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Abstract

Background: The prevalence of multimorbidity is increasing in recent years, and patients with multimorbidity often have a decrease in quality 
of life and require more health care. The aim of this study was to explore the evolution of multimorbidity taking the sequence of diseases into 
consideration.
Methods: We used a Belgian database collected by extracting coded parameters and more than 100 chronic conditions from the Electronic 
Health Records of general practitioners to study patients older than 40 years with multiple diagnoses between 1991 and 2015 (N = 65 939). 
We applied Markov chains to estimate the probability of developing another condition in the next state after a diagnosis. The results of 
Weighted Association Rule Mining (WARM) allow us to show strong associations among multiple conditions.
Results: About 66.9% of the selected patients had multimorbidity. Conditions with high prevalence, such as hypertension and depressive 
disorder, were likely to occur after the diagnosis of most conditions. Patterns in several disease groups were apparent based on the results of 
both Markov chain and WARM, such as musculoskeletal diseases and psychological diseases. Psychological diseases were frequently followed 
by irritable bowel syndrome.
Conclusions: Our study used Markov chains and WARM for the first time to provide a comprehensive view of the relations among 103 
chronic conditions, taking sequential chronology into consideration. Some strong associations among specific conditions were detected and 
the results were consistent with current knowledge in literature, meaning the approaches were valid to be used on larger data sets, such as 
National Health care Systems or private insurers.

Keywords:  Chronic conditions, Chronology of disease, Machine learning

Multimorbidity—the co-occurrence of 2 or more chronic diseases 
(1,2)—is frequent, especially among older people, and its occurrence 
is increasing. The consequences of multimorbidity include a decrease 
in quality of life and functional status and an increase in health care 
utilization (3–5). Increasing studies look into frequent combinations 
of diseases, most often duals and triads (6,7).

Ng et al. (8) made a systematic review of analytical methods used 
to identify multimorbidity patterns. The results showed that more 

than half of the studies (62/103) only adopted descriptive meas-
ures of multimorbidity to explain the associations between health 
conditions and selected indices, and 90% of the left 41 studies ap-
plied factor analysis or clustering. There are some other studies 
using methods like latent class analysis or latent Dirichlet allocation 
(9,10). These models are similar to clustering, which creates disease 
groups based on measures constructed by the algorithms. Apart 
from the disadvantage of being unable to track the development of 
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multimorbidity, the results from these methods are often clusters of 
diseases instead of one specific disease, making it difficult to provide 
accurate clinical decision support in practice.

Some studies used Association Rule Mining (ARM) to explore 
multimorbidity (11,12). ARM is a method to uncover the combin-
ations of items that occur together frequently (13,14). However, in 
traditional ARM, the sequence of the items is not taken into account. 
Besides, association rules among less frequent diseases will turn out 
to be strong if disease prevalence varies in a large range, because with 
fewer observations, the weight of each observation will take up a 
larger percentage. If 2 low-prevalence diseases with limited observa-
tions coincidentally co-occur several times, it will result in strong as-
sociation rules when using traditional ARM, while these cases are of 
noninterest. Weighted Association Rule Mining (WARM) is a good 
solution to overcome the 2 limitations of traditional ARM (15). It 
introduces weights to make the co-occurrence with the same items 
different from each other if the sequence changes and the model ad-
justs the weight of the item and combination based on selected cri-
teria and prioritizes the rules according to their importance.

Previous studies on multimorbidity mostly include a small group 
of common chronic diseases. Held et  al. (12) studied about 17 
common diseases for men aged 70 years or older, such as heart dis-
eases, diabetes, and stroke, and Zemedikun et al. (11) collected data 
on 36 conditions. As a result, a large number of less frequent chronic 
conditions were neglected, excluding the potentially relevant infor-
mation concerning a large number of patients, as 6%–8% of the 
general population is affected by a rare disease (16).

Models applied in previous studies group the diseases based on 
associations or correlations, but are not able to present the evolu-
tion of multimorbidity over time. Analyses over time regarding 
patient trajectories of multimorbidity can help to identify vulner-
able patient groups and provide suggestions for improving care for 
complex patients. This study aims to take into account the sequence 
of occurrence. Another contribution of this article is that the asso-
ciations among more than 100 chronic conditions were included in 
the analyses.

Method

Study Design and Participants
We used Intego (17), a longitudinal database of Electronic Health 
Records of patients in general practice from the Flanders region in 
Belgium. About 300 000 individual patients are recorded in the data-
base, corresponding to more than 2.3% of the Flemish population, 
and they are representative of the general population in Flanders, 
Belgium (18). Intego uses an opt-out methodology and is approved 
by the local ethical committee of the KU Leuven and in line with 
Belgian privacy regulations. The register used for our analyses is 
based on daily clinical practice in primary care. All general prac-
titioners (GPs) participating in the Intego registry are trained and 
receive regular feedback on their registration skills to minimize dif-
ferences in prevalence caused by the registry. Only the data of suffi-
cient quality are used and the quality of the data is secured through 
the testing of quality criteria (18).

Instead of the whole age span, health records of patients older 
than 40 were selected because multimorbidity is particularly preva-
lent in adults aged 40 years and older. For this study, we analyzed 
the data concerning the period between1991 and 2015. A total of 
98 632 patients fulfilled the requirements and had records of the 
selected chronic conditions. The study regarded it as multimorbidity 

if the patient had more than 1 out of the selected chronic condi-
tions recorded in an overlapping period. As these health conditions 
were all chronic, it was assumed that they lasted until the end of 
follow-up. In total, 65 939 patients had multimorbidity and among 
this group of patients, the average duration between the first and 
the last diagnosis was 8.29 years, the median value is 7.33 (P25–
P75: 2.79–12.87). The sequence of the health conditions was de-
rived from the diagnosis dates. The distribution of the total patients 
and multimorbidity patients in each year is given in Supplementary 
Table1.

Intego contains all the coded data registered in general practices, 
including clinical parameters, laboratory tests, disease diagnosis, 
and prescriptions. The diagnosis is coded based on the International 
Classification of Primary Care-2 (ICPC-2) and the exact date of the 
diagnosis is also coded (19). ICPC is a classification system aiming 
to reflect the content of primary care, with 17 chapters for different 
disease groups and about 1300 codes. ICPC codes cover the most 
frequent complaints or symptoms that GPs encounter in primary 
care and allow classification of the patient’s reason for encounter, the 
diagnosis managed, interventions, and the ordering of these data in 
an episode of care structure. Therefore, ICPC codes include not only 
medical diagnosis, but complaints, lifestyle factors, and risk factors, 
for example, alcohol abuse and limited function.

Selection of Conditions
A dedicated group of 4 GPs, and an epidemiologist of the Academic 
Centre for General Practice of the KU Leuven, categorized all diag-
nostic codes and complaints codes of the ICPC into either acute 
or chronic, adjusted from a previous categorization of ICPC codes 
(20). The purpose of this was to come to more valid prevalence es-
timates of chronic conditions and was based on clinical experience 
and epidemiological knowledge concerning the duration of a certain 
condition. An expected duration of 3 years or longer was classified 
as chronic. All 5 members of the group prepared the categorization 
independently, and the final categorization was discussed until con-
sensus in 4 group meetings. This resulted in a selection of 105 condi-
tions that were considered chronic. However, there was no record of 
A21 (risk factor for malignancy) in Intego, and we only had one re-
cord of W72 (malignant neoplasm related to pregnancy), which had 
no co-occurrence with any other condition. As a consequence, A21 
and W72 were excluded from analysis, as the following analytics re-
quired patients with at least 2 conditions in the data set. The list of 
the 103 chronic conditions is given in Supplementary Table 2.

Statistical Analyses
The prevalence of multimorbidity in the selected population was es-
timated by sex and age groups (11). Then Markov chains were ap-
plied to study the sequence of development of selected conditions. 
A Markov chain is a stochastic model that describes a sequence of 
possible events whose probability only depends on the state attained 
in the previous event (21). The result of this model is the transi-
tion matrix, whose elements can be interpreted as the probability of 
having condition B after condition A. In this study, we calculated the 
first-order transition matrix, meaning the transfer from condition 
A to condition B occurs in only one step. More details on Markov 
chains are given in Supplementary Method 1.

The first-order transition matrix estimates the probability 
of transition between 2 conditions. To further select closely re-
lated groups of conditions, WARM was applied (15). In WARM 
algorithm, the record of one condition is called an item and the 
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co-occurrence of several conditions is called a transaction. For ex-
ample, {Hypertension, Diabetes, Stroke} is a transaction with 3 
items. The results of WARM are rules derived from a large number 
of transactions and can be written as X→Y, X and Y are 2 different 
sets of items, known as itemsets. The itemsets can include either one 
or multiple conditions and they can differ from the combinations 
appeared in the transactions, as these itemsets are the summarized 
results instead of original data. Using the example transaction to-
gether with some other transactions, it is possible to derive a rule 
→{Hypertension}.

Three important measures can be used to evaluate the strength of 
association rules, namely support, confidence, and lift. Support refers 
to the frequency of the itemset and higher support indicates that the 
rules have high appearance among all the transactions. Confidence 
indicates how often the rules are true and it reveals the reliability of 
the rule. Lift is the ratio to define the importance of the rule. A lift 
larger than one means the itemset Y is likely to occur if itemset X 
occurs and a larger value indicates closer associations. Thresholds 
for each criterion were defined to select the strong rules. Based on 
the distribution of all the measures, the selection criteria in the article 
were set as support more than 0.001, confidence more than 0.1, and 
lift more than 1. The calculation of weighted association rules was 
done with R package arules (22). More details on WARM are given 
in Supplementary Method 2.

Results

Multimorbidity and Prevalence
About two thirds of the selected patients had multimorbidity (Table 1). 
The prevalence was much higher than that of the general population, 
mainly because the majority of the selected patients were older than 
60 years. Based on the age in 2015, 63.7% of the patients were in the 
group of 60 years or older. Females had a higher prevalence than males, 
and the rates were evidently higher in the older age groups. Among pa-
tients older than age 74, 77.8% had multimorbidity.

The prevalence of each chronic condition is given in 
Supplementary Table 2. The top 5 conditions with the highest preva-
lence were hypertension, lipid disorder, depressive disorder, type 
2 diabetes, and osteoarthrosis. In contrast to these common con-
ditions, some conditions only have limited records, such as polio-
myelitis and neoplasm urinary tract. In total, 12 chronic conditions 

had less than 100 observations while 17 chronic conditions had a 
prevalence higher than 5%. The prevalence of the other 35 chronic 
conditions ranged from 1% to 5%.

Probabilities of Follow-Up Conditions
Figure 1 is a heatmap of the transition probability matrix calculated 
by using a Markov chain. The conditions distributed on the y-axis 
are the conditions at the first status, and those on the x-axis stand 
for the second status. Each small box in the heatmap represents 
the probability of developing the condition on the x-axis after the 
diagnosis of the condition on the y-axis and darker color means 
higher probability. The scale of the color bar on the right side of 
the heatmap was defined between 0 and 0.1 because most of the 
probabilities were within this range. The probabilities below 0.1 
could be distinguished by the color shade while the probabilities 
higher than 0.1 would have the same darkest color as the prob-
ability of 0.1.

Some patterns can be observed from the heatmap and can be ex-
plained based on the properties of these chronic conditions. Distinct 
columns with deep color often appear when the conditions on the 
x-axis have high prevalence, for example, hypertension (K86), de-
pressive disorder (P76), diabetes (T90), and lipid disorder (T93). 
There are also some rows that are totally white in most of the boxes, 
making a visual horizontal division. These rows start from condi-
tions with low prevalence on the y-axis. They have fewer records, 
leading to a higher probability in each observed co-occurrence and 
a probability of 0 if no co-occurrence was observed. Poliomyelitis 
(N70), neoplasm cardiovascular (K72), and limited function/dis-
ability coming after psychological disorder (P28) are representatives 
of these conditions. Apart from the columns and rows, there are 
some triangle areas with deep color, including multiple conditions 
from the same disease group. Taking cardiovascular diseases as an 
example, K74–K86 forms the largest triangle area, meaning that 
once the patients develop one condition out of the group, they are 
at higher risk for other cardiovascular diseases. Some other disease 
groups, such as musculoskeletal diseases, endocrine, metabolic, 
and nutritional diseases, and blood diseases, have similar patterns. 
Almost all these triangles are above the diagonal, because in general 
the conditions from the same group are more severe if they have a 
larger number in ICPC codes; thus, it is more probable that they 
occur in the late stage as a subsequent condition.

The heatmap can also be interpreted in terms of a specific con-
dition. For instance, the cells with dark color shade in the row of 
chronic alcohol abuse (P15, prevalence = 2.915%), a complaint with 
a medium level of prevalence in the data set, showed that it had a 
higher probability to have K86, P76, T90, and T93 as its subsequent. 
It was also likely to develop chronic obstructive pulmonary diseases 
(R95), asthma (R96), and dermatitis/atopic eczema (S87) afterward. 
The dark blue box representing the probability of developing de-
pressive disorder (P76) after chronic alcohol abuse requires special 
attention, implying a strong association between them. On the other 
hand, when observing the conditions prior to chronic alcohol abuse, 
HIV infection/AIDS (B90), limited function/disability (P28), malig-
nant neoplasm male genital other (Y78), and epilepsy (N88) became 
conspicuous. In this way, the clinical interested investigators can in-
spect the heatmap for clinically relevant associations of their interest.

As it may be difficult to go through the whole heatmap to find 
all interesting associations, we conducted an automatic search to de-
tect the important associations. The method is described in detail in 
Supplementary Method 3, and the results are given in Supplementary 
Table 3.

Table 1. Prevalence of Multimorbidity by Gender Group and Age 
Group

Total

Number of  
Patients in  
Intego, N (%)

Number of  
Multimorbidity  
Patients, N (%)

Prevalence  
Rate of 
Multimorbidity (%)

Total Number 
(TN)

Multimorbidity 
Number (MN) MN/TN

98 632 65 939 66.9

Gender group
 Male 45 796 (46.4) 29 712 (45.1) 64.9
 Female 52 836 (53.6) 36 227 (54.9) 68.6
Age group in 2015
 40–49 13 400 (13.6) 6719 (10.2) 50.1
 50–59 22 412 (22.7) 13 017 (19.7) 58.1
 60–74 29 764 (30.2) 20 482 (31.1) 68.8
 ≥75 33 056 (33.5) 25 721 (39.0) 77.8
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Weighted Association Rules
The results of the Markov chain analysis included 103 chronic 
conditions to show a general picture of condition relations. Then 
WARM was applied to calculate strong associations from all 
chronic conditions and pay attention to robust and strong relations 
instead of incidental co-occurrence. Table 2 presents the results of 
WARM, which are the strongest rules selected based on the thresh-
olds of support, confidence, and lift. These rules were presented in 
a more intuitive way in Figure 2. The results present the sequence 
of the condition diagnoses that occurs more often than other possi-
bilities based on the statistics; however, it does not mean causality. 
For example, when the antecedent is “Retinopathy” and the con-
sequent is “Diabetes,” it shows the fact that one of the early signs 
of diabetes is blurred vision so that the patients are diagnosed with 
diabetes after they have checked their eyes, but in fact retinop-
athy is the complication of diabetes. In some cases, we observed 

strong relations in both directions, for example, depressive dis-
order and irritable bowel syndrome, which meant these 2 condi-
tions were probably strongly correlated and they often occurred 
together, making the sequence indifferent. Similar to the findings 
from Figure 1, hypertension and diabetes were subsequent of many 
chronic conditions and many strong relations were among the same 
disease group, such as musculoskeletal diseases, psychological dis-
eases, respiratory diseases, and skin diseases. But there were still 
some rules that were worth special attention. Severe pain, such 
as migraine, could be followed by depressive disorder, while mul-
tiple psychological diseases might be followed by irritable bowel 
syndrome. As was already known in some studies, tobacco abuse 
could precede diabetes, which was also reflected in the WARM re-
sults. Besides, associations among dementia and hypertension, gout 
and osteoarthrosis, and presbyacusis and hypertension were also 
detected.

Figure 1. Heatmap of the first-order transition probability matrix of a Markov chain including 103 chronic conditions. The number in each square is the probability of 
developing the condition on the x-axis after the diagnosis of the condition on the y-axis. The scale of the color bar was defined between 0 and 0.1. Vertical and horizontal 
lines were added for disease groups. (Disease groups: A, general; B, blood and immune; D, digestive; F, eye; H, ear; K, cardiovascular; L, musculoskeletal; N, neurological; 
P, psychological; R, respiratory; S, skin; T, metabolic; U, urological; X, female genital; Y, male genital.) Full color version is available within the online issue.
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Discussion

In this study, we found that about 67% of the selected patients had 
multimorbidity and the rate could be as high as 77.8% among pa-
tients older than 74 years old. Conditions with relatively high preva-
lence, such as hypertension, depressive disorder, diabetes, and lipid 
disorder, were very likely to occur after the diagnosis of most con-
ditions as they are the common complications of many conditions. 
Multiple conditions from the same disease group often happened to-
gether, for example, once the patient developed one condition from 
the cardiovascular disease group, he or she would be at higher risk 
of other cardiovascular diseases. Several morbidity clusters were ap-
parent based on the results of the Markov chain and WARM, such 
as musculoskeletal diseases, psychological diseases, respiratory dis-
eases, and skin diseases. Hypertension and diabetes were subsequent 
of many chronic conditions, and multiple psychological diseases 
might be followed by irritable bowel syndrome afterward.

Strengths and Limitations
In this article, the Markov chain analysis and WARM were used to 
study the multimorbidity among people aged older than 40 years, 
making it one of the first to investigate multimorbidity considering 
the sequence of evolution. Besides, instead of using surveys and self-
reported health complaints as previous studies did, this article used 
the registered chronic health conditions from Belgian data collected 
from patients’ daily consultation with their GP. The real medical 

records made our study reliable and generalizable to the Belgian 
population. Moreover, we presented a comprehensive view of the 
associations among 103 chronic conditions, covering chronic con-
ditions from all disease groups, which might shed light on some po-
tential relations that were not widely discussed before. It is worth 
noticing that both Markov chains and WARM have rarely been ap-
plied in epidemiologic studies, although they are very useful tech-
niques to explore sequential rules. To the best of our knowledge, 
2 articles have used ARM to summarize multimorbidity patterns 
(10,11), but no studies have applied WARM so far. The current re-
sults are in agreement with previous clinical findings, meaning that 
these approaches were valid and could be used on larger data sets in 
future studies, such as National Health care Systems or large private 
insurers. Because of the intensive information stored in the results of 
the Markov chain and the WARM, it is worth examining the results 
more carefully to discover potential new clinically relevant relations 
that have not been widely discussed before.

One limitation of the Markov chain analysis is that our results 
were derived under the first-order Markov assumption, meaning that 
the future state only depends on the current state, instead of on the 
sequence of history events. One example of this property is a pa-
tient with a sequence of records {Hypertension, Diabetes, Stroke}, 
{Stroke} is State 3 which only depends on State 2 {Diabetes} while 
{Hypertension} cannot be taken into account. In this case, the tran-
sition matrix can only present the probability among 2 conditions. 
The limitation can be overcome by a higher-order Markov chain, for 

Table 2. Results of Weighted Association Rules Mining

Antecedents Consequents Support Confidence Lift

Suicide/suicide attempt Depressive disorder 0.00139 0.505 3.384
Retinopathy Diabetes non-insulin dependent 0.00236 0.521 2.923
Retinopathy and hypertension Diabetes non-insulin dependent 0.00129 0.476 2.67
Anxiety disorder/anxiety state Depressive disorder 0.00373 0.297 1.995
Acquired deformity of spine Back syndrome w/o radiating pain 0.00106 0.12 1.986
Somatization disorder Depressive disorder 0.00268 0.264 1.767
Somatization disorder Irritable bowel syndrome 0.00136 0.134 1.738
Rheumatoid/seropositive arthritis Osteoarthrosis other 0.00207 0.193 1.697
Dermatitis contact/allergic Dermatitis/atopic eczema 0.00521 0.136 1.647
Diabetes insulin-dependent Diabetes non-insulin dependent 0.00155 0.292 1.64
Chronic alcohol abuse Depressive disorder 0.00405 0.231 1.551
Chronic bronchitis Asthma 0.00132 0.153 1.513
Migraine Depressive disorder 0.00812 0.221 1.484
Depressive disorder Irritable bowel syndrome 0.01565 0.105 1.36
Irritable bowel syndrome Depressive disorder 0.01565 0.203 1.36
Anxiety disorder/anxiety state Irritable bowel syndrome 0.00131 0.105 1.356
Hypertension complicated Hypertension uncomplicated 0.00207 0.782 1.266
Malignant neoplasm of kidney Hypertension uncomplicated 0.00105 0.705 1.141
Tobacco abuse Diabetes non-insulin dependent 0.00173 0.202 1.133
Gout Osteoarthrosis other 0.00537 0.127 1.114
Heart failure Diabetes non-insulin dependent 0.00171 0.195 1.092
Presbyacusis Hypertension uncomplicated 0.0023 0.668 1.082
Chronic obstructive pulmonary disease Asthma 0.00365 0.109 1.08
Acute myocardial infarction Lipid disorder 0.00587 0.304 1.046
Gout Hypertension uncomplicated 0.02732 0.645 1.044
Glomerulonephritis/nephrosis Hypertension uncomplicated 0.00121 0.641 1.038
Malignant neoplasm colon/rectum Diabetes non-insulin dependent 0.00281 0.182 1.021
Osteoarthrosis of knee Osteoarthrosis other 0.00634 0.115 1.015
Stroke/cerebrovascular accident Hypertension uncomplicated 0.01438 0.627 1.015
Malignant neoplasm prostate Hypertension uncomplicated 0.00636 0.626 1.013
Dementia Hypertension uncomplicated 0.00742 0.625 1.013
Acquired deformity of limb Osteoarthrosis other 0.00287 0.114 1.005

Note: The selection criteria are support >0.001, confidence >0.1, and lift >1.
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instance, a second-order Markov chain involves 3 states. However, 
our study included 103 chronic conditions, and it was too compli-
cated to interpret the results for all combinations in multiple steps. 
There are already other studies discussing about relations among 
disease groups or a small number of chronic conditions. This art-
icle would like to do a comprehensive study on the relations among 
more than 100 chronic conditions to provide clinical decision sup-
port for the GPs in primary care. It is much easier to track the 
follow-up of one specific condition by using the Markov chains. 
Other methods could provide the results of disease groups (ie, clus-
tering and latent Dirichlet  allocation) or selected results with the 
best criteria (ie, WARM), but fail to provide an accurate estimation 
between any 2 individual conditions. Considering that 54.5% of the 
patients with multimorbidity only had 2 conditions, we would like 
to apply the first-order Markov chain analysis in spite of the limi-
tation. We also used WARM in the second step which could include 
multiple conditions in the itemsets. Therefore, these 2 methods were 
complementary.

Another limitation of the study is the lack of a time concept in 
the analysis. Although the sequence of occurrence is considered, it is 

not possible to incorporate the exact interval time between diagnoses. 
Finally, the results of the Markov chain and WARM could suggest 
strong associations, but causal relationships remain unclear and further 
studies are needed to confirm causality. Thus, more studies using new 
methods are still expected in future work to overcome these limitations.

Validity
The results of a Markov chain analysis may be questioned because 
the majority of the probabilities are very small, lower than 0.1. 
Although the values are small, they are significantly larger than the 
average level if we take the total number into consideration, meaning 
that the methodology provides significant contrast in the results to 
distinguish likely or unlikely sequence of diseases. It is the same in 
the case of WARM where the support of the selected rules might be 
interpreted at first sight as very low but in fact selects the strongest 
rules. The detailed calculation is given in Supplementary Method 4.

The clinical relevance was also checked. For instance, the tri-
angle of cardiovascular diseases detected in the heatmap of Markov 
chain analysis reveals the fact that patients with multiple cardiovas-
cular conditions are common in real-world clinical practice (23). 
Chronic alcohol abuse was used as an example to demonstrate the 
Markov chain results and it could be the precursor of hypertension 
(24), depression (25), and diabetes (26), which was in correspond-
ence with previous studies. Similarly, WARM selected the strongest 
association rules with robustness and validity among all possible 
combinations; hence, it is not surprising to find that almost all the 
association rules have been discussed in previous research, for ex-
ample, the relationship between psychological symptoms and ir-
ritable bowel syndrome (27,28), tobacco abuse and diabetes (29), 
hypertension and many diseases such as dementia (30,31), and the 
sequence of condition development was in agreement with these 
studies. The correspondence proves the validity of the results and 
shows the possibility of using the model to detect more potential 
relations. Considering the huge amount of combinations, it was ac-
ceptable to further lower the thresholds for support and confidence 
to take a look at a broader range of association rules, which might 
result in some potential rules that were not discussed before. The 
automatic search results from the Markov chain work in the same 
way. It provides a comprehensive view of the relations among 103 
chronic conditions, making it helpful to provide decision support 
for practice-oriented health care professionals.

Finally, subgroup analyses by sex and age were conducted separ-
ately to check the robustness and consistency (Supplementary Figures 
1 and 2). The results of the Markov chain were robust in all sub-
groups. The horizontal and vertical belt patterns and triangle patterns 
were similar in all figures, and the main follow-up conditions of one 
specific condition were almost always the same. There were some 
differences in WARM results among all subgroups, mainly because 
WARM selected the strongest and most robust rules and the import-
ance of the rules may vary in different age and gender groups (32). 
Generally, more rules were detected in the group with a higher preva-
lence of multimorbidity, but most of the rules selected in the subgroup 
analysis were the same as the rules in Figure 2, for example, depression 
and irritable bowel syndrome, hypertension, and lipid disorder. Some 
group-specific findings are in correspondence with clinical knowledge, 
for instance, gout did not appear in the female group and younger 
age group, as the risk of gout is higher for the male and higher age 
(33–35). Therefore, WARM is a consistent tool for subgroup analysis, 
and it is useful to discover group-specific findings, which can be used 
for subject matter experts to further examine clinical relevance.

Figure 2. Visualization of Weighted Association Rules Mining results. The 
color of the nodes stands for the disease group and the size of the nodes is 
determined by the frequency of the occurrence of the condition. The arrows 
on the edge show the direction of the relation and wider edges imply that the 
associations were closer and stronger.
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Supplementary data are available at The Journals of Gerontology, 
Series A: Biological Sciences and Medical Sciences online.
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