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Investigation of multimorbidity
patterns and association rules
Iin patients with type 2 diabetes
mellitus using association rules
mining algorithm
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The issue of multimorbidity in patients with type 2 diabetes mellitus (T2DM) is extremely serious.
However, the pattern of multimorbidity, including typical complications, remains unclear. This study
aims to explore the current status and influencing factors of multimorbidity in T2DM, with a focus on
mining frequent disease combination patterns and strong association rules. Data on 26 diseases were
extracted from the electronic medical records of 5,838 hospitalized patients with type 2 diabetes. The
chi-square test, Cochran-Armitage trend test, and logistic regression were used for the analysis of
influential factors. Association rule mining was employed to explore frequent disease combinations
and association rules across the entire population and subgroups stratified by gender, age, and BMI.
Network graphs were used to visualize binary comorbidity relationships. Gender-specific differences
in disease prevalence were found for 18 of the 26 diseases included in this study. The prevalence of
multimorbidity was 97.8%, and it increased with age, with a higher prevalence in males (P <0.05).
The identified frequent disease combination patterns mainly centered around typical complications
of T2DM. The most frequent binary comorbidity pattern was diabetic peripheral neuropathy

(DPN) + diabetic peripheral vascular disease (DPVD) (support: 74.1%), which is a novel finding in the
relationship between DPN and DPVD. The primary association rule identified was {DPVD + diabetic
nephropathy (DN)}—{Hypertension}. Disease combination patterns and association rules varied across
gender, age, and BMI. Comorbidity relationships became more complex in the middle and older age
groups, as well as in the overweight and obese groups. The findings of this study can be used to guide
clinicians in the prevention and treatment of multimorbidity in T2DM and provide possible directions
for researchers to further investigate the causes and mechanisms.

Keywords Type 2 diabetes mellitus, Multimorbidity, Association rule mining (ARM), Frequent comorbidity
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With the aging of the global population and changes in lifestyle, diabetes mellitus (DM) has become a major
challenge in public health’?. About 537 million adults (20-79 years) worldwide have diabetes, and this
figure is expected to rise to 783 million by 2045°. Type 2 diabetes mellitus (T2DM) is the most common
form, accounting for nearly 90% of all diabetes cases globally'. More seriously, many T2DM patients suffer
from multimorbidity?, which means the co-existence of two or more diseases in an individual®. Compared to
individuals with a single disease, those with multimorbidity often experience a poorer quality of life®-8, accelerated
functional decline®, higher healthcare costs'%12 and more complicated diagnosis and treatment?3, This situation
not only impacts patients but also imposes a significant burden on society'®. Unfortunately, current healthcare
systems and public health policies are predominantly focused on addressing individual diseases, which often
result in fragmented and sometimes contradictory care for people with multimorbidity™'®. This limitation
underscores the need for a more integrated and comprehensive understanding of the complex networks and
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interrelationships behind multimorbidities to inform the development of more effective and coordinated clinical
treatment and management strategies.

Previous studies on multimorbidity have primarily focused on investigating the prevalence rates or analyzing
various socio-demographic factors, as well as using simple cluster analyses to discover common diseases
combinations'®-2°. These approaches are insufficient for systematically revealing the underlying patterns and
deeper relationships between multimorbidity. In recent years, the Association Rule Mining (ARM) technique,
as an effective tool for discovering significant associations between variables in large-scale datasets, has been
widely used in the field of multimorbidity research. This is because it is able to mine the hidden associative
relationships between complex comorbidities and has the advantage of being higher interpretability than
the currently popular and more advanced deep learning?!. However, most studies have been conducted on
middle-aged and older adults in the general population'>?2-%%; research applying ARM in T2DM population is
relatively limited. However, T2DM patients have a higher prevalence of multimorbidity compared to the general
population?”8, Studies have reported that the multimorbidity prevalence among middle-aged and elderly T2DM
outpatients is 83.3%2°, and among hospitalized T2DM patients, it reaches 95.6%*. Additionally, people with
diabetes have a higher incidence and severity of certain comorbidities due to exposure to elevated glucose and
insulin resistance?®*. Therefore, it is essential to employ ARM to specifically mine the multimorbidity patterns
in T2DM. Currently, only a handful of studies have employed ARM method to analyze the multimorbidity
profile for T2DM patients*?*3L. Although these studies have large sample sizes, they either focused only on
patterns of association between other diseases and DM, ignoring the relationship between comorbidities?, or the
studies did not include typical complications of T2DM, which are highly prevalent in this population®*2. These
limitations highlight the need for more comprehensive and in-depth multimorbidity pattern mining studies in
T2DM patients, especially analyzing the multimorbidity characteristics by incorporating typical complications.

This study aims to investigate the current status and influencing factors of multimorbidity, including typical
complications, in patients with T2DM, with a focus on mining frequent disease combination patterns and strong
association rules. The findings of this study can be used to guide clinicians in the prevention and treatment of
multimorbidity in T2DM patients, and to suggest possible directions for further research into the etiology and
mechanisms of multimorbidity.

Materials and methods

Data sources and study population

Data were extracted from all 6,951 diabetic inpatients admitted to the Department of Endocrinology at the
Second Affiliated Hospital of Hainan Medical University between January 1, 2021, and March 28, 2024. The
dataset included basic demographic information (e.g., gender, age, height, weight, and marital status) and
discharge diagnosis details. Inclusion criteria were as follows: (1) patients diagnosed with T2DM; (2) age>18
years. Exclusion criteria included: (1) patients with type 1 diabetes, gestational diabetes, or other types of
diabetes; (2) patients with missing key information such as height, weight, gender, marital status. Based on these
criteria, 5,838 patients with type 2 diabetes were included in the analysis.

Defining multimorbidity

Multimorbidity is defined as the co-existence of two or more diseases (except type 2 diabetes) in a single
T2DM individual. The diseases included in the multimorbidity discussed in this study encompass both
typical complications of T2DM and other common comorbidities. Whereas previous studies have primarily
focused on common comorbidities, with less emphasis on typical complications, this study aims to address this
gap. Typical complications are those directly caused by T2DM, such as acute metabolic, microvascular, and
cardiovascular conditions. Common comorbidities refer to other conditions that co-occur in individuals with
diabetes, including incidental conditions and those related to diabetes but not traditionally classified as typical
complications?®30. Based on the most frequently included diseases in previous studies*?*?>33-3> and the prevalent
typical complications associated with T2DM, we extracted information about complications and comorbidities
from discharge diagnoses. Ultimately, 26 diseases with a prevalence greater than 1% in the study dataset were
included in the multimorbidity analysis. These diseases encompass 9 typical complications: diabetic peripheral
neuropathy (DPN), diabetic peripheral vascular disease (DPVD), diabetic retinopathy (DR), diabetic foot (DF),
diabetic nephropathy (DN), diabetic ketosis (DK), diabetic ketoacidosis (DKA), coronary atherosclerotic heart
disease (CAHD), cerebral infarction (CI); as well as 17 comorbidities: hypertension, anxiety or depression
(ANX/DEP), thyroid disease (TD), lumbar or cervical spondylosis (LS/CS), fatty liver (FL), osteoporosis, sleep
disorders (SD), tumor, arthropathy, gastritis, cataracts, gallbladder polyp (GP), hyperuricemia, anemia, hepatitis,
lithiasis, hyperlipidemia.

Category criteria

Based on existing literature related to the analysis of influencing factors in multimorbidity, combined with the
availability of data, we select gender, age, BMI, and marital status as the categorical variables in this study?>3¢37.
Patients were categorized into different subgroups based on gender and marital status. They were also divided
into four age groups: 18 to 44 years, 45 to 54 years, 55 to 64 years, and 65 years and older’!. Additionally, patients
were classified into four groups based on body mass index (BMI): a BMI between 18.5 and 24 is considered
normal, a BMI below 18.5 indicates underweight, a BMI between 24 and 28 is classified as overweight, and a

BMI above 28 is categorized as obese?2.

Association rule mining
ARM is a data mining technique originally developed in marketing research to explore sets of items that
consumers frequently purchase together®. It can uncover hidden information and interesting patterns in large
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dataset®. In this study, the Apriori algorithm®! was used to mine frequent disease combination patterns and

association rules for complications and other diseases in T2DM. As a well-established algorithm grounded in
prior probabilities, Apriori leverages knowledge of frequent itemsets while iteratively searching through the
dataset to identify all frequent itemsets, thereby uncovering potential associations2. By applying association
rules to analysis multimorbidity in T2DM, we can investigate patterns of disease co-occurrence and reveal
underlying relationships among them. The algorithm generates a set of diseases that exhibit strong association
rules by utilizing various evaluation metrics.

The association rules between diseases are expressed in the form of A>B, where A is referred to as the
antecedent and B as the consequent?!. Support, confidence, and lift are the three most important metrics that
used to evaluate the effectiveness of the association rule between A and B**. Support measures the probability of
disease A and B co-occurring in the whole dataset D, with the formula: support(A->B) =P(ANB) = count(ANB)/
count(D), and the result is expressed as a percentage?"?. In this study, support refers to the proportion of
patients who simultaneously suffer from both disease A and disease B. A higher support value indicates a greater
likelihood of disease A and B occurring together. Confidence refers to the conditional probability of B occurring
given that A has already occurred. It is calculated as: confidence(A->B) =P (ANB)/P(A) =P(B|A)*. In this study,
confidence refers to the proportion of people with disease A who also have disease B. Higher confidence values
suggest that B is more likely to occur once A is occurred. Lift measures how many times more likely B is to occur
in the presence of A compared to the unconditional probability of B. It is calculated as: Lift(A->B)=P(B|A)/
P(B)3. A lift greater than 1 indicates a strong positive correlation between disease A and B. The higher the lift,
the stronger the correlation. If the lift equals 1, it suggests no association between A and B.

In the definition of the above association rules, A and B can be either single diseases or combinations of
diseases. Given the significant differences in the baseline prevalence of various diseases, lift was considered
as the most important evaluation metric in this study. We should pay particular attention to the fact that the
association rule between diseases A and B does not indicate a causal relationship between them.

Statistical analysis

In this study statistical analysis was performed using SPSS version 27.0 to examine 26 included diseases.
Grouping factors such as gender, age, BMI, and marital status were included for stratified analysis. Prevalence
of single diseases and multimorbidity across different groups were compared using either the Chi-square test
or the Cochran-Armitage trend test, Bonferroni method was used for multiple testing adjustment. Multivariate
logistic regression was employed to examine the relationships between various factors and multimorbidity. A
P-value of less than 0.05 was considered statistically significant. To identify the association patterns and strength
between different diseases, data mining was performed using the mlxtend package in Python 3.8, which applies
the Apriori algorithm for association rule mining. Finally, the discovered binary comorbidity patterns were
visualized through a network graph, in which diseases were represented as nodes, and the size of each node
reflected the prevalence of the corresponding disease. The edges between nodes represent the comorbidity
relationship between the two diseases, and the weight of the edges represents the comorbidity rate also known
as support.

Ethical statement

This study protocol was approved by the Ethics Committee of Hainan Medical University (Approval number:
HYLL-2021-388). Ethics Committee of Hainan Medical University waived the need for informed consent
because the data had been deidentified. All methods were carried out in accordance with relevant guidelines
and regulations.

Results

Participant characteristics

A total of 5,838 inpatients with T2DM were included in this analysis. Among these patients, 3,514 (60.2%) were
male, and 2,324 (39.8%) were female. Regarding age distribution, 12.4% were aged 18-44 years, 19.8% were aged
45-54 years, 33.1% were aged 55-64 years, and 34.7% were aged 65 years and older. The proportion of patients
in different BMI categories was 6.3% for lean, 52.7% for normal, 29.8% for overweight, and 11.2% for obese.
Additionally, 93.3% of the patients were married (Table 1).

Prevalence and influencing factors of single diseases

Among the 26 diseases included in the analysis, the five with the highest prevalence were DPN, DPVD,
hypertension, FL, and DN (Fig. 1). The prevalence of 26 diseases showed differences between genders (Fig. 2). The
results of the univariate analysis demonstrate significant differences in the prevalence of various complications
and chronic diseases among different groups (Table 1 and Supplementary Table 1). The Cochran-Armitage trend
test showed an overall increasing trend in the prevalence of DPN, DPVD, hypertension, DN, CI, lithiasis, DR, DF,
and anemia with increasing age (P <0.05), while there was a decreasing trend in the prevalence of FL (P<0.05).
In addition, of the 26 diseases included in this study, 18 showed significant differences in prevalence between
genders (P <0.05). The prevalence of DPN, hypertension, CI, anemia, ANX/DEP, LS/CS, and osteoporosis was
higher in females than in males. Conversely, the prevalence of DN, lithiasis, hyperuricemia, and DF was lower
in females than in males. Furthermore, the Cochran-Armitage trend test also revealed a linear trend in the
prevalence of DPN, DPVD, hypertension, FL, CI, hyperlipidemia, DR, DF, and anemia across different BMI
categories(P <0.05). However, among the different marital status groups, only DPN, DPVD, hypertension, CI,
and lithiasis showed differences in prevalence (P <0.05).
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Feature N (%) DPN (%) falue DPVD (%) falue Hypertension (%) \I'Jalue Fatty Liver falue DN (%) xl;lue
Gender 0.002 0.322 0.029 0.644 <0.001
Male 3514(60.2) | 3140(89.4) 2824(80.4) 1596(45.4) 1293(36.8) 1234(35.1)

Female 2324(39.8) | 2134(91.8) 1843(79.3) 1123(48.3) 869(37.4) 712(30.6)

Age <0.001 <0.001 <0.001 <0.001 <0.001
18~44 726(12.4) | 538%(74.1) 277%(38.2) 115 (15.8) 3992 (55.0) 150° (20.7)

45~54 1155(19.8) | 1014°(87.8) 866°(75.0) 401° (34.7) 475" (41.1) 343 (29.7)

55~64 1930(33.1) | 1790%(92.8) 1648¢(85.4) 883°(45.8) 700° (36.3) 619" (32.1)

65~ 2027(34.7) | 19324(95.3) 18769(92.6) 13204 (65.1) 5884 (29.0) 834 (41.1)

BMI <0.001 <0.001 <0.001 <0.001 0.056
Lean 366(6.3) | 342%(93.4) 291%(79.5) 106%(29.0) 26%(7.1) 140(38.3)

Normal 3076(52.7) | 2812%(91.4) 2536%(82.4) 1364°(44.3) 839°(27.3) 1038(33.8)
Overweight | 1740(29.8) | 1559%(89.6) 1391%(79.9) 886(50.9) 876°(50.3) 554(31.8)

Obese 656(11.2) | 561°(85.5) 449(68.5) 3639(55.3) 4219(64.2) 214(32.6)

Marital status <0.001 <0.001 0.040 0.165 0.209
Married 5446(93.3) | 4963(91.1) 4420(81.2) 2556(46.9) 2004(36.8) 1804(33.1)

Others 392(6.7) | 311(79.3) 247(63.0) 163(41.6) 158(40.3) 142(36.2)

Total 5838(100) | 5274(90.3) 4667(79.9) 2719(46.6) 2162(37.0) 1946(33.3)

Table 1. Analysis of prevalence and risk factors for single diseases(partial).

DPN: diabetic peripheral

neuropathy; DPVD: diabetic peripheral vascular disease; DN: diabetic nephropathy; Others in marital status
include divorced, widowed, unmarried, and unknown marital status. Superscripts a, b, ¢, d are used to indicate
significant differences between groups. If two groups have different superscripts, it means there is a significant
difference between them (To control the errors caused by multiple comparisons, we adopted the Bonferroni
correction method, dividing the original significance level (a=0.05) by the number of tests to obtain the
corrected threshold a’ =0.05/6 =0.0083).
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Fig. 1. The prevalence of 26 diseases in study population. DPN, diabetic peripheral neuropathy; DPVD,
diabetic peripheral vascular disease; DR, diabetic retinopathy; DF, diabetic foot; FL, fatty liver; DN, diabetic
nephropathy; DK, diabetic ketosis; DKA, diabetic ketoacidosis; GP, gallbladder polyp; CAHD, coronary
atherosclerotic heart disease; CI, cerebral infarction; SD, sleep disorders; ANX/DEP, anxiety or depression; TD,
thyroid disease; LS/CS, lumbar or cervical spondylosis.
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Fig. 2. Comparison of the prevalence of 26 diseases between males and females. DPN, diabetic peripheral
neuropathy; DPVD, diabetic peripheral vascular disease; DR, diabetic retinopathy; DF, diabetic foot; FL, fatty
liver; DN, diabetic nephropathy; DK, diabetic ketosis; DKA, diabetic ketoacidosis; GP, gallbladder polyp;
CAHD, coronary atherosclerotic heart disease; CI, cerebral infarction; SD, sleep disorders; ANX/DEP, anxiety
or depression; TD, thyroid disease; LS/CS, lumbar or cervical spondylosis.

Current status of multimorbidity

The distribution of multimorbidity in T2DM is summarized in Table 2 and illustrated Fig. 3. It can be seen
that a total of 5,711 patients (97.8%) suffered from multimorbidity, only 0.3% of the study population did not
have any of the 26 diseases included, and up to 79.6% of the patients suffered from four or more diseases. The
total number of diseases present in any individual ranged from 0 to 12, with the highest number of individuals
suffering from 5 diseases (20.6%) and those suffering from 12 diseases comprising 0.1% of the total population.
In addition, it was found that the prevalence of multimorbidity was significantly higher in males than in females
(X2:4.399, P<0.05) and tended to increase with age (Cochran-Armitage x’=118.664, P<0.001). However, there
were no significant differences in the prevalence of multimorbidity among people with different BMI or marital
status (P>0.05). Multivariable logistic regression analysis indicated that males exhibited a significantly higher
risk of multimorbidity compared to females (OR=2.094, 95% CI: 1.451-3.020). The risk of multimorbidity was
higher in the 45 ~ 54, 55 ~ 64, and 65 years or older age groups compared to the 18 ~ 44 years old reference group,
with odds ratios of 5.287 (95% CI: 3.207-8.717), 6.215 (95% CI: 4.002-9.652), and 22.478 (95% CI: 11.374-
44.422), respectively.

Analysis of multimorbidity patterns

By setting the minimum support at 0.03, we identified all the frequent disease combination patterns. Among
all combinations, the top three binary combinations with the highest support were DPN + DPVD(74.1%),
DPN + hypertension(43.3%), and DPVD + hypertension(41.5%). This indicates that 74.1% of T2DM patients
in the study population also suffered from both DPN and DPVD; 43.3% of T2DM patients suffered from
both DPN and hypertension; and 41.5% of T2DM patients suffered from both DPVD and hypertension.
The top three ternary combinations with the highest support were DPN+DPVD +hypertension(39.2%),
DPN +DPVD + CI(29.0%), and DPN + DPVD + DN(27.3%). Almost all disease combination patterns contained
typical complications of T2DM. In addition, among all disease combinations, those with a prevalence exceeding
3% contained a maximum of five diseases. Furthermore, the top three binary and ternary disease combinations
identified by gender were similar to those in the overall population, with comparable support levels. However,
the patterns of disease combination observed in different age groups differed from those in the whole population,
and the support of major disease combinations tended to increase with age (see Supplementary Tables 2 and
Supplementary Table 3).

In order to provide a comprehensive picture of all binary disease combination patterns, we used a network
diagram for visualization. Figure 4 shows the network graph for the entire study population, while Fig. 5 displays
the network graph for males and females respectively. The network diagram enables us to visually compare
the prevalence of each single disease as well as all binary disease combination patterns and their support. If
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percentags(%)

Number of discase Multi- P | Multimorbidity

Feature N (%) <=1 2~4 5~8 9~12 morbidity | Chi-square value | value | OR (95% CI)
Gender 4.399 0.035
Male 3514(60.2) |65(1.9) |1336(38.0) | 1997(56.8) | 116(3.3) | 3449(98.2) 2.094 (1.451, 3.020)f
Female 2324(39.8) | 62(2.7) |820(35.3) | 1303(56.1) | 139(6.0) | 2262(97.3) reference
Age 118.664 <0.001
18~44 726(12.4) | 62(8.5) |456(62.8) |205(28.2) |3(0.4) | 664%(91.5) reference
45~54 1155(19.8) | 22(1.9) | 544(47.1) |559(48.4) |30(2.6) |1133%(98.1) 5.287 (3.207, 8.717)f
55~ 64 1930(33.1) | 33(1.7) |694(36.0) | 1117(57.8) | 86(4.5) | 1897°(98.3) 6.215 (4.002, 9.652)"
65~ 2027(34.7) | 10(0.5) | 462(22.8) | 1419(70.0) | 136(6.7) | 20175(99.5) 22.478 (11.374, 44.422)"
BMI 0.003¢ 0.960
Lean 366(6.3) |9(2.5) | 164(44.8) |184(50.3) |9(2.5) | 357(97.5) -
Normal 3076(52.7) | 66(2.5) |1159(37.7) | 1733(56.3) | 118(3.8) | 3010(97.9) -
Overweight | 1740(29.8) | 37(2.1) |601(34.5) |1009(58.0) | 93(5.3) | 1703(97.9) -
Obese 656(11.2) | 15(2.3) |232(35.4) |374(57.0)) | 35(5.3) | 641(97.7) -
Marital status 0.786 0.375
Married 5446(93.3) | 116(2.1) | 1980(36.4) | 3112(57.1) | 238(4.4) | 5330(97.9) -
Others 392(6.7) | 11(2.8) | 176(44.9) |188(48.0) |17(43) |381(97.2) -
Total 5838(100) |127(2.2) | 2156(36.9) | 3300(56.5) | 255(4.4) | 5711(97.8)

Table 2. The distribution of Multimorbidity and risk factor analysis. Others in marital status include divorced,

widowed, unmarried, and unknown marital status. Superscripts a, b, ¢, d are used to indicate significant
differences between groups. If two groups have different superscripts, it means there is a significant difference
between them (To control the errors caused by multiple comparisons, we adopted the Bonferroni correction
method, dividing the original significance level (a=0.05) by the number of tests to obtain the corrected
threshold a’ =0.05/6 =0.0083). Superscript e: the value of Cochran-Armitage trend test; Superscript f:
multivariable logistic regression (P<0.001). - : variables not entered into the logistic regression model.
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Fig. 3. Percentage of the number of diseases in the study population.

there is an edge between two diseases in the graph, it means that the probability of coexistence of these two
diseases is greater than 0.03, and the thicker the edge, the higher the probability of coexistence. As can be seen
from the figure, DPN, DPVD and hypertension are comorbidly associated with almost all diseases, and the
comorbidity networks differ considerably between males and females. Supplementary Fig. 1 displays a graph of
the binary comorbidity network for different age groups. As shown in the figure, the number of diseases with
support greater than 0.03 increases with age, and the comorbidity network becomes more complex with age.
Supplementary Fig. 2 presents the binary comorbidity network diagrams for the various BMI groups. As can be
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Fig. 4. Binary comorbidity network diagram of the study population. The size of the nodes (circle containing
the morbidity name) is proportional to the prevalence of the disease, and the width of edges connecting the
nodes is determined by the support of the two diseases connected by the edge. (minimum support=0.03).
DPN, diabetic peripheral neuropathy; DPVD, diabetic peripheral vascular disease; DR, diabetic retinopathy;
DF, diabetic foot; FL, fatty liver; DN, diabetic nephropathy; DK, diabetic ketosis; DKA, diabetic ketoacidosis;
GP, gallbladder polyp; CAHD, coronary atherosclerotic heart disease; CI, cerebral infarction; SD, sleep
disorders; ANX/DEDP, anxiety or depression; TD, thyroid disease; LS/CS, lumbar or cervical spondylosis.

seen from the figure, the lean group had the least comorbidities, and the binary comorbidity relationship was
more complex with increasing BMI.

Analysis of association rules

There is no universally fixed standard for setting threshold values in association rule mining. Based on relevant
literature in the field of multimorbidity association mining, support thresholds are typically set between
0.01 and 0.03, confidence thresholds range from 10 to 50%, and lift thresholds are generally between 1 and
1.52229:3343 Tn this paper, the thresholds are set with reference to previous similar studies and adjusted with data
characteristics. Through experiments, we found that rules with smaller support cover too few cases, which may
lead to chance associations, while smaller confidence thresholds are prone to contain inverse relationships. We
gradually increased the thresholds by trial-and-error method until the rules could be reasonably interpreted.
We conducted several rounds of manual tuning and ultimately set the support threshold to 0.1, the minimum
confidence level to 45%, and the lift to 1.2. The association rules were limited to include 2 or 3 diseases, with the
consequent part restricted to a single disease. Across the study population, 13 association rules were identified
that satisfied the set criteria (Table 3). Among these, 4 rules were binary patterns, while the remaining 9 were
ternary patterns. The 13 association rules are centered around only 7 diseases: DPVD, DPN, hypertension, DN,
FL, hyperlipidemia, and CI. The consequent items in the 13 rules included 4 diseases, with 6 rules pointing to
hypertension, 3 to DN, 3 to FL and 1 to CI. The association rule {DPVD + DN}->{Hypertension} (support: 19.2%,
confidence: 66.6%, lift:1.43) is identified as the strongest. This association rule revealed that 19.2% of the study
population suffered from DPVD, DN, and hypertension simultaneously. Furthermore, among individuals with
both DPVD and DN, 66.6% also had hypertension, which was 1.43 times more likely than hypertension rate in
the study population.

Due to differences in comorbidity patterns among different gender, age, and BMI groups, we conducted
association rule mining for each subgroup separately, resulting in 24, 23, and 50 association rules, respectively.
Given the large number of rules, we increased the lift threshold to 1.30, ultimately retaining 14 gender-related, 15
age-related (as shown in Tables 4 and 5), and 36 BMI-related association rules (Table 6). Among the 14 gender-
related association rules, the rule {DPVD + DN}>{Hypertension} demonstrated the highest confidence and lift
in both male and female groups. The number of association rules obtained in women was less than in men. In
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Fig. 5. Binary comorbidity network diagram for males and females. Node size is according to the prevalence
of the disease, and the width of edges connecting the nodes is determined by the support of the two

diseases connected by the edge.(minimum support=0.03). DPN, diabetic peripheral neuropathy; DPVD,
diabetic peripheral vascular disease; DR, diabetic retinopathy; DEF, diabetic foot; FL, fatty liver; DN, diabetic
nephropathy; DK, diabetic ketosis; DKA, diabetic ketoacidosis; GP, gallbladder polyp; CAHD, coronary
atherosclerotic heart disease; CI, cerebral infarction; SD, sleep disorders; ANX/DEP, anxiety or depression; TD,
thyroid disease; LS/CS, lumbar or cervical spondylosis.

Antecedent Consequent | Number of cases | Support (%) | Confidence (%) | Lift
{DPVD + DN} Hypertension | 1120 19.2 66.6 1.43
{DPVD + Hypertension} DN 1120 19.2 46.2 1.39
{DN + DPN} Hypertension | 1154 19.8 64.0 1.37
{DPN + Hypertension} DN 1154 19.8 45.7 1.37
{DPVD + Hypertension} CI 1096 18.8 452 1.36
{DN} Hypertension | 1227 21.0 63.1 1.35
{Hypertension} DN 1227 21.0 45.1 1.35
{Hyperlipidemia} FL 915 15.7 49.3 1.33
{DPVD +CI} Hypertension | 1096 18.8 61.4 1.32
{DPN + Hyperlipidemia} FL 805 13.8 48.6 1.31
{DPVD + Hyperlipidemia} | FL 707 12.1 48.3 1.30
{C1} Hypertension | 1160 19.9 59.7 1.28
{CI+DPN} Hypertension | 1088 18.6 59.6 1.28

Table 3. Identified association rules of whole study population. DPN, diabetic peripheral neuropathy; DPVD,
diabetic peripheral vascular disease; DN, diabetic nephropathy; FL, fatty liver; CI, cerebral infarction.

the consequent of association rules, males are only associated with hypertension, DN, and FL, while females
are only linked to hypertension and CI. Of the 15 association rules related to age group, the most rules pointed
to hypertension and DN, and no association rules met the established criteria in the group aged 65 and above.
Association rules in different BMI group exhibited more diversity, but still the highest number of rules pointed
to hypertension.

In summary, of the association rules identified, most had hypertension as the consequent. In association rules
pointing to hypertension, the antecedent almost always contained DN. In all association rules pointing to CI,
the antecedent almost always contained hypertension. Association rules with DPVD as a consequent were only
identified in the obese group, and their antecedents often included CI. The association rule {DR}>{DN} was only
identified in the age subgroups and the lifts were all higher than 2.
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Number of
cases
Gender | Antecedent Consequent | cases Support (%) | Confidence (%) | Lift
{DPVD + DN} Hypertension | 708 20.2 66.1 1.46
{DPVD + Hypertension} DN 708 20.2 49.6 1.41
{DPN + Hypertension} DN 720 20.5 494 1.41
{DN +DPN} Hypertension | 720 20.5 63.5 1.40
Male {DN} Hypertension | 775 22.1 62.8 1.38
{Hypertension} DN 775 22.1 48.6 1.38
{Hyperlipidemia} FL 551 15.7 50.2 1.36
{DPVD + Hyperlipidemia} | FL 424 12.1 49.3 1.34
{DPN + Hyperlipidemia’} | FL 468 13.3 49.2 1.34
{DPVD +CI} Hypertension | 618 17.6 59.9 1.32
{DPVD + DN} Hypertension | 412 17.7 67.4 1.40
{DPVD + Hypertension} CI 478 20.6 48.00 1.36
Female | {DN+DPN} Hypertension | 434 18.7 64.9 1.34
{DN} Hypertension | 452 19.5 63.5 1.31
{DPVD +CI} Hypertension | 478 20.6 63.4 1.31

Table 4. Identified association rules in different gender group. DPN, diabetic peripheral neuropathy; DPVD,
diabetic peripheral vascular disease; FL, fatty liver; DN, diabetic nephropathy; CI, cerebral infarction.

Number of cases
Age Antecedent Consequent cases Support (%) | Confidence (%) | Lift
{DPVD +FL} Hyperlipidemia | 92 12.7 60.1 1.41
18~ {DK+FL} Hyperlipidemia | 79 10.9 56.0 1.31
{DPN + DR} DN 119 10.3 73.5 2.47
(DR} DN 130 113 726 245
{DPVD + DN} Hypertension 163 14.1 58.6 1.69
4554 {DPVD + Hypertension} DN 163 14.1 49.9 1.68
{DPN + Hypertension} DN 166 14.4 48.1 1.62
{Hypertension} DN 192 16.6 47.9 1.61
{DN} Hypertension 192 16.6 56.0 1.61
{DN +DPN} Hypertension 166 14.4 55.3 1.59
{DR} DN 195 10.1 66.6 2.08
{DPVD + DN} Hypertension 342 17.7 61.3 1.34
55~64 | {DN+DPN} Hypertension 364 18.9 61.3 1.34
{DN} Hypertension 374 19.4 60.4 1.32
{DPVD + Hyperlipidemia} | FL 249 12,9 47.9 1.32
>=65 none none

Table 5. Identified association rules in different age group. DPN, diabetic peripheral neuropathy; DPVD,
diabetic peripheral vascular disease; FL, fatty liver; DN, diabetic nephropathy; DK, diabetic ketosis; DR,
diabetic retinopathy.

Discussion
The number of individuals with T2DM is substantial, and their multimorbidity prevalence and severity of co-
morbidities are more severe than those of the general population. Therefore, a specialized study in the current
status of multimorbidity, its influencing factors, frequent disease combination patterns, and associations rules
in T2DM patients is essential for developing effective prevention and treatment strategies. Currently, there are
no specific recommendations for the diagnosis and treatment of multimorbidity in T2DM patients*. To our
knowledge, this study is the first to define multimorbidity in diabetic patients by integrating multiple typical
complications and chronic diseases and simultaneously using the ARM approach to mine the association rules
among multimorbidity. Previous studies on the association rules of multimorbidity in diabetic patients have
often failed to include typical complications, resulting in an incomplete understanding of the disease patterns.
This study addresses this gap by including typical complications in diabetic patients for multimorbidity analysis
and is a good addition to the existing literature.

The results of the single disease prevalence showed that three of the top five diseases in terms of prevalence
were typical complications, each with high prevalence rates. This highlights the necessity for a study specifically
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BMI Antecedent C quent | Number of cases | Support (%) | Confidence (%) | Lift
{DPVD + DN} Hypertension | 54 14.8 46.6 1.61
{DPVD + Hypertension} CI 45 12.3 48.4 1.53
{DPVD + Hypertension} DN 54 14.8 58.1 1.52
Lean {DPN + Hypertension} DN 56 15.3 57.1 1.49
{Hypertension} DN 60 16.4 56.6 1.48
{DPN + Hypertension} CI 45 12.3 459 1.45
{Hypertension} CI 48 13.1 45.3 143
{DPVD + DN} Hypertension | 589 19.2 64.9 1.46
{DPVD + Hypertension} DN 589 19.2 47.5 141
{DN + DPN} Hypertension | 606 19.7 62.4 1.41
{DPN + Hypertension} DN 606 19.7 47.2 1.40
{DN} Hypertension | 639 20.8 61.6 1.39
normal {Hypertension} DN 639 20.8 46.9 1.39
{DPVD + Hypertension} CI 610 19.8 49.2 1.36
{DPVD+CI} Hypertension | 610 19.8 59.4 1.34
{DPN + Hypertension} CI 609 19.8 47.4 1.31
{CI+DPN} Hypertension | 609 19.8 57.9 1.31
{CI} Hypertension | 641 20.8 57.8 1.30
{Hypertension} CI 641 20.8 45.0 1.30
{DPVD + DN} Hypertension | 333 19.1 68.0 1.33
Over weight | {DN+DPN} Hypertension | 346 19.9 66.9 1.31
{DN} Hypertension | 369 21.2 66.6 1.31
{DPVD + DN} Hypertension | 144 22.0 85.7 1.55
{DPVD + Hypertension} DN 144 22.0 48.2 1.48
{Hyperlipidemia + Hypertension} | DN 72 11.0 47.7 1.46
{DN +DPN} Hypertension | 146 222 79.4 1.43
{CI+FL} Hypertension | 79 12.0 77.5 1.40
{CI+Hypertension} DPVD 108 16.5 92.3 1.35
sbese {CI+FL} DPVD 94 14.3 922 1.35
{DPVD +CI} Hypertension | 108 16.5 74.5 1.35
{CI+DPN} DPVD 137 20.9 92.0 1.34
{DN} Hypertension | 159 24.2 74.3 1.34
cy DPVD 145 22.1 91.8 1.34
{CI} Hypertension | 117 17.8 74.1 1.34
{DN + Hypertension} DPVD 144 22.0 90.6 1.32
{CI+DPN} Hypertension | 109 16.6 73.2 1.32

Table 6. Identified association rules in different BMI group. DPN, diabetic peripheral neuropathy; DPVD,
diabetic peripheral vascular disease; FL, fatty liver; DN, diabetic nephropathy; DR, diabetic retinopathy.

focused on T2DM and the importance of including typical complications. Additionally, multiple diseases,
such as DPN, hypertension, and DN, exhibited significant differences across gender, age, and BMI categories,
emphasizing the need for stratified analysis.

Our investigation reveals that 97.8% of hospitalized T2DM patients suffered from multimorbidity,
exceeding the 95.6% and 83.3% reported in previous studies**. This discrepancy is mainly due to differences
in the range of diseases included in the definition of multimorbidity and the source of data. The prevalence of
multimorbidity is highly dependent on the population setting and the number and types of diseases included in
the definition®. In previous studies, multimorbidity was mainly limited to chronic diseases and rarely included
typical complications, whereas complications are very common in patients with T2DM. Furthermore, our study
population was drawn from inpatients at a well-known tertiary hospitals in provincial capital, meaning these
patients here tend to be sicker and thus more likely to have multimorbidity. However, multiple studies have
consistently shown a high prevalence of multimorbidity in patients with T2DM. This suggests that the situation
is very serious, and the patterns of multimorbidity need to be identifiedd to enable targeted interventions.

Our study revealed a higher prevalence of multimorbidity among men compared to women, which aligns
with the findings of Zou et al.!® and Wang et al.3. This gender disparity may be due to the significantly lower
prevalence of smoking and alcohol consumption among Chinese women, both of which are recognised risk
factors for various diseases?>444>, However, numerous previous studies have demonstrated a higher prevalence of
multimorbidity in women!>1%20:33:37_ The reason for this discrepancy may be that previous studies have focused
on middle-aged and older adults, whereas during menopause, oestrogen levels decline in women, which may
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increase their susceptibility to a variety of health problems?®. Additionally, the study also showed an increasing
trend in the prevalence of multimorbidity with age, which has been reported in many previous studies®>16:47:45,
This may be due to age-related cellular degeneration, decreased immune function, oxidative stress, and
inflammatory processes'®. However, there were no significant differences in the prevalence of multimorbidity
between different BMI or marital status groups, which is inconsistent with some studies?>>”. Possible reasons
for this discrepancy include the severely imbalanced data on marital status in the study population, with
the non-married group being too small to be representative. In addition, the lack of consideration for the
interaction between gender and BMI might have obscured differences in multimorbidity across various BMI
categories?’, suggesting a need for more detailed subgroup analyses in future research.

The binary comorbidity network graph demonstrates differences in comorbid relationships between men
and women. Compared with women, men exhibit more complex commorbidity patterns. This may be because
men in China typically engage in more adverse health behaviors, such as smoking and alcohol consumption,
than women. Additionally, women in Hainan region have higher levels of physical activity than men; regular
exercise can improve insulin sensitivity’’, thereby reduce diabetes complications. The probability of disease
coexistence and the complexity of the comorbidity network increase with age, consistent with the findings in the
univariate and multivariate analyses. Although no significant differences in the prevalence of comorbidity across
different BMI groups were observed in both univariate and multivariate analyses, the binary network diagram
suggests that comorbidity relationships tend to become more complex with increasing BMI, consistent with
prior research. A study from Finnish cohort identified obesity as a risk factor for 21 distinct cardiometabolic,
digestive, respiratory, neurological, musculoskeletal, and infectious diseases, underscoring its importance in
multimorbidity prevention®!. Additionally, overweight individuals have a 1.32 times higher risk of multimorbidity
compared to those with normal BMI, while obese individuals face a 1.93 times increased risk. Furthermore,
obese individuals were 1.75 times more likely to develop multimorbidity than non-obese individuals®2. These
findings highlight obesity as a critical factor in the development and management of multimorbidity among
T2DM patients.

The results of frequent comorbidity patterns mined using the ARM method demonstrate that almost all
frequent comorbidity combinations include complications, and many of the comorbidity combinations with
high support values consist solely of complications. This indicates that the multimorbidity patterns in T2DM are
primarily centered around its typical complications, emphasizing the critical role of complications in the analysis
of multimorbidity in T2DM patients. Therefore, the analysis of multimorbidity in the T2DM population cannot
overlook the consideration of complications. Among all frequent comorbidity combinations, {DPVD + DPN} has
the highest support (74.1%), indicating the highest likelihood of this comorbidity combination occurring. The
frequent comorbidity relationship between DPN and DPVD represents a novel discovery, as there have been no
prior reports documenting their high-frequency co-occurrence, and research exploring the causal relationship
and underlying mechanisms between these two conditions remains limited. Notably, in a machine-learning
prediction study focusing on DPN, DPVD was identified as a significant predictor™. Therefore, individuals
diagnosed with either DPN or DPVD should implement preventive measures to mitigate the occurrence of the
other condition.

The identified association rules indicate that a significant majority of the rules had hypertension as the
consequent. For example, a variety of diseases and disease combinations including DN, CI, DPVD + DN and
DN + DPN, were associated with hypertension. This is consistent with previous studies, which have also noted
that comorbidity patterns often revolve around hypertension®**>%, This suggests that individuals with the
aforementioned diseases should pay close attention to the risk of hypertension. Additionally, in the association
rules pointing to hypertension, DN is almost always an antecedent. However, this does not mean that DN is the
cause of hypertension, as association rule does not imply causation. Some studies have highlighted that DN may
play a significant role in the development of hypertension in patients with diabetes®®. This association might
be linked to endothelial dysfunction caused by diabetes. In diabetic patients, insulin resistance and insufficient
insulin secretion lead to reduced responsiveness of endothelial cells to insulin, which in turn affects vascular
relaxation, increases vascular resistance, and ultimately results in elevated blood pressure®®>’. The specific causal
mechanism between DN and hypertension can be further clarified by referring to the methodology of Chen et
al.>8.

We found that hypertension was consistently identified as an antecedent in all association rules pointing to
CI. Hypertension is widely proven to be a risk factor for cerebral infarction, and the higher the blood pressure,
the greater the risk of CI*°. The effects of hypertension on the cerebral vasculature lead to CI mainly through the
mechanisms of atherosclerosis, aneurysm rupture, and microaneurysm rupture. Managing hypertension can
significantly reduce the risk of cerebral infarction®. This finding suggests that clinicians should pay particularly
close attention to the risk of CI in diabetic patients with hypertension, and should monitor blood pressure
regularly and take appropriate therapeutic measures.

Association rules with DPVD as the consequent are identified exclusively in obese populations, and their
antecedents frequently include CI, with the confidence level for these rules consistently exceeding 90%. This
is because obese diabetic patients frequently present hypertension and dyslipidemia, which are primary risk
factors for CI and DPVD®!. Furthermore, persistent hyperglycemia impairs vascular endothelial cells, fostering
atherosclerosis and elevating the risk of both CI and DPVD®2. Obese diabetics often exhibit chronic inflammatory
states, which release multiple inflammatory mediators that exacerbate atherosclerosis and vascular pathologies,
thereby increasing the risk of CI and DPVD®?. This finding has important clinical implications for risk assessment
and early intervention, highlighting the need for enhanced vascular health monitoring and treatment strategies
for obese diabetic patients.

All identified association rules pointing to FL have hyperlipidemia as a constituent in their antecedents.
Hyperlipidemia can promote the occurrence and progression of FL. When the level of lipids in the blood is
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excessively high, excess lipids can be deposited in the liver, leading to FL. Conversely, FL can also exacerbate
hyperlipidemia. Patients with FL often have impaired liver function, possibly making it difficult to effectively
clear lipids from the blood, thereby further elevating blood lipid levels®’. This indicates that individuals with
T2DM, while suffering from hyperlipidemia, should pay special attention to whether they already have FL
and whether there are risk factors for developing FL. Taking preventive measures in advance to ensure timely
treatment for the patients.

This association rule {DR}->{DN} has the highest lift of all the rules identified, more than 2. This rule suggests
that patients with DR are more than twice as likely to have DN as those general T2DM patient. Epidemiologic
studies have shown that DN and DR are closely related in diabetic patients. The probability of DN in patients
with DR is three times higher than in patients without DR%; therefore, DR patients should be closely monitored
for the presence of DN.

No meaningful association rules were mined in the age group above 65 years old, which may be due to the
fact that this age group has the largest number of people and the most complex comorbidity relationships, while
we limited the maximum number of diseases in each rule to three during the mining process, which resulted in
the failure to identify meaningful association rules from the complex comorbidity relationships. However, the
results of association rule mining revealed differences in comorbidity patterns and identified association rules
among type 2 diabetes patients of different gender, age, and BMI subgroups. This finding suggests that gender,
age, and BMI should be fully considered when addressing the multimorbidity problem of T2DM, thereby
enabling the development of targeted treatment and management strategies.

This study has a large sample size and a wide range of diseases included, especially the inclusion of typical
complications, thus providing a good representation of the multimorbidity status and patterns of T2DM patients.
Despite the high prevalence of multimorbidity in the T2DM population, there are no specific guidelines for its
diagnosis and treatment®®. The study has uncovered several novel findings regarding the relationships between
comorbidities. However, further longitudinal or laboratory studies are required to clarify the causality and
clinical significance, ultimately improving the prevention and treatment of multimorbidities in diabetic patients.

Several limitations of our study need to be acknowledged. First, our study data came from inpatients in a
tertiary hospital, where patients may be sicker and have a wider variety of comorbidities, so the prevalence
of multimorbidity and the association rules mined may not be applicable to the entire diabetic population.
However, our results based on more severe cases may provide ideas for research into the early prevention of
multimorbidity in T2DM. Future studies could use data from T2DM patients at multi-level medical institutions
or integrate data from populations of different severities using Meta-analysis®’ to clarify the generalizability of this
study’s findings. Second, due to the cross-sectional nature of the data, the temporal dynamics of co-morbidities
cannot be fully captured. Consequently, the identified association rule do not indicate a causal link between the
antecedent and consequent items. However, our findings provide valuable insights for further etiopathogenic
and pathophysiological investigations. In future research, longitudinal studies could be conducted to track the
temporal evolution of co-morbidities and elucidate the causal sequence. Additionally, integrating methodologies
such as randomized controlled trials or prospective cohort studies may help to validate whether the association
rule is causal associations. Third, due to insufficient data availability, detailed information about patients’
physical activity, smoking and drinking habits, socioeconomic status and duration of diabetes, which has been
reported to be associated with multimorbidity, was not included in this study?*3¢5%, Finally, due to the lack of a
standardized criterion for threshold settings in association rule mining, different threshold settings may identify
different strong association rules, implying that our study may have overlooked some meaningful rules.

Conclusion

This study found that the prevalence of multimorbidity in inpatient T2DM was very high, and multimorbidity
varies significantly across gender and age groups. The ARM method is an effective way to mine frequent
disease combination patterns and association rules. The mining results revealed that the comorbidity patterns
of diabetic patients mainly centered around typical complications; the frequent co-morbidity combination
of DPN+DPVD is a novel finding; disease combination patterns and association rules varied across gender,
age, and BMI. Healthcare professionals can utilize these findings to develop targeted screening and treatment
strategies for the multimorbidity of diabetes. Researchers can use the association rules to explore the causality
and mechanisms of comorbidities. Further research should consider incorporating more influencing factors in
a wider T2DM population and analyzing the interaction effects between factors to obtain more comprehensive
results, ultimately reducing the adverse consequences and disease burden of multimorbidity on individuals,
families, and society.

Data availability
The data that support the findings of this study are available from the corresponding author upon reasonable
request.
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