be recorded as ‘0. The
structure of the input data file is included below:

Identification Number, Disease 1, Time 1, Disease 2,
Time 2, Disease 3, Time 3, ...

Where Time 1, Time 2 and Time 3=0

or

Identification Number, Disease 1, 0, Disease 2, 0,
Disease 3,0, ...

The tool and toolkit presented in this report are now avail-
able for use by those interested in exploring the profile of
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