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Abstract

Background: Multimorbidity, defined as the coexistence of multiple chronic conditions, poses significant challenges to health
care systems on a global scale. It is associated with increased mortality, reduced quality of life, and increased health care costs.
The burden of multimorbidity is expected to worsen if no effective intervention is taken. Machine learning has the potential to
assist in addressing these challenges sinceit offers advanced analysis and decision-making capabilities, such as disease prediction,
treatment development, and clinical strategies.

Objective: This paper represents the protocol of a scoping review that aims to identify and explore the current literature
concerning the use of machine learning for patients with multimorbidity. More precisely, the objective is to recognize various
machine learning models, the patient groups involved, features considered, types of input data, the maturity of the machine
learning algorithms, and the outcomes from these machine learning models.

Methods: The scoping review will be based on the guidelines of the PRISMA-SCR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses Extension for Scoping Reviews). Five databases (PubMed, Embase, IEEE, Web of Science, and
Scopus) are chosen to conduct a literature search. Two reviewers will independently screen the titles, abstracts, and full texts of
identified studies based on predefined eligibility criteria. Covidence (Veritas Health Innovation Ltd) will be used as a tool for
managing and screening papers. Only studies that examine more than 1 chronic disease or individuals with a single chronic
condition at risk of developing another will be included in the scoping review. Data from the included studies will be collected
using Microsoft Excel (Microsoft Corp). Thefocus of the dataextraction will be on bibliographical information, objectives, study
populations, types of input data, types of algorithm, performance, maturity of the algorithms, and outcome.

Results: The screening process will be presented in a PRISMA-ScR flow diagram. The findings of the scoping review will be
conveyed through a narrative synthesis. Additionally, data extracted from the studies will be presented in more comprehensive
formats, such as charts or tables. The results will be presented in a forthcoming scoping review, which will be published in a
peer-reviewed journal.

Conclusions: To our knowledge, thismay bethefirst scoping review to investigate the use of machinelearning in multimorbidity
research. The goal of the scoping review is to summarize the field of literature on machine learning in patients with multiple
chronic conditions, highlight different approaches, and potentially discover research gaps. Theresultswill offer insightsfor future
research within this field, contributing to devel opments that can enhance patient outcomes.
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Introduction

Background

According to the World Health Organization, multimorbidity
is characterized as the coexistence of 2 or more chronic
conditions in asingle individual. These chronic conditions are
often long-term health conditions that require complex and
ongoing care [1]. Chronic diseases include both mental and
physical health conditions[2]. Inthe context of multimorbidity,
no single chronic condition is necessarily more central than the
others, as this could result in designating one condition as the
index condition, where a more appropriate term would be
comorbidity [2-4].

On aglobal scale, approximately one-third of adults, and over
half of all adultswith any chronic condition, already experience
multimorbidity [5]. The occurrence of multimorbidity increases
with age [5-7], with projections showing a doubling of
individuals aged 60 years and older globally before 2050; the
number of persons with multimorbidity is also expected to rise
dramatically [5,8].

In Denmark, a report from 1 of the 5 regions responsible for
delivering health care (Region Zealand) concludesthat in 2022,
therewere approximately 1.2 million peoplewith multimorbidity
in Denmark, which corresponds to 26% of the population [9].
This number is expected to increase by 1.4% annually to 1.5
million in 2050 if no efforts are made to improve the
population’s health [9].

Multimorbidity islinked to anincreased likelihood of premature
death [10,11]. This risk escalates with both the quantity of
conditions and the particular combinations of chronic diseases
[10,11]. Multimorbidity also lowers quality of life, which gets
worse as you have more chronic diseases [11-14]. It
disproportionately affects individuals with low socioeconomic
status, contributing to increased health inequality [5,15-17], and
is also associated with more mental symptoms and a greater
perception of fragmented care [10,11]. Multimorbidity is also
responsible for higher health care expenditure due to longer
hospital stays and larger medication consumption [12,18].

There exist several risk factors associated with the devel opment
of multimorbidity including sociodemographic factors (eg, age,
household income, and education) [5,14], biomedical risks (eg,
overweight, high blood pressure, high cholesterol, and genetic
predispositions), and health behaviors (eg, physical inactivity,
poor nutrition, smoking, and alcohol consumption) [19,20].
Additionally, certain chronic conditions may share common
risk factors, or one disease may be arisk factor for another [21].

However, in contrast to patients with single diseases, thereisa
complex relationship between risk factors and multimorbidity
[22]. For example, according to a report from the Australian
government [23], there is a correlation between the number of
chronic conditions a person has and the likelihood of having
multiple risk factors [23].
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Nonethel ess, without the information regarding the duration of
an individua’s exposure to risk factors and the onset of their
chronic condition, attributing their chronic conditions solely to
the number of risk factors is not possible. This is due to the
onset of some chronic conditions possibly motivating people
to change their behavior for the better. For instance, when a
person is diagnosed with chronic obstructive pulmonary disease
(COPD), it may inspirethem to quit smoking and thereby reduce
therisk of exacerbating COPD and cancer. In contrast, aperson
diagnosed with COPD will not be motivated to engage in
physical activity, which would then increase the risk of, for
example, diabetes [19-21].

As a result of the complexity of the risk factors, clinical
decisions for patients with multimorbidity are a complicated
and challenging task since the health care system is primarily
designed to manage patients with a single disease [24].

Understanding the patterns and factors associated with
multimorbidity, particularly the modifiable factors, can help
contribute to the prevention and treatment of multiple chronic
diseases[24,25]. Predictive analytics, such asmachinelearning,
hasthe potential to solve these kinds of problems[26]. It enables
more advanced analysis, automation, and recognition of
unidentified patterns [27]. Machine learning enables systems
to learn and improve from experience without explicit
programming. It involves the process of fitting one or more
statistical models to a given data set that contains both
explanatory variables and an outcome variable. The models
provide coefficients that quantify the relationship between the
explanatory variables and the outcome. These model coefficients
are applied to predict the same outcome with the same
explanatory variables but on new, unseen data. The model’s
ability to predict the outcome depends on its capacity to
recoghize and apply statistical patterns found in the data while
it isbeing trained [27,28].

In health care, machinelearning has demonstrated improvements
invarioustasks, including drug discovery [29], histopathol ogical
diagnosis[30], brain magnetic resonance imaging segmentation
[31], and disease prediction using electronic health records
[32,33]. In the context of machine learning for multimorbidity,
there are numerous options and choices when developing an
algorithm that are relevant. Combinations of disease groups
have the potential to uncover new mechanisms of diseases,
develop treatments, develop multidisease clinical strategies,
meet the patient’s needs, and manage polypharmacy [34,35].
For instance, Prados-Torreset a [36] haveidentified 3 common
multimorbidity clusters: cardiovascular and metabolic diseases,
mental health problems, and muscul oskeletal disorders.

Different outcomes have also been addressed in the literature,
such as predicting anew diseasefor patientswith multimorbidity
[25,37,38], identifying factors for multimorbidity [39,40],
predicting rehospitalization [41], and developing a
multimorbidity frailty index [42]. Furthermore, a variety of
different machinelearning model s have been used, for example,

JMIR Res Protoc 2024 | vol. 13 | €53761 | p. 2
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR RESEARCH PROTOCOLS

logistic regression [37,39,40], random forest [25,41,42], neural
network [37,40], and network model [38]. It isalso evident that
awide range of features have been applied in devel oping these
machine learning algorithms. These features include
sociodemographic data[25,41,42], electronic health record data
[39,41], self-reported data [40], and medical data [38,39,42],
among others.

Theliterature indicates ongoing research and agrowing interest
in the field of multimorbidity. However, the type and amount
of evidence remain unclear as well as potential gaps in the
literature [25]. Therefore, a scoping review was chosen to
identify and map available evidence within thisfield.

Review Objective

The objective of this scoping review is to explore the existing
literature regarding the use of machine learning in the context
of multimorbidity. Specifically, it seeksto identify the machine
learning models that have been used, the patient groups that
have been the focus in various studies, the features, types of
input data, the maturity of the algorithms, and outcomes that
have been in focus. In doing so, any potential gapsin research
or knowledge can be identified.

Methods

Ethical Considerations

Ethics approval is not required, as this scoping review does not
involve primary data collection from human participants.

Study Design

The development of this protocol has followed the guidelines
from Joanna Briggs Institute [43]. The conduct and reporting
of this scoping review will follow the guidelines of the
PRISMA-ScR (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses Extension for Scoping Reviews)
[44]. Furthermore, the review will follow the methodological
framework for scoping reviews outlined by Peters et a [45],
which provides guidance in the development and execution of
ascoping review.

Search Strategy

Overview

To identify appropriate search terms, keywords, and index terms,
apreliminary search will be conducted. The initial search will
identify text words that can be applied in the subsequent
systematic search. The search strategy will be adjusted to the
requirements of each database and will include arange of related
terms, synonyms, acronyms, and spellings. Furthermore, various
search functions, such as thesaurus, Boolean operators,
truncation, phrase searching, and free-text searching, will be
applied to optimize the searches. The searches will be donein
the databases PubMed, Embase, IEEE, Web of Science, and
Scopus.

After conducting the searches, all studiesthat meet theinclusion
criteriawill be compiled and imported into Covidence (Veritas
Health Innovation Ltd), which is a reference management
software. Here, duplicate entries are eliminated. The eligibility
of titles and abstracts will be screened by one reviewer under
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the supervision of another reviewer. Subsequently, full text will
beindividually evaluated by the 2 reviewers. Any discrepancies
will be resolved through discussion or involvement of a third
reviewer. The exclusion of full-text studies and the reason for
exclusion will be reported in the final scoping review. The
results of the search will be presented in a PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
flow diagram and fully reported in the final scoping review. As
recommended by Joanna Briggs Institute, this scoping review
will apply the PCC (participants, concept, context) framework.

Participants

The scoping review will consider studies that involve patients
with multiple chronic conditions. Since multimorbidity and
comorbidity have been applied interchangeably in the literature,
both terms will be included. There are no restrictions on the
types of diseasesincluded, aslong asthey meet the criteriafor
chronic diseases, which are characterized by lasting for a
prolonged period and often progressing over time. Research
that focuses on individuals with at least 2 chronic diseases or
studies that examine individuals with a single chronic disease
at risk of developing another will be considered in this study.

Concept

This scoping review will consider studiesthat evaluate machine
learning models applied on a population diagnosed with
multimorbidity. This includes supervised learning methods,
such as logistic regression, support vector machine, decision
tree, random forest, or neural network.

Context

This scoping review will consider studies concerning either on
the diagnosis, treatment, monitoring, or prediction of diseases
in patients with multimorbidity.

Inclusion and Exclusion Criteria

Studies that examine patients with more than 1 chronic disease
or individuals with a single chronic disease who are prone to
developing another will be included in this study. A chronic
disease is defined as a long-term heath condition that
necessitates complex and continuous medical care, which either
can be mental or physical health conditions [1].

Due to the interchangeable use of the 2 terms multimorbidity
and comorbidity in the literature, both termswill be considered
in this study. Additionally, only studies using supervised
learning algorithms will be considered. Supervised learning
algorithms are trained on labeled data, allowing them to learn
from examples with known input-output pairs.

This scoping review will consider all study types and aims to
find published and unpublished studies. Furthermore, studies
with full text and free full text will be included, since there is
an interest in looking at their process, such as input data,
methods, model, and outcome. Full-text studies published in
all languages will be considered, provided there is an abstract
available in English, French, Spanish, or German.
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Results

To ensure all relevant results are extracted from the identified
studies, atemplate based on Aromatariset al [46] with extraction
fieldsisadapted to suit our specific requirements. These can be
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seen in Textbox 1. For managing and screening references,
Covidence will be used. For data extraction, Microsoft Excel
(Microsoft Corp) will be applied. Data will be extracted by 2
reviewers, including information about the study population,
method, medical application, and outcome.

Textbox 1. Overview of extraction fields for dataretrieval from theidentified studies. Inspired from Joanna Briggs I nstitute methodology guidance for

scoping reviews [46].

Extraction fields

e Authors

o  Publication year

«  Source of origin or country of origin

«  Objective

«  Study population or type of patient with multimorbidity and sample size

e Medical application

o Typeof input data

o  Typeof agorithm

«  Maturity of the algorithm
«  Performance

. Vdidation of agorithm

«  Outcomes

«  Key findingsthat relate to review question

The datathat have been extracted from theincluded studieswill
be presented in either tabular or diagrammatic format, depending
on what is most suitable. These will also be supported by
narrative descriptions. Thekey findingsthat relateto thereview
question will be analyzed thematically. Any emerging themes
and subthemes will be depicted in adiagrammatic or alternative
visual format that is appropriate.

Discussion

Principal Findings

Multimorbidity isaglobal challenge for the health care system
since it is associated with increased mortality, reduced quality
of life, and increased health care costs. With the increasing
prevalence, the problem is only growing. Machinelearning has
the potential to address these challenges, as these methods can
understand the patterns and factors associated with
multimorbidity. This scoping review aims to explore and
synthesize the current literature addressing the use of machine
learning in the context of patients with multimorbidity.

Following the definition of a scoping study established by
Arksey and O’ Malley [47], thisscoping review serves 2 primary
objectives. It aims to compile and communicate research
findingsto policy makers, practitioners, and consumers. Besides
that, it will also pinpoint any existing research gaps within the
literature [47]. The available literature indicates ongoing
research into the application of machine learning within the
context of multimorbidity. Unfortunately, there is uncertainty
regarding the type and quantity of evidence aswell as potential
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knowledge gaps. To our knowledge, thismay bethefirst scoping
review in thisfield to uncover this.

The insights gained from this scoping review can be valuable
for both researchers and health care practitioners. For
researchers, understanding the current landscape of machine
learning methods can provide a foundation for future studies
by stimulating new research questions and help to identify
research gaps. Health care practitioners can gather awareness
of the current state of machine learning use in multimorbidity
research. Overall, the findings from this scoping review can
contribute to more precise interventions, ultimately improving
patient outcomes.

Limitations

Nevertheless, the scoping review may have some limitations
regarding the search strategy. The scoping review follows the
PCC framework, where including the last block (context) may
potentially constrain the search outcomes. A potential solution
is only to use the first 2 blocks (participants and concept),
although thisapproach may introduce more noiseinto the search
results. However, this might not pose an issue, asthe last block
(context) is comprehensive due to the included search words
within the block.

A particular challengein thisfield istheinterchangeabl e use of
theterms*“ multimorbidity” and “comorbidity” intheliterature.
To address this issue, the participant search block in the PCC
framework contains synonyms for both terms. This ensuresthe
retrieval of relevant studies and accountsfor potential variations
interminology acrosstheliterature. Besidesthat, it also captures
abroader spectrum of research related to patientswith multiple
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chronic conditions. A disadvantage of this approach is the
potential for more noise and irrelevant results.

Whether there is a need for quality assessment of the included
studies can be discussed. Typically, thisisnot donein ascoping
review, as the objective is to provide an overview of the
evidence rather than a critically appraised and synthesized
response to aspecific question [48-50]. On the other hand, using
tools such as the Prediction Model Risk of Bias Assessment,
whichisdesigned for systematic reviews, could provideinsights
into the quality of prediction models[51]. Being aware of this,
this study will follow the typical approach for conducting
scoping reviews, and thereby not conduct aquality appraisal of
the included studies.

Conclusions

Anthonimuthu et al

multiple chronic conditions and potentially highlight research
gaps. To our knowledge, this scoping review marks the initial
exploration into the application of machine learning in
multimorbidity research.

The outcome of the searches will be presented following the
PRISMA-ScR checklist and flow diagram, which will provide
a comprehensive overview of the search process, including the
number of identified studies, duplicates removed, screened
studies, excluded studies, and studies included in the review.
A conclusive summary based on the results of the scoping
review will be presented, and recommendations for future
research will be suggested if any possible knowledge gaps are
identified. The potential findings of the scoping review will be
reported in an academic paper, which will be submitted to a
peer-reviewed journal and presented at a national conference.

The primary objective of this scoping review is to investigate
the existing literature on machine learning in patients with
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Conflictsof I nterest
None declared.

References

1.  Mercer S, Furler J, Moffat K, Fischbacher-Smith D, Sanci LA. Multimorbidity: technical series on safer primary care.
World Health Organization. 2016. URL : https://iris.who.int/bitstream/handl e/10665/252275/9789241511650-eng.
ppdf ?sequence=1 [accessed 2023-07-02]

2. Nicholson K, Makovski TT, Griffith LE, RainaP, Stranges S, van den Akker M. Multimorbidity and comorbidity revisited:
refining the concepts for international health research. J Clin Epidemiol. Jan 2019;105:142-146. [doi:
10.1016/}.jclinepi.2018.09.008] [Medline: 30253215]

3. Harrison C, Fortin M, van den Akker M, Mair F, Calderon-LarranagaA, Boland F, et al. Comorbidity versus multimorbidity:
why it matters. J Multimorb Comorb. 2021;11:2633556521993993. [FREE Full text] [doi: 10.1177/2633556521993993]
[Medline: 33718251]

4.  Boyd CM, Fortin M. Future of multimorbidity research: how should understanding of multimorbidity inform health system
design? Public Health Rev. Dec 10, 2010;32(2):451-474. [EREE Full text] [doi: 10.1007/BF03391611]

5. Skou ST, Mair FS, Fortin M, Guthrie B, Nunes BP, Miranda JJ, et al. Multimorbidity. Nat Rev Dis Primers. Jul 14,
2022;8(1):48. [FREE Full text] [doi: 10.1038/s41572-022-00376-4] [Medline: 35835758]

6. SaliveME. Multimorbidity in older adults. Epidemiol Rev. 2013;35(1):75-83. [FREE Full text] [doi: 10.1093/epirev/mxs009]
[Medline: 23372025]

7.  Chowdhury SR, ChandraDas D, SunnaTC, Beyene J, Hossain A. Global and regional prevalence of multimorbidity in the
adult population in community settings: a systematic review and meta-analysis. EClinicaMedicine. Mar 2023;57:101860.
[EREE Full text] [doi: 10.1016/j.eclinm.2023.101860] [Medline: 36864977)

8.  Multimorbidity: apriority for global health research. The Academy of Medical Sciences. 2018. URL : https.//acmedsci.
ac.uk/file-download/82222577 [accessed 2023-05-11]

9.  Frdlich A, Stockmarr A. Multisygdom i Danmark. Videns- og forskningscenter for multisygdom og kronisk sygdom. URL :
https://backend.orbit.dtu.dk/ws/portalfiles/portal/312919326/Multisygdom i [accessed 2023-05-05]

10. Willadsen TG, SiersmaV, Nicolaisdéttir DR, Kaster-Rasmussen R, Jarbal DE, Reventlow S, et a. Multimorbidity and
mortality: a 15-year longitudinal registry-based nationwide Danish population study. J Comorb.
2018;8(1):2235042X 18804063. [FREE Full text] [doi: 10.1177/2235042X 18804063] [Medline: 30364387]

11. Makovski TT, Schmitz S, Zeegers M P, Stranges S, van den Akker M. Multimorbidity and quality of life: systematic literature
review and meta-analysis. Ageing Res Rev. Aug 2019;53:100903. [doi: 10.1016/j.arr.2019.04.005] [Medline: 31048032]

12.  Fortin M, Lapointe L, Hudon C, Vanasse A, Ntetu AL, Maltais D. Multimorbidity and quality of lifein primary care: a
systematic review. Health Qual Life Outcomes. 2004;2:51. [FREE Full text] [doi: 10.1186/1477-7525-2-51] [Medline:
15380021]

https://www.researchprotocols.org/2024/1/e53761 JMIR Res Protoc 2024 | vol. 13 | €53761 | p. 5

(page number not for citation purposes)


https://iris.who.int/bitstream/handle/10665/252275/9789241511650-eng.pdf?sequence=1
https://iris.who.int/bitstream/handle/10665/252275/9789241511650-eng.pdf?sequence=1
http://dx.doi.org/10.1016/j.jclinepi.2018.09.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30253215&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/2633556521993993?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/2633556521993993
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33718251&dopt=Abstract
https://publichealthreviews.biomedcentral.com/articles/10.1007/BF03391611
http://dx.doi.org/10.1007/BF03391611
https://europepmc.org/abstract/MED/35835758
http://dx.doi.org/10.1038/s41572-022-00376-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35835758&dopt=Abstract
https://academic.oup.com/epirev/article/35/1/75/552863
http://dx.doi.org/10.1093/epirev/mxs009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23372025&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-5370(23)00037-8
http://dx.doi.org/10.1016/j.eclinm.2023.101860
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36864977&dopt=Abstract
https://acmedsci.ac.uk/file-download/82222577
https://acmedsci.ac.uk/file-download/82222577
https://backend.orbit.dtu.dk/ws/portalfiles/portal/312919326/Multisygdom_i
https://journals.sagepub.com/doi/10.1177/2235042X18804063?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/2235042X18804063
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30364387&dopt=Abstract
http://dx.doi.org/10.1016/j.arr.2019.04.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31048032&dopt=Abstract
https://hqlo.biomedcentral.com/articles/10.1186/1477-7525-2-51
http://dx.doi.org/10.1186/1477-7525-2-51
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15380021&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR RESEARCH PROTOCOLS Anthonimuthu et &l

13.

14.

15.

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

Agborsangaya CB, Lau D, Lahtinen M, Cooke T, Johnson JA. Health-related quality of life and healthcare utilization in
multimorbidity: results of a cross-sectional survey. Qual Life Res. May 2013;22(4):791-799. [doi:
10.1007/s11136-012-0214-7] [Medline: 22684529]

Kim J, Keshavjee S, Atun R. Trends, patterns and health consequences of multimorbidity among South Korea adults:
analysis of nationally representative survey data 2007-2016. J Glob Health. Dec 2020;10(2):020426. [ FREE Full text] [doi:
10.7189/jogh.10.020426] [Medline: 33274065]

Pathirana T1, Jackson CA. Socioeconomic status and multimorbidity: a systematic review and meta-analysis. Aust N Z J
Public Health. Apr 2018;42(2):186-194. [FREE Full text] [doi: 10.1111/1753-6405.12762] [Medline: 29442409]

Fortin M, Soubhi H, Hudon C, Bayliss EA, van den Akker M. Multimorbidity's many challenges. BMJ. May 19,
2007;334(7602):1016-1017. [FREE Full text] [doi: 10.1136/bmj.39201.463819.2C] [Medline: 17510108]

Glynn LG, Valderas M, Healy B, Burke E, Newell J, Gillespie B, et a. The prevalence of multimorbidity in primary care
and its effect on health care utilization and cost. Fam Pract. Oct 2011;28(5):516-523. [FREE Full text] [doi:
10.1093/fampra/cmr013] [Medline: 21436204]

Zhao Y, Zhao S, Zhang L, Haregu TN, Wang H. Impacts of multimorbidity on medication treatment, primary healthcare
and hospitalization among middle-aged and older adultsin China: evidence from a nationwide longitudinal study. BMC
Public Health. Jul 12, 2021;21(1):1380. [FREE Full text] [doi: 10.1186/s12889-021-11456-7] [Medline: 34253222]
Health across socioeconomic groups. Australian Institute of Health and Welfare. URL : https://www.aihw.gov.au/reports/
australias-heal th/heal th-across-soci oeconomic-groups [accessed 2023-07-07]

Rural and remote health. Australian Institute of Health and Welfare. URL: https.//www.aihw.gov.au/reports/
rural-remote-australiang/rural-and-remote-health [accessed 2023-07-07]

Diabetes and chronic kidney disease as risks for other diseases: Australian Burden of Disease Study 2011. Australian
Institute of Health and Welfare. 2016. URL : https.//www.ai hw.gov.au/reports/burden-of -disease/
diabetes-chronic-kidney-disease-as-risks/summary [accessed 2023-07-07]

Navickas R, Petric VK, Feigl AB, Seychell M. Multimorbidity: what do we know? What should we do? J Comorb.
2016;6(1):4-11. [FREE Full text] [doi: 10.15256/j0c.2016.6.72] [Medline: 29090166]

Brockway |. Risk factors contributing to chronic disease. Australian Ingtitute of Health and Welfare. 2012. URL: https:/
/www.ai hw.gov.au/reports/chroni c-di sease/ri sk-factors-contributi ng-to-chroni c-disease/summary [accessed 2023-07-07]
Whitty CIM, MacEwen C, Goddard A, Alderson D, Marshall M, Calderwood C, et al. Rising to the challenge of
multimorbidity. BMJ. Jan 06, 2020;368:16964. [FREE Full text] [doi: 10.1136/bmj.|6964] [Medline: 31907164]

Polessa Paula D, Barbosa Aguiar O, Pruner Marques L, Bensenor |, Suemoto CK, Mendes da Fonseca M, et al. Comparing
machine learning algorithms for multimorbidity prediction: an example from the Elsa-Brasil study. PLoS One.
2022;17(10):e0275619. [FREE Full text] [doi: 10.1371/journal.pone.0275619] [Medline: 36206287)

Hassaine A, Salimi-Khorshidi G, Canoy D, Rahimi K. Untangling the complexity of multimorbidity with machinelearning.
Mech Ageing Dev. Sep 2020;190:111325. [FREE Full text] [doi: 10.1016/j.mad.2020.111325] [Medline: 32768443]
Woolf BP. Machine learning. In: Building Intelligent Interactive Tutors: Student-Centered Strategies for Revolutionizing
e-Learning. San Francisco, CA. Morgan Kaufmann; 2009:221-297.

Brown S. Machine learning, explained. MIT Sloan School of Management. 2021. URL: https://mitsloan.mit.edu/
ideas-made-to-matter/machine-learning-explained [accessed 2023-07-12]

Ekins S, Puhl AC, Zorn KM, Lane TR, Russo DP, Klein JJ, et al. Exploiting machine learning for end-to-end drug discovery
and development. Nat Mater. May 2019;18(5):435-441. [FREE Full text] [doi: 10.1038/s41563-019-0338-z] [Medline:
31000803]

Litjens G, Sanchez Cl, TimofeevaN, Hermsen M, Nagtegaal |, Kovacs|, et al. Deep learning asatool for increased accuracy
and efficiency of histopathological diagnosis. Sci Rep. May 23, 2016;6:26286. [FREE Full text] [doi: 10.1038/srep26286]
[Medline: 27212078]

Akkus Z, Galimzianova A, Hoogi A, Rubin DL, Erickson BJ. Deep learning for brain MRI segmentation: state of the art
and future directions. J Digit Imaging. Aug 2017;30(4):449-459. [FREE Full text] [doi: 10.1007/s10278-017-9983-4]
[Medline: 28577131]

Ayaa Solares JR, Diletta Raimondi FE, Zhu Y, Rahimian F, Canoy D, Tran J, et a. Deep learning for electronic health
records: a comparative review of multiple deep neural architectures. JBiomed Inform. Jan 2020;101:103337. [FREE Full
text] [doi: 10.1016/j.jbi.2019.103337] [Medline: 31916973]

LiY,Rao S, Solares JRA, Hassaine A, Ramakrishnan R, Canoy D, et al. BEHRT: transformer for electronic health records.
Sci Rep. Apr 28, 2020;10(1): 7155. [FREE Full text] [doi: 10.1038/s41598-020-62922-y] [Medline: 32346050]
BisqueraA, Gulliford M, DodhiaH, Ledwaba-Chapman L, Durbaba S, Soley-Bori M, et al. Identifying longitudinal clusters
of multimorbidity in an urban setting: a popul ation-based cross-sectional study. Lancet Reg Health Eur. Apr 2021;3:100047.
[EREE Full text] [doi: 10.1016/].lanepe.2021.100047] [Medline: 34557797]

Whitty CIM, Watt FM. Map clusters of diseases to tackle multimorbidity. Nature. Mar 2020;579(7800):494-496. [doi:
10.1038/d41586-020-00837-4] [Medline: 32210388]

Prados-Torres A, Calderén-Larrafiaga A, Hancco-Saavedra J, Poblador-Plou B, van den Akker M. Multimorbidity patterns:
asystematic review. JClin Epidemiol. Mar 2014;67(3):254-266. [doi: 10.1016/j.jclinepi.2013.09.021] [Medline: 24472295]

https://www.researchprotocols.org/2024/1/e53761 JMIR Res Protoc 2024 | vol. 13 | €53761 | p. 6

(page number not for citation purposes)


http://dx.doi.org/10.1007/s11136-012-0214-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22684529&dopt=Abstract
https://europepmc.org/abstract/MED/33274065
http://dx.doi.org/10.7189/jogh.10.020426
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33274065&dopt=Abstract
https://onlinelibrary.wiley.com/doi/10.1111/1753-6405.12762
http://dx.doi.org/10.1111/1753-6405.12762
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29442409&dopt=Abstract
https://europepmc.org/abstract/MED/17510108
http://dx.doi.org/10.1136/bmj.39201.463819.2C
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17510108&dopt=Abstract
https://academic.oup.com/fampra/article/28/5/516/822472?login=false
http://dx.doi.org/10.1093/fampra/cmr013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21436204&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-021-11456-7
http://dx.doi.org/10.1186/s12889-021-11456-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34253222&dopt=Abstract
https://www.aihw.gov.au/reports/australias-health/health-across-socioeconomic-groups
https://www.aihw.gov.au/reports/australias-health/health-across-socioeconomic-groups
https://www.aihw.gov.au/reports/rural-remote-australians/rural-and-remote-health
https://www.aihw.gov.au/reports/rural-remote-australians/rural-and-remote-health
https://www.aihw.gov.au/reports/burden-of-disease/diabetes-chronic-kidney-disease-as-risks/summary
https://www.aihw.gov.au/reports/burden-of-disease/diabetes-chronic-kidney-disease-as-risks/summary
https://journals.sagepub.com/doi/10.15256/joc.2016.6.72?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.15256/joc.2016.6.72
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29090166&dopt=Abstract
https://www.aihw.gov.au/reports/chronic-disease/risk-factors-contributing-to-chronic-disease/summary
https://www.aihw.gov.au/reports/chronic-disease/risk-factors-contributing-to-chronic-disease/summary
http://www.bmj.com/lookup/pmidlookup?view=long&pmid=31907164
http://dx.doi.org/10.1136/bmj.l6964
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31907164&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0275619
http://dx.doi.org/10.1371/journal.pone.0275619
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36206287&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0047-6374(20)30121-4
http://dx.doi.org/10.1016/j.mad.2020.111325
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32768443&dopt=Abstract
https://mitsloan.mit.edu/ideas-made-to-matter/machine-learning-explained
https://mitsloan.mit.edu/ideas-made-to-matter/machine-learning-explained
https://europepmc.org/abstract/MED/31000803
http://dx.doi.org/10.1038/s41563-019-0338-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31000803&dopt=Abstract
https://doi.org/10.1038/srep26286
http://dx.doi.org/10.1038/srep26286
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27212078&dopt=Abstract
https://europepmc.org/abstract/MED/28577131
http://dx.doi.org/10.1007/s10278-017-9983-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28577131&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(19)30256-4
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(19)30256-4
http://dx.doi.org/10.1016/j.jbi.2019.103337
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31916973&dopt=Abstract
https://doi.org/10.1038/s41598-020-62922-y
http://dx.doi.org/10.1038/s41598-020-62922-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32346050&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2666-7762(21)00024-7
http://dx.doi.org/10.1016/j.lanepe.2021.100047
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34557797&dopt=Abstract
http://dx.doi.org/10.1038/d41586-020-00837-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32210388&dopt=Abstract
http://dx.doi.org/10.1016/j.jclinepi.2013.09.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24472295&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR RESEARCH PROTOCOLS Anthonimuthu et &l

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

Uddin S,Wang S, LuH, Khan A, Hajati F, Khushi M. Comorbidity and multimorbidity prediction of major chronic diseases
using machine learning and network analytics. Expert Syst Appl. Nov 2022;205:117761. [doi: 10.1016/].eswa.2022.117761]
Aziz F, Cardoso VR, Bravo-Merodio L, Russ D, Pendleton SC, Williams JA, et a. Multimorbidity prediction using link
prediction. Sci Rep. Aug 12, 2021;11(1):16392. [FREE Full text] [doi: 10.1038/s41598-021-95802-0] [Medline: 34385524]
England BR, Yang Y, Roul P, Haas C, Najjar L, SaylesH, et al. Identification of multimorbidity patternsin rheumatoid
arthritis through machine learning. Arthritis Care Res (Hoboken). Feb 2023;75(2):220-230. [FREE Full text] [doi:
10.1002/acr.24956] [Medline: 35588095]

Albagmi FM, Hussain M, Kamal K, Sheikh MF, AINujaidi HY, Bah S, et al. Predicting multimorbidity using Saudi health
indicators (Sharik) nationwide data: statistical and machine learning approach. Healthcare (Basal). Jul 31, 2023;11(15):2176.
[FREE Full text] [doi: 10.3390/healthcare11152176] [Medline: 37570417)

LeLay J, Alfonso-Lizarazo E, Augusto V, Bongue B, Masmoudi M, Xie X, et a. Prediction of hospital readmission of
multimorbid patients using machine learning models. PLoS One. 2022;17(12):e0279433. [FREE Full text] [doi:
10.1371/journal .pone.0279433] [Medline: 36548386]

Peng LN, Hsiao FY, Lee WJ, Huang ST, Chen LK. Comparisons between hypothesis- and data-driven approaches for
multimorbidity frailty index: a machine learning approach. J Med Internet Res. Jun 11, 2020;22(6):€16213. [FREE Full
text] [doi: 10.2196/16213] [Medline: 32525481]

Francis E. Development of a scoping review protocol. In: Aromataris E, Lockwood C, Porritt K, FillaB, Jordan Z, editors.
JBI Manual for Evidence Synthesis—2024 Edition. Adelaide. The Joanna Briggs Institute; 2024.

Tricco AC, Lillie E, Zarin W, O'Brien KK, Colquhoun H, Levac D, et a. PRISMA Extension for Scoping Reviews
(PRISMA-ScR): checklist and explanation. Ann Intern Med. Oct 02, 2018;169(7):467-473. [EREE Full text] [doi:
10.7326/M18-0850] [Medline: 30178033]

Peters MDJ, Godfrey CM, Khalil H, Mclnerney P, Parker D, Soares CB. Guidance for conducting systematic scoping
reviews. Int J Evid Based Healthc. Sep 2015;13(3):141-146. [FREE Full text] [doi: 10.1097/X EB.0000000000000050]
[Medline: 26134548]

Aromataris E, Lockwood C, Porritt K, PillaB, Jordan Z, editors. JBI Manual for Evidence Synthesis. Adelaide. The Joanna
Briggs Ingtitute; 2024.

Arksey H, O'Malley L. Scoping studies: towards amethodol ogical framework. Int J Soc Res M ethodol. Feb 2005;8(1):19-32.
[doi: 10.1080/1364557032000119616]

Munn Z, Peters MDJ, Stern C, Tufanaru C, McArthur A, Aromataris E. Systematic review or scoping review? Guidance
for authors when choosing between a systematic or scoping review approach. BMC Med Res Methodol. Nov 19,
2018;18(1):143. [FREE Full text] [doi: 10.1186/s12874-018-0611-x] [Medline: 30453902]

PetersMDJ, Marnie C, Colquhoun H, Garritty CM, Hempel S, Horsley T, et a. Scoping reviews: reinforcing and advancing
the methodology and application. Syst Rev. Oct 08, 2021;10(1):263. [FREE Full text] [doi: 10.1186/s13643-021-01821-3]
[Medline: 34625095]

Pham MT, Rgji¢ A, Greig JD, Sargeant JM, Papadopoulos A, McEwen SA. A scoping review of scoping reviews; advancing
the approach and enhancing the consistency. Res Synth Methods. Dec 2014;5(4):371-385. [EREE Full text] [doi:
10.1002/jrsm.1123] [Medline; 26052958]

Wolff RF, Moons KGM, Riley RD, Whiting PF, Westwood M, Collins GS, et al. PROBAST: atool to assess the risk of
bias and applicability of prediction model studies. Ann Intern Med. Jan 01, 2019;170(1):51-58. [FREE Full text] [doi:
10.7326/M18-1376] [Medline: 30596875]

Abbreviations

COPD: chronic obstructive pulmonary disease

PCC: participants, concept, context

PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses

PRISMA-ScR: Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping
Reviews

Edited by A Mavragani; submitted 18.10.23; peer-reviewed by F Gomez, TAR Sure; comments to author 29.02.24; revised version
received 15.03.24; accepted 02.04.24; published 20.05.24

Please cite as:

Anthonimuthu DJ, Hejlesen O, Zwisler ADO, Udsen FW

Application of Machine Learning in Multimorbidity Research: Protocol for a Scoping Review
JMIR Res Protoc 2024;13:€53761

URL: https.//mww.researchprotocols.org/2024/1/e53761

doi: 10.2196/53761

PMID: 38767948

https://www.researchprotocols.org/2024/1/e53761 JMIR Res Protoc 2024 | vol. 13 | 53761 | p. 7

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.eswa.2022.117761
https://doi.org/10.1038/s41598-021-95802-0
http://dx.doi.org/10.1038/s41598-021-95802-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34385524&dopt=Abstract
https://europepmc.org/abstract/MED/35588095
http://dx.doi.org/10.1002/acr.24956
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35588095&dopt=Abstract
https://www.mdpi.com/resolver?pii=healthcare11152176
http://dx.doi.org/10.3390/healthcare11152176
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37570417&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0279433
http://dx.doi.org/10.1371/journal.pone.0279433
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36548386&dopt=Abstract
https://www.jmir.org/2020/6/e16213/
https://www.jmir.org/2020/6/e16213/
http://dx.doi.org/10.2196/16213
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32525481&dopt=Abstract
https://www.acpjournals.org/doi/abs/10.7326/M18-0850?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.7326/M18-0850
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30178033&dopt=Abstract
https://journals.lww.com/ijebh/fulltext/2015/09000/guidance_for_conducting_systematic_scoping_reviews.5.aspx
http://dx.doi.org/10.1097/XEB.0000000000000050
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26134548&dopt=Abstract
http://dx.doi.org/10.1080/1364557032000119616
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/s12874-018-0611-x
http://dx.doi.org/10.1186/s12874-018-0611-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30453902&dopt=Abstract
https://systematicreviewsjournal.biomedcentral.com/articles/10.1186/s13643-021-01821-3
http://dx.doi.org/10.1186/s13643-021-01821-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34625095&dopt=Abstract
https://europepmc.org/abstract/MED/26052958
http://dx.doi.org/10.1002/jrsm.1123
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26052958&dopt=Abstract
https://www.acpjournals.org/doi/abs/10.7326/M18-1376?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.7326/M18-1376
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30596875&dopt=Abstract
https://www.researchprotocols.org/2024/1/e53761
http://dx.doi.org/10.2196/53761
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38767948&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR RESEARCH PROTOCOLS Anthonimuthu et &l

©Danny Jeganathan Anthonimuthu, Ole Hejlesen, Ann-Dorthe Olsen Zwidler, Flemming Witt Udsen. Originally published in
JMIR Research Protocols (https://www.researchprotocols.org), 20.05.2024. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the origina work, first published in IMIR Research Protocols, is

properly cited. The complete bibliographic information, alink to the original publication on https://www.researchprotocols.org,
aswell asthis copyright and license information must be included.

https://www.researchprotocols.org/2024/1/e53761 JMIR Res Protoc 2024 | vol. 13 | €53761 | p. 8

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

