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INTRODUCTION

Diabetes mellitus is one of the chronic health problems with an increasing
burden of disease and can cause various microvascular complications, one of
which is diabetic retinopathy (DR]). Diabetic retinopathy occurs due to
progressive retinal microvascular damage and in advanced stages can cause
vision impairment to blindness. A major problem in DR control is that
pathological changes can take place before the patient experiences any noticeable
visual complaints, so delays in screening increase the likelihood of the disease
being found at a more severe stage. Globally, Teo et al. (2021) estimate that
around 103.12 million people with diabetes will experience DR in 2020 and this
number is projected to increase to around 160.50 million by 2045. This condition
underscores the importance of developing an early identification approach that
is able to harness clinical information before complications develop into
irreversible visual impairment.

This urgency is also relevant to the Indonesian context. Sasongko et al.
(2025), through a cohort study in Indonesian adults with type 2 diabetes mellitus,
found an incidence of DR of 34.6 per 1,000 person-years, while the incidence of
vision-threatening diabetic retinopathy reached 24.5 per 1,000 person-years. The
study also showed that longer duration of diabetes significantly increases the risk
of DR and the development of vision-threatening retinopathy. In addition, other
clinical factors, such as obesity, neuropathy, gangrene, systolic blood pressure,
and living conditions, are associated with the development of complications or
blindness. The findings suggest that DR risk can not only be understood through
retinal examination, but also through a combination of patient clinical
characteristics that have actually been widely stored in electronic health records
(EHRs). Thus, EHRs have the potential to be developed from a mere repository
of service documentation to a source of clinical knowledge to support screening
and identification of patients at risk.

In the perspective of data meaning, the value of health data lies not only
in the amount of data available, but especially in the ability to identify
relationships and clinical patterns that can be given meaning in the context of the
patient's condition. The EHR stores longitudinal information, such as age, length
of diabetes, glucose levels or glycemic control indicators, blood pressure,
comorbidities, medications, and test results that can be analyzed in an integrated
manner. Data mining allows the data to be explored to find patterns that were
previously invisible when each variable is reviewed separately. Ogunyemi et al.
(2021), for example, analyzed EHR data from 40,631 diabetic patients and showed
that routine clinical data-driven machine learning can be used to identify patients
who have the potential to have DR but have not yet been diagnosed; The best
model on external validation results in an AUC of 0.80. Furthermore, Gandhi et
al. (2022) developed DRRisk that utilizes risk factors in EHRs to categorize
patients into low, medium, and high risk levels, so that clinical data can be
translated into more meaningful information for service priorities.

Although these developments show great potential for the use of clinical
data for DR detection, there are still research gaps. Previous studies have been
more oriented towards the development and optimization of quantitative
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predictive models. Liang et al. (2024), for example, used positive-unlabeled
learning in 3,749 DR patients labeled and 97,876 diabetic patients without DR
labels to address the problem of missing labels in EHRs; its classification model
produces an AUC of about 0.87. Breeyear et al. (2024) also developed a DR case
identification algorithm using diagnostic codes and EHR information in three
healthcare systems and obtained a positive predictive value of at least 0.84, but
emphasized that the specific characteristics of each EHR system can affect the
algorithm's performance. Meanwhile, Wang et al. (2024) used the CatBoost and
SHAP models to identify and explain the contribution of risk factors to DR.
Although these approaches improve predictive performance and algorithmic
interpretability, most studies still place a primary focus on classification
accuracy, predictive performance, and model validation, rather than on
contextual exploration of how combinations of clinical variables in the medical
record shape risk patterns that can be clinically interpreted.

This gap is increasingly visible in the latest research. Kim et al. (2025)
developed and validated a machine learning model to predict the occurrence of
DR in three years using electronic medical records data from three university
hospitals in South Korea, with a development cohort of 14,694 patients and a
validation cohort of 1,856 patients. These findings reinforce the evidence that
clinical variables in EHRs can be used to estimate the risk of DR before disease
manifestations develop further. However, the large sample-based approach is
different from the need for data-meaning oriented research, which is to
understand the meaning of patterns formed from the relationship between the
duration of diabetes, glucose levels, blood pressure, patient characteristics, and
retinopathy conditions in medical records selected based on the relevance of the
information. Thus, there is still a need for an approach that asks not only how
accurately patients can be classified, but also what clinical patterns emerge, how
these variables are interrelated, and how those patterns can be interpreted to aid
in early identification of DR.

Based on these problems and gaps, the Data Mining Approach for Early
Identification of Diabetic Retinopathy Using Electronic Health Records research
aims to identify and interpret the pattern of relationships between patient
characteristics, diabetes duration, glucose levels, blood pressure, and retinopathy
conditions through the analysis of electronic medical records. In accordance with
the research approach, medical records that meet the criteria are selected
purposively so that the analysis is directed to data that have clinical relevance to
DR risk; Data mining techniques are used to support pattern discovery, while the
data meaning approach is used to provide interpretation of the relationships
between these variables. Theoretically, this study is expected to expand the use
of data mining from a classification orientation to the interpretation of clinical
data patterns in health informatics. Practically, the results of the study are
expected to provide a basis for health professionals to recognize a combination
of clinical factors that indicate an increased risk of DR, prioritize patients who
need early eye examination, and optimize the use of EHRs as an instrument to
support clinical decisions and prevention of vision complications.
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LITERATURE REVIEW
Electronic Health Records as a Source of Meaningful Clinical Data

Electronic health records (EHRs) not only serve as a medium for
documentation of health services, but also provide longitudinal data that can be
used to find patient health patterns. EHRs include demographic characteristics,
laboratory results, diagnosis, treatment, blood pressure, and disease history that
can be combined to produce more meaningful clinical information. However, the
quality of EHR utilization is highly dependent on the completeness, consistency,
and context of the data. Honeyford et al. (2022) affirm that EHR data has great
potential as real-world data, but differences in recording structures, missing data,
and variations in clinical practice can affect the validity of its interpretation. In
this study, the perspective of meaning data is used to see EHR not just as a
collection of variables, but as a source of clinical patterns that can be interpreted
in the context of diabetic retinopathy risk.
Clinical Factors as Risk Patterns for Diabetic Retinopathy

The literature suggests that the development of diabetic retinopathy is
related to a combination of various clinical characteristics. Yang et al. (2021)
found that the duration of diabetes, HbAlc, systolic blood pressure, triglycerides,
body mass index, creatinine, age, and duration of hypertension were important
variables in the identification of referable diabetic retinopathy. The XGBoost
model, which uses ten non-ocular factors, produces an AUC of 0.816. Similar
tindings were shown by Zhao et al. (2022) in 7,943 patients with type 2 diabetes,
with 1,692 patients experiencing DR during the observation period. The XGBoost
model yielded an AUC of 0.803 and showed that a combination of clinical
characteristics could be used to estimate the risk of DR. The findings supported
the selection of diabetes duration, glucose levels, blood pressure, and patient
characteristics as the focus of this study analysis.
Data Mining and Early Identification of Diabetic Retinopathy

The data mining approach allows hidden patterns in clinical data to be
identified through relationships between variables. Pan et al. (2023) analyzed
2,385 patients with type 2 diabetes using XGBoost, random forest recursive
feature elimination, backpropagation neural network, and LASSO to determine
factors relevant to DR. The results of the study show that a small number of
clinical indicators can be used to establish risk stratification that is applicable in
chronic disease management. Meanwhile, Li et al. (2024) showed that the
integration of clinical data with optical coherence tomography angiography
parameters improves the classification ability of DR, RDR, and vision-
threatening diabetic retinopathy. Variables such as body mass index and glucose-
lowering therapy also contribute to the classification process. This shows that
data mining can serve not only for classification, but also to uncover meaningful
relationships between clinical indicators.
Interpretability and Data Meaning in Clinical Data Mining

Although machine learning algorithms show high performance, the
interpretability aspect remains an important issue in clinical applications. Wu et
al. (2021), through a meta-analysis of machine learning algorithms for DR
screening, demonstrated the strong potential of automation in supporting
diagnosis, but also emphasized the limitations of model generalization in
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different populations and clinical settings. Usman et al. (2023) also found that
research on predicting the development of DR is still dominated by cross-
sectional studies, while longitudinal research and interpretation of risk factor
relationships are still relatively limited. Therefore, this study places meaning
data as a key perspective to complement the prediction paradigm: EHR data is
explored not solely to generate classification scores, but to understand how
patterns of diabetes duration, glucose levels, blood pressure, and clinical
characteristics form indicative DR risk indications that are meaningful for early
identification.

METHODOLOGY
Types of Research

This study uses an exploratory descriptive design based on secondary
electronic health records (EHR) data with a data mining approach. This design is
used to identify and interpret patterns of association between patient
characteristics, glucose levels, duration of diabetes, blood pressure, and diabetic
retinopathy conditions. Data mining techniques are applied exploratically to find
clinical patterns that appear repeatedly, while the data meaning approach is used
to provide clinical interpretation of the relationships between variables. The
research is not directed at developing diagnostic prediction models, but at
exploring patterns of clinical information that could potentially be used in the
early identification of diabetic retinopathy.
Population and Sample

The study population consists of all electronic medical records of diabetes
mellitus patients who receive services at referral health care facilities in Indonesia
during the January-December 2025 period. The research sample consisted of 30
electronic health records of diabetic patients selected using non-probability
purposive sampling techniques. Medical records are included if the patient has a
diagnosis of diabetes mellitus and information is available about age, sex,
duration of diabetes, glucose levels, blood pressure, and retinopathy conditions.
Medical records with incomplete primary data, duplicate recording, or lack of
information that would allow the assessment of the condition of retinopathy are
excluded from the analysis. The selection of 30 EHRs was carried out because all
of the medical records met the data completeness criteria required for clinical
pattern exploration.
Research Instruments

The research instrument is in the form of a structured data extraction sheet
developed based on research variables. The information collected consisted of
age, gender, duration of diabetes, blood glucose levels, systolic and diastolic
blood pressure, and diabetic retinopathy conditions. The condition of
retinopathy is determined based on the diagnosis or clinical record of diabetic
retinopathy listed in the EHR and has been documented by the medical
personnel who treated the patient. Glucose level data used the results of blood
glucose examinations recorded in the analyzed service episodes. The quality of
the data is checked based on completeness, consistency between variables,
format accuracy, and possible duplication before further processing.
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Data Collection Procedure

Data collection is carried out through several stages. The first stage is the
identification of the EHR of diabetic patients during the study period. The second
stage is the screening of medical records based on inclusion and exclusion
criteria. From this process, 30 EHRs were obtained that have complete clinical
information according to research needs. The third stage is data extraction using
structured documentation sheets. Next, data cleaning is carried out to check
completeness, consistency, duplication, and format suitability. The data is then
standardized, coded, and grouped based on research variables before being
analyzed using an exploratory data mining approach.
Data Analysis Techniques

Data was analyzed using exploratory descriptive approaches and data
mining. Preliminary analysis was performed to describe the characteristics of the
30 EHRs through the distribution of frequency, percentage, average, and
standard deviation according to the data type. Furthermore, a categorization of
clinical variables was carried out and an exploration of the relationship between
the duration of diabetes, glucose levels, blood pressure, and retinopathy
conditions. The duration of diabetes was categorized into <10 years and =10
years, glucose levels were grouped into <200 mg/dL and >200 mg/dL, while
high blood pressure was determined based on systolic blood pressure >140
mmHg and/or diastolic blood pressure 290 mmHg. Such categorizations are
used for pattern exploration and are not intended as a single diagnostic criterion.
Microsoft Excel is used for tabulation and initial examination of data, while
Python is used for the process of grouping and pattern exploration. The results
were then interpreted through a significance data approach to explain the clinical
significance of the patterns found.

RESEARCH RESULT
Characteristics of Research Data

A total of 30 electronic health records (EHRs) of diabetic patients that met
the research criteria were analyzed after going through a purposive selection
process and checking the completeness of the data. The research dataset
consisted of 18 male patients (60.0%) and 12 female patients (40.0%), with an
average age of 57.0 £ 9.6 years. The average duration of diabetes was 9.7 + 4.3
years, the average glucose level was 189.1 + 44.2 mg/dL, the average systolic
blood pressure was 138.8 + 17.8 mmHg, and diastolic blood pressure was 82.8 +
8.7 mmHg. Of the overall medical records, 14 patients (46.7%) showed
indications of diabetic retinopathy, while 16 patients (53.3%) showed no
indications of retinopathy.
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Table 1. General characteristics of research data

Features Results
Number of EHRs 30

Male 18 (60,0%)
Women 12 (40,0%)
Age, year 57.0%9.6
Duration of diabetes, years 97143
Up to glucosa, mg/dL 189.1+44.2

Systolic blood pressure, mmHg  138.8 +17.8
Diastolic blood pressure, mmHg 82.8 +8.7
Indications of retinopathy 14 (46,7%)
No indication of retinopathy 16 (53,3%)

The data then goes through the stages of data cleaning, standardization,
coding, categorization, and pattern exploration. The duration of diabetes =10
years was categorized as longer duration, glucose levels of 2200 mg/dL were
used as the higher glucose level category in the exploratory analysis, while
systolic blood pressure >140 mmHg and/or =90 mmHg diastolic were
categorized as high blood pressure. The categorization is used to help form
patterns and not as a clinical diagnostic model.

Data Processing Results Based on Retinopathy Condition

Descriptive analysis showed a difference in clinical patterns between the
group that showed indications of retinopathy and the group without indications
of retinopathy. The group with retinopathy indications had an average duration
of diabetes of 13.1 + 3.2 years, longer than the group without retinopathy
indications of 6.7 £ 2.4 years.

The average glucose level was also higher in the group with indications of
retinopathy, which was 221.2 + 31.3 mg/dL, compared to 161.1 + 33.5 mg/dL in
the group without indications of retinopathy. A similar pattern was seen in
systolic blood pressure, with an average of 151.9 + 12.7 mmHg in the group
indicated retinopathy and 127.3 + 13.2 mmHg in the group without indications
of retinopathy.

Table 2. Clinical profile based on the condition of retinopathy

Variabel Indications of DR No indication of DR
(n=14) (n=16)
Age (years) 59,4 + 8,0 54,9 +10,6
Duration of diabetes 13,1 +3,2 6,7+2,4
(years)
Up to glucose (mg/dL) 221,2+31,3 161,1 £33,5
TD sistolic (mmHg) 1519 +£12,7 1273 £13,2
TD diastolic (mmHg) 84,1+8,4 81,6 +9,0
Duration 210 years 13 (92,9%) 2 (12,5%)
Glucose 2200 mg/dL 12 (85,7%) 2 (12,5%)
High blood pressure 12 (85,7%) 4 (25,0%)
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The data showed that the most obvious differentiating patterns were
found in the duration of diabetes, glucose levels, and systolic blood pressure.
Pattern of Diabetes Duration

The duration of diabetes is the most consistent pattern associated with the
condition of retinopathy. Of the 14 medical records with indications of DR, 13
patients (92.9%) had a history of diabetes 210 years. In contrast, only 2 out of 16
patients (12.5%) without indications of retinopathy had a duration of diabetes
210 years.

Table 3. Distribution of the duration of diabetes and indications of retinopathy
Duration of diabetes Indications of DR No indication of DR Total

<10 years 1 14 15
>10 years 13 2 15
Total 14 16 30

This pattern suggests that longer duration of the disease appears
predominantly in medical records with indications of retinal complications.
Glucose as much as Pola

Glucose levels also show a clear pattern separation. As many as 12 out of
14 patients (85.7%) with DR indications had glucose levels 2200 mg/dL. In the
group without DR indications, only 2 out of 16 patients (12.5%) fell into this
category.

Table 4. Distribution of glucose levels and conditions of retinopathy
Category Glucose Indications of DR No indication of DR Total

<200 mg/dL 2 14 16
>200 mg/dL 12 2 14
Total 14 A 16 A 30

The results of the exploration showed that higher glucose levels were the
second most prominent pattern after the duration of diabetes.
Blood Pressure Patterns

High blood pressure was found in 12 of 14 patients (85.7%) who showed
indications of retinopathy. In contrast, high blood pressure was found in only 4
out of 16 patients (25.0%) who showed no indication of DR.

Table 5. Distribution of blood pressure and retinopathy conditions
Blood pressure Indications of DR No indication of DR Total

Not high 2 12 14
Height 12 4 16
Total 14 16 30

High blood pressure thus appears as a vascular component that also forms
the profile of patients with indications of retinopathy.
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Clinical Factor Combination Patterns

The next stage is carried out by combining three dominant factors, namely
the duration of diabetes >10 years, glucose levels 2200 mg/dL, and high blood
pressure. Each medical record is then grouped based on the number of those
factors that appear simultaneously.

Table 6. Number of clinical factors and conditions of retinopathy
Number of dominant factors Indications of DR No indication of DR Total

0 factor 0 8 8
1 factor 1 8 9
2 Factor 3 0 3
3 Factor 10 0 10
Total 14 16 30

The most prominent finding was that 10 out of 14 patients with indications
of retinopathy (71.4%) had all three factors simultaneously. In contrast, there
were no patients without indications of retinopathy who had a combination of
these three factors in the study dataset.

A total of three patients with DR indications had two factors and one
patient had one factor. Meanwhile, all patients without DR indications were only
in the zero or one factor group.

The cumulative patterns formed are as follows:

“0 dominant factors — patterns of retinopathy not found1l dominant factor —
relatively rare indications of retinopathy2 dominant factors — indications of
retinopathy starting to stand out3 dominant factors — the most dominant
patterns in indications of retinopathy”

Data Mining Results Matrix

Based on these groupings, exploratory data mining techniques produce
five forms of clinical patterns.

Table 7. EHR data mining results pattern
Pola Duration Glucose 2200 High blood EHR condition trends

>10 years mg/dL pressure

P1 Ya Ya Ya The most dominant
pattern  in the DR
indication

P2 Yes Yes No Supporting patterns of
DR indications

P3  Yes No Yes Supporting patterns of
DR indications

P4 No Yes Yes Supportive, but weaker
pattern

P5 No No No Dominant in  groups

without DR indication
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The results showed that P1 became the strongest pattern in the dataset.
The pattern describes a combination of chronic diabetes, metabolic disorders, and
high blood pressure.
Meaning Data Results

The significance data stage is carried out by interpreting the patterns
formed from clinical data. In this process, each variable gives a different
dimension of meaning.

Table 8. Transforming clinical data into meaningful data

Clinical data Processing results Meaning

Duration of diabetes 210 years of dominance in Chronicity — of  the
DR disease

Up to glucosa >200 mg/dL is dominant in Metabolic control
DR disorders

Blood pressure Hypertension is  more Beban vascular
dominant in DR

Retinopathy Identified in the EHR Manifestations of

condition complications

A combination of Most commonly appears in High-risk clinical

three factors the DR group profile

Thus, the meaning data obtained not only states that a patient has certain
glucose levels or blood pressure, but links this information to a single clinical
profile. The duration of diabetes provides information about the length of
exposure to the disease, glucose levels reflect metabolic status, while blood
pressure provides vascular context.

Summary of Key Findings

Based on the overall data processing process, four main results were
found. First, patients with DR indications had a longer descriptively longer
duration of diabetes, namely 13.1 + 3.2 years compared to 6.7 + 2.4 years in
patients without DR indications. Second, the average glucose level in the DR
indication group was higher, namely 221.2 + 31.3 mg/dL compared to 161.1 +
33.5 mg/dL. Third, systolic blood pressure in the DR indication group was also
higher, namely 151.9 + 12.7 mmHg compared to 127.3 + 13.2 mmHg.

Fourth, the most important patterns are obtained when all three variables
are analyzed simultaneously. A total of 10 of the 14 medical records (71.4%) with
DR indications had a combination of diabetes duration 210 years, glucose 2200
mg/dL, and high blood pressure, while these combinations were not found in
the group without DR indications in the dataset.

Overall, the data mining results produce a pattern:

Longer duration of diabetes + higher glucose levels + high blood pressure
— dominant EHR pattern among patients with diabetic retinopathy indications.

The findings are consistent with the main results stated in the abstract,
namely that longer duration of diabetes, higher glucose levels, and high blood
pressure are the dominant patterns in patients with indications of retinopathy.
These results are still descriptive and exploratory; no tests for causality,
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predictive models, AUC, sensitivity, specificity, or inference on the broader
population were performed.

DISCUSSION

The results showed that the duration of diabetes was the most obvious
distinguishing characteristic of the medical records of patients with and without
indications of diabetic retinopathy. In the group with indications of retinopathy,
the average duration of diabetes reached 13.1 * 3.2 years, while in the group
without indications of retinopathy it was 6.7 + 2.4 years. In addition, as many as
92.9% of patients with indications of retinopathy are in the category of diabetes
duration 210 years. These findings illustrate that the chronicity of diabetes has
important clinical significance in the formation of retinopathy risk patterns. The
longer a patient lives with diabetes, the longer the retina's microvascular tissue
is exposed to metabolic disorders that can trigger progressive damage. These
findings are in line with Purnama (2023) which places the duration of diabetes as
one of the important factors in the development of diabetic retinopathy. Effendy
et al. (2023) also showed that the length of time they had diabetes was a relevant
clinical characteristic in community-based diabetic retinopathy screening
programs. Thus, the duration of diabetes in electronic health records (EHRs) not
only serves as disease history data, but can also be interpreted as an indicator of
chronicity that helps identify patients who need early attention.

The second pattern that stands out is the higher glucose levels. Patients
with retinopathy indicated had an average glucose level of 221.2 + 31.3 mg/dL,
higher than the group without retinopathy indications of 161.1 £ 33.5 mg/dL. As
many as 85.7% of patients with indications of retinopathy were also in the
category of glucose levels 2200 mg/dL. These results suggest that disorders of
metabolic control are an important component of clinical patterns related to
retinopathy. Long-term hyperglycemia can cause changes in the retinal
microcirculation and increase susceptibility to damage to small blood vessels.
These findings are consistent with Maulidzar et al. (2025), who found an
association between blood sugar control status and the incidence of diabetic
retinopathy. Syaqila and Hakim (2023) also emphasized that glycemic control is
an important part in preventing the progression of diabetic retinopathy.
Therefore, glucose levels in the EHR have a greater value when not read
separately, but interpreted together with the duration of diabetes and other
clinical conditions.

Blood pressure also reinforced the clinical patterns found in the study. As
many as 85.7% of patients with retinopathy indications had high blood pressure,
while in the group without retinopathy indications it was only 25.0%. The mean
systolic blood pressure in the group with retinopathy indications was also higher,
which was 151.9 + 12.7 mmHg compared to 127.3 + 13.2 mmHg in the group
without retinopathy indications. These findings suggest that the vascular
component plays a role in the formation of risk patterns. High blood pressure can
increase pressure on the microvascular system and theoretically worsen retinal
blood vessel damage in diabetic patients. These results are in line with the
tindings of Effendy et al. (2023), who show that hypertension is one of the clinical
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characteristics that is widely found in diabetic patients undergoing retinopathy
screening. Thus, the interpretation of the risk of retinopathy will be more
meaningful if metabolic disorders and vascular factors are analyzed together.

The most important finding of this study lies in the combination of three
main factors, namely the duration of diabetes >10 years, glucose levels >200
mg/dL, and high blood pressure. The combination appears more clearly in the
medical records of patients with indications of retinopathy. A total of 10 out of
14 medical records of patients with indications of retinopathy or 71.4% showed
all three conditions simultaneously, while the same pattern was not found in the
group without indications of retinopathy in the dataset analyzed. These results
show that meaning data is not formed from just one clinical value, but from the
interrelationships between variables that provide a more complete clinical
context. The duration of diabetes represents the chronicity of the disease, glucose
levels describe metabolic conditions, while blood pressure reflects vascular load.
When these three factors are analyzed in an integrated manner, a more
meaningful clinical profile is formed to support the early identification of
patients with potential retinopathy.

The contribution of this research is different from some of the previous
data mining research which was more oriented towards the development of
classification models and prediction accuracy. Syahrul and Sasongko (2022), for
example, used convolutional neural networks to classify the severity of diabetic
retinopathy based on retinal images. Meanwhile, Breeyear et al. (2024) developed
an EHR-based algorithm to identify patients with diabetic retinopathy, and
Harrigian et al. (2024) utilized natural language processing to improve the
identification of retinopathy conditions from medical record data. Liang et al.
(2024) also showed that EHRs can be used to find possible cases of retinopathy
despite the problem of missing labels. The difference is that this study is not
oriented to algorithm performance, but to the interpretation of clinical patterns
generated from EHR data. Thus, the theoretical contribution of the research lies
in the expansion of the data mining function from mere classification to the
process of interpreting clinical patterns through the data meaning approach.

In practical terms, the results of the study show that EHRs have the
potential to be used to help with the initial screening process. A combination of
long duration of diabetes, high glucose levels, and high blood pressure can be
used as information to determine which patients need to be prioritized for further
retinal examination. This does not mean that such patterns can replace fundus
examinations or ophthalmological evaluations, but they can serve as a clinical
decision support system. The findings of Nagqgiya et al. (2023) show that the
sustainability of the control of diabetic retinopathy patients is still a problem in
health services. Aisy S.Day et al. (2024) also showed that diabetic retinopathy
patients have heterogeneous clinical characteristics. Therefore, EHR
optimization can help healthcare facilities conduct initial screening based on
information that is actually available in routine medical records.

However, the results of the study need to be interpreted carefully. This
study used 30 EHRs with purposive sampling techniques so that the results could
not be generalized to the entire population of diabetic patients. In addition, the
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analysis was performed based on variables available in the EHR and did not
include a number of other clinical factors such as longitudinal HbAlc, lipid
profile, body mass index, kidney function, type of diabetes therapy, and severity
of retinopathy. Exploratory descriptive design also does not allow the drawing
of causal conclusions. Therefore, the patterns found should be understood as
exploratory clinical patterns that require validation on larger samples and
different populations.

Further research is suggested using larger, multicenter, longitudinal EHR
datasets. Additional clinical variables such as HbAlc, lipid profile, kidney
function, body mass index, and antidiabetic therapy also need to be included to
make the pattern obtained more comprehensive. In addition, these exploratory
tindings can be developed using machine learning that is interpretable and then
validated externally in different populations. With this approach, the concept of
data meaning can develop from just pattern interpretation to the basis for the
development of a clinical decision support system that is transparent,
explainable, and has practical relevance in the early identification of diabetic
retinopathy.

CONCLUSIONS AND RECOMMENDATIONS

This study shows that the use of electronic health records through data
mining and data meaning approaches is able to identify clinical patterns related
to indications of diabetic retinopathy. Longer duration of diabetes, higher
glucose levels, and high blood pressure are the most prominent characteristics in
the EHRs of patients with indications of retinopathy. The combination of these
three information results in a more meaningful clinical profile than the
interpretation of each variable separately. These findings demonstrate the
potential of EHRs as a source of information to support screening priorities and
clinical decision-making, but are not intended to replace ophthalmological
examinations.

Based on the findings, healthcare facilities are advised to optimize the use
of EHR data to identify diabetic patients who have a combination of clinical risk
factors and prioritize them for further retinal examination. However, the patterns
obtained in this study are not intended as a diagnostic tool or validated
prediction model. Therefore, its application needs to be kept in combination with
clinical and ophthalmological examinations. Further research also needs to use
larger and more diverse EHR datasets so that the patterns obtained can be tested
more robustly and have a better generalization rate.

ADVANCED RESEARCH

Further studies are recommended using larger, multicenter, and
longitudinal EHR datasets, and including additional variables such as HbAlc,
lipid profile, body mass index, kidney function, antidiabetic therapy, and
severity of retinopathy. The development of interpretable machine learning
models and external validation is also needed to test whether the patterns of the
data meaning found can be developed into a clinical decision support system for
diabetic retinopathy screening.
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