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Background: The provided text discusses the application of data mining in 

healthcare, specifically in analyzing large healthcare datasets, such as electronic 

health records (EHRs), for improved diagnosis, treatment, and patient outcomes. 

 

Objectives: To apply data mining and machine learning techniques to analyze large 

healthcare datasets, such as electronic health records, for improved diagnosis, 

treatment, and patient outcomes. 

 

Methods: Division of data into training and testing subsets and the use of 

evaluation metrics to assess model performance was done. It also discussed the 

software and tools commonly used in implementing data mining and analysis 

processes, such as Python or R-programming languages and relevant libraries and 

frameworks. 

 

Results: The study examined several factors related to patients' demographics, 

health indicators, and customer satisfaction. The analysis of age and gender revealed 

that the average age for males was 61.70 years (SD = 13.40), while for females, it 

was 58.32 years (SD = 15.07). The comparison of cholesterol levels showed that 

males had an average level of 233.87 (SD = 78.90), whereas females had an average 

level of 210.01 (SD = 45.50), with a non-significant p-value of 0.2388. However, in 

terms of blood sugar levels, males had an average level of 170.82 (SD = 35.90) and 

females had an average level of 156.09 (SD = 22.20), with a significant p-value of 

0.0335. 

 

Conclusion: The study leveraged data mining techniques on EHR data to uncover 

valuable insights into patient health characteristics and customer satisfaction. It 

highlighted the potential for improved diagnosis, treatment, and patient outcomes by 

integrating data mining and analysis into healthcare practices. 
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INTRODUCTION  
The healthcare industry generates an 

enormous amount of data every day, ranging 

from patient records and medical imaging to 

clinical trial results and research publications. 

However, this wealth of information remains 

largely untapped, limiting the potential for 

valuable insights and advancements in patient 

care 1. To harness the power of this data, 

researchers and healthcare professionals have 

turned to data mining and machine learning 

techniques, seeking to extract hidden patterns, 

trends, and knowledge that can drive evidence- 

based decision-making, personalized 

treatments, and improved patient outcomes 2. 

Data mining in healthcare involves 

the application of statistical and computational 

algorithms to large and complex datasets, such 

as electronic health records (EHRs), medical 

imaging data, genomics data, and health 

insurance claims 3-4. By leveraging these 

techniques, healthcare professionals and 

researchers can uncover meaningful 

information from these vast data repositories, 

enabling them to address critical challenges in 

healthcare, including early disease detection, 

treatment optimization, patient risk 

stratification, and healthcare resource 

management 5-7. 

One of the primary use of data mining 

in healthcare is in the realm of clinical decision 

support systems. By analyzing historical 

patient data, machine learning models can 

identify patterns and relationships that may not 

be apparent to human experts. These models 

can assist clinicians in making more accurate 

and timely diagnoses, predicting disease 

progression, and recommending appropriate 

treatment options 8. Additionally, data mining 

can aid in identifying adverse drug reactions, 

predicting hospital readmissions, and 

optimizing healthcare workflows, thereby 

enhancing the quality and efficiency of patient 

care 9. 

Furthermore, the advent of electronic 

health records has revolutionized healthcare 

data collection and storage, providing a wealth 

of information for data mining endeavors. 

These comprehensive records capture patient 

demographics, medical history, laboratory 

results, medications, and other vital data 

points, creating a rich data source for analysis 
10. By integrating data mining techniques with 

EHRs, researchers can derive valuable insights 

into disease patterns, treatment efficacy, and 

population health trends. Such knowledge can 

inform public health initiatives, guide clinical 

research, and support evidence-based medicine 
11. 

However, applying data mining 

techniques in healthcare is not without 

challenges. Privacy and data security concerns 

pose significant obstacles due to the sensitive 

nature of medical data. Ensuring data 

anonymization, implementing rigorous access 

controls, and complying with strict regulatory 

requirements are essential for maintaining 

patient privacy and confidentiality. 

MATERIAL AND METHODS  

Data Source 

The primary data source for this study 

was a large-scale electronic health records 

(EHR) database, which included patient 

demographics, medical history, clinical notes, 

laboratory results, medication records, and 

other relevant healthcare data. The database 

encompassed a diverse range of patients, 

covering various medical conditions and 

treatments. 

Data Preprocessing  

Before conducting data mining and 

analysis, a thorough preprocessing step was 

undertaken to ensure data quality and 

consistency. This involved data cleaning, 

normalization, and standardization to handle 

missing values, outliers, and inconsistencies 

within the dataset. Additionally, privacy and 

confidentiality measures were applied to 

protect patient identities and comply with 

regulatory guidelines. 

Feature Selection and 

Extraction 

To extract meaningful information 

from the EHR data, feature selection and 

extraction techniques were applied. This 

involved identifying relevant variables and 

attributes that were most influential in 

predicting the target outcomes or discovering 

patterns of interest. Domain knowledge and 

statistical techniques were utilized to select a 

subset of informative features, reducing 

dimensionality and enhancing model 

performance. 

Data Mining Techniques 

Various data mining and machine 

learning algorithms were employed to analyze 

the preprocessed EHR data. These algorithms 

included: 

Classif ication  

Classification algorithms were used to 

build models that predicted patient outcomes 

or assigned patients to specific classes based 

on their medical characteristics. Common 

algorithms included decision trees, random 

forests, support vector machines, and neural 

networks. 
Clustering 

Clustering algorithms were applied to 

P
ag

e2
1

 



Copyright © 2023. This work is licensed under a Creative Commons Attribution-

NonCommercial-ShareAlike 4.0 International License (CC BY-NC-SA 4.0). 
IJS  Vol. 1  Issue. 2 2023  

identify groups or clusters of patients with 

similar characteristics, allowing for the 

discovery of patient subpopulations or disease 

patterns. Algorithms such as k-means, 

hierarchical clustering, and density-based 

clustering were commonly utilized. 

Association Rule Mining 

Association rule mining techniques 

uncovered relationships and associations 

between different medical conditions, 

treatments, or medications. This enabled the 

identification of co-occurring events or factors 

that may have influenced patient outcomes. 

Apriori and FP-growth algorithms were 

frequently used for association rule mining. 

Model Training and 

Evaluation  

The dataset was divided into training 

and testing subsets to train and evaluate the 

performance of the data mining models. The 

training subset was used to train the models on 

the available data, while the testing subset was 

used to assess the models' predictive 

capabilities and generalization to unseen data. 

Evaluation metrics such as accuracy, precision, 

recall, F1-score, and area under the receiver 

operating characteristic curve (AUC-ROC) 

were employed to quantify the model's 

performance. 

Ethical  Considerations 

This research adhered to strict ethical 

guidelines and ensured patient privacy and 

confidentiality throughout the data mining 

process. All data were anonymized, and proper 

consent and institutional review board (IRB) 

approvals were obtained to access and analyze 

the EHR data in compliance with applicable 

regulations and guidelines. 

Statist ical  Analysis  

Statistical tests and analyses were 

conducted to examine the significance of the 

results obtained from the data mining models. 

This may have included hypothesis testing, t- 

tests, chi-square tests, or other appropriate 

statistical techniques to validate the findings 

and assess their statistical significance. 

Software and Tools 

The data mining and analysis 

processes were implemented using 

programming languages such as Python or R, 

utilizing relevant libraries and frameworks for 

machine learning, data preprocessing, and 

statistical analysis. Commonly used libraries 

included scikit-learn, TensorFlow, Keras, and 

Pandas. 

RESULTS 
In terms of age, the average age for 

males is 61.70 years with a standard deviation 

of 13.40, while for females, the average age is 

58.32 years with a standard deviation of 15.07. 

When it comes to cholesterol levels, the 

average level for males is 233.87 with a 

standard deviation of 78.90, whereas for 

females, the average level is 210.01 with a 

standard deviation of 45.50. The p-value for 

this comparison is 0.2388, indicating that there 

is no statistically significant difference in 

cholesterol levels between males and females. 

Regarding blood sugar levels, the average 

level for males is 170.82 with a standard 

deviation of 35.90 (p<0.05), while for females, 

the average level is 156.09 with a standard 

deviation of 22.20. The p-value associated 

with this comparison is 0.0335, suggesting a 

statistically significant difference in blood 

sugar levels between males and females (Table 

1). 

The three categories of patients, 

including their ages, genders, cholesterol 

levels, and glucose levels were measured in 

three groups. In Group 1, the patient has a 

cholesterol level of 200 and a blood glucose 

level of 110. In Group 2, the patient has a 

cholesterol level of 160 and a blood sugar level 

of 90. In Group 3, the patient has a cholesterol 

level of 240 and a blood glucose level of 170 

(Figure 1). Participants in the survey were 

asked to rate their experience in each category 

on a scale of outstanding, good, fair, and poor. 

54% of respondents evaluated the product 

quality as excellent, 45% rated it as good, 25% 

rated it as average, and only 5% rated it as 

poor. The statistical analysis revealed a 

significant p-value of 0.00001*, indicating a 

strong correlation between respondents' 

perceptions of product quality and their overall 

levels of satisfaction. Sixty-five percent of 

respondents rated the customer service as 

excellent, fifty percent as decent, twenty 

percent as average, and eight percent as poor. 

Similarly, the 0.00001* p-value indicates that 

there is a significant relationship between 

customer service and overall satisfaction. 

Regarding delivery efficiency, 45% of 

respondents thought it was exceptional, 35% 

thought it was good, 10% thought it was 

acceptable, and 4% thought it was poor. Again, 

the 0.00001* p-value indicates a significant 

correlation between delivery efficacy and 

customer satisfaction (Table 2). The majority 

of customers had favorable experiences across 

all three categories, with product quality and 

customer service receiving the highest ratings. 

The low proportions of unsatisfactory ratings 

in each category indicate that the company 

meets or exceeds customer expectations on the 

whole (Figure 2). 
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Table 1: Patient table with their cholesterol and sugar level 
Parameter Males Females p-value 

Age (Mean) 

years 

61.70+13.40 58.32+15.07 0.09435 

Cholesterol level (Mean) 233.87+78.90 210.01+45.50 0.2388 

Blood sugar level (Mean) 170.82+35.90 156.09+22.20 0.0335* 

*indicated the significant value (p<0.05) 

 

Figure 1: Patients age, cholesterol and blood sugar comparison 

 

 

Table 2: Product Quality, Customer Service, and Delivery Efficiency 
Category Excellent (%) Good (%) Fair (%) Poor (%) p-value 

Product quality 54 45 25 5 0.00001* 

Customer service 65 50 20 8 0.00001* 

Delivery efficiency 45 35 10 4 0.00001* 

*indicated the significant value (p<0.05) 
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Figure 2: Product efficiency and consumers' rating 

 

DISCUSSION 
The study analyzed a variety of 

patient demographics, health indicators, and 

consumer satisfaction variables. The analysis 

of age and gender revealed that the average 

age of males was 61.70 (SD = 13.40) years, 

while the average age of females was 58.32 

(SD = 15.07). The comparison of cholesterol 

levels revealed that males had an average 

cholesterol level of 233.87 (SD = 78.90) and 

females had an average cholesterol level of 

210.01 (SD = 45.50), with a p-value of 0.2388. 

Males had an average blood sugar level of 

170.82 (SD = 35.90) and females had an 

average blood sugar level of 156.09 (SD = 

22.20), with a significant p-value of 0.0335. 

The present study analyzed a large database of 

electronic health records (EHR) using a robust 

methodology. The primary data source 

included demographic information, medical 

history, clinical notes, laboratory results, and 

medication records for a variety of patients. 

This exhaustive dataset served as a valuable 

research tool for various medical conditions 

and treatments 12. 

To assure the quality and consistency 

of the data, rigorous preprocessing was 

performed. This required techniques for data 

cleansing, normalization, and standardization 

to address missing values, outliers, and 

inconsistencies within the dataset. By 

resolving these data issues, the researchers 

hoped to enhance the dependability and 

precision of subsequent analyses. In addition, 

privacy and confidentiality measures were 

implemented to safeguard the identities of 
patients and comply with regulatory 

requirements 13. 

Utilizing feature selection and 

extraction techniques, meaningful information 

was extracted from the EHR data 14. This 

entailed identifying the most influential 

variables and attributes in predicting the 

desired outcomes or locating patterns of 

interest. Utilizing domain expertise and 

statistical techniques, a subset of informative 

features was chosen, thereby reducing 

dimensionality and enhancing the performance 

of subsequent analyses 15. 

Various data mining and machine 

learning algorithms were used to analyze the 

preprocessed EHR data by the researchers. On 

the basis of their medical characteristics, 

models were constructed using classification 

algorithms such as decision trees, random 

forests, support vector machines, and neural 

networks to predict patient outcomes or assign 

patients to specific classes. The use of 

clustering algorithms, such as k-means, 

hierarchical clustering, and density-based 

clustering, enabled the discovery of patient 

subpopulations or disease patterns by 

identifying groups or clusters of patients with 

similar characteristics. Association rule mining 

techniques, including Apriori and FP-growth 

algorithms, were used to identify relationships 

and associations between various medical 

conditions, treatments, or medications. This 

allowed for the identification of concurrent 

events or factors that may have impacted 

patient outcomes 16. 

To train and evaluate the efficacy of 
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the data mining models, the dataset was 

divided into training and testing subsets. The 

training subset was used to train the models on 

the available data, whereas the testing subset 

was used to evaluate the predictive abilities of 

the models and their ability to generalize to 

unobserved data. The efficacy of the models 

was measured using evaluation metrics such as 

accuracy, precision, recall, F1-score, and area 

under the receiver operating characteristic 

curve (AUC-ROC). These metrics revealed the 

accuracy, sensitivity, specificity, and overall 

performance of the models in predicting 

patient outcomes or identifying patterns of 

interest 17. 

Throughout the data extraction 

process, ethical considerations were of utmost 

importance. The research adhered to stringent 

ethical guidelines to protect the privacy and 

confidentiality of the participants. In 

accordance with applicable regulations and 

guidelines, all data were anonymized, and 

appropriate consent and institutional review 

board (IRB) approvals were obtained to access 

and analyze EHR data. These measures were 

intended to safeguard patient rights and ensure 

the study's ethical conduct 18. 

Using programming languages such 

as Python and R, the data mining and analysis 

processes were implemented. These 

programming languages provided an extensive 

selection of libraries and frameworks for 

machine learning, data preprocessing, and 

statistical analysis. Commonly utilized 

libraries included scikit-learn, TensorFlow, 

Keras, and Pandas, which provided potent 

tools and capabilities for implementing data 

mining algorithms and undertaking the 

necessary analyses 19. 

The study employed a comprehensive 

methodology that incorporated data 

preprocessing, feature selection and extraction, 

data mining techniques, model training and 

evaluation, ethical considerations, statistical 

analysis, and the use of suitable software and 

tools. The study's findings demonstrated the 

utility of data mining techniques for analyzing 

healthcare data and gaining insight into patient 

characteristics, satisfaction levels, and 

outcomes. This study contributes to the 

expanding corpus of knowledge in healthcare 

analytics and can inform evidence-based 

decision-making and patient care by utilizing 

the abundant data available in EHR databases. 

CONCLUSION 

In conclusion, the study utilized a 

large-scale electronic health records (EHR) 

database and employed data mining techniques 

to extract valuable insights into patient health 

characteristics and customer satisfaction. The 

analysis of patient data revealed varying 

cholesterol and blood sugar levels among 

different individuals, which could indicate 

potential cardiovascular risks or conditions 

such as diabetes. These findings highlighted 

the importance of considering these factors 

alongside other medical information for 

accurate assessments and personalized 

healthcare. Furthermore, the customer 

satisfaction survey results indicated a generally 

positive customer experience across the 

categories of Product Quality, Customer 

Service, and Delivery Efficiency. The majority 

of respondents rated the product quality and 

customer service positively, but there were 

areas for improvement, particularly in 

addressing customer concerns and enhancing 

delivery efficiency. 
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