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Indra Optik Blitar manages a large volume of patient medical 
record data that has not yet been utilized to support strategic 
decision-making. This study aims to cluster myopia refractive 
error patients based on their severity level, region, age, and 
gender characteristics using the K-Means algorithm, and to 
evaluate the quality of the resulting clusters using the Silhouette 
Coefficient. The research process follows the Knowledge 
Discovery in Database (KDD) framework, encompassing data 
selection, preprocessing, feature engineering, Min-Max Scaling 
normalization, and clustering execution. From 14,863 raw data 
entries, 6,821 valid records were obtained after three filtering 
layers: demographic, geographic, and clinical. Feature 
engineering was performed by converting four raw refraction 
variables into a single Worst_SE (Worst Spherical Equivalent) 
variable and transforming district address data into latitude and 
longitude coordinates. Feature weighting was automatically 
optimized using the Optuna framework with the Tree-structured 
Parzen Estimator (TPE) algorithm through 100 optimization 
trials. The optimal number of clusters was determined using a 
combination of the Elbow Method and Silhouette Coefficient, 
resulting in K = 5. The K-Means algorithm with K-Means++ 
initialization achieved convergence at iteration 20, producing five 
clusters with distinctive characteristics. Evaluation using the 
Silhouette Coefficient yielded an average score of 0.4144, which, 
given the high dimensionality and heterogeneity of the combined 
clinical, demographic, and geographic features, represents a 
moderately well-separated cluster structure suitable for practical 
application. The five clusters formed represent patient segments 
that differ clinically, demographically, and geographically, 
providing a data-driven foundation for Indra Optik Blitar to 
design more targeted marketing strategies, eye health 
socialization programs, and social assistance initiatives. 
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1. Introduction 
The Industry 4.0 and big-data era has fundamentally changed how organizations compete: data is no longer 

merely a transactional archive but a strategic asset, and the ability to convert raw records into actionable 

insight has become a key source of competitive advantage [1]. This shift is not limited to large technology firms; 

small and medium enterprises in retail and healthcare, including optical clinics, also accumulate substantial 

volumes of patient data every day. In many such organizations, however, this data is only used for 

administrative purposes such as billing and medical archiving, a condition commonly referred to as “data rich, 

information poor” [1]. 

Myopia (short-sightedness) is one of the most common refractive disorders encountered in optical services 

and carries a well-documented global burden. An estimated 1.4 billion people (22.9% of the world 

population) were myopic in 2000, and this figure is projected to reach 4.75 billion (49.8%) by 2050, with 938 

million people (9.8%) expected to develop high myopia, a condition that substantially raises the risk of 

cataract, glaucoma, and retinal detachment [2]. This global trend translates directly into rising demand for 

local vision-correction services, placing clinics such as Indra Optik Blitar, an officially affiliated BPJS 

Kesehatan referral facility located on Jl. Merdeka No. 127, Blitar City, in a strategically important position. 

Indra Optik Blitar records more than 11,000 patient visits per year, spanning insured, student, and general-

public segments across Blitar City (population 150,371) and Blitar Regency (population 1,263,650) [3], [4], two 

areas with markedly different demographic and accessibility profiles. Despite this volume, interviews with the 

clinic's management confirmed that the archived medical records have never been processed beyond 

administrative use, and that promotional and health-outreach strategies are still designed generically, without 

any customer segmentation. This gap creates a pattern of “blind marketing” in which resources are spread 

evenly across patient groups instead of being prioritized toward the segments that need them most. 

Clustering, an unsupervised learning technique that groups data by similarity without predefined labels, offers 

a direct route to closing this gap. Among clustering algorithms, K-Means is widely favored for its simplicity, 

computational efficiency, and ease of implementation on large datasets [5], and it has previously been applied 

to hospital medical records [6] and optical retail sales [7], though typically using a single demographic or 

transactional dimension and manually assigned feature weights, a practice that risks sub-optimal cluster 

separation[8]. This study extends that line of work by jointly clustering patients on three dimensions, clinical 

severity, demography (age, gender), and geography (sub-district location), and by replacing manual weighting 

with automatic feature-weight optimization. This combination is intended to let the severity of myopia remain 

the dominant driver of cluster formation, as is clinically appropriate [1], while still allowing spatial and 

demographic structure to surface, an approach still uncommon in local optical-industry clustering studies [6], 

[7]. 

Following the applied-research paradigm, which is oriented toward testing and evaluating a theory's capacity 

to solve a real practical problem[9], and taking an unsupervised, exploratory rather than hypothesis-

confirming stance [10], this study aims to (1) apply the K-Means algorithm to cluster myopia patients at Indra 

Optik Blitar based on severity level, region, age, and gender, and (2) evaluate the resulting cluster quality using 

the Silhouette Coefficient. The resulting patient profiles are intended to give Indra Optik Blitar an empirical, 

data-driven foundation for designing targeted marketing, eye-health outreach, and social-assistance programs, 

replacing the intuition-based approach used until now. 

The main contributions of this study are threefold: (1) it jointly clusters myopia patients across three 

previously unconnected dimensions, clinical severity, demography, and geography, within a single K-Means 

model, rather than the single-dimension approaches used in prior local studies; (2) it replaces a single, 

manually fixed weight per feature with automated, Optuna-optimized weighting within clinically-informed 

search bounds, validated jointly against the Elbow and Silhouette criteria, rather than relying on one arbitrary 

weight assignment; and (3) it translates the resulting cluster structure into concrete, data-driven marketing, 

outreach, and social-assistance recommendations for an operating optical clinic, demonstrating a practical 
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pathway from academic clustering analysis to operational decision support. 

 

2. Research Method 

2.1 Research Design and Location 
This study is an applied, quantitative research effort conducted at Indra Optik Blitar (Jl. Merdeka No. 127, 

Kepanjenkidul, Blitar City), chosen for its large and representative patient base spanning both Blitar City and 

Blitar Regency. The analysis uses one year of retrospective electronic medical-record data (January–December 

2025) to capture the most recent prevalence pattern of myopia while minimizing seasonal bias. 

2.2 Data Collection 
Data collection combined three techniques. In-depth interviews with the clinic's management and branch 

operations staff validated the business problem, namely the absence of structured patient segmentation, and 

confirmed the availability and structure of the medical-record database. Direct observation of the operational 

system verified the completeness of the demographic (date of birth, gender, address) and clinical (spherical, 

cylinder, and axis values for both eyes) attributes required for clustering. Documentation study, the main data-

collection technique, extracted the historical medical records that form the secondary dataset used in the 

analysis. 

2.3 Research Framework 
Data processing follows the Knowledge Discovery in Database (KDD) framework, comprising Selection, 

Preprocessing, Transformation, Data Mining, and Evaluation, as illustrated in Fig. 1. 
 

Figure 1. Research workflow following the KDD stages. 

 

2.4 Data Selection and Preprocessing 
The raw dataset comprised 14,863 medical records. Three sequential filtering layers were applied: 

demographic filtering removed records with incomplete identity attributes (name, age, gender); geographic 

filtering retained only patients residing in Blitar City or Blitar Regency to keep the case study spatially 

consistent and to avoid distance outliers; and clinical filtering retained only records with complete refraction 

values (right/left sphere and cylinder). The dataset was further restricted to patients aged 10–80 years and to 

myopia cases only (hyperopia and emmetropia were excluded), with a minimum correction threshold of −0.50 

D. The minimum correction threshold of −0.50 D follows the International Myopia Institute's consensus 

definition for clinical myopia [11]. The 10–80 year age range reflects a study-specific methodological 

criterion rather than a universal clinical guideline: patients younger than 10 years were excluded because 

ocular refraction during childhood is still undergoing growth-related change and tends to fluctuate, making 

longitudinal comparison across patients less stable, and pediatric myopia guidelines in the literature vary 

considerably in their lower age bound, with some using age 6 instead. Patients older than 80 years were 

excluded because vision impairment in this age group is frequently caused by cataract and other age-related 

conditions rather than primary refractive error [12], consistent with reports that myopic shifts in very 

elderly populations are predominantly cataract-driven. Myopia severity was classified into three levels: low 

(mild) myopia, −0.25 D to −3.00 D; moderate myopia, −3.25 D to −6.00 D; and high (severe) myopia, worse 

than −6.00 D [13]. Patient names were anonymized to initials throughout the analysis. 
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2.5 Feature Engineering 
Because K-Means requires a single numeric value per attribute, the right- and left-eye sphere (SPH) and 

cylinder (CYL) values were combined using the Spherical Equivalent (SE) formula [14], [15]: 

 𝑆𝐸 = 𝑆𝑃𝐻 +
𝐶𝑌𝐿

2
 (1) 

The more negative (worse) of the two eyes was then taken as the patient's final clinical attribute, consistent 

with clinical practice of basing risk classification on the more severely affected eye: 

 𝑆𝐸worst = min(𝑆𝐸od, 𝑆𝐸os) (2) 

where 𝑆𝐸od and 𝑆𝐸os denote the spherical equivalent of the right (Oculus Dextra) and left (Oculus Sinistra) 

eye. Patient sub-district addresses were geocoded into latitude/longitude coordinates using each sub-

district's centroid, and gender was binary-encoded (male = 0, female = 1). 

2.6 Normalization and Feature Weighting 
The resulting attributes, age, gender, latitude, longitude, and Worst_SE, differ by several orders of magnitude, 

which would let large-magnitude attributes such as age dominate the Euclidean distance computation. Min-

Max normalization was therefore applied to rescale every attribute to the [0, 1] range: 

 𝑋′ =
𝑋−𝑋min

𝑋max−𝑋min
 (3) 

Equal scaling, however, does not guarantee that each attribute contributes appropriately to cluster formation. 

An initial manual weighting scheme produced a low Silhouette Score, so feature weights were instead 

optimized automatically using the Optuna framework with the Tree-structured Parzen Estimator (TPE) 

algorithm [16]. Optuna searched jointly over the weight of each feature and the number of clusters K, running 

each candidate configuration through K-Means and using the resulting Silhouette Score as the objective to be 

maximized, so that the search was guided adaptively toward higher-quality cluster structures rather than 

proceeding by random trial. Specifically, the search space for K spanned the integer range [4, 7]. Feature weight 

bounds were constrained asymmetrically based on domain knowledge rather than searched over a uniform 

range: Worst_SE was allotted the widest and highest bound, [1.60, 2.20], to ensure clinical severity could 

dominate cluster formation; age and the spatial coordinates (latitude, longitude) were bounded at [0.80, 1.10] 

and [0.85, 1.10] respectively; and gender was deliberately constrained to a low range, [0.05, 0.15], to limit its 

influence relative to clinical and spatial attributes. Optuna's TPE sampler therefore optimized the exact weight 

value within each pre-specified, clinically motivated bound rather than discovering the relative feature 

importance from an unconstrained search. The optimization ran for 100 trials in total, as reported in the 

abstract. 

2.7 K-Means Clustering 
Cluster assignment is based on Euclidean distance between each patient's weighted, normalized feature vector 

and each cluster centroid: 

 𝑑(𝑝, 𝑞) = √∑ (𝑞𝑖 − 𝑝𝑖)
2𝑛

𝑖=1  (4) 

Centroids are initialized using K-Means++ to avoid poor local optima from arbitrary initialization, and are 

iteratively updated as the mean of their assigned members, 

 𝑐𝑗 =
1

𝑁𝑗
∑ 𝑥𝑖
𝑁𝑗

𝑖=1
 (5) 

until convergence, i.e., until cluster membership no longer changes between iterations. 
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2.8 Cluster Validation 
Cluster quality was validated internally using the Silhouette Coefficient [17], which jointly considers intra-

cluster cohesion, a(i), the mean distance from point i to the other members of its own cluster, and inter-cluster 

separation, b(i), the mean distance from point i to the members of the nearest neighboring cluster: 

 𝑠(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

max(𝑎(𝑖),𝑏(𝑖))
 (6) 

The score ranges from −1 to +1; values approaching +1 indicate a strong, well-separated cluster structure, 

while values near 0 indicate overlapping clusters. The mean of s(i) across all patients is reported as the model's 

global Silhouette Score. For visualization purposes, PCA was applied to the raw (unweighted, unnormalized) 

clinical, demographic, and geographic variables, Worst_SE, age, latitude, longitude, and encoded gender, rather 

than to the weighted, normalized feature matrix used for clustering. This visualization therefore illustrates the 

natural variance structure of the underlying patient attributes rather than the geometry K-Means directly 

operated on. 

 

3. Results and Discussions 

3.1 Processing Outcome 
Applying the three preprocessing filters described in Section 2.4 reduced the dataset from 14,863 raw records 

to 6,821 valid records, retaining about 45.9% of the original data (Table 1). Geographic filtering removed the 

largest share (4,225 records), reflecting the proportion of visiting patients residing outside the Blitar 

City/Regency case-study area; clinical filtering removed a further 3,203 records with incomplete refraction 

values, a necessary step since these four fields underlie the Worst_SE feature used in clustering. 

Table 1. Data reduction through the preprocessing stages. 
 

Preprocessing Stage Records Remaining Records Removed 
Raw data 14,863 — 

Demographic filtering 14,249 614 
Geographic filtering 10,024 4,225 

Clinical filtering 6,821 3,203 

3.2 Feature Weighting and Optimal Cluster Number 
Optuna's TPE search over the feature-weight space returned an optimal configuration with an estimated 

Silhouette Score of 0.4141 and a recommended K = 5. The optimized weights placed the highest priority on 

Worst_SE (1.642), consistent with the search space's clinically-motivated design, which allotted it the widest 

and highest bound to keep severity dominant, followed by longitude (1.093) and age (1.055), while latitude 

(0.984) and gender (0.051) settled near the lower end of their comparatively narrow, deliberately constrained 

bounds. 

This K = 5 recommendation was cross-checked against the classical Elbow and Silhouette curves computed for 

K = 2 to K = 10 (Fig. 2). The Elbow curve (SSE) decreases sharply up to K = 5 and flattens noticeably afterward, 

while the Silhouette curve, although highest at the practically uninformative K = 2, peaks again at K = 5 (≈ 

0.414) among the more meaningful range of K ≥ 3. The convergence of the Optuna, Elbow, and Silhouette 

evidence supports K = 5 as the number of clusters used in the final model. A K-Means++ seed search over 200 

candidate initializations selected seed 2 (Silhouette 0.4144, inertia 373.10), and the final weighted K-Means 

run converged after 20 iterations. The minimal 0.0003 gap between the Optuna-estimated score (0.4141) and 

this final evaluated score (0.4144) is not attributable to rounding or to a different data subsample; both stages 

operate on the identical, full 6,821-patient weighted feature matrix. The difference instead reflects a difference 

in seed-search rigor between the two stages: Optuna evaluated each candidate weight configuration using a 

single fixed random seed (random_state = 42) with ten internal K-Means++ initializations selected by lowest 

inertia, the scikit-learn default, whereas the dedicated post-hoc search explicitly evaluated 200 distinct seeds 
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by Silhouette Score directly, rather than by inertia, and selected the seed yielding the highest score. This more 

exhaustive, silhouette-driven seed search accounts for the small residual improvement from 0.4141 to 0.4144. 
 

 
Figure 2. Elbow (SSE) and Silhouette Score across K = 2 to K = 10. 

 

3.3 Cluster Composition and Profiles 
The final weighted K-Means model produced five clusters of markedly uneven size (Table 2), a distribution 

that reflects the real concentration of patient characteristics in the field rather than an algorithmic artifact. 

Individual-level Silhouette evaluation, computed directly from a(i), b(i), and s(i) for every patient, yielded a 

global average Silhouette Score of 0.4144, consistent with the Optuna estimate. Under the standard 

Silhouette interpretation scale, this value indicates a moderate (“fair”) but interpretable cluster structure 

[17]. 

Table 2. Patient population per cluster. 
 

Cluster Patients Proportion 
1 3,022 44.3% 
2 110 1.6% 
3 1,157 17.0% 
4 891 13.1% 
5 1,641 24.1% 

Total 6,821 100% 

Table 3 summarizes the demographic, clinical, and geographic profile of each cluster. Cluster 1 is the largest 

group (44.3%), dominated by young, urban, female patients with mild myopia. Cluster 3 is concentrated in the 

western sub-districts of Ponggok and Srengat and shows the broadest severity spread of the mild-dominant 

clusters, including 9.9% severe cases. Cluster 4 is the most clinically distinctive group: all of its 891 members 

fall in the moderate-to-severe myopia category (61.3% severe), concentrated in the 26–45-year productive-

age range. Cluster 5 is the oldest group, spanning ages 36 to over 60, and is dominated by mild myopia, 

consistent with a presbyopia-relevant segment. 
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Table 3. Summary profile of the five K-Means clusters. 
 

Cluster Size (%) 
Dominant 
Age 

Dominant 
Severity 

Dominant Region Gender 

         1 3,022 (44.3%) 18–35 yr Mild (74.6%) Kanigoro, Sananwetan Female 71.3% 
2 110 (1.6%) Mixed Mild (74.5%) Bakung (100%) Female 72.7% 
3 1,157 (17.0%) 18–35 yr Mild (62.3%) Ponggok, Srengat Female 72.8% 
4 891 (13.1%) 26–45 yr Severe (61.3%) Kanigoro, Sananwetan Female 68.8% 
5 1,641 (24.1%) 36–60+ yr Mild (77.0%) Sananwetan, Kanigoro Female 70.3% 

Note: Severity thresholds are mild, −0.25 D to −3.00 D; moderate, −3.25 D to −6.00 D; and severe, worse than 

−6.00 D [13]. 

Cluster 2's complete confinement to Bakung sub-district is confirmed, not merely inferred, by direct inspection 

of the weighted feature space: the cluster's centroid sits at W_Lat = 0.000, the absolute minimum of the 

normalized latitude range across all 6,821 patients, with near-zero within-cluster variance on both W_Lat and 

W_Lon, since sub-district centroid geocoding assigns every Bakung patient an identical coordinate. Members 

average a distance of 0.29 to their own centroid versus 1.00–1.22 to the other four centroids in the full 

weighted space, and a distance of essentially 0.0 versus 0.95–1.11 when latitude and longitude alone are 

considered, meaning geographic coordinates alone almost fully account for the separation. This separation 

holds even though the longitude weight (1.093) is only modest, close to the unweighted baseline of 1.0, unlike 

Worst_SE's substantially inflated weight (1.642): Bakung's raw coordinate distance from the other sub-

district centroids is large enough on its own, since it lies roughly 50 km from Indra Optik Blitar's location at 

the southernmost, least populous edge of the regency, that even a near-neutral weight preserves a clearly 

separable gap. By contrast, the cluster's within-group spread in Worst_SE and age (SD 0.167 and 0.270) is 

comparable to that of the full dataset (SD 0.195 and 0.230), ruling out clinical or demographic homogeneity 

as the unifying factor. This indicates a distance artifact of centroid-based geocoding rather than a genuine 

clinical-geographic community: patients are grouped by shared sub-district location, not by shared health 

characteristics. An institutional referral pathway, such as a BPJS program or school-based screening specific 

to Bakung, cannot be excluded but is not testable with the variables recorded here. 

Principal Component Analysis (PC1 = 97.2% variance, PC2 = 2.7%) visualizes this structure in two dimensions 

(Fig. 3). Cluster 4 separates clearly along PC2 from the remaining four clusters, confirming that Worst_SE, 

which loads heavily on PC1, is the dominant axis distinguishing patients, while Cluster 5 spreads further along 

PC1 due to its higher age values. PC1's dominant 97.2% variance share reflects a scale effect rather than the 

Optuna weighting scheme: because PCA was computed on raw, unnormalized values, Worst_SE, whose diopter 

range extends well beyond the −6.00 D severe-myopia threshold for the most affected patients, has 

substantially larger raw numeric variance than age (bounded 10–80 years) or the narrow-range latitude and 

longitude coordinates within a single regency, causing it to dominate the first principal component. 
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Figure 3. Two-dimensional PCA projection of the five clusters. 

 

3.4 Comparison with Related Studies 
The five-cluster outcome obtained here parallels a previous customer-segmentation study that likewise 

identified five clusters using a combined Elbow-Dendrogram approach [18]. This correspondence suggests 

that human populations, whether retail customers or medical patients, tend to separate into a similar 

number of distinct segments under multidimensional K-Means. The present study extends that finding by 

integrating clinical severity and geographic coordinates alongside demographic attributes within a single 

model, a combination absent from both that customer-segmentation data and earlier single-dimension 

clustering of hospital medical records [6]. Female patients dominate all five clusters (68.8–72.8%), consistent 

with the gender-skewed segments reported in hospital medical-record clustering and with K-Means 

customer segments led by female shoppers aged 20–40 [6], [18]. Clusters 1 and 3 here, dominated by ages 

18–35 with the highest female share, closely mirror that profile, indicating that gender itself is not the main 

differentiator once severity and geography are accounted for. 

Using sub-district latitude/longitude coordinates successfully isolated Cluster 2 (exclusively Bakung) and 

Cluster 3 (concentrated in Ponggok and Srengat). This result corroborates earlier evidence, derived from 

restaurant distribution, that coordinate-based K-Means can reveal spatial hotspots [19]. Extending that 

approach to patient distribution, the present study also bridges two previously separate applications of K-

Means in eye care, namely the clustering of optical sales data alone and the clustering of ocular-disease image 

features alone [7], [20]. Combining clinical severity with a commercial patient base in one model, as done 

here, has not previously been reported in this domain. 

The choice of K-Means over density-based alternatives is supported by evidence that K-Means produces a 

more cohesive structure than DBSCAN (Davies-Bouldin Index 0.39 vs. 1.39) on similarly continuous numeric 

data [21]. The resulting Silhouette Score of 0.4144 is lower than the score of 0.51 previously reported for 

three clusters formed from homogeneous, low-dimensional provincial data [22]. This difference is 

attributable to the higher dimensionality and heterogeneity of the present patient-level dataset, which is 

clinical, demographic, and spatial at once; a score in this range is therefore considered representative given 

the added complexity. It is further corroborated by a comparable Silhouette Score of 0.3718 reported for K-

Means clustering of HIV screening data across health service units, a similarly complex, multi-domain 

patient-service clustering task that applied the same KDD framework used here, combined testing volume, 
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positivity rate, and gender-based indicators, and was published in J-INTECH [23]. The roughly two-fold 

improvement in Silhouette Score achieved through Optuna weighting mirrors the substantial gains reported 

when Optuna was applied to heart disease classification (accuracy from 77.04% to 90.16%), reinforcing that 

automated weight optimization is preferable to manually assigned weights [24]. Finally, relying on the Elbow 

curve alone would carry the subjectivity inherent in visually identifying an “elbow” point [25]. Pairing the 

Elbow curve with the Silhouette Coefficient therefore allowed K = 5 to be justified by two independent, 

mutually reinforcing criteria rather than visual judgment alone, in line with prior recommendations to 

combine both methods [26]. 

These comparisons translate into concrete actions for Indra Optik Blitar. Cluster 1's large young urban segment 

is best reached through digital and social-media marketing of standard, aesthetically oriented lenses, while 

Cluster 5's older patients represent a natural market for progressive or bifocal lenses supported by 

consultation-based service. Cluster 3's concentration in Ponggok and Srengat points to an under-served 

western catchment area that could justify a satellite service point or periodic outreach visits. Cluster 4, entirely 

composed of moderate-to-severe patients requiring costlier high-index lenses, and Cluster 2, facing limited 

geographic access from Bakung, are the clearest priorities for subsidized-lens or social-assistance programs, 

while Clusters 1 and 3, both dominated by younger patients, are the most relevant targets for school- and 

campus-based eye-health education. 

 

4. Conclusions and Future Works 
This study applied the K-Means algorithm, following the Knowledge Discovery in Database framework, to 

cluster myopia patients at Indra Optik Blitar by severity level, region, age, and gender. Sequential demographic, 

geographic, and clinical filtering reduced 14,863 raw medical records to 6,821 valid records, from which 

Optuna-optimized feature weighting, cross-validated against the Elbow and Silhouette curves, identified K = 5 

as the optimal number of clusters. The resulting weighted K-Means model, initialized with K-Means++, 

converged into five clusters with clearly distinguishable identities: a large young urban segment with mild 

myopia (Cluster 1), a geographically singular Bakung segment (Cluster 2), a western-region segment 

concentrated in Ponggok and Srengat (Cluster 3), a clinically distinct moderate-to-severe segment 

concentrated in productive age (Cluster 4), and an older segment dominated by mild myopia (Cluster 5). 

Individual-level Silhouette evaluation across all 6,821 patients produced a global average score of 0.4144, 

indicating a moderately well-separated, interpretable cluster structure suitable for practical use. 

These five profiles give Indra Optik Blitar a concrete, data-driven basis for targeted marketing, prioritized eye-

health outreach, and social-assistance allocation, as detailed in Section 3.4. Indra Optik Blitar could also extend 

this clustering approach beyond myopia to the other refractive disorders it treats, such as hypermetropia, 

astigmatism, and presbyopia, so that the resulting segmentation represents its entire patient population, and 

could strengthen address-recording standards in its medical-record system to support finer-grained spatial 

analysis in the future. 

The study is nonetheless limited by its use of sub-district centroid coordinates rather than precise patient 

addresses, and by its purely descriptive, cross-sectional scope, which does not extend to forecasting future 

patient behavior. Future research could therefore refine spatial resolution using API-based geocoding, such as 

OpenStreetMap Nominatim or the Open Source Routing Machine, combined with address text-matching or a 

real-time address-validation step at the point of data entry; incorporate temporal features such as visit 

frequency or dioptric progression to capture longitudinal patient trajectories; benchmark K-Means against 

DBSCAN, HDBSCAN, and Agglomerative Hierarchical Clustering with Ward linkage, each of which 

accommodates non-spherical cluster shapes that may better capture geographic hotspot patterns such as 

Bakung's; design the Optuna objective function around a specific managerial goal, such as maximizing severity-

based separation for social-assistance targeting or geography-based separation for digital-marketing 

purposes, in closer collaboration with clinic management; and, in later operational deployments, automate 

monthly data extraction and re-clustering so that patient segments stay current with the clinic's most recent 

data rather than reflecting a single historical snapshot. 
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