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Abstract 
 

____________________________________________________________ 

Digital transformation readiness among micro, small, and medium enterprises 

(MSMEs) varies across business sectors and organizational capabilities. This 

study develops a supervised classification model to predict MSMEs digital 

transformation readiness for data-driven decision support. Target labels were 

constructed from previous fuzzy clustering results and organized into three 

readiness levels: low, moderate, and high. Random Forest was selected as an 

interpretable ensemble baseline for small tabular MSMEs survey data because it 

can handle nonlinear feature interactions, reduce single-tree instability, and 

provide feature importance for decision support. Data preprocessing included 

categorical encoding, stratified train-test separation, and class imbalance 

handling applied only to the training data to avoid data leakage. Model 

evaluation on the hold-out set produced 91.40% accuracy, 91.36% macro 

precision, 92.16% macro recall, and 91.72% macro F1-score. The confusion 

matrix showed that 85 of 93 test observations were correctly classified, with most 

errors occurring between adjacent readiness levels. Feature importance analysis 

indicated that dynamic capability was the most influential predictor, followed 

by workforce transformation and MSMEs performance. The findings should be 

interpreted as evidence from the Semarang MSMEs dataset and as an 

operationalization of clustering-derived pseudo-labels into a practical decision-

support prototype, rather than as a universal generalization beyond the study 

context.
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INTRODUCTION 

Digital transformation has become an important driver of competitiveness for micro, small, and medium 

enterprises (MSMEs). Digital platforms, financial technology, online marketplaces, and data-driven business 

processes provide opportunities for MSMEs to expand market access, improve operational efficiency, and 

respond to changes in customer behavior. The importance of readiness assessment is amplified by the economic 

role of MSMEs: they represent the overwhelming majority of business units in many economies, contribute 

substantially to employment and GDP, and remain a major target of digital transformation programs in 

Indonesia [1]-[5]. However, MSMEs do not adopt digital technology at the same speed. There is significant 

variation in readiness levels because of disparities in workforce skills, organizational agility, sustainability 

performance, financial inclusion, and access to digital infrastructure. 

Prior studies show that predictive analytics can convert heterogeneous organizational data into actionable 

categories, but the relevance for MSMEs readiness prediction depends on whether the model can support 

operational decisions rather than merely report descriptive patterns. Therefore, this study positions machine 

learning as a decision-support mechanism for readiness stratification, not only as a generic classification task. 

Studies on business intelligence, digital innovativeness, financial inclusion, and MSMEs performance indicate 

that organizational readiness is influenced by business capability, human resources, and technology-related 

constraints [6]–[13]. 

Previous research on MSMEs in Semarang utilized fuzzy k-means to cluster 257 MSMEs based on 

workforce transformation, dynamic capability, and MSMEs performance [14]. The clustering approach was 

useful for describing heterogeneity among MSMEs and produced three readiness-related groups. Nevertheless, 

the research gap remains that no prior study has operationalized fuzzy clustering-derived MSMEs readiness 

groups into a supervised predictive model that can classify new MSMEs and support deployment-oriented 

decision-making. Predictive classification is practically more valuable because local governments and support 

institutions can score new MSMEs profiles without rerunning clustering on the whole dataset. At the same time, 

the use of cluster-derived labels requires methodological caution because such labels are pseudo-labels rather 

than expert-validated ground truth. This interpretation is also consistent with dynamic capability theory, which 

emphasizes sensing, seizing, and reconfiguring resources as core organizational capabilities for adaptation. 

Random forest is selected in this study not because it is assumed to be universally superior to XGBoost, 

LightGBM, CatBoost, Support Vector Machine, or gradient boosting, but because it is a suitable interpretable 

baseline for a relatively small tabular dataset with mixed predictor types and potential nonlinear interactions. 

Compared with a single decision tree, random forest reduces variance through ensemble aggregation; compared 

with more complex boosting algorithms, it has a lower tuning burden and provides a straightforward impurity-

based feature importance mechanism for policy interpretation [15]–[20]. Previous applications across prediction, 

IoT, environmental evaluation, cost-sensitive learning, and explainable modeling demonstrate that random 

forest is flexible for applied decision-support tasks, although algorithmic superiority should be verified through 

broader benchmark experiments in future work [21]–[32]. 

To address this gap, this study makes three original contributions. Scientifically, it operationalizes fuzzy 

clustering-derived pseudo-labels as supervised classification targets for MSMEs digital readiness in an 

Indonesian regional context. Methodologically, it develops a random forest-based pipeline that includes 

stratified data splitting, training-only class imbalance handling, multiclass evaluation, and feature importance 

interpretation. Practically, it translates predicted readiness classes into a decision-support interface with stratified 

intervention recommendations for MSMEs assistance programs.  

 

THEORETICAL BASIS AND PROPOSED CLASSIFICATION FRAMEWORK  

This section discusses the theoretical basis and proposed classification framework for the MSMEs digital 

transformation readiness prediction model. The proposed framework is based on the assumption that digital 

readiness is a multidimensional organizational condition. It is not determined only by technology ownership, 

but also by workforce transformation, dynamic capability, MSMEs performance, and sectoral business 

characteristics. These dimensions provide the input structure for the predictive model and connect the technical 

classification task with the practical need for MSMEs development support. 

The first theoretical component is cluster-derived pseudo-labeling. Previous Fuzzy K-Means clustering 

produced readiness-related groups by using workforce transformation, dynamic capability, and MSMEs 
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performance as key dimensions [14]. In the present study, the cluster membership with the highest degree is 

converted into a discrete readiness label. This conversion may introduce circularity because the supervised 

classifier learns from labels generated by an unsupervised model using related predictors. Therefore, this study 

frames the classifier as an operationalization and generalization of previous clustering results, not as independent 

proof of the true readiness status of each MSMEs. The pseudo-labels are used to enable decision-support scoring 

of new observations, while their validity should be strengthened in future studies through expert assessment and 

clustering validation metrics. 

The second theoretical component is the Random Forest classifier. Random Forest is an ensemble 

learning method that builds several decision trees trained on bootstrap samples and random subsets of features. 

The ensemble structure reduces the instability of a single decision tree and improves generalization by 

aggregating predictions from many trees [16], [17]. This characteristic is suitable for MSMEs survey data because 

the variables are tabular, may contain nonlinear relationships, and may include correlated indicators derived 

from organizational and business dimensions. The mathematical formulation below summarizes the main 

principles used in the proposed classification framework. 

Dynamic capability theory further supports the interpretation of readiness as an organizational capability 

construct. According to the dynamic capability perspective, firms sustain competitiveness in turbulent 

environments by sensing opportunities, seizing them, and reconfiguring internal and external resources. In the 

MSMEs context, this means that digital readiness is not merely a function of hardware ownership or platform 

registration. It also depends on whether the enterprise can learn, adapt, reorganize work routines, and align 

digital tools with market opportunities. 

The mathematical formulation of the Random Forest classifier used in this study is described as follows. 

Let D = {(x, y)} denote the training dataset, where x represents the MSMEs predictor vector and y represents 

the readiness class. A Random Forest consists of B decision trees, and each tree h_b(x) is trained using bootstrap 

sampling and random feature selection [16], [17]. For multiclass classification, the final prediction is obtained 

through majority voting across all trees: 

𝑦̂(𝑥) = majority_vote (ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝐵(𝑥))                           (1) 

 

where ŷ(x) is the predicted readiness class, h_b(x) is the prediction of the b-th tree, and B is the total 

number of trees in the forest. In this study, the target class consists of three categories: low, moderate, and high 

readiness. 

During tree construction, each split is selected by reducing class impurity. The Gini impurity at node t is 

defined as: 

𝐺(𝑡) = 1 − ∑ 𝑝𝑘(𝑡)2                                                                         

𝑘

(2) 

 

where pₖ(t) is the proportion of training samples belonging to class k at node t. A candidate split divides 

node t into left and right child nodes. The decrease in impurity is calculated as: 

 

Δ𝐺 = 𝐺(𝑡) −
𝑛𝐿

𝑛𝑡

𝐺(𝑡𝐿) −
𝑛𝑅

𝑛𝑡

𝐺(𝑡𝑅)\ℎ𝑓𝑖𝑙𝑙                                             (3) 

 

where nt is the number of samples at node t, while nL and nR are the numbers of samples in the left and 

right child nodes. The split with the largest impurity decrease is selected. Because the dataset contains three 

readiness classes, class weighting is also used to reduce bias toward the majority class. The balanced class weight 

for class k is calculated as: 

𝑤𝑘 =
𝑁

𝐾 × 𝑛𝑘

                                                                                              (4) 

 



 

Journal of Data Insights  e-ISSN: 2988 - 2109  Vol.4 (1) (June 2026)  

144 

where N is the total number of training samples, K is the number of classes, and nₖ is the number of 

training samples in class k. This weighting scheme increases the penalty for misclassifying minority classes. 

Finally, feature importance is computed from the relative contribution of each predictor to impurity reduction 

across the forest: 

𝐹𝐼𝑗 =
Total impurity decrease by feature 𝑗

Total impurity decrease by all features
                                         (5) 

where FIⱼ is the importance score of feature j. This formulation explains why Random Forest is not only 

used for prediction, but also for identifying the dominant factors that influence MSMEs digital transformation 

readiness. 

The proposed algorithm integrates these components into a decision support pipeline. First, MSMEs data 

are collected and cleaned. Second, readiness labels are formed from the previous clustering output and mapped 

into low, moderate, and high readiness classes. Third, Random Forest is trained using the prepared predictors, 

with imbalance handling restricted to the training subset. Fourth, the trained model is evaluated using multiclass 

metrics and interpreted through feature importance analysis. Finally, the predicted classes are translated into 

development strategies so that the model output can support targeted MSMEs assistance programs. Because the 

labels are cluster-derived, the pipeline is intended as a practical scoring framework and should be validated with 

expert-labeled data before being generalized to other regions.  

 

METHOD   

This study follows a quantitative data mining design guided by the CRISP-DM logic, namely business 

understanding, data understanding, data preparation, modeling, evaluation, and deployment-oriented 

interpretation. Figure 1 presents the research development flowchart used to build the MSMEs digital 

transformation readiness classification model. The workflow explicitly separates the training and testing subsets, 

places SMOTE-NC only on the training path, evaluates the model using multiclass metrics, and extracts feature 

importance before translating the results into development strategies. 

As shown in Figure 1, the process begins with MSMEs data collection and data understanding, where 

survey data are gathered from business respondents and examined for completeness and consistency. The data 

then pass through preprocessing and cleaning before cluster-derived pseudo-label formation is performed based 

on the previous Fuzzy K-Means analysis [14]. These pseudo-labels are mapped into low, moderate, and high 

readiness classes. The labeled dataset is then divided into a training set and a testing set using stratified splitting. 

SMOTE-NC is applied only to the training set, while the testing set is kept unchanged for model validation and 

evaluation. 

Before model training, class imbalance handling is applied only to the training data using SMOTE-NC, 

which helps improve minority-class representation while preventing data leakage [18]. In this experiment, the 

SMOTE-NC procedure used business type as the categorical feature, k_neighbors = 5, sampling_strategy = auto, 

and random_state = 42. The balanced training data are then used for Random Forest model training. The model 

is evaluated on the hold-out testing set using accuracy, precision, recall, F1-score, confusion matrix, and a 

binomial confidence interval for accuracy [15]-[17]. 
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Figure 1. Research development flowchart for MSMEs readiness classification 

 

If the performance is determined to be satisfactory, the workflow continues to feature importance 

extraction to identify the most significant predictors for classifying readiness levels. Hyperparameter review is 
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included in the workflow to show how the model could be refined; however, the reported experiment uses the 

baseline configuration in Table 3 and does not claim exhaustive optimization. The last stage is the formulation 

of development strategies, in which the classification results and feature importance findings are translated into 

concrete recommendations for MSMEs support programs. 

Table 1 summarizes the main variables used in the classification model. The predictors cover both 

organizational and business dimensions. Workforce transformation reflects digital skill adaptation, dynamic 

capability reflects organizational agility, MSMEs performance reflects business condition, and business type 

captures sectoral differences among MSMEs. 

Table 1. Predictor variables used in the Random Forest model 

Variable Operational meaning Role in the model 

Business type Sector of MSMEs activity, such as 
food and beverage, craft, fashion, or 
other sectors. 

Captures sectoral characteristics 
that may affect readiness. 

Workforce 
transformation 

Digital skills, employee adaptability, 
and internal preparation for digital 
business processes. 

Represents human resource 
readiness for digital change. 

Dynamic capability Ability to sense market changes, 
seize opportunities, and reconfigure 
business resources. 

Represents organizational agility 
and innovation capability. 

MSMEs performance Business performance indicators 
related to sales, operational 
efficiency, and market outcomes. 

Represents the business condition 
supporting digital investment. 

 
The categorical variables were encoded before model training. Missing or inconsistent values were 

checked during preprocessing, and no missing values remained in the modeling dataset. The dataset contained 

257 observations and four main predictor groups, consisting of one categorical predictor group (business type) 

and three numerical or ordinal predictor groups; therefore, 25% of the main predictor groups were categorical. 

The full pseudo-label distribution used in the classification experiment was 84 low-readiness observations 

(32.68%), 110 moderate-readiness observations (42.80%), and 63 high-readiness observations (24.51%). The 

dataset was divided using a stratified train-test split so that the class distribution was represented in both subsets; 

the hold-out test set contained 93 observations: 30 low-readiness, 40 moderate-readiness, and 23 high-readiness 

MSMEs. SMOTE-NC was applied only to the training subset after the train-test split, while the testing subset 

was kept in its original structure to prevent data leakage and ensure unbiased evaluation [18]. Table 3 presents 

Dataset characteristics and experimental setup. 

Table 2. Dataset characteristics and experimental setup 
Item Description 
Total observations 257 MSMEs after preprocessing 
Missing values No missing values remained after cleaning 
Predictor groups Business type, workforce transformation, dynamic capability, and 

MSMEs performance 
Categorical predictor groups 1 of 4 predictor groups (25%): business type 
Full pseudo-label distribution Low: 84 (32.68%); Moderate: 110 (42.80%); High: 63 (24.51%) 
Hold-out test support Low: 30; Moderate: 40; High: 23; total: 93 
Imbalance handling SMOTE-NC applied only to the training subset 

 

The algorithmic principles and mathematical formulation of Random Forest have been explained in 

Section 2. For the experimental implementation, Random Forest was chosen due to its robustness for tabular 

data, its ability to model nonlinear relationships, and its reduction of overfitting by combining decision trees 

through bootstrap aggregation and random feature selection [15]-[17], [21]-29]. Each tree produced a class 

prediction, and the final class was determined via majority voting. The model was evaluated using accuracy, 

precision, recall, F1-score, and a confusion matrix. Accuracy was calculated from the ratio of correct predictions 

to all test instances, while precision, recall, and F1-score were reported using a macro average to give equal 

attention to each readiness class. The parameters were manually selected as a transparent baseline after 

preliminary stability checks; no grid search, random search, or Bayesian optimization was conducted. Therefore, 
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the results should be interpreted as baseline Random Forest performance rather than fully optimized 

performance. Table 3 presents the main Random Forest configuration used as the experimental baseline. 

Table 3. Random Forest baseline configuration 

Parameter Value Purpose 

n_estimators 100 Number of decision trees in the 
ensemble. 

max_depth 10 Controls tree complexity and overfitting. 
min_samples_split 2 Minimum samples required to split a 

node. 
min_samples_leaf 1 Minimum samples required at a leaf. 
class_weight balanced Balances class penalties during training. 
random_state 42 Ensures reproducible stochastic 

processes. 

RESULTS AND DISCUSSION 

The model was evaluated on a hold-out test set containing 93 observations. The confusion matrix 

produced 85 correct predictions and eight misclassifications. Therefore, the accuracy was calculated as 85 

divided by 93, resulting in 91.40%. Using a Wilson binomial interval for 85 correct predictions out of 93 test 

observations, the 95% confidence interval for accuracy was approximately 83.93% to 95.58%. This interval 

indicates that, although the point estimate is high, the uncertainty associated with the limited test-set size should 

be considered. Table 4 presents the classification report for each readiness class. 

Table 4. Classification report of the Random Forest model 

Class Precision Recall F1-score Support 

Low readiness 0.9032 0.9333 0.9180 30 
Moderate readiness 0.9211 0.8750 0.8974 40 
High readiness 0.9167 0.9565 0.9362 23 
Macro average 0.9136 0.9216 0.9172 93 
Weighted average 0.9142 0.9140 0.9137 93 

 

The performance values in Table 4 show that the model was able to classify the three readiness levels with 

balanced performance. The high readiness class obtained the highest recall, meaning that most truly high-

readiness MSMEs were detected correctly. The moderate readiness class produced a slightly lower recall, 

indicating that this transitional group was more difficult to separate because its characteristics overlap with both 

low and high readiness groups. However, because the evaluation is based on a single hold-out set rather than k-

fold cross-validation, the performance values should be interpreted as preliminary evidence rather than definitive 

generalization beyond the dataset. 

Figure 2 provides a more detailed view of the prediction distribution. Most observations are located on 

the main diagonal: 28 low-readiness MSMEs were correctly predicted as low, 35 moderate-readiness MSMEs 

were correctly predicted as moderate, and 22 high-readiness MSMEs were correctly predicted as high. 
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Figure 2. Confusion matrix of the Random Forest model 

The misclassification pattern in Figure 2 is relatively small and mostly occurs between adjacent readiness 

levels. Two low-readiness MSMEs were predicted as moderate, while three moderate-readiness MSMEs were 

predicted as low and two were predicted as high. Only one high-readiness MSMEs was predicted as moderate. 

This pattern is acceptable in the context of readiness assessment because the boundary between adjacent 

readiness levels is naturally gradual rather than strictly binary. 

Besides the predictive performance, the Random Forest model provides interpretable information 

through feature importance. As seen in Figure 3, dynamic capability has the highest importance score, followed 

by workforce transformation and MSMEs performance. 

 
Figure 3. Feature importance of the Random Forest model 

Dynamic capability obtained the highest feature importance value (0.451), indicating that the ability of 

MSMEs to sense market shifts, seize opportunities, and reconfigure resources is the most significant predictor 

of readiness classification. Workforce transformation contributed 0.351, emphasizing the role of digital skills 
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and employee adaptability. MSMEs performance contributed 0.198, suggesting that business performance 

supports digital readiness but is less dominant than organizational agility and human resource transformation. 

The dominance of dynamic capability is consistent with dynamic capability theory, which states that 

organizational agility the capacity to sense, seize, and reconfigure resources is a prerequisite for sustaining 

competitive advantage in changing environments. In the MSME context, this finding suggests that support 

programs should not focus only on hardware provision or platform onboarding. Capability-building 

interventions, such as managerial learning, process redesign, digital market sensing, and adaptive workforce 

development, are also needed to ensure that digital tools are translated into business value. 

To translate the classification results into practical decision support, the predicted readiness classes were 

mapped into different MSME development strategies. Each class represents a different level of intervention need. 

Low-readiness MSMEs need basic digital literacy and infrastructure support, moderate-readiness MSMEs need 

process optimization and integration of digital tools and high-readiness MSMEs can be directed towards 

advanced expansion and business scaling. Figure 4 illustrates the prototype interface that presents class 

prediction-based development strategies for MSME assistance programs. 

 
 

Figure 4. Class prediction-based MSMEs development strategy interface 

As shown in Figure 4, the proposed interface organizes the recommendation output into three readiness-

based strategy groups. Class 1, with low readiness, deals with basic interventions, such as digital literacy training, 

introduction to e-commerce, hardware or connectivity support, and worker mindset development. Class 2, with 

moderate readiness, addresses process optimization, such as digital POS systems, integrated digital marketing, 

cloud-based inventory management, and dynamic capability adaptation. Class 3, with high readiness, enables 

advanced expansion, such as B2B market access, data analytics implementation, IT-integrated supply chain 

collaboration, and broader strengthening of MSMEs performance. This visualization demonstrates how the 

classification model can be connected to a practical decision support system for targeted MSME development. 

The results support the use of the model as a decision support instrument. Table 5 maps the predicted 

classes into targeted recommendations. The purpose is not to replace policy judgment, but to provide a data-

driven basis for prioritizing assistance programs. This interpretation aligns with previous business intelligence 

perspectives for MSMEs and with wider studies showing that predictive models can support operational and 

policy-related decisions [13], [22]-[32]. 

Table 5. Decision support recommendations based on predicted readiness 

Predicted class Profile interpretation Recommended intervention 

Low readiness MSMEs with limited digital 
adoption, weak workforce 
readiness, and low organizational 
agility. 

Basic digital literacy, marketplace 
onboarding, digital payment 
introduction, and intensive 
mentoring. 

Moderate readiness MSMEs that have started using 
digital channels but still have 
fragmented internal processes. 

Integrated digital marketing, 
bookkeeping applications, 
product legality assistance, and 
operational standardization. 

High readiness MSMEs with strong dynamic 
capability, adaptive workforce, 
and better performance potential. 

Advanced analytics training, 
business scaling support, export 
readiness programs, and access to 
growth financing. 
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From a practical perspective, the classification results can help local governments and MSMEs support 

institutions allocate programs more precisely. Low-readiness MSMEs require foundational support, moderate-

readiness MSMEs need integration and consolidation, and high-readiness MSMEs can be prioritized for scaling 

and advanced digital programs. This targeted approach can reduce the risk of one-size-fits-all interventions and 

is consistent with policy-oriented digitalization frameworks that emphasize capability building, inclusive access, 

and staged support for smaller enterprises. 

This study has several limitations that should be considered when interpreting the results. First, the labels 

were derived from clustering results, so they should be considered pseudo-labels rather than expert-validated 

ground truth. This means that the classifier operationalizes previous clustering patterns and may inherit any 

uncertainty from the clustering stage. Second, clustering validation metrics such as Silhouette Score, Davies–

Bouldin Index, or Dunn Index were not available in the present dataset, so the reliability of pseudo-label 

formation cannot be fully assessed within this manuscript. Third, the model was evaluated using a single hold-

out test set of 93 observations; therefore, future studies should apply stratified k-fold cross-validation and external 

regional validation. Fourth, comparison with other classifiers such as SVM, KNN, XGBoost, LightGBM, 

CatBoost, and Gradient Boosting should be conducted before claiming algorithmic superiority. Fifth, feature 

importance in this study provides global variable influence; future studies should compare it with permutation-

based importance or local explanation methods such as SHAP to improve interpretability [19], [20]. 

CONCLUSION 

This study developed a Random Forest classification model to predict MSMEs digital transformation 

readiness using cluster-derived labels. The model classified MSMEs into low, moderate, and high readiness 

levels and attained 91.40% accuracy, 91.36% macro precision, 92.16% macro recall, and 91.72% macro F1-score 

on the hold-out test set. The 95% confidence interval for accuracy suggests that the result is promising but still 

subject to sampling uncertainty. The confusion matrix revealed that most prediction errors occurred between 

neighboring readiness categories, which is reasonable for a gradual readiness construct. 

The feature importance analysis indicated that dynamic capability was the most important predictor, 

followed by workforce transformation and MSMEs performance. The main scientific contribution of this study 

is the conversion of fuzzy clustering-based MSMEs readiness groups into a supervised predictive framework. 

Its methodological contribution lies in combining cluster-derived pseudo-labels, training-only imbalance 

handling, Random Forest classification, confidence-aware evaluation, and feature importance interpretation. Its 

practical contribution is the translation of predicted readiness classes into stratified intervention 

recommendations. Nevertheless, because the labels are pseudo-labels and the evaluation is limited to one 

regional dataset, future research should validate the labels with expert judgment, report clustering validation 

metrics, apply cross-validation, compare alternative classifiers, and test the framework in other regions before 

wider deployment. 
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