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Abstract: This study develops a machine learning decision support framework for assessing startup readiness among 

higher education institution students in Pangasinan, Philippines. Survey data from 385 students were transformed into 

construct level indicators for startup knowledge, policy awareness, career aspiration, entrepreneurial skills, and 

business resource readiness. The analysis first examined reliability, associations, predictive relationships, and 

construct differences using Cronbach alpha, Spearman correlation, multiple regression, and the Friedman test. It then 

trained Logistic Regression, Decision Tree, and Random Forest models to classify practical startup readiness using 

academic profile variables, startup knowledge, and policy awareness as non-leakage predictors. K-Means clustering 

was applied to identify student readiness profiles for institutional decision support. The constructs showed acceptable 

to good reliability. Startup knowledge and policy awareness were stronger than practical readiness dimensions, 

confirming a relative knowledge action gap. Logistic Regression obtained the best classification result with 0.66 

accuracy, 0.66 weighted F1 score, and 0.729 receiver operating characteristic area under the curve. Random Forest 

feature importance ranked policy awareness and startup knowledge as the strongest predictors, while clustering 

produced four intervention-oriented profiles. The study contributes a compact analytics workflow that higher 

education institutions can use to screen readiness, identify student groups, and design targeted entrepreneurship 

support. 
Keywords: startup readiness, machine learning, decision support systems, educational data mining, higher education institutions, 

student profiling, entrepreneurship education, Random Forest. 

 

 

1. Introduction 

Entrepreneurship is widely treated as a driver of innovation, employment generation, and regional 

competitiveness (World Bank Group, 2021). In the Philippines, this expectation is reflected in national policy 

instruments such as the Philippine Innovation Act and the Innovative Startup Act, which recognize higher education 

institutions as important actors in developing entrepreneurial capability and linking students to startup ecosystems 

(Ilas-Panganiban & Mitra-Ventanilla, 2020). These policy directions are especially relevant to provincial economies 

where universities can function as knowledge producers, skills developers, and ecosystem connectors. 
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The presence of entrepreneurship education, however, does not automatically produce startup-ready graduates. 

Students may understand business concepts, recognize the value of entrepreneurship, and express general support for 

innovation without having enough confidence, operational skills, networks, mentors, or resource access to initiate a 

venture. This mismatch is often described as a knowledge action gap: cognitive preparedness is present, but practical 

readiness remains constrained (Armas & Jose, 2024; Carpenter & Wilson, 2022; Lyu et al., 2023; Widati et al., 2024). 

The issue is not simply whether students know entrepreneurship. The harder question is whether universities can 

identify which students are ready to act, which students are only conceptually prepared, and which students need 

targeted support before they can enter an incubation or venture creation pathway. 

Pangasinan provides a useful setting for examining this problem. The province has a growing higher education 

sector, students from varied academic programs, and increasing exposure to entrepreneurship related subjects and 

initiatives (Center for Pangasinan Studies, 2023; Commission on Higher Education Regional Office 1, 2026a, 2026b). 

Yet the support environment remains uneven across institutions, disciplines, and districts. In such a setting, a 

conventional mean score can describe readiness, but it cannot easily guide intervention (Ndofirepi, 2022). A program 

head, incubation manager, or entrepreneurship coordinator needs more operational information: who is likely to be 

practice-ready, which variables contribute to readiness classification, and what readiness profiles exist among 

students. 

This paper responds to that decision problem by reframing student startup readiness as an applied educational 

data analytics task. The study presents descriptive and inferential analyses, and extends them through supervised 

classification and unsupervised profiling. Logistic Regression, Decision Tree, and Random Forest models are used to 

classify practical startup readiness, while K-Means clustering is used to reveal readiness profiles. The resulting 

workflow is intended for higher education decision support rather than for replacing academic judgment. It provides 

a structured basis for screening, mentoring allocation, incubation referral, and resource planning. 

The study contributes in four ways. First, it develops a machine learning decision support formulation for a 

multidimensional startup readiness instrument. Second, it uses non-leakage predictors for supervised classification by 

excluding the readiness dimensions used to compute the target variable. Third, it combines explainable model output, 

particularly Random Forest feature importance, with clustering-based readiness profiles. Fourth, it translates the 

statistical and machine learning results into intervention pathways that can be used by higher education institutions in 

entrepreneurship ecosystems. 

1.1 RELATED WORK: 

1.1.1 Startup Readiness in Higher Education 

Entrepreneurial readiness is not a single trait. It combines cognitive, behavioral, motivational, and structural 

dimensions. Students need to understand what a startup is and how it operates, but they also need aspiration, 

persistence, problem solving ability, communication skills, risk management, access to mentors, and resource 

awareness (Iwu et al., 2024; Ng et al., 2023; Panakaje et al., 2025). Prior studies show that entrepreneurship education 

can improve intention and awareness, especially when it strengthens self-efficacy, alertness, opportunity recognition, 

and perceived feasibility (Kim et al., 2022; Otache et al., 2023). The effect is weaker when entrepreneurship is treated 

mainly as a classroom topic rather than as a practice-based learning process. 

The readiness instrument used in this study reflects this multidimensional view. It measured knowledge of 

business startup, career aspirations toward entrepreneurship, policy awareness and perception, entrepreneurial skills 

and attitudes, and business resource readiness. This structure is important because students may score high in one 

dimension and lower in another. For example, a student may know the basic requirements for starting a business but 

have limited access to people who can help with operations, funding, or market validation. A single readiness score 

may conceal that imbalance (Panakaje et al., 2025). 

The literature increasingly emphasizes practice-oriented entrepreneurship education. Incubation, venture 

simulation, industry immersion, prototyping, mentorship, and market exposure are more likely to connect knowledge 

to behavior than lecture-based instruction alone (Hagg & Gabrielsson, 2019; Lackeus, 2020; Nabi et al., 2016). In 

emerging or provincial ecosystems, these mechanisms are not always equally available (Armas & Jose, 2024). 

Institutional support, policy awareness, and resource access therefore become central to readiness. However, 

awareness of support programs is not the same as the ability to use them. This distinction motivates the need for 

analytics that can separate cognitive readiness from operational readiness (Donbesuur et al., 2020). 
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1.1.2 Educational Data Mining and Readiness Analytics 

Educational data mining and learning analytics convert student level records into patterns that can support 

prediction, segmentation, and intervention design (Romero & Ventura, 2020; Siemens & Long, 2011). In student 

success applications, these methods are often used to identify learners at risk, recommend support, or evaluate 

instructional pathways (Gibson, 2017). The same logic can be applied to entrepreneurship readiness. Instead of 

reporting only aggregate means, institutions can classify practical readiness, identify influential predictors, and create 

student profiles that suggest different intervention routes. 

Supervised learning is useful when a target outcome can be defined. In this study, practical startup readiness 

was converted into a binary classification target using the overall practical readiness score. Logistic Regression 

provides a transparent baseline and allows comparison with familiar statistical modelling (Uddin et al., 2022). 

Decision Tree analysis offers interpretable branching rules and can capture nonlinear thresholds (Quinlan, 1986). 

Random Forest improves stability by aggregating multiple trees and provides relative feature importance scores 

(Breiman, 2001). Because the sample size is moderate, these models are appropriate as a compact benchmark set 

rather than as a high complexity predictive system. 

Unsupervised learning addresses a different question. K-Means clustering can group students according to 

similarity across readiness dimensions (MacQueen, 1967). This is useful when the institution does not merely want to 

know whether a student is ready or not, but wants to understand what type of support the student may need. Silhouette 

scores can be used to assess how clearly the clusters are separated (Rousseeuw, 1987). In practice, interpretability 

matters alongside the score because a weakly separated but meaningful cluster structure may still support intervention 

planning. 

Taken together, the literature shows that startup readiness is both educational and operational. It involves what 

students know, what they can do, what they are motivated to pursue, and what support they can access. On this basis, 

the present study treats startup readiness not only as a survey construct, but also as a decision support problem that 

can be examined through statistical testing, supervised classification, and student profiling. 

2. MATERIALS AND METHODS 

2.1 RESEARCH DESIGN, LOCALE, AND PARTICIPANTS: 

Guided by this decision-support objective, the study used a descriptive-correlational quantitative design 

extended with machine learning classification and clustering. The dataset consisted of 385 students from selected 

public and private higher education institutions across the six congressional districts of Pangasinan, Philippines. 

Respondents represented different sex groups, age groups, academic programs, and year levels. Inclusion criteria 

required that respondents were currently enrolled students with exposure to entrepreneurship related subjects or 

activities. 

The demographic structure of the sample is important for model interpretation. Male respondents comprised 

56.1% of the sample while female respondents comprised 43.9%. The largest age group was 21 to 25 years old, 

followed by 18 to 20 and 26 to 30. BS Business Administration students formed the largest program group, with 

additional representation from BS Information Technology, Bachelor of Technology and Livelihood Education, and 

other programs. First year and fourth year students were strongly represented, while second year students formed the 

smallest year level group. Table 1 summarizes the main respondent profile variables used in the study. 

Table 1: Respondent profile used in the analytics dataset 

Variable Category Frequency Percentage 

Sex 
Male 216 56.10 

Female 169 43.90 

Age 

18 to 20 years old 124 32.21 

21 to 25 years old 148 38.44 

26 to 30 years old 113 29.35 
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Variable Category Frequency Percentage 

Program 

BS Business Administration 179 46.49 

BS Information Technology 88 22.86 

B Technology and Livelihood Education 78 20.26 

Other programs 40 10.39 

Year Level 

1st Year 124 32.21 

2nd Year 46 11.95 

3rd Year 102 26.49 

4th Year 113 29.35 

2.2 INSTRUMENT AND CONSTRUCT SCORES: 

Data were collected using a structured questionnaire validated through expert review and reliability testing. The 

instrument contained 28 Likert type items rated on a four-point scale. Five items measured knowledge of business 

startup, five measured career aspirations toward entrepreneurship, four measured policy awareness and perception, 

nine measured entrepreneurial skills and attitudes, and five measured business resource readiness. The four-point scale 

was interpreted as follows: 3.26 to 4.00, very high; 2.51 to 3.25, high; 1.76 to 2.50, moderate; and 1.00 to 1.75, low 

(Salleh et al., 2026). 

Composite construct scores were computed as means of the corresponding items. ‘Knowledge of business 

startup’ was coded as KNO and computed from Items 1 to 5. ‘Career aspirations’ was coded as CAR and computed 

from Items 6 to 10. ‘Policy awareness and perception’ was coded as POL and computed from Items 11 to 14. 

‘Entrepreneurial skills and attitudes’ was coded as SKL and computed from Items 15 to 23. ‘Business resource 

readiness’ was coded as RES and computed from Items 24 to 28. Overall practical readiness, coded as ORD, was 

computed as the mean of CAR, SKL, and RES. Table 2 shows the construct definitions used for statistical and machine 

learning analysis. 

Table 2: Construct Definitions and Analytics Role 

Code Construct Items Role in Study 

KNO Knowledge of business startup 1 to 5 
Cognitive predictor and 

clustering variable 

CAR 
Career aspirations toward 

entrepreneurship 
6 to 10 

Practical readiness 

component 

POL Policy awareness and perception 11 to 14 
Cognitive and institutional 

predictor 

SKL Entrepreneurial skills and attitudes 15 to 23 
Practical readiness 

component 

RES Business resource readiness 24 to 28 
Practical readiness 

component 

ORD Overall practical readiness CAR, SKL, RES Classification target basis 

The supervised classification target was derived from ORD. Students with ORD greater than or equal to 3.00 

were coded as having strong practical startup readiness, while those below 3.00 were coded as having limited practical 

startup readiness. The threshold was researcher-defined and set above the lower bound of the high category to create 

a more conservative distinction between generally positive responses and stronger operational readiness. 
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2.3 STATISTICAL ANALYSIS: 

Cronbach alpha was used to assess internal consistency of each multi-item scale (Santos, 1999). Spearman rank 

correlation was used because the source data were Likert type responses and the study examined monotonic 

associations among construct scores (Franzese & Iuliano, 2019; Sullivan & Artino, 2013). Multiple linear regression 

was used to test whether KNO and POL predicted CAR, SKL, RES, and ORD. Regression diagnostics included checks 

for multicollinearity using variance inflation factor values. The Friedman test was used as a nonparametric repeated 

measures comparison of the five related construct scores to evaluate the relative knowledge action gap (Hancock et 

al., 2018). Post hoc pairwise comparisons were conducted using Wilcoxon signed-rank tests with Bonferroni 

adjustment. 

The statistical analysis addressed two hypotheses. H1 stated that knowledge and policy awareness would have 

positive associations with students’ startup readiness. H2 stated that cognitive readiness would be significantly higher 

than practical startup readiness, indicating a relative gap between knowledge and action. This emphasizes relative 

difference rather than absolute deficiency. 

2.4 MACHINE LEARNING WORKFLOW: 

After the statistical procedures established the structure of the readiness gap, the machine learning stage 

translated the same dataset into decision-support outputs for screening and profiling. For the supervised models, the 

predictors were Program, Year Level, KNO, and POL. CAR, SKL, RES, and ORD were excluded from the predictor 

set because they were used to compute the target variable. This avoided data leakage and framed the readiness 

classification problem more conservatively. The models were implemented using standard machine learning 

procedures consistent with scikit-learn-based educational data mining workflows (Pedregosa et al., 2011). Categorical 

variables were encoded, numeric variables were standardized where required, and the dataset was divided into training 

and testing sets using a 70:30 stratified split. The classifiers were trained using standard scikit-learn implementation 

settings, and no hyperparameter tuning was performed because the purpose was to establish a compact baseline 

decision-support workflow. 

Three supervised classifiers were trained: Logistic Regression, Decision Tree, and Random Forest. Performance 

was evaluated using accuracy, weighted precision, weighted recall, weighted F1 score, confusion matrix, and receiver 

operating characteristic area under the curve (Imani et al., 2026). Weighted metrics were used because the readiness 

classes were not assumed to be perfectly balanced (Khan et al., 2024). Random Forest feature importance was then 

examined to identify the relative contribution of POL, KNO, Program, and Year Level to readiness classification. 

These importance scores were interpreted as predictive contributions, not causal effects (Breiman, 2001; Pedregosa et 

al., 2011). 

For student profiling, K-Means clustering was applied using the five construct scores: KNO, POL, CAR, SKL, 

and RES. The variables were standardized before clustering. Cluster solutions from two to five groups were compared 

using silhouette scores and substantive interpretability. A four-cluster solution was retained because it provided clearer 

intervention-oriented profiles even though the silhouette value indicated modest separation, and because clustering 

was used for decision-support interpretability rather than definitive typology (Rousseeuw, 1987). The clustering 

results were therefore interpreted as decision support categories rather than as rigid psychological types. 

3. RESULTS 

3.1 RELIABILITY AND CONSTRUCT LEVEL READINESS: 

The five measurement scales showed acceptable to good internal consistency. KNO produced a Cronbach alpha 

of 0.744, which indicates acceptable reliability. CAR, POL, SKL, and RES produced alpha values of 0.848, 0.812, 

0.848, and 0.803, respectively, indicating good reliability. Corrected item total correlations were generally above the 

accepted threshold, and no item removal was necessary on conceptual grounds. These results support the use of the 

construct scores for subsequent statistical and machine learning analysis. 

The construct means showed a consistent pattern. KNO had the highest mean at 3.60 and was interpreted as 

very high. POL had a mean of 3.24 and was interpreted as high, close to the very high boundary. CAR, SKL, and 

RES were also interpreted as high, with means of 2.92, 3.03, and 2.91, respectively. ORD had a mean of 2.95. The 

pattern suggests that students were not weak in practical readiness, but they were stronger in cognitive and policy 

related dimensions than in action-oriented dimensions. Table 3 summarizes these results. 
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Table 3: Reliability and Construct Level Readiness 

Construct Items Alpha Mean Interpretation 

KNO 5 0.744 3.60 Very High 

POL 4 0.812 3.24 High 

CAR 5 0.848 2.92 High 

SKL 9 0.848 3.03 High 

RES 5 0.803 2.91 High 

ORD CAR, SKL, RES NA 2.95 High 

Several item-level patterns from this analysis clarify the construct results. Students reported strong 

understanding of basic startup requirements and the role of entrepreneurship education. Policy awareness was 

positive, but awareness of specific government youth entrepreneurship programs showed greater variability than other 

policy items. In the practical dimensions, students reported relatively stronger communication, teamwork, persistence, 

and risk-informed decision making, but lower confidence in setting clear business goals, access to operational 

assistance, seeking learning resources, and emotional preparedness for business stress. These details explain why the 

practical constructs remained high overall but lower than KNO. 

3.2 CORRELATION, REGRESSION, AND FRIEDMAN RESULTS: 

Spearman correlation results showed that KNO was not significantly associated with CAR, SKL, RES, or ORD. 

POL showed weak but statistically significant positive correlations with SKL, RES, and ORD, but not with CAR. 

These findings partially support H1: policy awareness had a positive association with selected readiness dimensions, 

while knowledge did not. Table 4 presents the correlation coefficients and p values. 

Table 4: Spearman Correlation Between Cognitive Predictors and Readiness 

Predictor CAR SKL RES ORD 

KNO -0.090 (0.079) 0.076 (0.135) 0.043 (0.400) 0.017 (0.736) 

POL -0.015 (0.775) 0.137 (0.007) 0.165 (0.001) 0.168 (<0.001) 

 

Regression results were consistent with the correlation analysis. For ORD, the model was statistically 

significant but had limited explanatory power, with R2 equal to 0.034. POL was a significant positive predictor, while 

KNO was not. The same general pattern appeared for SKL and RES. The CAR model was not statistically significant, 

and neither KNO nor POL significantly predicted career aspirations. Variance inflation factor values were all 1.000, 

indicating no multicollinearity concern. The results show that cognitive and policy variables alone cannot explain 

practical startup readiness. Table 5 provides the compact regression summary. 

The Friedman test showed significant differences among KNO, POL, CAR, SKL, and RES, with chi square of 

362.018 and p < 0.001. Post hoc comparisons indicated that KNO was significantly higher than all other constructs 

and that POL was significantly higher than the practical readiness dimensions. Several practical readiness dimensions 

were closer to each other. This confirms H2 as a relative knowledge action gap: students are cognitively and policy 

ready to a greater degree than they are operationally ready. 

Table 5: Multiple Linear Regression Summary 

Outcome Predictor B Beta p VIF 

ORD KNO 0.017 0.015 0.772 1.000 

ORD POL 0.130 0.183 <0.001 1.000 

CAR KNO -0.150 -0.099 0.054 1.000 
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Outcome Predictor B Beta p VIF 

CAR POL -0.009 -0.009 0.858 1.000 

SKL KNO 0.100 0.058 0.253 1.000 

SKL POL 0.171 0.160 0.002 1.000 

RES KNO 0.101 0.048 0.336 1.000 

RES POL 0.229 0.179 <0.001 1.000 

From a decision support perspective, this statistical layer is important because it identifies the structure of the 

problem. The issue is not a lack of entrepreneurship awareness. Rather, the evidence points to a translation problem: 

students know about entrepreneurship and generally recognize support mechanisms, but readiness depends on the less 

visible combination of skill confidence, resource access, aspiration, and ecosystem connection. 

3.3 MACHINE LEARNING CLASSIFICATION RESULTS: 

After the construct-level pattern was established, the supervised models examined whether non-leakage 

predictors could classify students into strong or limited practical startup readiness. The resulting target variable 

contained 173 (44.9%) students classified as strong practical startup readiness and 212 (55.1%) students classified as 

limited practical startup readiness. The supervised models produced moderate classification performance. Logistic 

Regression performed best overall, with accuracy of 0.66, weighted precision of 0.67, weighted recall of 0.66, 

weighted F1 score of 0.66, and receiver operating characteristic area under the curve of 0.729. The Decision Tree 

achieved 0.61 accuracy and 0.725 area under the curve, suggesting useful ranking ability despite weaker classification 

performance. Random Forest obtained 0.62 accuracy, 0.62 weighted F1 score, and 0.694 area under the curve. Table 

6 summarizes the model comparison. 

Table 6: Machine Learning Model Performance 

Model Accuracy 
Weighted 

Precision 
Weighted Recall Weighted F1 

Area Under 

Curve 

Logistic Regression 0.66 0.67 0.66 0.66 0.729 

Decision Tree 0.61 0.61 0.61 0.60 0.725 

Random Forest 0.62 0.63 0.62 0.62 0.694 

The goal of the model comparison was not to claim a high accuracy predictive system, but to test whether a 

compact institutional dataset could support readiness screening. The moderate scores are reasonable given that the 

supervised models used only program, year level, KNO, and POL as predictors. More direct predictors of readiness, 

such as self-efficacy, prior entrepreneurial experience, family business exposure, access to capital, and actual 

incubation participation, were not considered in the dataset. The result therefore supports a cautious but useful decision 

support role: the model can assist screening, but should not be used as the sole basis for student startup readiness. 

Random Forest feature importance ranked POL first, KNO second, Program third, and Year Level fourth. This 

result is consistent with the statistical analysis in one respect: policy awareness had more predictive value than 

knowledge in explaining practical readiness. However, KNO remained important in the classification model, 

suggesting that it may contribute through nonlinear or interaction patterns that were not captured by linear regression. 

Table 7 provides the feature importance values. 

One possible explanation is that a student's program and year level reflect distinct differences in curriculum 

exposure, maturity, disciplinary orientation, and proximity to graduation. Business students may encounter 

entrepreneurship content more directly, while technology and livelihood education students may bring different forms 

of practical or technical readiness. Year level may capture cumulative academic exposure and the urgency of post-

graduation career planning. These interpretations require further validation, but they are useful for designing more 

differentiated entrepreneurship support. 
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Table 7: Random Forest Feature Importance 

Rank Predictor Importance Score 

1 POL 0.316 

2 KNO 0.292 

3 Program 0.206 

4 Year Level 0.186 

One possible explanation is that a student's program and year level reflect distinct differences in curriculum 

exposure, maturity, disciplinary orientation, and proximity to graduation. Business students may encounter 

entrepreneurship content more directly, while technology and livelihood education students may bring different forms 

of practical or technical readiness. Year level may capture cumulative academic exposure and the urgency of post-

graduation career planning. These interpretations require further validation, but they are useful for designing more 

differentiated entrepreneurship support. 

3.4 K-MEANS READINESS PROFILES: 

While supervised classification addressed whether students were likely to show stronger practical readiness, 

clustering addressed a different institutional question: what types of readiness profiles exist among students, and what 

support routes do those profiles suggest? The clustering stage identified four readiness profiles. Silhouette scores were 

0.181 for two clusters, 0.169 for three clusters, 0.161 for four clusters, and 0.168 for five clusters. The numerical 

separation was modest, but the four-cluster solution was retained because it produced the clearest intervention-oriented 

interpretation. Table 8 reports the cluster means and sizes. 

Table 8: K-Means Readiness Profiles 

Cluster Size KNO POL CAR SKL RES 

0 97 3.77 2.89 2.96 3.29 3.31 

1 94 3.17 3.15 3.05 2.96 2.69 

2 86 3.77 2.97 2.80 2.54 2.33 

3 108 3.69 3.83 2.86 3.23 3.19 

Cluster 0 is interpreted as a practice-ready but policy under connected group. Students in this cluster had high 

KNO, SKL, and RES, but lower POL. They appear capable and resource ready, but may need clearer connection to 

government programs, institutional support mechanisms, and startup policy pathways. Cluster 1 is interpreted as an 

aspiration positive but resource constrained group. These students had the highest CAR among the clusters, but weaker 

RES and moderate SKL. They may benefit from mentoring, operational assistance, funding literacy, and access to 

incubation facilities. 

Cluster 2 represents the clearest knowledge ready but action limited group. These students had high KNO but 

the lowest CAR, SKL, and RES. Their profile is central to the knowledge action gap. They may understand 

entrepreneurship but lack confidence, practical exposure, or perceived feasibility. Cluster 3 is interpreted as a policy-

aware and support responsive group. These students had the highest POL and relatively strong SKL and RES, but 

their CAR was lower than Cluster 1. They may benefit from challenge-based learning, venture ideation, and 

opportunity recognition activities that convert support awareness into entrepreneurial commitment. 

Table 9 translates the clusters into intervention options. This conversion shows that the machine learning output 

is not merely descriptive. It becomes a lightweight decision support map for HEI entrepreneurship offices, technology 

business incubators, and academic program heads. 
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Table 9: Cluster-Based Decision Support Interventions 

Cluster Profile Label Primary Gap Suggested Intervention 

0 
Practice-ready but policy 

under connected 
Policy linkage 

Policy orientation, startup grant briefing, 

referral to support programs 

1 
Aspiration positive but 

resource constrained 

Resources and 

operations 

Mentoring, resource mapping, incubation 

onboarding, finance bootcamp 

2 
Knowledge ready but action 

limited 

Skills, 

aspiration, 

feasibility 

Venture simulation, confidence building, 

ideation clinics, team formation 

3 
Policy-aware and support 

responsive 

Action 

translation 

Challenge based projects, prototype 

mentoring, market validation activities 

4. DISCUSSION 

Across the statistical and machine learning layers, the results point to a consistent pattern: students were 
generally aware of entrepreneurship and policy support, but practical readiness depended on less visible behavioral, 
resource, and institutional factors. This challenges the assumption that improving entrepreneurship content alone will 
automatically increase venture readiness (Armas & Jose, 2024; Carpenter & Wilson, 2022; Lyu et al., 2023; Widati et 
al., 2024). The more defensible interpretation is that knowledge is necessary but incomplete (Hagg & Gabrielsson, 
2019; Lackeus, 2020; Nabi et al., 2016). It must be connected to repeated practice, feedback, mentoring, social support, 
and access to resources. 

Policy awareness was more informative than knowledge, but its effect remained weak. This is useful because 
it clarifies the difference between awareness and access. Students may agree that government policies influence startup 
success or that support makes entrepreneurship easier, but they may not know how to access a program, prepare 
requirements, find mentors, or convert a business idea into a fundable proposal. In other words, policy awareness is a 
bridge, but it is not the destination (Armas & Jose, 2024; Quimba et al., 2024). Higher education institutions should 
therefore translate policy information into guided processes: orientation, eligibility mapping, application clinics, grant 
writing support, incubation referral, and networking with local ecosystem actors. 

The machine learning results add a different layer of insight. Logistic Regression outperformed the tree-based 
models in overall performance, which suggests that the available predictors may have had relatively simple decision 
boundaries. This is not a weakness. For institutional use, a transparent baseline model with moderate predictive value 
can be more practical than a complex model that is difficult to explain (Pedregosa et al., 2011; Romero & Ventura, 
2020; Siemens & Long, 2011). Decision Tree results remain valuable because they can generate rules, while Random 
Forest contributes feature importance rankings. Together, the models provide complementary forms of decision 
support: classification performance, interpretability, and predictor ranking. 

The Random Forest feature importance results are also consistent with the broader narrative. POL and KNO 
were the two most influential predictors, but Program and Year Level were not negligible. This suggests that readiness 
classification is shaped by both cognitive institutional variables and academic context. It would be premature to infer 
causality from these scores, but they can guide practical questions for program improvement. For example, if program 
membership contributes to classification, institutions may examine whether entrepreneurship exposure differs across 
curricula. If year level matters, institutions may investigate whether readiness support should be staged across the 
academic lifecycle instead of concentrated in a single course. 

The cluster solution provides the most direct intervention value. Averages alone might suggest that students are 
generally ready because all practical constructs were interpreted as high. Clustering shows a more refined picture. 
Some students appear practice-ready but insufficiently linked to policy support. Others are aspiration positive but 
resource constrained. Another group is knowledge ready but action limited, which is the most visible form of the 
knowledge action gap. A fourth group is highly policy-aware and may respond well to action translation activities. 
These distinctions allow institutions to avoid one size fits all entrepreneurship programming. 

For an HEI technology business incubator, the workflow can be operationalized as a screening and advising 
tool. Students can complete the readiness instrument at the beginning of an entrepreneurship course, innovation 
challenge, or incubation pre-selection period. The system can compute construct scores, classify practical readiness, 
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assign a readiness profile, and recommend an intervention track. Students in Cluster 2, for instance, may be routed to 
ideation and confidence building before incubation. Students in Cluster 0 may be fast tracked to policy linkage and 
program application support. Students in Cluster 1 may need mentoring and resource mapping, while Cluster 3 may 
benefit from market validation and prototype development. 

The study covers readiness assessment up to applied educational analytics. The computational innovation 
practically lies in converting validated survey constructs into a classification and profiling workflow that is readable, 
implementable, and useful for institutional decision makers. The work demonstrates how machine learning and 
decision support can be applied to higher education entrepreneurship development. 

4.1 IMPLICATIONS FOR SYSTEM DESIGN AND INSTITUTIONAL DEVELOPMENT: 

Because the study is framed as decision support, the findings can be translated into a lightweight system design 
for entrepreneurship education, incubation preparation, and institutional planning. At the input layer, the system 
collects demographic data and questionnaire responses. At the processing layer, it computes construct scores, updates 
reliability checks when new cohorts are added, classifies practical startup readiness, estimates feature contributions, 
and assigns students to readiness clusters. At the output layer, it can present a dashboard showing each student’s 
readiness class, cluster profile, priority support needs, and recommended intervention pathway; Table 10 shows the 
decision support outputs and the corresponding institutional users. For administrators, aggregate views may show 
readiness distribution by program, year level, district, or cohort. For entrepreneurship coordinators and incubation 
staff, individual or group-level views can guide mentoring, course activities, and pre-incubation preparation. This 
institutional use case is consistent with recent work emphasizing the role of higher education institutions and university 
ecosystems in supporting innovation, entrepreneurship, and startup development (Astuty et al., 2022; Quimba et al., 
2024). 

Table 10: Decision Support Outputs and Institutional Users 

Output Primary User Decision Supported 

Readiness class Faculty and program heads 
Identify students needing additional practical 

preparation 

Feature importance Curriculum planners 
Identify variables that contribute to readiness 

classification 

Cluster profile 
Incubation and mentoring 

teams 
Assign differentiated intervention pathways 

Program level summary Deans and administrators 
Compare readiness patterns across academic 

programs 

Year level summary Course coordinators 
Stage entrepreneurship support across the student 

lifecycle 

Policy awareness 

summary 

Agency partners and TBI 

staff 

Plan briefings, grant clinics, and ecosystem 

orientation 

The value of the system lies in its ability to translate readiness data into differentiated institutional action (Astuty 
et al., 2022; Gibson, 2017; Quimba et al., 2024; Romero & Ventura, 2020; Siemens & Long, 2011). At the course 
level, instructors may use the readiness profile at the beginning of an entrepreneurship subject to adjust learning 
activities. A class dominated by knowledge-ready but action-limited students may need simulations, team formation, 
opportunity discovery, and confidence-building tasks before moving to full business planning. A class with many 
resource-constrained students may require stronger exposure to mentors, suppliers, funding sources, local enterprises, 
and technology business incubator services. In incubation preparation, the model can serve as a pre-screening tool that 
identifies whether students need ideation support, market discovery, prototype coaching, policy navigation, or 
resource mapping. It does not replace interviews or expert judgment; rather, it provides a structured starting point and 
reduces the tendency to treat all students as if they had the same readiness problem. 

The framework also supports program evaluation and ecosystem coordination (Astuty et al., 2022; Quimba et 
al., 2024). Because construct scores can be tracked by cohort, program, and year level, higher education institutions 
can determine whether curricular revisions, mentoring programs, or entrepreneurship initiatives are associated with 
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improvements in practical readiness. For example, consistently high knowledge scores but low resource readiness 
would indicate that additional lectures are unlikely to solve the main constraint. A more appropriate response may 
involve mentorship, funding orientation, industry linkage, prototyping support, or access to incubation facilities. 
Beyond the university, local government units, regional agencies, industry partners, financial institutions, alumni 
entrepreneurs, and incubators can use aggregate readiness patterns to identify where support is most needed. Low 
policy awareness may call for targeted orientation from agencies. Weak resource readiness may require stronger 
industry and mentor engagement. Low skills readiness may require redesigning experiential learning activities. 

In the intervention logic proposed in this study, cognitive support addresses what students know; behavioral 
support addresses what students can do; structural support addresses what students can access; and motivational 
support addresses whether entrepreneurship appears feasible and personally meaningful to them. A student with high 
knowledge but low skills and resource readiness does not require the same intervention as a student with high policy 
awareness and resource access but low career aspiration. The clustering results provide a basis for making these 
distinctions using patterns observed in the dataset. 

For deployment, the framework should be embedded in an iterative improvement cycle. The first cycle 
establishes baseline readiness and assigns intervention tracks. The second records which interventions were delivered. 
The third measures readiness again and compares changes across clusters. The fourth links readiness changes to 
behavioral indicators such as participation in pitch events, prototype development, customer interviews, business 
registration, or incubation entry. This sequence converts the model from a one-time classifier into a learning system 
for entrepreneurship support. 

Several safeguards are necessary. The model should remain advisory, not determinative (Romero & Ventura, 
2020; Siemens & Long, 2011). Students should not be excluded from entrepreneurship opportunities solely because 
the system predicts limited readiness. Model outputs should be reviewed with human judgment, especially when 
students possess contextual strengths not captured by the questionnaire. The model should also be recalibrated as new 
cohorts are added, and institutions should monitor whether interventions actually improve readiness scores or startup-
related outcomes. Data privacy must be protected throughout deployment. Identifiable student records should be 
accessible only to authorized personnel, while aggregate reporting is sufficient for most policy, curriculum, and 
ecosystem decisions. 

A minimum viable implementation may use a spreadsheet, Python notebook, or simple web dashboard. A more 
mature version may be integrated into a student entrepreneurship portal, learning management system, or technology 
business incubator database. Readiness assessment should also be timed strategically. Administering the instrument 
only at the end of a program limits its usefulness because few opportunities remain for intervention. A better approach 
is to administer it at entry, before entrepreneurship course sequences, before incubation recruitment, and after major 
experiential activities. This allows institutions to observe readiness development over time rather than merely describe 
readiness at a single point. 

Lastly, the framework can support equity-oriented planning. If future datasets show that certain groups 
consistently receive lower readiness classifications, the institution should examine whether the difference reflects 
genuine support needs, measurement bias, uneven access to entrepreneurship activities, or program-level opportunity 
gaps. Such analysis must be handled carefully. The system should expose barriers, not reproduce them (Mehrabi et 
al., 2021). Transparent reporting, human review, periodic validation, and responsible use are therefore essential to 
institutional deployment. 

4.2 LIMITATIONS AND FUTURE WORK: 

These implications should be interpreted within the methodological limits of the study. First, the data are cross 
sectional and self-reported; therefore, the findings cannot establish causality or prove that readiness scores lead to 
actual venture creation. Second, the sample was limited to selected institutions in Pangasinan, so external validation 
is needed before applying the model to other provinces or national student populations. Third, the classification target 
was derived from ORD, which is based on survey responses, not observed startup outcomes such as business 
registration, prototype development, sales, investment, or incubation completion. Fourth, the supervised models used 
a limited predictor set to avoid data leakage. This made the classification problem more conservative and 
methodologically cleaner, but it also restricted predictive power. 

The clustering results should also be treated cautiously. The silhouette scores were low, indicating that the 
profiles were not strongly separated in geometric terms. The retained four cluster solution is useful because it supports 
intervention planning, but it should not be interpreted as a definitive typology of students. Future studies should test 
cluster stability across larger datasets and across institutions. They should also compare alternative clustering methods, 
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such as hierarchical clustering, Gaussian mixture models, or density-based clustering, if larger and more varied data 
become available. 

Future work should include longitudinal tracking to determine whether readiness profiles predict startup 
attempts, incubation participation, prototype completion, pitch competition performance, or venture survival. 
Additional predictors should also be collected, including entrepreneurial self-efficacy, risk tolerance, prior work 
experience, family business background, digital skills, access to capital, mentor availability, and participation in 
experiential entrepreneurship programs (Shukla & Kumar, 2024). Larger datasets would support more robust model 
validation, explainable artificial intelligence techniques, and fairness checks across demographic and academic 
groups. 

4.3 RECOMMENDATIONS FOR HEI ENTREPRENEURSHIP SUPPORT: 

Based on the observed knowledge-action gap, the moderate classification results, and the cluster-based profiles, 
three practical recommendations are proposed for HEI entrepreneurship support. First, entrepreneurship education 
should be connected to measurable readiness development. Courses should not end with conceptual assessment alone. 
They should require students to conduct customer discovery, prepare simple financial assumptions, test value 
propositions, and receive feedback from mentors or industry partners (Astuty et al., 2022; Hagg & Gabrielsson, 2019; 
Lackeus, 2020; Nabi et al., 2016). These activities directly target the skill and resource dimensions that were weaker 
than knowledge. 

Second, policy awareness should be converted into guided access. HEIs may offer startup policy clinics, grant 
orientation sessions, eligibility mapping, and referral support so that students can move from knowing that support 
exists to actually using it (Armas & Jose, 2024; Astuty et al., 2022; Quimba et al., 2024). 

Third, HEIs should use differentiated support rather than a uniform entrepreneurship intervention. The clusters 
suggest that some students need confidence and practice, some need policy linkage, some need resources, and others 
need translation from awareness to concrete action. An analytics-based support system can assign these routes early 
and update them after each major learning activity. In this way, the institution can use data not only to describe 
students, but also to organize the support environment around their specific readiness gaps. 

5. CONCLUSIONS 

This study developed a machine learning decision support framework for predicting and profiling startup 

readiness among higher education institution students in Pangasinan. The results confirm a relative knowledge action 

gap: students reported very high startup knowledge and high policy awareness, but practical readiness dimensions 

were lower. Statistical tests showed that knowledge did not significantly predict practical readiness, while policy 

awareness had weak but significant associations with skills, resource readiness, and overall readiness. The Friedman 

test confirmed significant differences across constructs, with cognitive dimensions higher than practical dimensions. 

The machine learning layer extended these findings into a more operational form. Logistic Regression produced 

the best overall classification performance among the tested models, while Random Forest feature importance 

identified policy awareness and startup knowledge as the strongest predictors. K-Means clustering identified four 

student profiles that can guide differentiated interventions. These outputs convert the readiness survey into a decision 

support workflow for screening, profiling, and planning entrepreneurship support. 

The study shows how a structured analytics workflow can help institutions see the gap more clearly and respond 

more deliberately; it does not claim that machine learning alone can solve the knowledge action gap. For provincial 

higher education institutions, this approach offers a practical way to connect entrepreneurship education, student 

readiness assessment, and ecosystem-based support. The result is a more targeted path from learning about 

entrepreneurship to preparing students to practice it. 
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