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Abstract 

The laboratory blood tests in this study were collected from patients diagnosed with 
diabetes mellitus (DM) who were admitted to a public hospital in Chiang Mai Province. The aim 
of this study is to examine the correlation between laboratory blood tests and the incidence of 
complications associated with DM using a data mining technique. The J48 classifier was applied 
to construct a decision tree model and verify the precision of the simulation model. The 
laboratory blood tests were collected from 1,736 patients diagnosed with DM who were admitted 
to a public hospital in Chiang Mai Province, Thailand in 2020. The results showed that among 
the total DM cases, 54.55% were diagnosed with chronic kidney disease stage 2 (CKD 2) or 
higher, consistent with the microalbuminuria category where early and advanced kidney damage 
was observed in 66.82% of total DM cases. Interestingly, clinical factors such as BMI, eGFR and 
microalbuminuria are related to DM complications, particularly with respect to kidney 
dysfunctions.  The decision tree model, simulated with the J48 classifier, achieves a high 
predictive accuracy with a correct classified instance rate of 87.44%. Verification parameters 
were used to validate the quality of the model in each class of chronic kidney dysfunction which 
classifier exhibited the high %True positive rates of more than 70% in all targeted CKD classes 
(CKD 1-5) and with Precision of more than 80% indicating low %False positive rate. These 
findings highlight the advantages of clinical data analysis using data mining techniques.  
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1.  INTRODUCTION 

 INFORMATION FROM THE 5-YEAR NATIONAL NCDS PREVENTION AND CONTROL STRATEGIC 
PLAN (2017-2021) REVEALS THAT THAI PEOPLE HAVE DIED FROM NON-COMMUNICABLE DISEASES 
(NCDS) INCLUDING CEREBROVASCULAR DISEASE, DIABETES MELLITUS (DM), ISCHEMIC HEART 
DISEASE, AND DISEASES RELATED TO CHRONIC OBSTRUCTIVE PULMONARY DISEASE (COPD), 
ACCOUNTING FOR 320,000 PEOPLE (~ 75% OF THE TOTAL DEATH POPULATION) (DEPARTMENT OF 
DISEASE CONTROL, MINISTRY OF PUBLIC HEALTH, 2021, P.148). THE SITUATION OF DIABETES IN 
THAILAND, ACCORDING TO THE NATIONAL HEALTH EXAMINATION SURVEY (NHES) PLAN, 
INDICATES THAT THE PREVALENCE OF DIABETES AMONG INDIVIDUALS AGED 15 YEARS AND OVER 
HAS ELEVATED FROM 6.9% IN 2009 TO 8.9% IN 2014 (NATIONAL HEALTH EXAMINATION SURVEY 
OFFICE, HEALTH SYSTEM RESEARCH INSTITUTE, 2016, P. 6). THE WHO REPORT IN 2014 FOUND 
THAT THERE WERE 4.8 MILLION THAI ADULTS WITH DM RESULTING IN 76,000 DEATHS FROM 
DIABETES-RELATED CAUSES, WHICH IS EQUIVALENT TO OVER 200 PEOPLE PER DAY (WORLD HEALTH 
ORGANIZATION REPORT, 2014). DM IS ASSOCIATED WITH VARIOUS FACTORS SUCH AS AGE, SEX, AND 
GENETICS, AS WELL AS DIETARY HABITS THAT ARE INCONSISTENT WITH A HEALTHY DIET. THE 
CHANGING SOCIAL CONDITIONS AND HECTIC LIFESTYLE OFTEN LEAD TO RUSHED INTAKE RESULTING 
IN AN IMBALANCE IN DAILY NUTRITIONAL INTAKE.  IMPROPER FOOD CONSUMPTION BEHAVIOR AND 
EXCESSIVE CONSUMPTION OF HIGH-SUGAR BEVERAGES ARE MAJOR CONTRIBUTORS TO OBESITY, 
ULTIMATELY LEADING TO DM TYPE 2 DIABETES. DM IS A SERIOUS PUBLIC HEALTH PROBLEM IN 
THAILAND DUE TO ITS ASSOCIATION WITH UNUSUALLY HIGH BLOOD SUGAR LEVELS, WHICH CAN 
LEAD TO SERIOUS COMPLICATIONS SUCH AS DIABETIC RETINOPATHY, KIDNEY COMPLICATIONS, 
CHRONIC KIDNEY DISEASE, AND COMPLICATIONS OF LARGE BLOOD VESSELS (CHANLALIT W, 2016, P. 
38-39), (SONTHON P. ET AL., 2017, P. 9).  

 IN ORDER TO ESTABLISH GUIDELINES FOR DIAGNOSIS AND TREATMENT, IT IS IMPORTANT TO 
UNDERSTAND THE RELATIONSHIP AMONG VARIOUS FACTORS OF THE DISEASE. IT LEADS TO MORE 
EFFECTIVE TREATMENT MANNERS. THE CURRENTLY USED TECHNIQUE FOR DATA CORRELATION IS 
DATA MINING. IN THIS STUDY, WE ANALYZED THE CORRELATION BETWEEN BLOOD TEST RESULTS IN 
PATIENTS WITH DIABETES MELLITUS (DM) AND THE COMPLICATIONS LINKED TO DM USING A 
SUPERVISED LEARNING TECHNIQUE WITH A CLASSIFIER APPROACH TO CONSTRUCT A DECISION TREE 
MODEL.  

2. OBJECTIVES 

 TO EXAMINE THE CORRELATION BETWEEN LABORATORY BLOOD TEST FROM DM 

PATIENTS AND THE INCIDENCE OF COMPLICATIONS ASSOCIATED THROUGH THE HIGH BLOOD 

SUGAR USING A SUPERVISED LEARNING TECHNIQUE WITH A CLASSIFICATION APPROACH.  

3. Materials and methods 
Clinical consideration for laboratory blood tests in Patient with Diabetes Mellitus 

The dataset acquired in this study was obtained from a public hospital in Chiang Mai 
Province, Thailand, in 2020. Each record contains several features, including age, sex, blood 
pressure (BP), body mass index (BMI), fasting blood sugar (FBS), hemoglobin A1c (HbA1c), 
total cholesterol (TC), triglycerides (TG), creatinine (Cr), estimated glomerular filtration rate 
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(eGFR), and microalbuminuria (MAU). The study included a total of 1,736 patients who were 
referred based on their FBS and HbA1c levels. These patients were likely selected to assess the 
prevalence of diabetes or investigate diabetes-related factors within the study population.  

The ascertainment of diagnosis for diabetes for each patient is based on FBS level  126 
mg/dL which associated with the HbA1c level of  6.5 mg%. HbA1C is a widely used marker of 
chronic glycemia, reflecting average blood glucose levels over a period of approximately 2 to 3 
months (Bishop, 2018, p.764). 

According to the American Heart Association, there are five range of BP: Normal 
(<120/80), Elevated (120-129 systolic and less than 80 mmHg diastolic), Hypertension stage 1 
(130-139 systolic or 80-89 mmHg diastolic), Hypertension stage 2 (140/90 mmHg or higher), 
Hypertensive crisis (exceed 180/120 mmHg) (American Heart Association, 2023).  

MAU is defined as persistent albuminuria in the range of 30-299 mg/24h or an albumin-
creatinine ratio (ACR) of 30-
with a microalbuminuria of 300 mg/24h or an ACR of 

 

BMI is a measure of body fat based on height and weight. It is calculated as weight in 
kilograms divided by height in meters (kg/m2). BMI is classified into four groups according to 
the Asian-Pacific cutoff points: underweight (<18.5 kg/m2), normal weight (18.5-22.9 kg/m2), 
overweight (23-24.9 kg/m2), and obese (30 kg/m2) (Lim JU, 2017, p.2466). 

Glomerular filtration rate (GFR) or eGFR serves as the most comprehensive indicator of 
kidney function. Chronic kidney disease (CKD) is categorized into five stages based on the 
extent of kidney function, including CKD stage 1, CKD stage 2, CKD stage 3a, CKD stage 3b, 
CKD stage 4, and CKD stage 5 as shown in Table 1 (NICE, 2014, p.6). 

 

Table 1 Categories for Glomerular Filtration Rate (GFR) as per kidney disease 

 GFR category 

(CKD stage) 

GFR 

(ml/min/1.73m
2
) 

Terms 

CKD stage 1 90 or higher Normal or high 

CKD stage 2 60-89 Mildly decreased 

CKD 3a 45-59 Mildly to moderately decreased  

CKD 3b 30-44 Moderately to severely decreased 

CKD 4 15-29  Severely decreased 

CKD 5 Less than 15 Kidney failure 

 

Data workflow  
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      The data mining workflow encompassed the following procedures: First, data 
collection involved gathering and compiling laboratory blood test data from patients with 
diabetes mellitus (DM) into a spreadsheet. Second, data preprocessing was carried out using 
Microsoft Excel and Notepad++. This step involved tasks such as data cleaning, removing 
duplicates, handling missing values, and transforming the dataset into a suitable format for 
analysis. Third, the converted dataset was utilized in the data mining software, called “Weka 
version 3.9.6”. Finally, a supervised learning technique with a classification approach was 
employed to construct and evaluate the classifier model. The classifier model is involved the 
utilizing algorithms such as J48, RandomForest, TreeRandomTree, and LMT (Shama H and 
Kumar H, 2016, p. 2095) to develop and establish the validated model.   

The construction of the classifier model was contingent upon a dataset consisting of a total of 
1,736 instances. The dataset was subjected to a classifier algorithm using a 10-fold cross-
validation manner, with each fold representing a “training set”. Moreover, the entire dataset was 
utilized as a “testing set” for validation purposes. The evaluation of each classifier model from 
the training sets was based on the percentage of correctly and incorrectly classified instances. 
Further analysis of the best classifier model included the examination of metrics such as the 
%True Positive Rate (%TPR), %False Positive Rate (%FPR), and %Precision for each class. The 
workflow in data mining processing is depicted in Figure 1. 

Figure 1 The workflow for data mining processing of laboratory blood tests from DM patients 
by the data mining technique. 

 

 

 

4. Results 
Overview of laboratory blood test in DM patients  

 The dataset was finally preprocessed with a total amount of 1,736 cases from DM 
patients. The age of DM patients ranged from 24 to 93 years old (Figure 2 depicts the 
distribution of age among DM patients). Patients between 24 and 59 years old accounted for 
40.55% of the dataset, while patients aged 60 years or older accounted for 59.45%. The selected 
clinical data used to examine the correlation associated with DM complications consisted of BMI, 
BP, FBS, Cr, TC, TG, HbA1c, eGFR, and MAU. The criteria for identifying DM patients were 
based on an HbA1c level greater than 6.5 mg%. 
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Figure 2 Histogram depicting the distribution of ages among diabetes patients that were 

admitted to a public hospital in Chiang Mai province. 

Data evaluation of DM condition and associated complication factors  

 The analyzed dataset focuses on the clinical factors of DM patients, comprising a total of 
1,736 cases. In the case of TC and TG, the percentage of DM patients with normal levels is 
calculated to be 50.35% and 69.30%, respectively. Based on these findings, it can be suggested 
that there should be no correlation between the levels of TC and TG and the presence of DM. 
Investigation of the clinical factors that may be associated with DM conditions implied the 
particular interest in BMI, eGFR, and MAU. BMI, a commonly used factor for screening DM 
patients, is categorized into overweight and obesity, which together account for 66.53% of the 
total DM patient population. In contrast, BMI values within the normal and low range are 
calculated only to be 33.47% (Figure 3A), suggesting a significant correlation between elevated 
BMI and DM. eGFR and MAU are well-known factors associated with kidney failure. The 
analysis results showed that 54.55% of DM patients were diagnosed with CKD stage 2 or higher 
(Figure 3B). These results are consistent with MAU category, where early and advanced kidney 
damage was monitored in 66.82% of total DM cases (Figure 3C). The diagnosis of kidney failure 
correlates with Cr, MAU, and eGFR. Additionally, the classifier models further investigated DM 
complications and CKD factors to interpret the predictive model's accuracy for DM 
complications. 
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Figure 3 Pie chart depicts the complications in DM patients such as Figure 3A (BMI), Figure 3B 
(eGFR), and Figure 3C (MAU) categories. 

Investigation of the correlation between clinical factors and DM complications with the 
classifier model  

 The classifier model was applied to the “training set” using the method of 10-fold cross-
validation. Each classifier model was evaluated based on the percentage of correctly and 
incorrectly classified instances. The J48, RandomForest, and LMT models achieved an accuracy 
of approximately 80% in correctly classified instances, with the percentage of incorrectly 
classified instances being less than 25% (Table 2). The J48, RandomForest, and LMT classifier 
models were compared by evaluating them to the “testing set' using the entire dataset. The results 
revealed that the RandomForest model achieved a perfect accuracy of 100.00% in correctly 
classified instances (Table 3). However, it should be noted that this model did not report the 
factors related to CKD, and no simulation of the decision tree was provided. The LMT model 
was evaluated using the same methodology as RandomForest. The results indicated that the 
percentage of correctly classified instances was lower compared to the J48 model, while the 
percentage of incorrectly classified instances was higher than J48 due to these comparative 
parameters. Consequently, J48 was selected for further analysis of the correlation between DM 
complications and CKD. 

 The "testing set" derived from the J48 classifier model was employed to construct a 
decision tree, with the objective of integrating the correlation between clinical factors and 
complications pertaining to patients diagnosed with DM. In this decision tree model, priority 
rankings were assigned to Cr, eGFR, and MAU as factors associated with DM complications, 
specifically within the J48 pruned classifier tree. The simulation of the decision tree generated 
from J48 classifier model incorporates the clinical factors, including age, BMI, BP, Cr, MAU, 
and eGFR. The decision tree output revealed that the first root node was defined by Cr (Figure 4). 
The parameters obtained from the J48 classifier model for this dataset indicate a robust 
predictive model. The computed parameters derived from the J48 classifier, including %TPR 
(True Positive Rate), %FPR (False Positive Rate), and %Precision, substantiate the efficacy of 
the decision tree model within each class (as shown in Table 4). Notably, the J48 pruned 
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classifier model has demonstrated a high %TPR rate exceeding 70% across all targeted classes 
(CKD stage 1-5), accompanied by a %Precision surpassing 80%, thereby aligning with a low 
%FPR.  

Table 2 The comparison of correctly and incorrectly classified instances from 10-fold cross-
validation of “training set” in each classification approach: J48, RandomForest, 
TreeRandomTree, and LMT. 

 

*Classifier model 

 

%Correctly 

classified instances 

%Incorrectly 

classified instances 

J48 78.40 21.06 

RandomForest 79.49 20.51 

TreeRandomTree 74.42 25.58 

LMT 79.09 20.91 

 

* The number of correctly and incorrectly classified instances is calculated from a total dataset 
size of 1,726 instances 

Table 3 The percentage of correctly and incorrectly classified instances using the “testing set” in 
each classification approach: J48, RandomForest, TreeRandomTree, and LMT. 

 

*Classifier model 

 

%Correctly 

classified instances 

%Incorrectly 

classified instances 

J48 87.60 12.40 

RandomForest 100.00 0.00 

LMT 81.99 18.01 
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Figure 4 The simulation of decision tree from J48 classifier model composed of clinical factors 
such as Cr (defined as first root node), eGFR, and MAU in which associated with DM 
complications. 

Table 4 Calculated parameters from J48 classifier model in each CKD class 

 Classifier output (Testing set) Total classified instance 

Correctly classified instances   87.60% 

Incorrectly classified instances 12.40% 

Detailed accuracy by class  

Class %TPR** %FPR# %Precision$ 

CKD stage 1 (Normal) 91.60 4.30 93.60 

CKD stage 2  91.40 10.40 82.90 

CKD stage 3a 70.80 2.40 81.70 

CKD stage 3b 75.40 8.00 88.10 

CKD stage 4 90.50 3.00 86.40 

CKD stage 5 100.00 0.00 100.00 

 

**%True positive rate (TPR) is calculated in percentage and defined as the probability that an 
actual positive will test positive in particularly targeted class. 
 

# %False positive rate (FPR) is calculated in percentage and defined as the ratio between the total 
number of wrongly categorized as positive (called false positive) and total number of actual 
negative events in particularly targeted class. 
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$%Precision is the measurement of accuracy in positive prediction represented by the number of 
true positive predictions divided by the number of true positive predictions plus false positive 
predictions which is calculated in percentage. 

5. Discussion 

 Diabetes Mellitus is one of the major health challenges all over the world. Prevention and 
prediction of diabetes mellitus is increasingly gaining interest in the healthcare community. 
There are several data mining techniques for diabetes prediction and course of progression. 
Among the various techniques for diabetes prediction and course of progression, decision tree is 
widely considered as one of the most powerful and effective methods for classification. There 
are many studies about prediction of parameters and diabetes. In 2016, Sajida P. conducted a 
study to classify patients with diabetes mellitus using risk factors such as age, sex, blood 
pressure, HDL, triglycerides, BMI and FBS. The data mining approach plays a crucial role in 
DM research, enabling the utilization of the vast amount of available data on DM and its 
complications. Dagliati A. and colleagues' methodology demonstrates the effectiveness of 
adopting data mining techniques in clinical medicine to develop models that leverage patient-
specific information for predicting relevant outcomes (Dagliati a. et al., 2018, p. 295-296). This 
report utilized the supervised learning technique with classifier approach, J48, and constructed 
the decision tree as a base learner, along with standalone data mining techniques. The results 
showed a significant difference in diabetes prevalence among different age groups, indicating 
that age is a significant influencing factor for diabetes. However, in this study, we predicted 
complication parameters for diabetes patients. We utilized data mining software for evaluation 
and interpretation using a predictive approach in Weka version 3.9.6. The decision tree was 
illustrated based on the J48 classifier algorithm. The result showed diabetes patients with > 6.5 
mg% HbA1c associated with CKD, BP, and BMI. This study found that 55% of diabetic patients 
had kidney disease (Figure 3). Chronic kidney disease (CKD) commonly coexists with other 
conditions, including diabetes. Prolonged high blood sugar levels, caused by diabetes, can 
damage blood vessels and nephrons in the kidneys, leading to impaired function. Additionally, 
diabetes patients are prone to developing high blood pressure, which can also cause kidney 
damage. Obesity can lead to changes in the body’s metabolism, causing fat tissue to release free 
fatty acids and glucose into the blood. Overweight (39%) and obesity (27%) are associated with 
diabetes. Diabetes reduces the body’s ability to use nitric oxide, a molecule that helps blood 
vessels relax and promote blood flow. This can cause blood vessels to become less elastic and 
restrict blood and oxygen flow, increasing the risk of hypertension over time. 

6. Conclusion 

Diabetes mellitus and its complications have become a public health problem, and current 
therapeutic policies need to be improved. Managing and treating diabetes mellitus is a challenge 
for researchers and healthcare personnel. The management and treatment of diabetes mellitus 
poses a challenge to researchers and healthcare personnel. This research strongly suggests the 
association of diabetes and CKD, BP, and BMI. Knowing about diabetes-related conditions such 
as kidney disease, high blood pressure, and high BMI (obesity) is important to educate diabetics 
about and increase awareness of related risks, such as weight control. Proper control of calorie 
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intake and exercise can help in managing these risks. It is also important to control sodium levels 
in the diet. 
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