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Micro, small, and medium enterprises (MSMESs) continue to face low
digital-technology adoption, with conventional incubation programs still
relying on generic training and manual assessment rather than automated,
evidence-based evaluation. This study develops and validates an Al-based
startup incubation model (AI-SIM), an integrated ICT platform functioning
as an intelligent decision-support system for MSME digital-readiness
classification, adaptive training recommendation, geospatial analysis, and
student-MSME experiential learning within one operational environment.
Data were collected from 4,276 MSMEs across Lampung Province,
Indonesia; after strict two-level deduplication to prevent data leakage, 961
unique records were retained for modeling. A random forest classifier
grouped MSMEs into three readiness categories (Traditional, Stable, Digital
Ready) using two feature configurations, achieving 33.68% (10 features; 5-
fold CV 36.75%) and 30.57% accuracy (7 manuscript-aligned features; 5-
fold CV 37.23%), both near the 33.3% random-chance baseline. Feature-
importance analysis showed predictive weight spread across all seven
features, led by digital infrastructure and monthly revenue, with no dominant
predictor. The system was validated through field deployment, training, and
focus group discussions with 84 student and MSME participants, confirming
its practical value as a real-time incubation dashboard, while the
classification component requires richer behavioral and transactional data to
improve accuracy in future iterations.
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1. INTRODUCTION

The rapid growth of digital technologies has reshaped entrepreneurial ecosystems and accelerated
creative-economy development worldwide, enabling firms to leverage data analytics, cloud computing, and
online platforms for competitiveness and scalability [1]. Micro, small, and medium enterprises (MSMES) are
vital to economic growth and employment, yet many face persistent barriers to digital transformation,
including limited technological capability, organizational readiness, digital skills, and access to data-driven
decision support [2]-[4], which constrain their competitiveness in emerging economies where technological
resources remain unevenly distributed [5].
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From an ICT perspective, these constraints reflect systems-level gaps: MSMEs and their incubators
typically lack integrated intelligent decision-support infrastructure to sense digital readiness, route
personalized interventions, and visualize spatial/behavioral patterns in real time. Business incubation is a
recognized strategy for MSME development through mentoring, networking, and capacity building [6], [7],
and virtual/digital incubation models have since extended these services through digital platforms [8], [9]. Al
has also become an important enabler for opportunity recognition, segmentation, predictive analytics, and
business decision-making [10]-[12]. Nevertheless, most incubation programs still rely on generic training and
manual assessment, with few operating as unified ICT platforms coupling classification, geospatial
intelligence, and recommendation into one decision-support loop.

Prior studies proposed digital-ecosystem frameworks for MSME transformation [13] and applied
Al/data analytics to improve operational and marketing performance [14], [15]. Random forest in particular
has performed well in classifying digital maturity [16], [17], and geospatial analytics has identified spatial
MSME patterns [18], [19]. However, these studies generally treat classification, incubation, recommendation,
geospatial analytics, and entrepreneurship education as separate, standalone domains. Few integrate
automated readiness assessment, adaptive recommendation, geospatial intelligence, dashboards, and student—
MSME collaboration into one Al-driven incubation framework that is also transparent about the empirical
limits of its predictive components.

To address this gap, this study proposes an Al-based startup incubation model (AI-SIM), an
integrated digital incubation framework combining machine learning classification, geospatial analysis,
adaptive recommendation, and dashboard visualization in one platform. Al-SIM classifies MSMEs by digital
readiness using random forest [16], [20], generates personalized incubation/training recommendations [21],
[17], and supports real-time monitoring via web-based dashboards [22], while also linking university students
with MSMEs for experiential learning that strengthens regional digital ecosystems [23], [24]. The framework
was evaluated using 4,276 raw MSME records from Lampung Province, Indonesia; a rigorous two-level
deduplication procedure to prevent data leakage yielded 961 unique analytical observations as the basis for
evaluation.

This study therefore aims to develop and validate Al-SIM as an integrated platform capable of
assessing MSME digital readiness, generating adaptive recommendations, supporting spatial business
intelligence, and facilitating experiential entrepreneurship learning. Its effectiveness is evaluated through ML
performance, system implementation, and field validation with MSMEs and institutional stakeholders. As an
ICT contribution, the study transparently documents where a survey-derived, rule-based sensing layer
succeeds and falls short of reliable automated inference, providing a baseline future systems can build upon.

The primary novelty lies in an end-to-end Al-driven incubation framework that simultaneously
integrates automated readiness classification, adaptive recommendation, geospatial intelligence, dashboard
analytics, and student-MSME collaboration in one environment. Unlike conventional approaches
emphasizing generic mentoring, Al-SIM delivers personalized, evidence-based intervention pathways while
explicitly documenting the empirical limits of its survey-derived proxies — a transparency practice that itself
contributes to trustworthy, auditable ICT incubation systems. The framework also aligns with emerging
perspectives on Al-enabled creative economies [25], digital entrepreneurial ecosystems [26], and the
Quintuple Helix innovation model [27], contributing a scalable, replicable ICT framework for MSME digital
transformation and entrepreneurship education.

The remainder of this paper proceeds as follows. Section 2 describes the methodology, covering data
acquisition, preprocessing, ML modeling, system implementation, and validation. Section 3 presents results
and discussion, including model performance, feature importance, dashboard implementation, and
comparative positioning in the ICT-incubation literature. Section 4 concludes with major findings,
contributions, limitations, and future directions.

2. RESEARCH METHOD

This study adopts a design science research approach comprising five stages: (1) data acquisition,
(2) preprocessing and feature engineering, (3) ML-based digital-readiness classification, (4) system
implementation, and (5) validation through field deployment, illustrated in Figure 1. This structured
workflow ensures both technical rigor and practical relevance for MSME empowerment [10], [13], [20].

2.1. Data acquisition

Primary data were collected from 4,276 MSMEs through structured surveys and institutional
databases between January and June 2025 across Lampung Province, Indonesia, using stratified random
sampling coordinated with the Department of Cooperatives, Small and Medium Enterprises of Lampung
Province. The survey captured indicators mapped to five constructs digital infrastructure, online marketing
adoption, financial management capability, IT skills, and geographic cluster derived from MSME digital-
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transformation frameworks [2]-[4], with spatial attributes incorporated via GeoPandas for geospatial
clustering [17], [18].

Respondents spanned multiple regencies and cities in Lampung Province including Bandar
Lampung, Metro, Pesawaran, Pringsewu, and Lampung Selatan retained as selectable regional filters in the
Al-SIM dashboard to capture heterogeneous regional readiness patterns rather than a single-locality snapshot.
The authors acknowledge that a sector-level breakdown (e.g., culinary, fashion and craft, retail and trade,
agriculture-based, services) was not separately encoded as a modeling feature in this release; this is addressed
as a data-enrichment priority in Section 3.4. Figure 2 summarizes the dataset construction; two-step
deduplication reduced the 4,276 raw records to 961 unique analytical records, and the engineered features of
Pipeline 2 are grouped into firmographic, categorized, and spatial types.

Iterative Refinement / Feedback Loop

DATA MACHINE
ACQ[l)Jllgll'}ION e P G e LR IMPLEBVASETNET'\:TION &12&5 B!@f&?ﬂéﬁ%
FEATURE ENGINEERING CLASSIFICATION
4,276 raw MSME Rigorous two-level Random Forest | Backend development Field testing with
records deduplication to prevent classifier development (FastAPI) MSMEs
data leakage
Baseline comparison i
Structured surveys & Missing-value (SVM, Decision Tree, Frontend development collsa‘gg;?itv’:tsrmﬁing
institutional databases imputation Logistic Regression) N (Streamlit dashboard) sessions
Digital, marketing, Feature normalization Stratified 80:%0 Al-based adaptive Focus group discussions
finance, IT, geographic (Z-score) & coding train/test split recommendation engine with stakeholders
Sikzibutes Performance evaluation S =
(Accuracy, Precision, Geospatial visualization Impact and usability
Recall, F1-score) module evaluation
[—> SMOTE only —?

Figure 1. Research framework of the Al-SIM development process
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Figure 2. Dataset MSMEs

2.2. Data preprocessing and feature engineering

A critical preprocessing step involved two-level deduplication to prevent data leakage. Exact row
duplicates were first removed, reducing 4,276 raw observations to 2,334 records; a strict rule based on
the composite key of brand name, phone number, and timestamp then yielded 961 unique records. This step
is methodologically essential: retaining duplicates across train/test splits artificially inflated accuracy to
93-99% in preliminary experiments, which does not reflect legitimate generalization.
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Numerical attributes were normalized using the standard z-score transformation shown in (1):

X' = —-p/o @

Categorical variables were encoded using one-hot or ordinal encoding depending on variable type, with
feature relevance followed MSME digital maturity studies [14], [21]. Two feature configurations were
evaluated (Section 2.3). The manuscript-aligned vector is given in (2):

X = [DI,OM,FM,IT,LC,0B,KY] (2)

where:

— DI = Digital Infrastructure (proxied by a 3-level digital capacity indicator, rescaled to 1-5)
— OM = Online Marketing (proxied by binary e-commerce access, rescaled to 1-5)

— FM = Financial Management (proxied by business legal status, rescaled to 1-5)

— IT =IT Skills (proxied by Al proficiency level, rescaled to 2-5)

— LC = Location Cluster (label-encoded regency/city)

— OB = Monthly Revenue (omzet bulanan, parsed from free-text responses)

— KY = Employee Count (karyawan, parsed from free-text responses)

The variable business_age was excluded from all models: preliminary investigation identified it as
dominant (71.4% importance) in uncontrolled experiments, indicating likely spurious correlation or leakage
rather than genuine signal. This automated feature-importance auditing served as a leakage-detection
mechanism and is recommended as a standard pre-deployment check for future Al-enabled incubation
systems.

2.3. Digital readiness classification

Random forest classified MSMEs into Traditional, Stable, and Digital Ready categories via
ensemble decision trees [16], [21], chosen over deep-learning alternatives for three reasons. First, sample-
size adequacy: with only 961 leakage-free records, deeper architectures risk overfitting. Second,
interpretability: Random forest's feature-importance rankings (Section 3.3) are directly usable by non-
technical incubation staff, a practical requirement for dashboard-embedded decision support. Third, prior
evidence shows it competitive with or superior to more complex learners on similar MSME classification
tasks [16], [19], [21]. Two pipelines were evaluated in parallel:

— Pipeline 1 (Original): ten features extracted directly from binary and ordinal survey responses (digital
capacity, cloud access/skill, Al access/skill, e-commerce access/skill, legal status, marketplace
participation, and business age).

— Pipeline 2 (Manuscript-Aligned): the seven-feature vector in (2), directly reflecting the manuscript's
conceptual constructs.

For Pipeline 1, GridSearchCV with 5-fold cross-validation identified class_weight="balanced,

max_depth=None, min_samples_split=2, n_estimators=100 as optimal; for Pipeline 2, class_weight=None,

max_depth=20, min_samples_split=10, n_estimators=200. The Pipeline 2 search evaluated 288

hyperparameter combinations under 5-fold cross-validation (Section 3.6), sweeping n_estimators,

max_depth, min_samples_split, and class_weight jointly.

The prediction function is given in (3):

y = mode(T1(x), T2(x), ., Tn(¥)) ®)

where T, represents each decision tree.

The dataset (961 records) was split into training (768, 79.9%) and testing (193, 20.1%) using a
stratified 80:20 ratio (seed = 42) to preserve class distribution (pre-SMOTE training distribution:
229/256/283 for Digital Ready/Stable/Traditional). SMOTE balancing was applied to the training set only.
To assess robustness, random forest was benchmarked against decision tree, logistic regression, and SVM on
Pipeline 1 using the same 80:20 split, with 5-fold cross-validation verifying stability across partitions.

Figure 3 traces the end-to-end pipeline from the deduplicated 961-record survey dataset through
feature encoding of the seven manuscript-aligned indicators ({DI, OM, FM, IT, LC, OB, KY}), stratified
80:20 train—test splitting, SMOTE balancing of the training partition, GridSearchCV hyperparameter tuning,
and random forest model fitting, to the final three-class digital-readiness prediction. Each stage in the
diagram corresponds directly to a step in the Algorithm 1 pseudocode below, allowing the procedure to be
reproduced either visually or programmatically.
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Figure 3. MSME digital readiness classification pipeline (Algorithm 1)

Algorithm 1: MSME digital readiness classification

Input: Deduplicated analytical dataset D (961 records, features (DI, OM, FM, IT, LC, OB,
KY})

Output: Trained classifier § = mode(T;{(x), .., Th(x)) and evaluation metrics

1: D « deduplicate(D raw, keys = {brand, phone, timestamp}) // Sec. 2.2

2: X « normalize(D.numeric); X « encode(D.categorical) // Eq. (1)

3: exclude business age from X // leakage control
4: (X _train, y train), (X test, y test)  stratified split(X, y, ratio = 0.8, seed = 42)
5: X train, y train ~ SMOTE (X train, y train) // train set only
6: params « GridSearchCV (RandomForest, grid, cv = 5, scoring = accuracy)

7: model « RandomForest (**params) .fit (X train, y train)

8: ¥ test « model.predict (X test) // Eq. (3)

9: metrics « evaluate(y test, y test) // accuracy, precision, recall, F1 — Egs. (4-7)
10: importances — model.feature importances // Sec. 3.3

11: return model, metrics, importances

2.4. Performance metrics
Model evaluation used the following standard classification metrics, given in (4)—(7):

Accuracy = (TP + TN) / (TP + TN + FP + FN) (4)
Precision = TP / (TP + FP) (5)
Recall = TP/ (TP + FN) (6)
F1 =2 x (Precision x Recall) / (Precision + Recall) @)

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false negatives,
respectively.

2.5. System architecture and implementation

FastAPI handled backend inference and Streamlit provided dashboard visualization [24]; adaptive
recommendation used Al-based intervention logic [22], [23], and students were mapped to MSMEs by
readiness level for experiential learning [19]. This stateless-APIl/decoupled-visualization design follows
standard ICT practice, allowing the classification backend to be upgraded (e.g., with richer features per
Section 3.4) without changing the dashboard front end.

2.6. Validation and evaluation

Validation used a triangulated approach — quantitative ML metrics, field deployment, and focus
group discussions — following incubation assessment frameworks [6], [7], [9], discussed in relation to
digital entrepreneurial ecosystems [25]-[27] in section 3.
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3. RESULTS AND DISCUSSION

This section presents experimental results for AI-SIM and discusses MSME digital readiness,
business characteristics, and incubation outcomes, visualized through classification metrics, dashboard
analytics, and descriptive distributions [3], [24].

3.1. Digital readiness classification performance

Using the final 961-record dataset, random forest achieved 33.68% accuracy (Pipeline 1,
ten features) and 30.57% (Pipeline 2, seven features), both near or below the 33.3% random-chance baseline
for a balanced three-class problem, indicating limited predictive capability from the current survey-derived
indicators. This contrasts with an earlier uncontrolled run reporting 93.57% accuracy, later found to be an
artifact of duplicate records spanning training and testing partitions (Section 2.2); after strict deduplication,
the results reported here reflect genuine generalization to unseen data.

Table 1 shows that the 961-MSME sample skews toward the lower end of digital maturity: 36.84%
of respondents fall in the Traditional category, 33.40% in Stable, and only 29.76% are classified as Digital
Ready. This near-even three-way split, with a slight concentration in the least digitally mature group,
motivates the classification task addressed in this study and is consistent with the modest baseline accuracies
reported subsequently. Table 2 summarizes the random forest results for both pipelines. Pipeline 1 reaches
33.68% test accuracy and a 36.75% mean five-fold cross-validation accuracy, whereas Pipeline 2 reaches
30.57% test accuracy and a 37.23% cross-validation mean; in both cases the test accuracy stays close to the
33.3% random-chance baseline.

Table 3 benchmarks random forest against three alternative classifiers on Pipeline 1. SVM attains
the highest raw accuracy (36.79%) but with substantially lower precision (13.53%) and F1-score (19.79%),
indicating a bias toward majority-class predictions rather than balanced classification. Random forest
(33.68% accuracy, 27.94% precision) and decision tree (34.20% accuracy, 28.30% precision) offer a more
balanced precision—recall trade-off, while logistic regression trails on all four metrics. These results support
the choice of random forest as the primary classifier, as it avoids the majority-class bias evident in SVM's
inflated accuracy figure.

Table 1. MSME digital readiness distribution
Digital readiness category  Number of MSMEs (n)  Percentage (%)

Traditional 354 36.84%
Stable 321 33.40%
Digital Ready 286 29.76%
Total 961 100.00%

Table 2. Classification performance results (random forest)

Pipeline Accuracy  5-Fold CV Mean
Pipeline 1 (Original, 10 features) 33.68% 36.75%
Pipeline 2 (Manuscript-Aligned, 7 features)  30.57% 37.23%

Table 3. Comparative performance of classification models (Pipeline 1)
Model Accuracy  Precision  Recall  Fl-score
Decision tree 34.20% 2830%  34.20%  29.30%
Random forest 33.68% 27.94%  33.68%  28.89%
Logistic regression  33.16% 23.47%  33.16% 27.26%
SVM 36.79% 13.53%  36.79%  19.79%

Figure 4 visualizes the accuracy, precision, recall, and F1-score values reported in Table 3 across the
four classifiers. The chart highlights the precision—accuracy gap most clearly for SVM, whose bar for
accuracy is visibly taller than its precision and F1-score bars, while random forest and decision tree show
more evenly matched bars across all four metrics — reinforcing the text's conclusion that random forest
provides the more balanced and reliable classifier. From an ICT design standpoint, a near-chance classifier
still functions as a diagnostic instrument revealing which parts of the survey instrument carry usable signal,
guiding the next iteration (Section 3.4).
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Figure 4. Comparative model performace metrics

3.2. MSME capital structure and digital access

This subsection reports descriptive, non-ML analyses of MSME capital structure, legal
formalization, and marketplace access from the same 961-record dataset, surfaced through the Al-SIM
Figure 5. Distribution of initial MSME capital Figure 4. Comparative model performance metrics
dashboard. Figure 5 shows initial MSME capital: about 70% of enterprises operate below IDR 50 million
and about 90% below IDR 100 million, with only a small fraction exceeding IDR 100 million, confirming
that most participants are micro-enterprises with limited access to financial resources and digital
infrastructure — conditions that justify adaptive incubation support [2], [5].
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250 -

S
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Figure 5. Distribution of initial MSME capital
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Figure 6 shows legal status: the majority of MSMEs (approximately 65%) remain
informal/unregistered, while smaller shares are legally registered (NIB/SIUP; approximately 25%) or
incorporated (PT/CV; approximately 10%), reinforcing prior findings on structural barriers to financing,
government programs, and digital platforms [4], [6].

Figure 7 shows marketplace accessibility: a minority of MSMEs (approximately 20%) are fully
integrated with online marketplaces, approximately 35% report partial access, and the largest share
(approximately 45%) report none, indicating uneven digital adoption consistent with prior findings [6], [9].

Entity (PT/CV) Registered (NIB/SIUP)

Unregistered (Informal)

Figure 6. MSME legal status. Percentages are rounded to the nearest 5%

Percentage of MSMEs (%)
8 8

¢

Not Accessible Partial Access Full E-commerce Integration

Figure 7. Marketplace accessibility. Percentages are rounded to the nearest 5%

Development of an Al-based digital startup incubation model for the empowerment of ... (Umar Bakti)



1690 O ISSN: 2252-8776

3.3. Feature contribution and Al-SIM dashboard insights

Feature importance for the manuscript-aligned pipeline is distributed fairly evenly across the seven
features rather than concentrated in a few predictors (Figure 8). Digital infrastructure ranks highest (0.22),
followed by monthly revenue (0.18), online marketing (0.15), financial management (0.14), employee count
(0.12), IT skills (0.11), and location cluster (0.08) [17], [19].

This distribution suggests that no single indicator dominates the classification: the four digital-
capability constructs (digital infrastructure, online marketing, financial management, and IT skills) together
account for 0.62 of the total importance, while the objective firm characteristics (monthly revenue, employee
count, and location cluster) account for 0.38. Together with the near-chance accuracy reported above, this
indicates that the current survey instrument, which relies largely on coarse Likert-scale items prone to social-
desirability bias, does not carry enough discriminatory signal. A future sensing layer should therefore add
objective, system-logged indicators (transaction volume, platform usage, digital-payment records), as
elaborated in Section 3.4.

The AI-SIM dashboard (Figure 9) integrates these outputs into an interactive environment surfacing
regional, legal-status, and marketplace-access indicators in real time enabling policymakers, incubators, and
academic partners to monitor readiness, capital structure, legality, and market access, and to view adaptive
training recommendations aligned with personalized mentoring approaches [14], [22]. As an ICT artifact, it
integrates classification-based triage, geospatial situational awareness, and recommendation-driven
intervention routing in one interface, positioning Al-SIM as a smart incubation platform [25], [26].

Digital Infrastructure (DI) °F

Monthly Rewenus (OM)

Online Marketing (OM)

Finaniciad Managemant (FM)

Employee Count (KY)

IT Skl [IT)

Location Cluster (LC)

010 015 020
rportance Soore

oc

=
=}
wh

Figure 8. Feature importance of the random forest model (Pipeline 2)

3.3.1. Student-MSME collaboration outcomes

Student-MSME collaboration involved 71 university students and 13 MSMEs, coordinated by eight
field facilitators (PLUT MSME Facilitator — Lampung Province), with students assigned by readiness
classification. Training needs concentrated in marketing (n=44, 52.4%) and general business development
(n=28, 33.3%), with smaller shares in combined marketing—business (n=7, 8.3%) and Al-specific training
(n=5, 6.0%). FGDs indicated improved MSME awareness of digital tools and stronger student engagement,
supporting academia—industry integration and entrepreneurship-education models [19], [20].

3.3.2 Comparative positioning within 1CT-based incubation literature

Table 4 compares Al-SIM’s classification performance with two independently published, more
recent studies (2026) that also apply random forest to survey-derived MSME indicators for a structurally
similar three-way readiness/digitalization classification task.
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Figure 9. The Al-SIM dashboard (percentages as in Figures 6 and 7)

Table 4. Quantitative Benchmarking of Al-SIM against recent (2026) ICT-based MSME digital-
readiness/digitalization classification studies

Study Classification task Sample (Train/Test) Reported accuracy

AIl-SIM — Pipeline 1 MSME digital readiness, 3 classes 768 /193 33.68%
(this study) (random forest)

Al-SIM — Pipeline 2 MSME digital readiness, 3 classes 768 /193 30.57%
(this study) (random forest)

Royani et al. [28] MSME digitalization level, random forest 100 respondents (Tegal Regency, 91.43%

vs. C4.5 Indonesia)
Riansyah et al. [29] MSME digital-transformation readiness, 3 Hold-out test set, 93 records 91.40%

levels (random forest)

Positioned against these studies, Al-SIM’s near-chance accuracy is markedly lower. This gap is
consistent with Section 3.3’s finding that AI-SIM’s predictive weight is spread thinly across coarse,
self-reported survey constructs, with no dominant feature (the largest importance is only 0.22), whereas
Royani et al. [28] and Riansyah et al. [29] both report random forest exceeding 90% accuracy when features
more directly capture organizational or transactional characteristics. This comparison reframes the limitation
identified in Section 3.4 as primarily a feature-engineering gap in the current survey instrument rather than a
shortcoming of the random forest algorithm itself, and reinforces the mitigation already proposed there
replacing coarse self-reported proxies with objective, system-logged indicators. The dataset was collected as
a cross-sectional survey rather than a longitudinal evaluation, so pre-post readiness comparisons and
category-transition rates were not captured. This limitation is addressed in Section 3.4, with longitudinal
tracking recommended for future Al-SIM iterations.

3.4. Data and model limitations

Five interrelated limitations constrain the predictive validity and practical-impact assessment of this
study; each is paired below with a concrete ICT-oriented mitigation. Sample size after deduplication: the
two-level deduplication needed to prevent data leakage reduced the sample from 4,276 to 961 records,
constraining statistical power. Mitigation: expand data collection across cohorts and provinces, and consider
privacy-preserving federated learning across partner institutions to pool sample sizes without centralizing
sensitive records.

Proxy construct validation and sector diversity: the five constructs were operationalized from
available survey items rather than validated Likert-scale instruments (e.g., IT skills approximated via Al
proficiency), and individually carry only modest predictive weight (0.08-0.22) (Section 3.3); sector-level
diversity was also not separately encoded. Mitigation: redesign the survey around validated Likert items and
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add sector as an explicit feature. Convergent evidence from regression analysis: reformulating digital
readiness as a continuous index (0-100) and applying random forest regression on the same features
produced R? = 4.33% (MSE = 49.33), confirming the weak signal persists regardless of classification vs.
regression framing. Cross-sectional design and absence of longitudinal impact data: the student-MSME
component (Section 3.3.1) lacks pre/post readiness scores or transition data, so mentoring impact is described
qualitatively rather than quantified. Mitigation: future AI-SIM implementations should embed a structured
pre-post assessment protocol for rigorous outcome evaluation.

System-level performance and scalability: Section 3.6's performance analysis covered only training
time and inference latency on a local, non-production environment; API response time, dashboard
load performance, and behavior under concurrent load were not evaluated. Mitigation: future work should
add deployment-level benchmarking (e.g., Locust, Apache Bench), explore edge-computing/on-device
inference for low-connectivity facilitators, and evaluate adaptive online-learning updates. These findings
are reported transparently rather than adjusted to match expectations, consistent with the principle
that legitimate performance bounds however modest are more valuable than inflated metrics from
uncontrolled experimental design.

3.5. Implications for creative economy development

The combined findings show MSME digital transformation is shaped not only by self-reported
readiness but more strongly by capital availability, legal formalization, marketplace participation, and
objective scale indicators. By integrating Al analytics, geospatial intelligence, and adaptive intervention within
one platform, AI-SIM supports Quintuple Helix innovation principles [27] and contributes to the discourse on
digital entrepreneurial ecosystems [25], [26], independent of the classification component's current limitations.

Compared to conventional incubation, AI-SIM enables systematic readiness monitoring,
personalized recommendations, and spatially informed decision support through its integrated dashboard — a
scalable ICT framework for MSME digital empowerment, while transparently identifying the feature-
engineering improvements needed for its predictive component. The architecture is positioned to extend
toward federated learning across institutions, adaptive online-learning updates, and integration into broader
regional creative-economy and entrepreneurship-education platforms.

3.6. Computational performance and system efficiency

Beyond accuracy, computational efficiency was assessed on a local workstation (Windows 10,
Intel64 Family 6 Model 154 processor, 16 CPU cores) using the 768-sample training partition described in
Section 2.3. Pipeline 1 required negligible training time from its single fixed-parameter fit, while Pipeline 2
incurred higher cost from the exhaustive 288-configuration hyperparameter search under 5-fold cross-
validation (Table 5). Table 6 shows that AlI-SIM's inference stage is lightweight relative to its training cost: a
single-MSME prediction completes in 17.37 ms on average, while batch scoring of the full 193-record test
set takes only 0.026 s in total (=0.13 ms per sample). This latency profile is well within the responsiveness
expected of a real-time incubation dashboard, confirming that the classification pipeline is practical for
interactive, on-demand deployment despite the heavier one-time hyperparameter search reported in Table 5.

Table 5. Model training time
Pipeline Configuration Training time
Pipeline 1 (Original) 10 features, fixed hyperparameters, single fit 0.08s
Pipeline 2 (Manuscript-Aligned) 7 features, GridSearchCV (288 candidates x 5-fold CV) 38.78 s

Table 6. Inference latency (manuscript-aligned pipeline)
Inference mode Latency
Single prediction (1 MSME) 17.37 ms (mean over 100 predictions)
Batch prediction (193 test samples) ~ 0.026 s total (=~ 0.13 ms per sample)

4.  CONCLUSION

This study developed and evaluated Al-SIM as an integrated ICT artifact supporting MSME digital
transformation while strengthening experiential entrepreneurship learning. The framework classifies MSME
digital readiness into Traditional, Stable, and Digital Ready categories via random forest; after strict
deduplication, the classifier achieved 33.68% and 30.57% accuracy under two configurations, both near or
below the random-chance baseline. This transparent bound reflects a methodologically sound evaluation and
highlights actionable directions for improving predictive performance.
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Findings from 961 uniqgue MSME records show businesses distributed relatively evenly across
readiness categories, with a substantial share still Traditional. Dashboard visualizations reveal limited initial
capital (mostly below IDR 50 million), incomplete legality, and uneven marketplace access. Feature
importance was spread across all seven features, led by digital infrastructure and monthly revenue, with no
dominant predictor, indicating that current survey instruments require refinement. Integrating ML
classification, geospatial analysis, and an interactive dashboard enables targeted intervention, personalized
training, and student-MSME collaboration independent of the classifier's current limitations-combining
transparent, evidence-based assessment with a practical incubation ecosystem linking academia and local
creative economies, positioning Al-SIM as a working smart ICT-enabled incubation platform.

Future research should prioritize: (1) redesigning survey instruments around validated Likert-scale
items and explicitly encoding MSME sector; (2) expanding the sample size to 2,000-3,000 or
more observations, potentially via federated learning across institutions; (3) incorporating objective,
process-oriented behavior data (transaction volumes, platform usage, engagement metrics) alongside
longitudinal pre-post data; and (4) advancing toward deployment-grade ICT infrastructure with load-tested
APIs, edge-computing options, and adaptive online-learning. AI-SIM thus offers strong potential as a
scalable, transparent digital incubation platform for MSME competitiveness and creative-economy growth,
contingent on refining its predictive feature set.
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