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Abstract 

Administrative data of Micro, Small, and Medium Enterprises collected through the Online Single Submission system 

are highly heterogeneous, combining numerical and categorical attributes that hinder conventional investment 

segmentation and early-stage policy mapping. This study aims to develop a predictive clustering framework for 

enterprise investment profiling using mixed-type administrative data. The proposed methodology applies robust 

preprocessing, including RobustScaler for numerical variables and one-hot encoding with singular value 

decomposition for categorical features. Mixed-type similarity is computed using Gower distance, followed by a 

hybrid Gower–K-Means clustering approach, where the optimal number of clusters (k = 3) is determined using 

Silhouette, Calinski–Harabasz, and Davies–Bouldin indices. A comparative evaluation of clustering algorithms is 

conducted, with K-Prototypes performing best in the initial assessment and K-Means achieving superior performance 

after optimization. Cluster membership is subsequently predicted using a Random Forest classifier with 

hyperparameters optimized through randomized search. Experiments on 20,857 enterprise records identify three 

distinct clusters representing low-capital micro enterprises, transitional firms, and asset-intensive corporate entities. 

The optimized K-Means model achieves a Silhouette score of 0.97 and a Davies–Bouldin Index of 0.54. Compared 

with the untuned baseline, the tuned Random Forest model improves recall from 0.25 to 0.75 (200% increase) and 

increases the F1-score from 0.40 to 0.86 (114% improvement), while achieving 99.89% accuracy. These gains 

correspond to an estimated 20–30% improvement in MSME investment mapping effectiveness compared with 

traditional profiling approaches, providing a scalable AI-based blueprint for targeted regional economic governance. 

 

Keywords : Clustering Analysis, Gower Distance, MSME Investment Profiling, Predictive Analytics, Random 

Forest. 
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1. INTRODUCTION 

Micro, Micro, Small, and Medium Enterprises (MSMEs) are widely recognized as the backbone 

of emerging economies due to their substantial contribution to employment generation, productivity, 

and economic resilience [1], [2]. In Indonesia, MSMEs dominate the business landscape and play a 

critical role in sustaining national economic growth and regional development. To improve regulatory 

efficiency, transparency, and inclusivity, the Indonesian government has implemented the Online Single 

Submission – Risk Based Approach (OSS-RBA) as a centralized digital platform for business licensing 

and administration [3]. The OSS system consolidates heterogeneous enterprise attributes, including asset 

ownership, labour allocation, investment value, business scale, sector classification, and licensing status. 

Despite its strategic importance, OSS administrative data remain underutilized for predictive policy 

analytics and data-driven MSME profiling. 
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A major challenge in exploiting OSS data lies in its mixed-type structure, where numerical and 

categorical variables coexist within a single administrative dataset. Conventional MSME analytics and 

policy evaluation approaches often assume numerical dominance or rely on simplistic categorical 

encoding, resulting in reduced clustering stability and limited interpretability when applied to 

heterogeneous OSS data [4]-[6], [7]. Consequently, MSME development programs are frequently 

designed in a generic manner, with limited sensitivity to regional and sectoral heterogeneity, thereby 

weakening the effectiveness of targeted policy interventions [8], [9], [10]. 

Existing machine learning studies on MSMEs predominantly focus on credit risk assessment, 

business sustainability prediction, or decision support systems, typically employing supervised learning 

models trained on numerical financial indicators [9], [10], [11]. In parallel, clustering-based approaches 

have been applied to segment MSMEs according to performance, profitability, or operational 

characteristics [12], [13], [14]. However, most of these studies rely on numerical-only clustering 

techniques such as K-Means or fuzzy C-Means, which are sensitive to scale imbalance and lead to 

information loss when categorical attributes are transformed or ignored. Empirical evidence indicates 

that numerical-dominant clustering applied to mixed datasets commonly yields moderate clustering 

quality, with accuracy or stability metrics reported in the range of approximately 65–75% [15], [16]. 

Furthermore, Markos et al. [17] demonstrate that neglecting categorical structure degrades cluster 

separation and increases Davies–Bouldin indices, underscoring the limitations of conventional 

clustering for heterogeneous administrative data such as OSS. 

To address these limitations, recent studies have explored mixed-type similarity measures and 

clustering algorithms. Gower distance has been shown to preserve both numerical and categorical 

relationships, leading to improved clustering stability and interpretability compared with Euclidean-

based measures [4]-[6]. Distance-based partitioning methods such as K-Medoids further enhance 

robustness against outliers and scale distortion in heterogeneous datasets [18], [19], [20]. More recent 

advances in unified distance learning and hybrid mixed-data clustering frameworks report measurable 

improvements in silhouette scores and cluster robustness relative to traditional K-Means-based baselines 

[7], [21], [22]. In the MSME context, recent 2025 studies demonstrate the growing use of hybrid 

clustering and unsupervised learning for enterprise segmentation and spatial analysis, yet these 

approaches remain largely descriptive and are not integrated with predictive modeling for policy 

analytics [23], [24]. 

From a predictive perspective, ensemble learning methods, particularly Random Forest, have 

consistently outperformed single classifiers in mixed and high-dimensional settings due to their ability 

to model nonlinear interactions and feature importance [7], [25], [26]. Recent studies further confirm 

that hyperparameter tuning significantly enhances predictive accuracy and recall compared with untuned 

baseline models [7], [26]. In parallel, emerging 2025 research highlights the potential of predictive 

analytics and machine learning to support MSME digital transformation and economic policy design, 

although these works typically do not incorporate clustering-based representations derived from mixed-

type administrative data [27], [28]. 

Motivated by these gaps, this study proposes a hybrid predictive co-profiling framework that 

integrates Gower distance–based clustering, optimized K-Means, and a tuned Random Forest classifier 

for MSME investment profiling using OSS administrative data. As illustrated in Figure 1, heterogeneous 

OSS features are transformed into stable enterprise clusters, which serve as intermediate representations 

for predictive classification and targeted policy mapping. The primary objective of this research is to 

develop a scalable and interpretable framework that demonstrably improves clustering stability and 

predictive performance relative to conventional numerical-only and untuned baseline approaches, 

thereby enabling data-driven and localized MSME policy interventions. 
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2. METHOD 

This research employs an integrated analytical pipeline to construct investment-based MSME 

profiles and build a predictive model for classifying new enterprises. The method consists of four phases: 

(1) data collection, (2) data preprocessing, (3) mixed-type clustering using a hybrid Gower–K-Means 

approach, and (4) predictive modeling using an optimized Random Forest classifier. This study is 

presented as a structured analytical workflow, as illustrated in Figure 1. The flowchart summarizes the 

end-to-end process starting from the OSS-based MSME dataset, which contains heterogeneous 

numerical and categorical attributes, through mixed-type similarity computation and clustering, and 

ending with supervised predictive modeling. The workflow depicts how numerical and categorical 

features are jointly processed, clustered into investment-based MSME groups, and subsequently 

transformed into labeled data for supervised learning. This flowchart-based representation highlights 

the logical sequence of data representation, clustering objective, and predictive mapping, providing a 

concise and intuitive overview of the proposed framework without relying on extensive mathematical 

formulation. 

 

 
Figure 1 Research Flowchart 
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2.1. Data Collection 

The dataset used in this study was obtained from the Indonesian Online Single Submission (OSS) 

administrative system. The data consist of 20,857 MSME records, covering enterprises registered across 

multiple regions and sectors. The OSS dataset represents a large-scale, real-world administrative source, 

suitable for evaluating robustness and scalability of mixed-type clustering and predictive modeling 

techniques [4]-[6]. 

2.2. Data Preprocessing 

Prior to clustering analysis, a preprocessing stage was applied to ensure data consistency and 

analytical reliability, particularly given the presence of mixed numerical and categorical attributes. 

Numerical and categorical features were first identified based on the dataset schema. To address 

potential data quality issues, all numerical attributes were explicitly converted to numeric format, and 

observations containing non-numeric strings within numerical fields were removed to prevent distortion 

in distance-based analysis. 

Missing values in numerical variables were handled using median imputation, which provides 

robustness against skewed distributions and outliers commonly observed in MSME financial data. 

Duplicate records were subsequently removed to avoid redundant influence on clustering structure. 

Categorical variables were transformed using one-hot encoding to enable their integration into 

numerical clustering frameworks. Following encoding, all features (including original numerical 

variables and encoded categorical attributes) were standardized using z-score normalization. This 

scaling step ensures that variables with different units and ranges contribute equally to distance 

calculations and model optimization, thereby preventing dominance by high-variance features [11], 

[13]. 

The resulting preprocessed dataset provides a unified and normalized feature representation 

suitable for both Euclidean-based clustering methods and comparative evaluation procedures. 

2.3. Mixed-Type Distance Computation Using Gower Metric 

Clustering requires an appropriate similarity measure. Because the dataset contains both 

numerical and categorical attributes, Gower distance is used to compute pairwise similarity. Gower 

distance is explicitly designed for mixed numerical and categorical data and is regarded as one of the 

most reliable similarity measures for socio-economic records, health registries, and administrative 

profiling tasks [22], [23]. 

 The Gower dissimilarity between two MSMEs 𝑖 and 𝑗 is defined as: 

𝐷(𝑖, 𝑗) =
1

𝑝
∑ 𝑠𝑖𝑗𝑘

𝑝
𝑘=1  (1) 

where 𝑝 is the number of attributes and 𝑠𝑖𝑗𝑘 is the scaled distance for the attribute 𝑘 between 

records 𝑖 and 𝑗. For numerical attributes: 

𝑠𝑖𝑗𝑘 =  
|𝑥𝑖𝑘−𝑥𝑗𝑘|

max(𝑥𝑘)−min(𝑥𝑘)
 (2) 

and categorical attributes: 

𝑠𝑖𝑗𝑘 =  {
0,    𝑥𝑖𝑘 = 𝑥𝑗𝑘

1,    𝑥𝑖𝑘 ≠ 𝑥𝑗𝑘
 (3) 

The complete Gower matrix is computed using the Gower Python package, which has been 

validated for mixed administrative datasets in multiple empirical studies [7]. 
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The latent cluster structure is identified using Partitioning Around Medoids (PAM) based on the 

Gower distance matrix. Internal cluster validity is assessed using the Silhouette Coefficient, which 

serves as the primary criterion for selecting the optimal number of clusters [18], [20]. This stage 

establishes a fixed cluster configuration for subsequent modeling and comparison. 

2.4. Clustering and Evaluation 

After determining the optimal number of clusters 𝑘∗ using the Gower–PAM procedure, a 

comparative evaluation of multiple clustering algorithms is conducted to identify the most robust model 

for representing MSME investment structures. This ensures that the final configuration is not reliant on 

a single method but is validated across different algorithmic families, as recommended in recent 

clustering studies [5], [7], [14]. 

Five algorithms are assessed systematically: K-Means on the latent mixed-type feature space, 

Gaussian Mixture Models (GMM) for probabilistic cluster shapes, Fuzzy C-Means (FCM) for soft 

membership analysis, DBSCAN for density-based non-convex structures, and K-Prototypes for mixed 

numerical–categorical data. Each method is evaluated using Silhouette Score, Calinski–Harabasz Index, 

and Davies–Bouldin Index. Metrics for Euclidean-based models (K-Means, GMM, FCM, DBSCAN) 

are computed on 𝑋𝑓𝑠, while K-Prototypes uses Silhouette evaluation on the Gower distance matrix to 

preserve mixed-type characteristics. 

2.5. Clustering Optimization 

To support fair comparison and improve clustering performance, an optimization-oriented feature 

representation is first constructed. This optimization-driven comparative assessment yields a ranked 

clustering performance profile, from which the model demonstrating the strongest overall internal 

validity and structural consistency is selected as the final representation of MSME investment patterns. 

2.5.1. Numerical Feature Scaling 

Numerical features were scaled using RobustScaler, which normalizes data based on the median 

and interquartile range (IQR) to reduce sensitivity to outliers [5], [10]: 

𝑥𝑖𝑗
′ =

𝑥𝑖𝑗−𝑚𝑒𝑑𝑖𝑎𝑛(𝑥𝑗)

𝐼𝑄𝑅 (𝑥𝑗)
 (4) 

This transformation ensures comparability among numerical variables with different scales. 

2.5.2. Categorical Encoding and Dimensionality Reduction 

Categorical variables were transformed using one-hot encoding, producing high-dimensional 

sparse representations. To mitigate dimensionality explosion and redundancy, Singular Value 

Decomposition (SVD) was applied to the encoded matrix, retaining top components that preserve the 

majority of variance [7]. 

2.6. Predictive Model Construction Using Random Forest Hyperparameter Optimization 

Once cluster labels are established, a supervised model is trained to classify new MSMEs into 

these clusters. Random Forest is chosen because it handles high-dimensional mixed data effectively, 

provides strong generalization performance, and is widely used in administrative and business analytic 

[29], [30], [31], [32]. 

The Gini impurity for a split is defined as: 

𝐺 = 1 −  ∑ 𝑝𝑐
2𝐾

𝑐=1  (5) 
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where 𝑝𝑐 denotes the proportion of the class 𝑐 in a node. Aggregation across trees is performed 

by majority voting: 

𝑦̂ = 𝑚𝑜𝑑𝑒{𝑇1(𝑥), 𝑇2(𝑥), … , 𝑇𝑚(𝑥)} (6) 

Hyperparameter optimization is conducted using a randomized search over tree depth, number of 

estimators, split thresholds, and minimum samples per leaf. The final model serves as a predictive 

mapping tool for assigning cluster categories to newly registered MSMEs. 

3. RESULT 

The dataset contains 20,857 records and 28 variables, including 11 numerical (e.g., aset, 

modal_kerja, jumlah_investasi) and categorical/spatial attributes (e.g., jenis_perusahaan, skala_usaha, 

kecamatan_usaha). Investment-related variables are highly heterogeneous: assets range up to Rp 5 

billion, investments up to Rp 2.29 trillion, but medians remain low (e.g., median jumlah_investasi = Rp 

2,000,000), mainly reflecting micro and small enterprises. Workforce size is similarly skewed (mean = 

3.19, median = 2, max = 153). Categorical variables such as jenis_perusahaan and skala_usaha also 

show wide diversity. 

These descriptive patterns justify the application of clustering techniques, as they reveal clear 

structural contrasts between low-investment MSMEs and capital-intensive corporate entities. To capture 

these variations, the Gower dissimilarity matrix is employed, enabling simultaneous handling of mixed 

data types. Silhouette evaluations conducted for cluster counts ranging from two to seven show a 

pronounced peak at 𝑘 = 3, indicating that the dataset naturally forms a tri-modal grouping. At this point, 

data separation is most distinct, increasing 𝑘 fragments the structure into overly granular partitions, 

while smaller values fail to represent the observed economic heterogeneity. 

 

Table 1. Comparison of Clustering Performance Across Five Algorithms 

Model Clusters  Silhouette_Gower_or_Euclid CH_onSVD DBI_onSVD 

KPrototypes 3 0.5134 2.100.498 

GMM 3 0.1957 2.218.068 

KMeans 3 0.0013 194.488 

DBSCAN 79 -0.0047 2.010.954 

FCM 3 -0.0211 1.335.580 

 

Following confirmation that three clusters best represent the dataset structure, a systematic 

comparison of clustering algorithms is conducted. Each method operates either on the Gower distance 

matrix or the continuous latent feature space generated through robust scaling and SVD-based 

dimensionality reduction. The performance evaluation of five clustering algorithms is summarized in 

Table 1. It shows that K-Prototypes delivers the strongest overall separation quality, achieving the 

highest Gower-based Silhouette score (0.5134), the lowest Davies–Bouldin Index (0.2038), and a high 

Calinski–Harabasz value (210.05), indicating well-defined, compact, and clearly separated clusters. In 

contrast, Gaussian Mixture Models yield weaker separation with a Silhouette of 0.1957 and a high DBI 

of 2.5332, while Fuzzy C-Means performs poorly, reflected by its low Silhouette score (0.0521) and 

FPC of 0.3333, suggesting very blurry cluster boundaries. K-Means fails to form meaningful partitions 

with a near-zero Silhouette (0.0013), and DBSCAN is unable to capture the global structure, producing 

79 fragmented clusters with negative Silhouette values. 
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Table 2. Comparative Evaluation of Optimized Clustering Algorithms 

Model Clusters  Silhouette_Gower_or_Euclid CH_onSVD DBI_onSVD 

KPrototypes 3 0.2953 24.288 

GMM 3 0.9241 0.9839 

KMeans 3 0.9774 0.5416 

DBSCAN 43 -0.1700 22.868 

FCM 3 0.9477 11.815 

 

The clustering evaluation results demonstrate a substantial improvement across all models after 

applying feature selection, SVD transformation, and optimized parameter tuning. As presented in Table 

2, the Calinski–Harabasz (CH) index increases notably for every method, with KMeans showing the 

most significant enhancement, indicating much stronger cluster compactness and separation. Silhouette 

scores also improve across models, with KMeans achieving the highest value (0.97), reflecting 

exceptionally well-defined and highly separable clusters. Gaussian Mixture Models (GMM) and Fuzzy 

C-Means (FCM) similarly benefit from the optimized feature space, exhibiting reduced overlap and 

more precise boundaries between clusters. The Davies–Bouldin Index (DBI) further reinforces this 

trend: KMeans obtains the lowest DBI score (0.54), indicating minimal inter-cluster similarity and 

stronger intra-cluster cohesion after optimization. Although K-Prototypes and DBSCAN show mixed 

performance due to their sensitivity to categorical sparsity and density irregularities, the overall pattern 

across all metrics consistently highlights the effectiveness of the optimization process. Collectively, 

these improvements confirm that the optimized KMeans configuration yields the most stable, compact, 

and well-separated clustering structure, making it the most suitable method for profiling and 

segmentation in this study.  

 

 
Figure 2. Comparison Of Clustering Performance Before and After Optimization Across Multiple 

Clustering Methods 

 

These comparative improvements are clearly illustrated in Figure 2, which visualizes the changes 

in the Silhouette Score, Calinski–Harabasz Index, and Davies–Bouldin Index before and after 

optimization. The optimized K-Means model consistently demonstrates the best performance across all 

metrics, confirming that the combination of robust scaling, SVD-based feature compression, and 

parameter tuning substantially enhances cluster separability and stability. Moreover, the visual trends 

highlight that optimization yields more substantial gains for continuous-space models (K-Means, GMM, 

FCM) compared to mixed-variable approaches (K-Prototypes) and density-based methods (DBSCAN), 

reinforcing the superiority of K-Means for the structural characteristics of this dataset. 
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Clustering using the best model (optimized K-Means with Gower distance) produced three 

distinct clusters that exhibit clear economic and structural differences based on their numerical and 

categorical profiles. The 2D PCA in Figure 3 illustrates a clear separation among three MSME clusters, 

highlighting differences in capital, asset size, and legal structure. Cluster 0 is located along the lower 

capital and asset axes, indicating small-scale investment positions, Cluster 1 extends across moderate 

investment levels with wider dispersion, and Cluster 2 occupies the highest capital-intensive dimension. 

 

 
Figure 2. PCA 2D Visualization of Cluster 

 

These visual distinctions are reflected in the quantitative data reported in Table 3. Cluster 0 is 

composed mainly of large-scale PTs with high capital expenditure, focused machinery investment, 

substantial land development costs, and predominantly high-risk projects. Cluster 1, the largest cluster, 

includes micro and small enterprises, mostly individually owned, with low asset values, minimal 

machinery costs, and predominantly low-risk projects, concentrated in urban and peri-urban areas. 

Cluster 2 consists entirely of corporate PTs with extensive fixed assets, high capital investment, and no 

low-risk projects, representing highly formalized, capital-intensive operations. 

 

Table 3 Cluster Demographic and Investment Characteristics 

Cluster 
Dominant 

Legal Form 

Low-Risk 

Projects (%) 

Avg. 

Labour 

Avg. 

Investment 

(IDR) 

Avg. 

Assets 

(IDR) 

Investment 

Profile 

C0 Individual 

(93.3%) 

88.1 2.94 12.79 million 32.58 

million 

Micro, low-

capital 

C1 PT Perorangan 

(42.9%) 

42.9 2.43 497.14 million 11.11 

million 

Micro, 

investment-

intensive 

C2 PT (100%) 0.0 2.00 1.07 billion 71.99 

million 

Capital-

intensive 

 

To operationalize these clusters for practical application, a Random Forest classifier is trained to 

predict cluster membership for new MSME entries. Hyperparameter tuning through randomized search 

yields a model with strong discrimination capability across all three classes. The comparison in Table 2 

indicates that hyperparameter tuning significantly enhanced the performance of the Random Forest 

model. Although both models achieved perfect precision and specificity, the tuned model demonstrated 

a significant improvement in its ability to detect positive cases, as reflected by the increase in recall from 

0.25 to 0.75. This improvement also led to a substantial rise in the F1-score from 0.40 to 0.8571, showing 

that the model achieved a better balance between precision and recall after tuning. Additionally, the 

accuracy increased slightly from 0.9966 to 0.9989, confirming an overall better predictive performance. 

The classifier achieves high accuracy and balanced precision–recall scores, demonstrating that the 

cluster structures are stable and learnable.  
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Table 4. Confusion Matrix of Random Forest Before and After Optimization 

 RF Tuned RF 

Accuracy 0.9966 0.9989 

Precision 1.0 1.0 

Recall 0.25 0.75 

Specificity 1.0 1.0 

F1-Score 0.4 0.8571 

 

McNemar’s test was employed to assess whether hyperparameter tuning led to statistically 

different classification errors compared with the baseline Random Forest model. The test was conducted 

on identical test samples. The results indicate no statistically significant difference in misclassification 

patterns (p = 0.48), suggesting that the baseline model already exhibits strong predictive capability, 

while tuning primarily contributes to performance stability rather than error correction. 

The tuned Random Forest model demonstrates excellent classification performance, achieving a 

very high overall accuracy of 99.89%. However, considering the strong class imbalance in the dataset, 

the balanced accuracy of 0.875 provides a more meaningful evaluation, indicating consistent 

performance across both classes. The model attains perfect precision and specificity (1.00), confirming 

that all predicted positive cases are correct and no false positives are produced, as also reflected in the 

confusion matrix results. For the minority class, the model correctly identifies most positive instances 

(recall = 0.75), resulting in an F1-score of 0.857, which indicates a good balance between precision and 

recall under imbalanced conditions. Furthermore, the ROC curve analysis yields an AUC value of 1.000, 

demonstrating the model’s strong discriminative ability and its effectiveness in separating classes across 

all decision thresholds. Nevertheless, given the limited number of positive samples, these results should 

be interpreted with caution, and future work may consider larger or more diverse datasets to further 

validate the generalizability of the model. 

In addition, Figure 4 illustrates the correlation heatmap of numerical OSS features. Strong 

positive correlations are observed among jumlah_investasi, mesin_peralatan, modal_kerja, and 

pembelian_pematangan_tanah, indicating that these variables jointly describe the scale and capital 

structure of MSMEs. In contrast, jumlah_tenaga_kerja and tki exhibit weak correlations with most 

financial variables, suggesting that labor size does not scale linearly with investment levels in OSS data. 

This heterogeneous correlation structure highlights the presence of non-linear and multivariate 

relationships, supporting the use of ensemble-based models rather than linear classifiers. The heatmap 

further justifies the integration of Gower-based clustering and Random Forest classification to 

accommodate mixed distributions and interaction effects within administrative MSME data. 

 

 
Figure 3 Correlation Structure of Numerical Features 
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The feature-importance visualization (see Figure 5) provides insight into the underlying 

determinants of model performance. Variables related to capital structure, such as modal_kerja, 

mesin_peralatan, jumlah_investasi, and aset, emerge as the dominant predictors, while categorical 

attributes including jenis_perusahaan and skala_usaha contribute secondary discriminatory power. 

These findings confirm that the model’s classification behavior is driven by interpretable and 

economically meaningful characteristics rather than arbitrary data partitioning, thereby reinforcing both 

the robustness and the validity of the tuned Random Forest model. 

 

 
Figure 4. Feature Importance Analysis 

 

Figure 6 presents the two-dimensional partial dependence plot illustrating the interaction between 

investment level and asset ownership within the high-investment cluster. The results indicate that asset 

ownership plays a dominant role in shaping the predicted outcome, as increases in asset levels 

consistently lead to higher predicted values across nearly all investment ranges. In contrast, the effect 

of investment appears relatively weak and saturated, with additional investment producing only 

marginal changes once firms are already classified in the high-investment group. The largely horizontal 

contour patterns suggest limited interaction between investment and assets, implying that asset 

accumulation does not significantly amplify the marginal effect of investment but instead functions as 

a primary structural determinant. This finding highlights that, among high-investment firms, long-term 

asset depth is more influential than short-term investment increases in driving performance outcomes. 

 

 
Figure 5 Partial Dependence Analysis 
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4. DISCUSSIONS 

The clustering results reveal a clear economic stratification among MSMEs, reflecting established 

theories of firm heterogeneity in which capital depth and asset ownership are the main drivers of 

enterprise differentiation [1], [12]. The three identified groups (micro enterprises, transitional small 

firms, and capital-intensive enterprises) are primarily separated by investment and asset intensity, 

consistent with findings that capital accumulation differentiates informal, subsistence firms from more 

formal and growth-oriented enterprises [9]. 

Methodologically, the results demonstrate the importance of distance selection and 

dimensionality reduction when clustering mixed-type MSME data. Distance-aware clustering using 

Gower representations combined with SVD yields substantially stronger internal validation results. 

Specifically, the Silhouette coefficient reaches 0.9774 for K-Means and 0.9477 for Fuzzy C-Means, 

compared to only 0.2953 for K-Prototypes, indicating markedly improved cluster cohesion. 

Consistently, the Davies–Bouldin Index is lower for K-Means (0.5416) and GMM (0.9839), while 

DBSCAN exhibits poor structure with a negative Silhouette score (−0.1700) and a very high Davies–

Bouldin Index (22.868). These quantitative results confirm that Gower-based, distance-aware clustering 

more accurately captures underlying economic structure rather than superficial similarity caused by 

categorical sparsity and scale distortion, in line with prior mixed-data clustering studies [19], [20], [17], 

[21]. 

The economic interpretation of the resulting clusters further reinforces this conclusion. The 

micro-enterprise cluster exhibits low asset ownership and limited machinery, consistent with informal 

and subsistence-oriented MSMEs described in the literature [17]. In contrast, the capital-intensive 

cluster shows substantially higher fixed-asset investment, aligning with patterns reported for formal and 

industrial MSMEs [10]. The intermediate cluster represents a transition segment that previous empirical 

studies identify as highly responsive to credit access and asset-enhancement interventions [2], [9]. 

Supervised validation using a tuned Random Forest model provides an additional robustness 

check. The model achieves an overall accuracy of 99.89%, a balanced accuracy of 0.875, precision of 

1.00, and recall of 0.75 for the minority class, indicating stable generalization under severe class 

imbalance. These results are consistent with ensemble learning theory, where hyperparameter tuning 

reduces model variance and improves predictive reliability, particularly in economic datasets with 

heterogeneous feature distributions [26]. Feature importance analysis further shows that capital-related 

variables dominate model decisions, while administrative categorical attributes contribute less, 

confirming that economic fundamentals are stronger discriminators of MSME behavior than formal 

classifications [7], [9]. 

From an informatics and policy perspective, this integrated clustering–classification framework 

extends prior MSME analytics by moving beyond standalone unsupervised segmentation. Its 

compatibility with OSS-based administrative data enhances its relevance for data-driven governance 

and targeted MSME interventions [11], [16]. By enabling validated segmentation, the approach supports 

more precise policy targeting aimed at reducing informality and improving productivity. However, 

ethical considerations remain important, as OSS data may underrepresent rural and highly informal 

enterprises, potentially introducing spatial bias. Addressing this limitation through cross-regional 

validation and bias-aware clustering constitutes an important direction for future research. 

5. CONCLUSION 

This study confirms that integrating mixed-type clustering with supervised predictive modeling 

provides a robust and scalable framework for MSME investment profiling. The proposed hybrid Gower–

K-Means approach identifies three stable clusters with strong separation quality, achieving a Silhouette 

score of 0.65 in Gower-based evaluation and improving to 0.97 after feature optimization, indicating 
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reliable representation of MSME investment heterogeneity. The optimized Random Forest classifier 

achieves 99% accuracy with an F1-score of 0.8571, demonstrating that the derived clusters are stable 

and operationally learnable, while SHAP-based interpretability analysis shows that investment, assets, 

working capital, and machinery expenditure are the primary determinants of cluster assignment. 

Compared with conventional rule-based approaches, the proposed framework improves targeting 

accuracy by approximately 22%. From an informatics perspective, this research contributes a scalable 

computational framework that enhances MSME mapping quality by about 25% and provides a 

methodological foundation for AI-driven regional economic governance. Future research may extend 

this framework by integrating Natural Language Processing (NLP) for MSME sentiment profiling, 

incorporating deep learning models, or leveraging real-time OSS data to enable scalable deployment at 

national and ASEAN regional levels. 
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