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Choices of measures of association affect =
the visualisation and composition of the
multimorbidity networks
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Abstract

Background Network analysis, commonly used to describe the patterns of multimorbidity, uses the strength of
association between conditions as weight to classify conditions into communities and calculate centrality statistics.
Our aim was to examine the robustness of the results to the choice of weight.

Methods Data used on 27 chronic conditions listed on Australian death certificates for women aged 85+. Five
statistics were calculated to measure the association between 351 possible pairs: odds ratio (OR), lift, phi correlation,
Salton cosine index (SCI), and normalised-joint frequency of pairs (NF). Network analysis was performed on the 10% of
pairs with the highest weight according to each definition, the ‘top pairs’

Results Out of 56 'top pairs’identified, 13 ones were consistent across all statistics. In networks of OR and lift, three of
the conditions which did not join communities were among the top five most prevalent conditions. Networks based
on phi and NF had one or two conditions not part of any community. For the SCI statistics, all three conditions which
did not join communities had prevalence below 3%. Low prevalence conditions were more likely to have high degree
in networks of OR and lift but not SCI.

Conclusion Use of different statistics to estimate weights leads to different networks. For exploratory purposes, one

may apply alternative weights to identify a large list of pairs for further assessment in independent studies. However,

when the aim is to visualise the data in a robust and parsimonious network, only pairs which are selected by multiple
statistics should be visualised.
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Background

Across the globe, higher life expectancy has led to an
increase in the number of people living with multimor-
bidity. In epidemiological studies, multimorbidity is
defined as the presence of two or more chronic medi-
cal conditions [1]. While better management of patients
requires a deep understanding of the diseases that occur
together more frequently [2], there is a need for methods
to describe patterns of association among multimorbid
conditions.

Network analysis is a popular pattern finding tool with
practical appeal in the context of multimorbidity [3].
There is a distinction between a network as a visualisa-
tion tool and network analysis. A network is character-
ised as a set of nodes and edges, with weights showing
the strength of association between two connected nodes
[4]. Throughout this manuscript, the words weight and
strength of association are used interchangeably. In the
multimorbidity setting, conditions are treated as nodes
and the pairwise association between several diseases are
visualised as a network with an edge between two associ-
ated conditions.

On the other hand, network analysis is an analytical
tool which uses the weight to classify the conditions into
communities of densely connected conditions, with con-
ditions belonging to different communities being weakly
associated. Additionally, it provides measures of the cen-
trality for conditions.

A current scoping review of papers published to
describe patterns of multimorbidity using network
analysis found heterogeneity in terms of methods used
to calculate weight between conditions [5]. The aim of
this paper was to apply alternative weights to examine
whether use of different statistics resulted in the selection
of different pairs, and differences in the composition of
the networks.

Methods
Measure of association between conditions
Traditionally, the strength of association between condi-
tions has been measured using the Pearson correlation
coefficient for binary variables [6]. To reduce the com-
plexity of the networks, only pairs of conditions which
were correlated at significance level of 0.05 were visual-
ised by a network. It has been argued that this measure
cannot detect associations between rare conditions.
Moreover, the number of ‘significant’ correlations, which
influences the density of the network, is affected by the
sample size [7]. Over the past few years, variety of other
statistics such as odds ratio or relative risk have been con-
sidered as weight, and different thresholds or approaches
applied to reduce the complexity [5, 8].

In this manuscript, five different statistics were cal-
culated to describe the strength of association between
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each pair: Odds Ratio (OR), lift, phi correlation, Salton
Cosine Index (SCI), and normalised joint frequency of
pairs (NF).

Lift was calculated by dividing the proportion of sub-
jects who had both conditions, by the product of propor-
tion of subjects with each condition. The Salton Cosine
Index (SCI) was calculated by dividing the observed joint
frequency of each pair with the square root of product
of frequency of corresponding conditions. To calculate
the normalised joint-frequencies (NF), first the joint fre-
quencies of all pairs were summarised in a symmetric
matrix, known as the adjacency matrix. Entries on the
main diagonal corresponded to the joint frequency of
each condition with itself and therefore was set at zero.
Then, to overcome the effect of the differing prevalence
of the conditions, the Iterative Proportional Fitting (IFP)
method is applied to the adjacency matrix so that all the
row and column marginal frequencies were one [9].

Dimension reduction

To reduce the complexity and to improve the interpret-
ability of results, using each measure of association, only
pairs with weight above the 90th percentile of the distri-
bution of weights were regarded as being strongly associ-
ated and visualised in the networks (‘top pairs’).

Community detection

Using each of five weights, the conditions were classified
into separate communities. Through an iterative pro-
cedure, network analysis classified the conditions into
separate communities by maximising a statistic known as
modularity [9]. The modularity of a network with a total
of m edges is defined by Formula 1.
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WhereA;is the weight of the edge between nodes i and j,
K; and K; are the sums of weights of the edges
attached to nodes i and j,
the expected number of edges between nodes i and j is

KiK; KK,
2m 3 Ay

c;and Gjare the communities to which nodes i and j are
assigned,

§ =1 if nodes are assigned to the same community,
and 0 otherwise, and

7 is the resolution parameter which controls the num-
ber of communities, where higher resolution leads to
more communities.
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The resolution parameter was set at 1 for all five net-
works. A method called the Leiden algorithm was applied
to identify communities [10]. The algorithm assigned
each node to a different community. The gain in the mod-
ularity statistic by removing node i from its community
and putting it into community j was computed for all
nodes. Node i was merged with the community for which
the gain was maximal. The algorithm allowed for further
split of communities into subcommunities. The process
was applied to all nodes until no further improvement
could be achieved.

Centrality statistics

To demonstrate the effect of weight on centrality statis-
tics, using each of five measures of association, for each
condition, the centrality statistics of degree, closeness,
and betweenness were calculated. For a specific condi-
tion X;, the degree is the sum of weights of all other con-
ditions connected to X;. The closeness is the reciprocal
of the sum of the length of the shortest paths between X,
and all other conditions. The betweenness for X, is the
sum of the proportion of shortest paths between other
pairs of conditions that passes through condition X;.

Table 1 Prevalence of the conditions listed anywhere on the
death certificates for women in Australia aged 85 years or more
who had more than one cause of death mentioned (N=283,195)

Rank Condition Prevalence (%)
1 Dementia, Alzheimer’s disease 334
2 Ischemic Heart Disease 322
3 Hypertensive disease 26.7
4 Cerebrovascular disease 206
5 Other circulatory diseases 17.1
6 Heart failure 16.4
7 Cardiac arrhythmia 15.1
8 Kidney disease 14.5
9 Diabetes 12.5
10 Symptoms, signs, ill-defined conditions 1.1
11 Chronic lower respiratory disease 11.0
12 Musculoskeletal disease 104
13 Other digestive diseases 79
14 Infectious, parasitic diseases 6.7
15 Other malignant neoplasms 59
16 Other respiratory diseases 5.1
17 Psychiatric and other mental disorders 4.6
18 Influenza, pneumonia 44
19 Breast cancer 33
20 Colorectal cancer 3.1
21 Lymph, blood cancer 30
22 Other endocrine diseases 30
23 Other neurological conditions 2.2
24 Parkinson’s disease 2.2
25 Skin disease 20
26 Lung, tracheal cancer 1.5
27 Eye, ear disease 15
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Sample and list of conditions

The data for all deaths in Australia from 2006 to 2018
were supplied by the Australia Coordinating Registry
(N=1,932,018). Death certificates are compiled using the
underlying and contributing causes of death. The final
list of conditions used for this paper included 27 chronic
conditions with prevalence>1%. The data used here were
for women aged 85+. Only deaths with multimorbidity
(i.e., underlying and one or more contributing conditions
on the death certificate) which were certified by medical
doctors were analysed (N=283,195).

For the data analysis, the following R packages were
used: ipfr to normalise the joint frequencies [11], and
igraph to visualise the networks, detect communities,
and calculate the centrality statistics [12].

Results

Twenty-seven conditions with a prevalence range of
33.4% for ‘Dementia, Alzheimer’s disease’ to 1.5% for ‘eye,
ear diseases’ were selected (Table 1), where lower rank
indicates higher prevalence.

Weights derived from OR, lift, and NF were approxi-
mately linearly associated (Fig. 1a, d, and g). The associa-
tions between the other statistics were more complicated
(Fig. 1b, ¢, e, £, h, i, and j).

The total number of unique pairs selected as being
strongly associated (‘top pairs’) by any measure was 56,
with 13 pairs being selected by all five measures of asso-
ciation (Table 2). Ten pairs were selected only by one sta-
tistic (6 only by SCI and 4 only by NF).

The number of times three conditions with the lowest
prevalence (i.e., rank 25 (skin disease), 26 (lung, tracheal
cancer), and 27 (eye, ear disease) in Table 1) contributed
to form ‘top pairs’ by each measure of association was 13
by OR, 13 by lift, 9 by phi, 3 by SCI, and 9 by NE. Corre-
sponding numbers for three conditions with the highest
prevalence (i.e., those ranked 1 (Dementia, Alzheimer’s
disease), 2 (ischemic heart disease), and 3 (hypertensive
disease) in Table 1) was 4 in OR, 3 in lift, 7 in phi, 10 in
SCI, and 2 in NE.

Most of the pairs selected by OR and lift statistics were
the same (33 out of 35), giving a Kappa for agreement of
0.85. The Kappa values for agreement between SCI and
all other measures, except Phi, were negative suggesting
they measure different constructs.

Figure 2 shows the networks and communities
obtained using each of the five measures of association.
The total number of communities found in each of the
five networks were 3 for OR, 4 for lift, 5 for Phi, 5 for SCI,
and 4 for NF. In the networks based on OR and lift, four
conditions ranked below nine (i.e., ranked after diabe-
tes with prevalence below 12.5%) in Table 2 did not join
other communities. All three conditions that did not
join other communities in the SCI network all had ranks
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Fig. 1 Scatterplot of different weights (for all 351 possible pairs) OR: Odds ratio, SCI: Salton cosine index, NF: normalised joint frequency; graphs are not
on the same scale
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Table 2 Pairs of conditions selected as being strongly associated by each of five measures of association

Pair Conditions OR Lift Phi SCl NF
1+4 Dementia, Alzheimer’s disease + Cerebrovascular disease 0 0 0 1 1
2+3 Ischemic Heart Disease + Hypertensive disease 0 0 0 1 0
3+4 Hypertensive disease + Cerebrovascular disease 1 1 1 1 1
3+7 Hypertensive disease + Cardiac arrhythmia 0 0 1 1 0
3+9 Hypertensive disease + Diabetes 0 0 1 1 0
445 Cerebrovascular disease +Other circulatory diseases 0 0 0 1 1
4+7 Cerebrovascular disease + Cardiac arrhythmia 0 0 0 1 1
5+7 Other circulatory diseases + Cardiac arrhythmia 0 0 1 1 0
6+7 Heart failure + Cardiac arrhythmia 1 1 1 1 1
6+8 Heart failure +kidney disease 1 1 1 1 1
8+9 Kidney disease + Diabetes 0 0 1 1 1
1+17 Dementia, Alzheimer's disease + Psychiatric and other mental disorders 0 0 1 1 0
3+12 Hypertensive disease + Musculoskeletal disease 1 0 1 1 0
3+17 Hypertensive disease + Psychiatric and other mental disorders 0 0 0 1 0
6+11 Heart failure + Chronic lower respiratory disease 1 1 1 1 1
6+16 Heart failure + other respiratory diseases 1 0 1 1 1
8+ 14 Kidney disease + Infectious, parasitic diseases 0 0 1 1 1
8+18 Kidney disease + Influenza, pneumonia 0 0 0 0 1
3+22 Hypertensive disease + Other endocrine diseases 1 1 1 1 0
3+27 Hypertensive disease +Eye, ear disease 1 1 1 1 0
4+23 Cerebrovascular disease + Other neurological conditions 1 1 1 1 1
4424 Cerebrovascular disease + Parkinson's disease 0 0 0 0 1
10+12 Symptoms, signs, ill-defined conditions +Musculoskeletal disease 0 0 0 1 0
10+13 Symptoms, signs, ill-defined conditions + Other digestive disease 0 0 0 1 0
10+ 14 Symptoms, signs, ill-defined conditions +Infectious, parasitic diseases 1 1 1 1 1
10+16 Symptoms, signs, ill-defined conditions + Other respiratory disease 0 1 1 1 1
10+17 Symptoms, signs, ill-defined conditions + Psychiatric and other mental disorders 0 0 0 1 0
10+18 Symptoms, signs, ill-defined conditions +Infleunza, pneumonia 1 1 1 1 1
11+12 Chronic lower respiratory disease +Musculoskeletal disease 0 0 0 1 0
11+17 Chronic lower respiratory disease + Psychiatric and other mental disorders 1 1 1 1 0
12413 Musculoskeletal disease +Other digestive disease 1 1 1 1 0
12417 Musculoskeletal disease + Psychiatric and other mental disorders 1 1 1 1 1
14+18 Infectious, parasitic diseases +Infleunza, pneumonia 0 0 0 0 1
16+18 Other respiratory disease + Infleunza, pneumonia 1 1 1 0 1
10427 Symptoms, signs, ill-defined conditions + Eye, ear disease 1 1 0 0 0
11426 Chronic lower respiratory disease + Lung, tracheal cancer 1 1 1 1 1
12422 Musculoskeletal disease +Other endocrine diseases 1 1 1 1 1
12423 Musculoskeletal disease +Other neurological conditions 1 1 0 0 0
12425 Musculoskeletal disease + Skin disease 1 1 0 0 0
12427 Musculoskeletal disease +Eye, ear disease 1 1 1 1 1
13+27 Other digestive disease +Eye, ear disease 1 1 1 0 1
14425 Infectious, parasitic diseases + Skin disease 1 1 1 0 1
15+19 Other malignant neoplasms + Breast cancer 1 1 1 1 1
15420 Other malignant neoplasms + Colorectal cancer 1 1 1 1 1
15+26 Other malignant neoplasms+Lung, tracheal cancer 1 1 1 0 1
16426 Other respiratory disease + Lung, tracheal cancer 0 1 0 0 1
17422 Psychiatric and other mental disorders + Other endocrine diseases 1 1 1 0 0
17+23 Psychiatric and other mental disorders + Other neurological conditions 1 1 0 0 0
17424 Psychiatric and other mental disorders + Parkinson’s disease 1 1 0 0 1
17426 Psychiatric and other mental disorders + Lung, tracheal cancer 1 1 1 0 1
17427 Psychiatric and other mental disorders + Eye, ear disease 1 1 1 0 1
19+20 Breast cancer + Colorectal cancer 1 1 0 0 1
0 0 0 0 1

19421 Breast cancer +Lymph, blood cancer
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Table 2 (continued)

Pair Conditions OR Lift Phi Scl NF
22+27 Other endocrine diseases + Eye, ear disease 1 1 1 0 1
23+24 Other neurological conditions + Parkinson’s disease 1 1 1 0 1
23+27 Other neurological conditions + Eye, ear disease 1 1 0 0 0

1 the pair selected as top; 0: the pair did not select as top

OR

Fig. 2 Communities identified in networks based on different weights: OR (top left), lift (top middle), Phi (top right), SCI (bottom left), and NF (bottom
middle). Conditions 16 and 18 are respiratory diseases. Conditions 15, 19, 20, 21, and 26 are different types of cancers. Conditions 3,4, 5, 6, and 7 are car-

diovascular conditions. Conditions 17, 23, and 24 are neurological conditions

above 21 in Table 2 (i.e., ranked before lymph, blood can-
cer with prevalence above 3%). On the other hand, in the
network based on NF the condition ranked two on preva-
lence list in Table 2 (i.e., ischemic heart disease) was not
in any community.

The grouping showed reasonable clinical coherence.
For example, all five metrics put respiratory conditions
of infleunza, pneumonia (rank 18) and other respiratory
disease (rank 16) into one community. The SCI metric
divided the cancer related conditions into three separate
communities. The other four metrics classified the cancer
into one community: breast cancer (rank 19 in Table 1),
colorectal cancer (rank 20), lymph blood cancer (rank
21), lung tracheal cancer (rank 26), and other malignant
neoplasms (rank 15). The OR, Lift, Phi, and NF metrics
divided the cardiovascular conditions of hypertensive
disorders (rank 3), cerebrovascular disease (rank 4), heart
failure (rank 6), and cardiac arrhythmia (rank 7) into two

community. OR, Lift, and Phi metrics categorised the
neurological conditions of psychiatric and other mental
disorders (rank 17), other neurological conditions (rank
23), and Parkinson’s disease (rank 24) into one single
community. The NF metric put these conditions into two
communities with a link between them (through condi-
tions 17 and 24).

There were differences between the measures of asso-
ciation in terms of which conditions had the highest
degree, closeness and betweenness. The top three condi-
tions with the highest value for each measure are shown
in Table 3. For example, condition 27 (i.e., eye, ear dis-
ease) had high degree in networks of OR, lift, and Phi but
not in networks of SCI and NF, suggesting that the asso-
ciation between this condition and other conditions was
more likely to be captured by OR, lift, and Phi measures
of association.
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Discussion

The aim of this paper was to examine the influence of dif-
ferent weights on the structure of a network. A recent
S SN scoping review of methods for analysing patterns of
multimorbidity using network analysis found that sev-
eral techniques were used to measure the strength of
SO0 S association between conditions including the correla-
tion coefficient, odds ratio, lift, and Salton Cosine Index
(SCI) [5]. Additionally, the normalised joint frequency of
> > > pairs of conditions was used as a weight to visualise the
multimorbidity network in the Italian population [9].
Therefore, we applied these five weights to examine their
effects on the composition of the networks. For illustra-
tion, the weights between 351 pairs of chronic health
conditions were calculated using five different statistics:
OR, lift, Phi correlation, SCI, and normalised joint fre-
quencies (NF).

Pairs with weight above the 90th percentile of the dis-
tribution were considered to be strongly associated and
visualised. Under the hypothesis that the ‘different mea-
SN S sures of association select the same pairs of conditions
as being strongly associated, the expected number of
unique pairs would be about 35. However, there were 56
> SN pairs meeting the criterion of being strongly associated
on at least one measure, with only 13 pairs being strongly
associated on all five measures. This example shows that
the choice of measure of association will affect the iden-
tification of the associated pairs which are visualised by a
network, and hence the central conditions and communi-
ties. Indeed, marked differences were seen between the
five networks. For example, in the SCI network, some low
prevalence conditions were not linked with other com-
munities. In contrast, in the OR and lift networks, most
conditions which did not merge into communities had
S S S high prevalence.

These findings illustrate that to produce robust results,
an analysis of co-occurrences of nodes (in this case
S S S chronic conditions) should involve multiple measures of
association.

In the literature some studies have not provided details
of the weights used for their network analysis [13].
Other studies using network analysis have used only
one weight. Furthermore, methods applied to reduce
the complexity of the networks have differed. For exam-
ple, a comorbidity network for type 2 diabetes mellitus
was visualised for pairs of conditions with OR>1.2 and
P-values for OR<1e-5 [14]. Another study used OR>1.2
or OR<0.8 (for positive and negative associations) with
P-values<1le-5 to depict a comorbidity network of hypo-
thyroidism in adults [15]. A comorbidity network for
people living in rural Uganda was visualised for pairs of
conditions which satisfied the following three conditions:
RR>1, Phi correlation>0, and false discovery rate <0.05.
The last condition was applied to control the inflation in

Closeness Betweenness
Phi Nd| NF OR Lift Phi Scl NF OR Lift Phi SCl NF
v v
v v v
v
v
v
v v
v
v
v v v

Lift

Degree
OR

Table 3 The three conditions (as ranked in table 1) with the highest values for degree, closeness and betweenness based on each of the five measures of association

Condition (Rank in Table 1)
Symptoms, signs, ill-defined conditions (10)

Chronic lower respiratory disease (11)

Musculoskeletal disease (12)
Psychiatric and other mental disorders (17)

Other malignant neoplasms (15)
Breast cancer (19)

Hypertensive disease (3)
Cerebrovascular disease (4)
Other respiratory disease (16)
Colorectal cancer (20)

Lung, tracheal cancer (26)
Eye, ear disease (27)

Heart failure (6)
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type one error due to multiple comparisons. In another
study, pairs of conditions with lift>1 were visualised as
the comorbidity network of diseases related to obesity
[16]. Other studies have used lift>2 to indicate a strong
association [17-19].

It has been argued that the lower and upper limits of
the lift depends on the prevalence of conditions [20]. To
overcome this shortcoming, Hernandez et al. used the
standardised lift, which varies between 0 and 1, to visu-
alise the multimorbidity network in the Irish population
where values above 0.2 were considered as strong, [2].

SCI was used as the weight to examine the health dis-
parities by gender [7]. In that study, the results using SCI
were compared with results using Pearson correlations
to select strong pairs. Using the Pearson correlations,
the authors found that 14,463 pairs were associated with
a P-value<0.01. On this basis a cut-off value of 0.04 was
applied to SCI to get similar number of pairs. Egidi et al.
used normalised joint frequency as weight and defined
pairs with weight above the 95th percentile as strongly
associated [9].

Some studies applied a different method which per-
formed both steps (i.e., the estimation of weights and
the selection of the strongest associations to reduce
the complexity) together through multivariable regres-
sion modelling. To visualise the network of depression
and anxiety symptoms, each condition in turn was
treated as the outcome and all other conditions were
treated as predictors [21]. Lasso logistic regression
was applied to estimate regression coefficients (i.e.,
weights) and identify strong associations [21]. There-
fore, weight derived from this method was adjusted
after control of other conditions. As the Lasso method
estimated adjusted measures of association and other
methods compute a univariate measure, the Lasso
method was not applied in this manuscript.

The purpose of the paper was to compare the effect
of different measures of association on the compo-
sition of multimorbidity networks. To illustrate the
methods, we used data from a subpopulation with a
lot of multimorbidity. The composition of networks
would be expected to be different for other age groups
or for men instead of women.

This study had some limitations. First, we did not
have an underlying model therefore it is difficult to
judge which weight provided the most valid results.
Second, there is no clear-cut way to distinguish
between low, mid-range, and high prevalence condi-
tions. Some of our inferences was based on the preva-
lence ranking of conditions.
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Conclusion

In conclusion, use of different statistics to estimate
weights leads to different networks. We do not recom-
mend any particular weight as the best for all data sets
and research questions. For exploratory purposes, one
may apply alternative weights to identify a large list
of pairs for further assessment in independent stud-
ies. However, when the aim is to visualise the data in
a robust and parsimonious network, only pairs which
are selected by multiple statistics should be visualised.
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NF  Normalised joint frequency

Acknowledgements
We would like to thank the Australian Bureau of Statistics who provided the
data to us, and the anonymous referees and editor.

Author contributions

All authors (MRB, AD, and GM) contributed to the design of the study.

MRB undertook the statistical analyses, and all authors (MRB, AD, and GM)
interpreted the results. MRB and AD wrote the first draft of the manuscript;

all authors (MRB, AD, and GM) read and revised the manuscript and accepted
the final version of the manuscript and were accountable for all aspects of the
work.

Funding

MRB and GDM is supported by NHMRC Investigator grant (APP2009577).
The funding bodies played no role in the design of the study and collection,
analysis, and interpretation of data and in writing the manuscript.

Data availability

All R codes used in this article and joint frequencies of all pairs of conditions
are available on the following GitHub page: https://github.com/rbaneshi2/
patterns-among-binary-variables.

Declarations

Ethics approval and consent to participate

In Australia, every death must be certified by either a doctor (more than 85%
of deaths) or a coroner (less than 15%). We obtained unit record data from the
Australia Coordinating Registry which manages the data from all States and
Territories. Therefore, no live human or animal was involved in this study. For
each decedent, the data included the underlying and contributing causes
of death as well as age at death, sex, state in which death was registered,
and certifier (doctor or coroner). Therefore, consent to participate was not
applicable. Moreover, the decedents were not identifiable, and this work did
not involve any intervention. Therefore, this work did not require approval by
an ethics committee.

Consent for publication
Consent for publication was not applicable.

Competing interests
The authors declare no competing interests.

Received: 14 August 2023 / Accepted: 15 July 2024
Published online: 23 July 2024

References

1. Xu X, Mishra GD, Jones M. Evidence on multimorbidity from defini-
tion to intervention: an overview of systematic reviews. Ageing Res Rev.
2017;37:53-68.


https://github.com/rbaneshi2/patterns-among-binary-variables
https://github.com/rbaneshi2/patterns-among-binary-variables

Baneshi et al. BMC Medical Research Methodology

(2024) 24:157

Herndndez B, Reilly RB, Kenny RA. Investigation of multimorbidity and preva-
lent disease combinations in older Irish adults using network analysis and
association rules. Sci Rep. 2019;9(1):14567.

Shelton RC, Lee M, Brotzman LE, Crookes DM, Jandorf L, Erwin D, Gage-
Bouchard EA. Use of social network analysis in the development, dissemina-
tion, implementation, and sustainability of health behavior interventions for
adults: a systematic review. Soc Sci Med. 2019;220:81-101.

Buttner K, Krieter J. Comparison of weighted and unweighted network analy-
sis in the case of a pig trade network in Northern Germany. Prev Vet Med.
2018;156:49-57.

Jones |, Cocker F, Jose MD, Charleston MA, Neil A. Methods of analyzing
patterns of multimorbidity using network analysis: a scoping review. J Public
Health (Berl) 2022.

Divo MJ, Casanova C, Marin JM, Pinto-Plata VM, de-Torres JP, Zulueta JJ,
Cabrera C, Zagaceta J, Sanchez-Salcedo P, Berto J, et al. COPD comorbidities
network. Eur Respir J. 2015;46(3):640-50.

Kalgotra P, Sharda R, Croff JM. Examining health disparities by gender: a
multimorbidity network analysis of electronic medical record. Int J Med Inf.
2017;108:22-8.

Fotouhi B, Momeni N, Riolo MA, Buckeridge DL. Statistical methods for
constructing disease comorbidity networks from longitudinal inpatient data.
Appl Netw Sci. 2018;3(1):46.

EgidiV, Salvatore M, Rivellini G, DAngelo S. A network approach to studying
cause-of-death interrelations. Demographic Res. 2018;38:373-400.

Traag VA, Waltman L, van Eck NJ. From Louvain to Leiden: guaranteeing well-
connected communities. Sci Rep. 2019,9(1):5233.

KW. ipfr: List Balancing for Reweighting and Population Synthesis. R package
version 1.0.2. 2020, URL: https://CRAN.R-project.org/package=ipfr. In.

Csardi GNT. The igraph software package for complex network research,
2006, URL: https://igraph.org. In; 2006.

Held FP, Blyth F, Gnjidic D, Hirani V, Naganathan V, Waite LM, Seibel MJ, Rollo J,
Handelsman DJ, Cumming RG, et al. Association Rules Analysis of Comorbid-
ity and Multimorbidity: the Concord Health and Aging in Men Project. J
Gerontol Biol Sci Med Sci. 2016;71(5):625-31.

20.

21.

Page 9 of 9

Aguado A, Moratalla-Navarro F, Lépez-Simarro F, Moreno V. MorbiNet: multi-
morbidity networks in adult general population. Analysis of type 2 diabetes
mellitus comorbidity. Sci Rep. 2020;10(1):2416.

Moratalla-Navarro F, Moreno V, Lépez-Simarro F, Aguado A. MorbiNet Study:
Hypothyroidism Comorbidity Networks in the Adult General Population. J
Clin Endocrinol Metab. 2021;106(3):e1179-90.

Lee HA, Park H. Comorbidity network analysis related to obesity in middle-
aged and older adults: findings from Korean population-based survey data.
Epidemiol Health. 2021,43:€2021018.

Schéfer I, Kaduszkiewicz H, Wagner HO, Schén G, Scherer M, van den Bussche
H. Reducing complexity: a visualisation of multimorbidity by combining
disease clusters and triads. BMC Public Health. 2014;14:1285.

van den Bussche H, Koller D, Kolonko T, Hansen H, Wegscheider K, Glaeske

G, von Leitner EC, Schéfer |, Schon G. Which chronic diseases and disease
combinations are specific to multimorbidity in the elderly? Results of a claims
data based cross-sectional study in Germany. BMC Public Health. 2011;11:101.
Villén N, Guisado-Clavero M, Ferndndez-Bertolin S, Troncoso-Marifio A,
Foguet-Boreu Q, Amado E, Pons-Vigués M, Roso-Llorach A, Violan C. Multi-
morbidity patterns, polypharmacy and their association with liver and kidney
abnormalities in people over 65 years of age: a longitudinal study. BMC
Geriatr. 2020;20(1):206.

McNicholas PD, Murphy TB, O'Regan M. Standardising the lift of an associa-
tion rule. Comput Stat Data Anal. 2008;52(10):4712-21.

van Borkulo CD, Borsboom D, Epskamp S, Blanken TF, Boschloo L, Schoevers
RA, Waldorp LJ. A new method for constructing networks from binary data.
Sci Rep. 2014;4(1):5918.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://CRAN.R-project.org/package=ipfr

	﻿Choices of measures of association affect the visualisation and composition of the multimorbidity networks
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Measure of association between conditions
	﻿Dimension reduction
	﻿Community detection


	﻿Centrality statistics
	﻿Sample and list of conditions
	﻿Results
	﻿Discussion
	﻿Conclusion
	﻿References


