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Health-related quality of life (HRQoL) is a crucial outcome measure in the care of elderly patients 
with coronary heart disease (CHD). This research aims to identify risk factors associated with HRQoL 
in elderly patients with CHD. A cross-sectional study was carried out in Shanghai, China, from 
January to May 2023. Data on demographics and general symptoms and signs of CHD among elderly 
patients were collected by a structured questionnaire. HRQoL was measured by 21 items including 
both physical and psychological symptoms. The association rule mining (ARM) technique was 
performed to identify significant rules (support>10% and confidence >85%) for the sick and healthy 
conditions. In total, 179141 individuals were enrolled. 3,583 sick individuals (with CHD only, 34.4% 
male and 65.6% female) and 10,790 healthy individuals (free of any chronic disease, 39.5% male 
and 60.5% female) were included in our study. Among the significant rules for the sick condition, the 
most frequently occurring factors were “MedicalConstipation=1”, “MotorFunction=1”, “Sleep=1”, 
“MasticatoryFunction=1” and “Gender=2”. In contrast, for the healthy condition, the frequently 
occurring factors were “MotorFunction=0”, “EducationLevel=3”, “Sleep=0”, “MedicalConstipation=0”, 
and “MasticatoryFunction=0”. ARM is effective in identifying the important risk factors. Impairments 
in medical constipation, sleep, motor function, and masticatory function are significant risk factors 
associated with the HRQoL in elderly patients with CHD. Early detection and management of these 
four symptoms could be crucial in reducing the disease burden and improving outcomes. Additionally, 
gender and education level may also influence the risk of developing CHD.
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Coronary heart disease (CHD) is a type of Cardiovascular Disease (CVD), and CVDs are the leading cause of 
death globally according to the report by the World Health Organization (​h​t​t​p​s​:​​​/​​/​w​w​​w​.​w​h​​o​.​i​​n​t​/​n​e​​​w​s​-​r​​o​​o​m​/​f​​
a​​c​t​-​s​h​​e​​e​t​s​/​d​​e​​t​a​i​l​/​c​a​r​d​i​o​v​a​s​​c​u​l​a​r​-​d​i​s​e​a​s​e​s​-​(​c​v​d​s​).). The mortality rate of elderly people suffering from CHD is 
higher because they are usually accompanied by high blood pressure, high blood lipids and high cholesterol. 
These factors aggravate the condition of CHD. In China, approximately 11.4 million individuals were affected by 
CHD as of 20191. With the challenge of an aging population, there is an increasing demand for CHD prevention, 
treatment, and the efficient allocation of medical resources. So, it is essential to gain a clearer understanding of 
the risk factors for CHD.

Existing literature primarily focuses on investigating clinical risk factors for heart disease2–6. For instance,7 
explored factors contributing to heart disease in males and females using UCI heart disease dataset. This work 
found that resting electrocardiographic (ECG) being either normal or hyper and slope being flat are high risk 
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factors for women only and resting ECG being hyper is a high risk factor for man only.8 utilized eight machine 
learning (ML) classifiers to identify crucial clinical features that enhance the accuracy of heart disease prediction.

On the other hand, risk factors associated with health-related quality of life (HRQoL) in elderly patients 
with CHD remain underexplored. HRQoL, a concept that is often subjective and multifaceted, given their 
specific health limitations9. HRQoL encompasses perceptions of both physical and mental health and subjective 
management of their health condition10. CHD is a prevalent condition that significantly impacts patients’ 
HRQoL globally. Individuals with CHD typically experience a markedly lower HRQoL compared to the healthy 
population due to worsening symptoms, increased disability, and frequent hospitalizations11. Symptoms such 
as shortness of breath, pain, low mood, limited activity, sleeplessness, and constipation hinder their ability to 
maintain social interactions and perform daily activities. A key objective in managing CHD is to help patients 
achieve the highest possible level of HRQoL. HRQoL has become a crucial outcome measure in the care of 
elderly patients with chronic conditions12. Poor HRQoL is frequently associated with adverse clinical outcomes 
such as mortality and rehospitalization. Identifying factors related to HRQoL can lead to the development of 
more effective strategies to enhance the quality of life and overall outcomes for patients with CHD.

In contemporary medical research, identifying risk factors for CHD and developing diagnostic or predictive 
models are typically achieved through multivariate statistical methods like logistic regression13,14. However, the 
vast amount of data produced by healthcare systems often contains hidden patterns that traditional approaches 
cannot reveal. As a result, data mining techniques are better suited for uncovering this hidden knowledge in 
medical studies. Association rule mining (ARM) is one of the most widely used data mining techniques for 
uncovering hidden relationships or patterns between variables in large datasets. In the medical field, ARM 
has numerous applications, including mining significant association rules from medical images15, identifying 
adverse drug effects16, detecting risk factors for heart disease and diabetes7,17, extracting positive and negative 
association rules from medical blogs18, and identifying herb combinations for treating uremic pruritus19, among 
others.

In this study, we aimed to apply ARM for identifying risk factors associated with HRQoL in elderly patients 
with CHD, utilizing data gathered from a structured questionnaire.

Methods
Data collection
This study was designed based on a cross-sectional investigation conducted in Shanghai, China, from January 
to May 2023. The data was collected using a questionnaire titled the Unified Needs Assessment Form for Elderly 
Care. The inclusion criteria were: (1) older adults aged 60 and above; (2) applying for long-term care insurance in 
Shanghai and voluntarily participating in this study. Disease assessment covered 11 chronic diseases, including 
chronic obstructive pulmonary disease, diabetes, chronic pneumonia, lower limb fracture, Parkinson’s disease, 
intracerebral hemorrhage, hypertension, advanced tumor, cerebral infarction, CHD, and Alzheimer’s Disease.

The survey was carried out in accordance with the guidelines proposed in the Declaration of Helsinki, and 
the study protocol was approved by the Ethics Committee of the Shanghai Health Development Research Center 
(Approval Number 2024002). All participants signed the written informed consent form prior to commencing 
the study, and all methods were performed in accordance with relevant guidelines. To ensure the quality of 
collected data, a training program was given to all investigators before conducting the survey.

This survey was conducted by two uniformly trained assessors at the elderly’s home, including a family doctor 
well-acquainted with the elderly person’s circumstances. The two assessors independently evaluated the daily 
living and health status of the elderly individuals. Subsequently, the data underwent verification by professionals 
before being uploaded.

Study population and data preprocessing
A total of 179,141 older adults were enrolled. In our study, we included participants from two distinct groups: the 
sick population, consisting of individuals with only CHD, and the healthy population, comprising individuals 
free from any chronic diseases. After excluding records with missing values, we obtained 3,583 sick individuals 
and 10,790 healthy individuals. This imbalance in the dataset may lead to fewer rules and lower support for the 
minority class (i.e., the sick condition). To address this issue, we proposed randomly partitioning the healthy 
population into three subsets (To validate this approach, we tested 50 random seeds to randomly divide the 
healthy population into three subsets and repeated the entire process. The results, provided in the Supplementary 
materials, consistently revealed similar risk factors for CHD. Statistically, each subset is representative of the 
overall healthy population due to the sufficiently large sample size.), with 3,597, 3,597, and 3,596 individuals 
each. Each of these healthy subsets was then combined with the entire sick population to create three mixed 
datasets, labeled fold1, fold2, and fold3, containing 7180, 7180, and 7179 mixed individuals, respectively. 
Furthermore, for validation, each fold of the data was split into two parts: 90% for the training set and 10% for 
the validation set. The significant rules identified in the training set were then tested on the validation set to 
determine whether the validation data conformed to the rules. Figure 1 illustrates the process of data selection, 
splitting, and merging. The association rules generated from each fold were gathered to provide a comprehensive 
analysis.

Measurements of HRQoL
In our research, HRQoL was assessed using 21 items derived from internal medicine, surgery, and diagnosis20. 
These items provided a comprehensive evaluation of elderly individuals’ HRQoL, covering dimensions such as 
symptoms and signs, physical function, emotions, and the risk of adverse events. Two demographic attributes, 
Gender and EducationLevel, were also included. Table 1 elaborated the explicit explanation of each symptom 
and attribute. There were three responses to the question about each symptom, with responses a, b, c being the 
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conditions in order of severity. For analysis, these responses were compressed into binary variables: 0 indicates 
the normal condition (response a), while 1 represents the abnormal conditions (responses b or c).

Association rule mining
Association rule mining (ARM) is an unsupervised data mining technique designed for discovering interesting 
relationships, associations, or patterns among a set of items in large datasets21. An association rule takes the 
form X => Y , where X and Y are distinct itemsets with no intersection. X and Y are also called left hand side 
(LHS) and right hand side (RHS) of the association rule, respectively. The support of a rule is calculated by the 
percentage of samples that contain X and Y to the total number of samples in the dataset, i.e.

	
Support(X => Y ) = P (X ∩ Y ) = number of samples containing X and Y

total number of samples
. � (1)

Fig. 1.  Flowchart of the general framework of the study.
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Therefore, support measures how often the rule occurs in the dataset. The confidence of a rule is an conditional 
probability of Y occurs given that X occurs, and is defined as the fraction of samples that contain both X and Y, 
relative to the total number of samples that contain X. Confidence, on the other hand, indicates the strength of 
association rules.

	
Confidence(X => Y ) = P (Y |X) = Support(X => Y )

Support(X) . � (2)

For instance, if the confidence of an association rule X => Y  is 80%, it means that 80% of the samples 
containing X also contain Y22. Lift is a measure of rule using both support and confidence. Lift indicates the 
likelihood of item Y occurring when item X occurs, while accounting for the individual popularity of items Y 
and X. It quantifies how many times more frequently X and Y occur together than would be expected if they 
were statistically independent.

	
Lift(X => Y ) = P (X ∩ Y )

P (X) × P (Y ) = Support(X => Y )
Support(X) × Support(Y ) . � (3)

Lift = 1 indicates no association between X and Y. A lift value less than 1 suggests that Y is unlikely to occur if X 
occurs, while a lift value greater than 1 indicates that Y is likely to occur if X occurs.

The widely-used Apriori algorithm23 is employed for ARM to identify significant rules. The Apriori 
algorithm needs a minimum support to filter frequent itemsets and minimum confidence to choose more 
credible rules. Thresholds for support and confidence vary across different studies. In line with24 and25, the 
minimum support was set to 10% and minimum confidence was set to 85% (An exhaustive combination of 
support values {5%, 8%, 10%} and confidence levels {85%, 88%, 90%} was tested. The most significant risk 
factors affecting HRQoL in CHD patients remained consistent across these thresholds. Therefore, we selected 
standard thresholds based on existing literature.). The maximum number of LHS was set to 5 items26. Rules that 
satisfied these criteria were termed significant rules. Experiments was implemented via R programming.

Results
Characteristics of the study population
The distributions of each variable were displayed in Table 2, with the last column showing the p values from the 
χ2 test. The occurrence of CHD was 34.4% (1231 cases) among males and 65.6% (2352 cases) among females. 

Variable Name Description

Gender 1 = male, 2 = female

EducationLevel 1 = illiteracy, 2 = primary school, 3 = junior high school,
4 = high school, 5 = university level or above

Consciousness a) awake or basically awake, b) fuzzy consciousness, c) coma

HeartBeat a) normal or basically normal, b) 40-60 beats/min or 100-120 beats/min, c) < 40 beats/min or > 120 beats/min

Breath a) normal or basically normal, b) shortness of breath or effort, c) tremor, embarrassment, or sense of suffocation

BloodPressure a) normal or basically normal, b) systolic blood pressure 141-160 mmHg or diastolic blood pressure 91-110 mmHg, c) diastolic blood pressure 
< 60 mmHg or > 110 mmHg or systolic blood pressure > 160 mmHg

Nutrition a) normal or basically normal, b) significant muscle wasting, reduced triceps skinfold thickness, or obvious ankle edema, c) severe muscle wasting, 
severe loss of triceps skinfold thickness, or significant ankle edema

Pain a) no pain or basically no pain, b) intermittent or persistent pain affecting rest, requiring medication, c) persistent severe pain that can only be 
relieved by medication

Mood a) stable or basically stable, b) anxiety, negativity, pessimism, sadness, misanthropy, selfishness, or suspicion, c) crying, depression, irritability, or 
easy anger

MedicalConstipation a) normal or almost normal, b) occasional constipation, c) severe constipation

MuscleForce a) normal or basically normal, b) severe limitation of limb activity, c) loss of limb activity

Sleep a) normal or basically normal, b) difficulty sleeping or frequent awakening, c) non-restorative sleep

Dehydration a) normal or minimal, b) severe thirst, headache, urination, or significantly reduced skin elasticity, c) significant weight loss or loss of skin elasticity

MasticatoryFunction a) normal or basically normal, b) can chew soft food, c) cannot chew

SensoryFunction a) normal or basically normal, b) impaired pain, touch, or temperature sensation, c) loss of pain, touch, temperature, motion, or taste sensation

CognitiveFunction a) normal or basically normal, b) simple cognitive impairment, c) loss of cognitive function

MotorFunction a) normal or basically normal, b) requires tools or assistance, c) loss of motor function

SocialFunction a) normal or basically normal, b) severe limitation, c) loss of function

SwallowingFunction a) normal or basically normal, b) severe limitation, c) loss of function

LanguageFunction a) normal or basically normal, b) limited conversation, c) aphasia

MemoryFunction a) normal or basically normal, b) simple memory issues or incoherence, c) loss of function

EmotionalFunction a) normal or almost normal, b) indifferent or mildly manic, c) lack of desire, severe depression, or mania

RiskOfFall a) no falls in the last 90 days, b) no falls in the last 30 days but falls in the last 31-90 days, c) falls in the last 30 days

Table 1.  Variable names and explanations of the study dataset.
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The healthy population included 39.5% males (4267 cases) and 60.5% females (6523 cases). The χ2 test indicated 
that relationship between all symptoms and CHD was not independent. To further identify the most important 
variables, the ARM method was conducted across two categories: the sick condition and the healthy condition. 
The sick condition was characterized by the RHS being “CHD=1”, while the healthy condition was characterized 
by the RHS being “CHD=0”.

Association rules for the sick condition
For the sick condition, the Apriori algorithm extracted 4107,2457, and 3793 significant rules for training data 
of Fold1, Fold2, and Fold3, respectively. First, all significant rules, sorted by confidence, were listed in Table 3. 
The last three columns of the table give the support, confidence, and lift, respectively. For example, the LHS of 
the first rule for Fold1 was {MedicalConstipation=1, Sleep=1, MasticatoryFunction=1, RiskOfFall=0}, the RHS 
was {CHD=1}, with the support, confidence, and lift values of 11.19%, 90.60%, and 1.81, respectively. This rule 
indicated that 11.19% of individuals with malfunctions in medical constipation, sleep, and masticatory function 
did not have a simultaneous risk of falling. The lift value greater than 1 suggested that if an individual exhibited 
these symptoms, they were more likely to develop CHD, with a probability of 90.60%. The focus was solely on 
the abnormal symptoms for the sick condition. To that end, we summarized the frequency of occurrence of 
each symptom factor and demographic factor through the entire significant rules, as illustrated in Table 4. The 
most frequently occurring factor across the three folds was “MedicalConstipation=1”. The second and third 
most frequent factors were “Sleep=1” and “MotorFunction=1”, though their order varies across the folds. The 

Variable
Healthy(%)
(n = 10790)

Sick(%)
(n = 3583) p Variable

Healthy(%)
(n = 10790)

Sick(%)
(n = 3583) p

Gender <0.001 Sleep <0.001

   1 4267 (39.5) 1231 (34.4)    0 9681 (89.7) 1653 (46.1)

   2 6523 (60.5) 2352 (65.6)    1 1109 (10.3) 1930 (53.9)

EducationLevel <0.001 Dehydration <0.001

   1 3741 (34.7) 1577 (44.0)    0 10770 (99.8) 3488 (97.3)

   2 1923 (17.8) 744 (20.8)    1 20 (0.2) 95 (2.7)

   3 2960 (27.4) 616 (17.2) MasticatoryFunction <0.001

   4 1478 (13.7) 361 (10.1)    0 9524 (88.3) 1637 (45.7)

   5 688 (6.4) 285 (8.0)    1 1266 (11.7) 1946 (54.3)

Consciousness <0.001 SensoryFunction <0.001

   0 10767 (99.8) 3541 (98.8)    0 10691 (99.1) 3363 (93.9)

   1 23 (0.2) 42 (1.2)    1 99 (0.9) 220 (6.1)

HeartBeat <0.001 CognitiveFunction <0.001

   0 10739 (99.5) 3232 (90.2)    0 10195 (94.5) 2747 (76.7)

   1 51 (0.5) 351 (9.8)    1 595 (5.5) 836 (23.3)

Breath <0.001 MotorFunction <0.001

   0 10735 (99.5) 3316 (92.5)    0 8903 (82.5) 814 (22.7)

   1 55 (0.5) 267 (7.5)    1 1887 (17.5) 2769 (77.3)

BloodPressure <0.001 SocialFunction <0.001

   0 10296 (95.4) 2954 (82.4)    0 10252 (95.0) 2506 (69.9)

   1 494 (4.6) 629 (17.6)    1 538 (5.0) 1077 (30.1)

Nutrition <0.001 SwallowingFunction <0.001

   0 10619 (98.4) 3261 (91.0)    0 10695 (99.1) 3402 (94.9)

   1 171 (1.6) 322 (9.0)    1 95 (0.9) 181 (5.1)

Pain <0.001 LanguageFunction <0.001

   0 10159 (94.2) 2612 (72.9)    0 9937 (92.1) 2454 (68.5)

   1 631 (5.8) 971 (27.1)    1 853 (7.9) 1129 (31.5)

Mood <0.001 MemoryFunction <0.001

   0 10644 (98.6) 3316 (92.5)    0 10112 (93.7) 2703 (75.4)

   1 146 (1.4) 267 (7.5)    1 678 (6.3) 880 (24.6)

MedicalConstipation <0.001 EmotionalFunction <0.001

   0 9734 (90.2) 1628 (45.4)    0 10660 (98.8) 3351 (93.5)

   1 1056 (9.8) 1955 (54.6)    1 130 (1.2) 232 (6.5)

MuscleForce <0.001 RiskOfFall <0.001

   0 10341 (95.8) 2780 (77.6)    0 10457 (96.9) 3102 (86.6)

   1 449 (4.2) 803 (22.4)    1 333 (3.1) 481 (13.4)

Table 2.  Characteristics of the study dataset.
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fourth most frequently occurring factor was “MasticatoryFunction=1”, which appeared consistently in all three 
folds. This demonstrated that there was a substantial possibility that impairments in medical constipation, sleep, 
motor function, and masticatory function serve as risk factors for CHD. Furthermore, all these rules had lifts 
significantly greater than 1, indicating that individuals were more likely to develop CHD if they experienced 
malfunctions in these four areas.

Additionally, “Gender=2” was presented in all three folds, though with relatively low frequencies (11.05%, 
13.15%, and 14.92%). This suggested that females in our dataset may have a higher likelihood of developing 
CHD compared to males. However, this could also be due to the fact that there were more females than males 
in the dataset.

From the experience of26, the relation network graphs of top 20 rules, sorted by confidence, for each fold 
were displayed in Figure 2-4 to exhibit the rules more intuitively. Each circle represented a rule, with larger 
circles indicating higher confidence levels. The intensity of the red color reflected the lift, with darker shades 
signifying greater lift values. Factors positioned closer to the center were more frequently occurring, while those 
located further from the center were less common. Among the top 20 confident rules, malfunctions in Medical 
Constipation, Sleep, Motor Function, and Masticatory Function were most strongly associated with having 
CHD, as evidenced by their positions being relatively close to the center.

Finally, the values of support, confidence, and lift were calculated on the validation data set for every 
discovered significant rules in Table 3. The validation results, displayed in Figure 5, reveal that all association 
rules satisfying the thresholds of support ≥ 0.1, confidence ≥ 0.85, and lift ≥ 1.7 demonstrate robust predictive 
power for identifying key risk factors related to HRQoL in CHD patients. These thresholds of support and 
confidence align with those used during the training phase, ensuring consistency in rule evaluation. The lift 
values exceeding 1.7 indicate that the rules significantly outperform random association, highlighting their 
practical relevance.

Folds Rules Support % Confidence % Lift

1

{MedicalConstipation=1, Sleep=1, MasticatoryFunction=1,
RiskOfFall=0} => CHD=1 11.19 90.60 1.81

{MedicalConstipation=1, Sleep=1, MasticatoryFunction=1,
MotorFunction=1, RiskOfFall=0} => CHD=1 10.37 90.54 1.81

{Breath=0, Mood=0,MedicalConstipation=1, Sleep=1,
MasticatoryFunction=1} => CHD=1 10.74 90.48 1.81

{Consciousness=0,MedicalConstipation=1, Sleep=1,
MasticatoryFunction=1, RiskOfFall=0} => CHD=1 10.83 90.44 1.81

{MedicalConstipation=1, Sleep=1,Dehydration=0,
MasticatoryFunction=1,RiskOfFall=0} => CHD=1 10.54 90.44 1.81

··
·

··
·

··
·

··
·

{Consciousness=0,HeartBeat=0,BloodPressure=0, Sleep=1, MotorFunction=1} => CHD=1 15.78 85 1.70

2

{MedicalConstipation=1, Sleep=1, MotorFunction=1, LanguageFunction=0, EmotionalFunction=0} => CHD=1 10.34 89.19 1.78

{MedicalConstipation=1,Sleep=1, MotorFunction=1,
LanguageFunction=0} => CHD=1 10.74 88.97 1.78

{Consciousness=0, MedicalConstipation=1, Sleep=1,
MotorFunction=1, LanguageFunction=0} => CHD=1 10.69 88.93 1.78

{MedicalConstipation=1, Sleep=1, SensoryFunction=0,
MotorFunction=1, LanguageFunction=0} => CHD=1 10.17 88.90 1.77

{MedicalConstipation=1, Sleep=1, Dehydration=0, MotorFunction=1, LanguageFunction=0} => CHD=1 10.54 88.90 1.77

··
·

··
·

··
·

··
·

{Consciousness=0,MasticatoryFunction=1,
CognitiveFunction=0, MotorFunction=1, RiskOfFall=0,
} => CHD=1

11.84 85 1.70

3

{MedicalConstipation=1, Sleep=1, MasticatoryFunction=1,
MotorFunction=1, RiskOfFall=0} => CHD=1 10.37 90.17 1.80

{MedicalConstipation=1, Sleep=1, MasticatoryFunction=1,
RiskOfFall=0} => CHD=1 11.19 89.93 1.79

{Consciousness=0, MedicalConstipation=1, Sleep=1,
MasticatoryFunction=1, RiskOfFall=0} => CHD=1 10.83 89.74 1.79

{MedicalConstipation=1, Sleep=1, MasticatoryFunction=1,
EmotionalFunction=0} => CHD=1 10.83 89.51 1.79

{MedicalConstipation=1, Sleep=1, Dehydration=0,
MasticatoryFunction=1, RiskOfFall=0} => CHD=1 10.54 89.49 1.79

··
·

··
·

··
·

··
·

{Consciousness=0, Breath=0, Sleep=1, Dehydration=0, MotorFunction=1 } => CHD=1 19.47 85 1.70

Table 3.  List of all significant rules (ordered by confidence) for the sick condition.
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Association rules for the healthy condition
For the healthy condition, a total of 5789, 5180, and 5454 significant rules were identified for the training data 
of Fold1, Fold2, and Fold3, respectively. Table 5 listed significant rules. It is evident that the healthy condition 
was predominately associated with normal factors as well as the EducationLevel. The occurrence frequencies 
of factors were presented in Table 6. The top five most frequently occurring factors were “MotorFunction=0”, 
“Sleep=0”, “EducationLevel=3”, “MedicalConstipation=0”, and “MasticatoryFunction=0”, although their order 
varied across the three folds. However, “MasticatoryFunction=0” was positioned outside the center in the 
relation network graphs of the top 20 rules, sorted by confidence, as displayed in Figure 6-8.

Consistent with the rules for the sick condition, normal status for medical constipation, sleep, motor function, 
and masticatory function were strongly correlated with a lower risk of CHD. Additionally, “EducationLevel=3” 
frequently appeared in the significant rules in Table 6. This indicated that elderly individuals with a junior high 
school education were more likely to be free from CHD. According to the dataset, the most common education 
level was junior high school among individuals aged 60-80, while the most common education level was illiteracy 
among those aged > 80. Younger individuals had a lower proportion of CHD, whereas older individuals had a 
higher proportion. This resulted in people with a junior high school education being more likely to be free from 
CHD.

Finally, the validation results, presented in Figure 9, show that all association rules meeting the thresholds of 
support ≥ 0.1, confidence ≥ 0.85, and lift ≥ 1.7 exhibit strong predictive power in identifying key risk factors 
associated with HRQoL in the healthy condition.

We also conducted a sensitivity analysis by dividing the data into subgroups based on gender and age. The 
identified risk factors for CHD were consistent across both females and males. There were minimal variations 
among the age-based subgroups. Further details are provided in the Supplementary Materials.

Discussion
In this study, the data mining techique, ARM, was used to uncover hidden patterns and network associations 
between psychological and physical disorders affecting the HRQoL of individuals with CHD. Unlike most of the 
existing literature, which predominantly focuses on clinical factors such as biomarkers and medical history, our 
analysis shifts the emphasis to HRQoL factors. By analyzing real-world data collected through comprehensive 
questionnaire surveys, we aimed to identify non-clinical, HRQoL factors that influence patient outcomes, 
offering a more comprehensive view of how chronic conditions like CHD affect overall well-being, beyond 
traditional clinical measures.

Fold1 (4107 rules) Fold2 (2457 rules) Fold3 (3793 rules)

MedicalConstipation=1 2681(65.28%) MedicalConstipation=1 1627(66.22%) MedicalConstipation=1 2640(69.60%)

Sleep=1 1724(41.98%) MotorFunction=1 1322(53.81%) Sleep=1 1530(40.34%)

MotorFunction=1 1562(38.03%) Sleep=1 1033(42.04%) MotorFunction=1 1414(37.28%)

MasticatoryFunction=1 1034(25.18%) MasticatoryFunction=1 625(25.44%) MasticatoryFunction=1 929(24.49%)

RiskOfFall=0 1033(25.15%) Consciousness=0 585(23.81%) Consciousness=0 915(24.12%)

Consciousness=0 1024(24.93%) EmotionalFunction=0 565(23.00%) EmotionalFunction=0 886(23.36%)

Dehydration=0 973(23.69%) LanguageFunction=0 549(22.34%) Dehydration=0 878(23.15%)

SwallowingFunction=0 931(22.67%) Dehydration=0 531(21.61%) SwallowingFunction=0 849(22.38%)

Mood=0 888(21.62%) Nurition=0 497(20.23%) Mood=0 815(21.49%)

EmotionalFunction=0 867(21.11%) SwallowingFunction=0 495(20.15%) Nurition=0 798(21.04%)

SensoryFunction=0 831(20.23%) RiskOfFall=0 434(17.66%) SensoryFunction=0 724(19.09%)

Nurition=0 771(18.77%) SensoryFunction=0 421(17.13%) BloodPressure=0 718(18.93%)

Breath=0 735(17.90%) Mood=0 410(16.69%) RiskOfFall=0 704(18.56%)

BloodPressure=0 629(15.32%) CognitiveFunction=0 395(16.08%) Breath=0 618(16.29%)

HeartBeat=0 464(11.30%) Breath=0 365(14.86%) Pain=0 576(15.19%)

Gender=2 454(11.05%) Gender=2 323(13.15%) Gender=2 566(14.92%)

LanguageFunction=0 450(10.96%) MemoryFunction=0 313(12.74%) LanguageFunction=0 487(12.84%)

Pain=0 426(10.37%) SocialFunction=1 262(10.66%) CognitiveFunction=0 348(9.17%)

SocialFunction=1 401(9.76%) MuscleForce=0 260(10.58%) SocialFunction=1 332(8.75%)

MuscleForce=0 358(8,72%) BloodPressure=0 181(7.37%) HeartBeat=0 325(8.57%)

MemoryFunction=0 319(7.77%) HeartBeat=0 137(5.58%) MemoryFunction=0 243(6.41%)

CognitiveFunction=0 318(7.74%) Pain=0 76(3.09%) MuscleForce=0 207(5.46%)

SocialFunction=0 43(1.05%) SocialFunction=0 38(1.55%) SocialFunction=0 48(1.27%)

MemoryFunction=1 7(0.17%) MemoryFunction=1 4(0.11%)

CognitiveFunction=1 4(0.10%) MuscleForce=1 4(0.11%)

MuscleForce=1 2(0.05%)

Table 4.  Frequency of factors appearing in rules under the sick condition.
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Fig. 3.  Visulization of top 20 rules (sorted by confidence) for the sick condition in Fold 2.

 

Fig. 2.  Visulization of top 20 rules (sorted by confidence) for the sick condition in Fold 1. Each circle in 
the plot corresponds to a specific rule, with its size representing the confidence level-larger circles indicate 
higher confidence. The color intensity, ranging from light to dark red, reflects the lift value, with darker shades 
indicating a higher lift. Factors positioned near the center of the plot are more commonly observed, while 
those further from the center are less frequently occurring.
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The results of the ARM technique applied to both the sick and healthy conditions provide significant insights 
into the factors associated with CHD in the dataset. The findings revealed that specific abnormal symptoms of 
medical constipation, sleep, motor function, and masticatory function consistently act as strong risk factors 
for CHD. These abnormal symptoms were prevalent across the significant rules for the sick condition, with 
high confidence and lift values. For the healthy condition, the results emphasize the protective role of normal 
functioning in these four factors. Individuals exhibiting normal levels in these areas were consistently found to 
be at a lower risk of CHD. These results together indicated a clear association between malfunctions in these 
areas and an increased likelihood of developing CHD.

Individuals with CHD often experience fatigue, which can affect their physical activity levels and overall 
motor function27. Symptoms of CHD, such as chest pain or discomfort, can interfere with a person’s ability 
to fall asleep or stay asleep. A prospective cohort study revealed that both short sleep duration and poor sleep 
quality are associated with the risk of CHD28. People with CHD may alter their diet to manage their condition, 
potentially leading to changes in bowel habits. For example, a diet low in fiber might contribute to constipation. 
Reduced physical activity due to fatigue or other symptoms of CHD can also impact gastrointestinal function 
and contribute to constipation29. Although the correlation between abnormal masticatory function and CHD 
is relatively lower than other three factors, it remains significant. Despite limited literature on this association, 
recent findings from the Suita study suggested that reduced maximum bite force-a key indicator of masticatory 
function-may be a risk factor for cardiovascular disease30. This highlights the importance of masticatory function 
as a potential but under-explored risk factor for CHD, warranting further investigation.

Based on these findings, clinicians may consider incorporating targeted interventions to address these risk 
factors in individuals at risk of or diagnosed with CHD. Firstly, bowel movement frequency may represent a 
simple quantifiable indicator of adequate colonic function31. Especially, elderly people often face with increased 
stiffness and reduced sensation in the colon and rectum, as well as long term medication32. Some health 
strategies like scientific dietary structure, intervention-specific in gut microbiota, medication management, 
exercise therapy (Qigong, walking, physical movement, etc) can be considered33–35. Secondly, a large prospective 
study provided a healthy sleep pattern, included early chronotype, sleep 7-8h per day, never or rarely insomnia, 
no snoring, and no frequent excessive daytime sleepiness36. Early identification and treatment of some specific 
disease, like obstructive sleep apnea (OSA) and central sleep apnea (CSA), are also important in the intervention 
for CHD related sleep disorders37. Thirdly, a clustering study revealed that middle-aged individuals with poor 
oral health and severely impaired masticatory capacity have more than twice the risk of incident CHD than 
those with optimal oral health and preserved masticatory capacity38. A similar study by39 found that ⩾ 1 tooth 
brushing per day or ⩾ 1 regular dental visit for professional cleaning per year reduced cardiovascular risk by 
9% and 14%, respectively.40 conducted a program included preparatory oral exercises, mouth-opening training, 
tongue pressure training, prosodic training, and masticatory training, and observed significant improvements 
in the intervention group in terms of articulatory oral motor skill. These findings suggest that adherence to daily 
oral hygiene, and carry out targeted oral training interventions may be an effective way to reduce the risk of 
cardiovascular disease.

Fig. 4.  Visulization of top 20 rules (sorted by confidence) for the sick condition in Fold 3.
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Policy recommendations could include the development of public health programs that raise awareness about 
the importance of sleep, gastrointestinal health, and motor function, particularly among elderly populations. 
Policymakers could also consider implementing policies that support access to preventive care, such as nutrition 
counseling, sleep clinics, and rehabilitation services, to reduce the burden of chronic diseases like CHD.

The analysis also revealed that gender plays a role in the occurrence of CHD. Females appeared more likely 
to develop CHD compared to males, although this result may be skewed by the gender distribution in the 
dataset, where females were more prevalent. Previous studies suggested potential mechanisms for a higher risk 
of CHD in women.41 found that women have more of the stress-related behavioral profile that has been linked 
to cardiovascular disease than men. For example, depression and posttraumatic stress disorder (PTSD). Women 
also performed worse in secondary prevention of CHD, such as lifestyle changes and standard medication 
treatment. In addition, risk factor management is less in women than men, and that sex differences varied by 
region42,43.

Additionally, education level was a key demographic factor, with individuals holding a junior high school 
education more likely to be free from CHD. This correlation was likely influenced by age: younger individuals 
(60-80 years old) with this education level had lower CHD rates, while older individuals (over 80) often had 
lower education and higher CHD rates. This suggested that higher education may be linked to better health 
outcomes, potentially through increased health literacy and access to resources. A mendelian randomisation 
study found that longer education was additionally associated with less smoking, lower body mass index, and 
a favourable blood lipid profile, indicated that higher education level helps to develop a healthy lifestyle and is 
also beneficial for self-management. These potential effects reduce the risk of CHD occurrence44. Notably, this 
phenomenon may not be restricted to CHD; elderly individuals with a relatively higher education level may have 
a lower risk of various diseases.

This study has two main limitations. First, the cross-sectional observational design does not permit evaluation 
of how symptoms related to HRQoL change over time. Second, while combining the entire sick population with 
subsets of the healthy population creates more meaningful and diverse association rules for both classes, it may 
result in the loss of some original context or patterns present in the data before partitioning.

Fig. 5.  The validation results for the sick condition, with the x-axis representing support and the y-axis 
representing confidence. The intensity of the color corresponds to the lift value.

 

Scientific Reports |        (2025) 15:11473 10| https://doi.org/10.1038/s41598-025-95046-2

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Fold1 (5789 rules) Fold2 (5180 rules) Fold3 (5454 rules)

MotorFunction=0 4334(74.87%) MotorFunction=0 3965(76.54%) MotorFunction=0 4150(76.09%)

EducationLevel=3 2802(48.40%) Sleep=0 2601(50.21%) Sleep=0 2670(48.95%)

Sleep=0 2725(47.07%) EducationLevel=3 2446(47.22%) EducationLevel=3 2575(47.21%)

MedicalConstipation=0 2004(34.62%) MedicalConstipation=0 1734(33.47%) MedicalConstipation=0 1856(34.03%)

MasticatoryFunction=0 1393(24.06%) MasticatoryFunction=0 1295(25.00%) MasticatoryFunction=0 1338(24.53%)

Pain=0 1064(18.38%) Pain=0 1036(20.00%) Pain=0 1054(19.33%)

BloodPressure=0 942(16.27%) BloodPressure=0 890(17.18%) BloodPressure=0 912(16.72%)

SocialFunction=0 907(15.67%) MemoryFunction=0 853(16.47%) MemoryFunction=0 868(15.91%)

HeartBeat=0 902 (15.58%) RiskOfFall=0 816(15.75%) SocialFunction=0 851(15.60%)

RiskOfFall=0 888(15.34%) SocialFunction=0 801(15.46%) RiskOfFall=0 843(15.46%)

MemoryFunction=0 884(15.27%) HeartBeat=0 7791(15.27%) HeartBeat=0 834(15.29%)

CognitiveFunction=0 858(14.82%) CognitiveFunction=0 723(13.96%) CognitiveFunction=0 786(14.41%)

LanguageFunction=0 837(14.46%) Mood=0 722(13.94%) Mood=0 770(14.12%)

MuscleForce=0 824(14.23%) MuscleForce=0 711(13.73%) LanguageFunction=0 755(13.84%)

Breath=0 789(13.63%) Breath=0 710(13.71%) MuscleForce=0 754(13.82%)

Mood=0 789(13.63%) LanguageFunction=0 700(13.51%) Nurition=0 742(13.60%)

Nurition=0 780(13.47%) Nurition=0 678(13.09%) Breath=0 741(13.59%)

SensoryFunction=0 761(13.15%) SensoryFunction=0 638(12.32%) EmotionalFunction=0 686(12.58%)

EmotionalFunction=0 751(12.97%) EmotionalFunction=0 633(12.22%) SensoryFunction=0 686(12.58%)

SwallowingFunction=0 736(12.71%) Dehydration=0 610(11.78%) Dehydration=0 658(12.06%)

Dehydration=0 733(12.66%) SwallowingFunction=0 602(11.62%) SwallowingFunction=0 651(11.94%)

Consciousness=0 723(12.49%) Consciousness=0 591(11.41%) Consciousness=0 639(11.72%)

Gender=1 518(8.95%) Gender=1 487(9.40%) Gender=1 513(9.41%)

Gender=2 167(2.88%) Gender=2 197(3.80%) Gender=2 213(3.91%)

Table 6.  Frequency of factors appearing in rules under the healthy condition.

 

Fold Rule Support % Confidence % Lift

1

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MasticatoryFunction=0, MotorFunction=0} => CHD=0 12.77 95.82 1.92

{EducationLevel=3, Pain=0, MedicalConstipation=0, Sleep=0, MotorFunction=0} => CHD=0 12.74 95.48 1.91

{EducationLevel=3, HeartBeat=0, MedicalConstipation=0, Sleep=0, MotorFunction=0} => CHD=0 12.80 95.39 1.91

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MotorFunction=0, MemoryFunction=0} => CHD=0 12.78 95.27 1.91

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MotorFunction=0, RiskOfFall=0} => CHD=0 12.75 95.26 1.91
··

·

··
·

··
·

··
·

{Consciousness=0, HeartBeat=0, MasticatoryFunction=0, MotorFunction=0, SocialFunction=0 } => CHD=0 40.08 85.00 1.70

2

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MasticatoryFunction=0, MotorFunction=0} => CHD=0 12.04 95.58 1.92

{EducationLevel=3, Pain=0, MedicalConstipation=0, Sleep=0, MotorFunction=0} => CHD=0 12.04 95.23 1.91

{EducationLevel=3, HeartBeat=0, MedicalConstipation=0, Sleep=0, MotorFunction=0} => CHD=0 12.07 95.12 1.91

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MotorFunction=0, RiskOfFall=0} => CHD=0 12.07 95.01 1.90

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MotorFunction=0, MemoryFunction=0} => CHD=0 12.06 95.00 1.90

··
·

··
·

··
·

··
·

{Breath=0, Mood=0, MedicalConstipation=0, MotorFunction=0, SocialFunction=0} => CHD=0 39.46 85.00 1.70

3

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MasticatoryFunction=0, MotorFunction=0} => CHD=0 12.23 95.64 1.92

{EducationLevel=3, Pain=0, MedicalConstipation=0, Sleep=0, MotorFunction=0} => CHD=0 12.27 95.31 1.91

{EducationLevel=3, HeartBeat=0, MedicalConstipation=0, Sleep=0, MotorFunction=0} => CHD=0 12.27 95.20 1.91

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MotorFunction=0, MemoryFunction=0} => CHD=0 12.27 95.08 1.91

{EducationLevel=3, MedicalConstipation=0, Sleep=0, MotorFunction=0, RiskOfFall=0} => CHD=0 12.27 95.08 1.91

··
·

··
·

··
·

··
·

{EducationLevel=3, MedicalConstipation=0, SocialFunction=0, EmotionalFunction=0, RiskOfFall=0} => CHD=0 12.63 85.00 1.70

Table 5.  List of significant rules (ordered by confidence) for the healthy condition.
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Fig. 7.  Visulization of top 20 rules for the healthy condition in Fold 2.

 

Fig. 6.  Visulization of top 20 rules for the healthy condition in Fold 1.
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Conclusions
Abnormal symptoms of medical constipation, sleep disturbances, motor function impairments, and masticatory 
function are identified as strong risk factors related to HRQoL for elderly patients with CHD. Gender and 
education level may also affect the likelihood of developing CHD in our dataset. Association rule analysis is 
effective in identifying the important HRQoL risk factors in elderly patients with CHD. The results suggest that 
early detection and management of these four symptoms could be crucial in reducing the disease burden and 
improving outcomes.

On the one hand, medical constipation, sleep issues, and motor function impairments are frequently discussed 
independently in existing literature. By applying ARM and validating the results across multiple subsets, we 
were able to uncover a clearer, more nuanced understanding of how these factors interact and contribute to the 
HRQoL of elderly individuals with CHD. On the other hand, the relationship between masticatory function 
and CHD remains less explored. Our study encourages further research into this area to better understand the 
potential impact of masticatory function on CHD risk, particularly in elderly populations.

Overall, this research offers a step toward refining the risk profile for CHD-related HRQoL and can guide 
targeted interventions aimed at improving the quality of life for this vulnerable group. Future studies could 
further explore the causal effect of these risk factors using panel data and investigate interventions aimed at 
mitigating the identified risks.

Fig. 8.  Visulization of top 20 rules for the healthy condition in Fold 3.
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Data availability
The datasets analyzed during the current study are available from the corresponding author on reasonable re-
quest.
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