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Abstract. Evaluation of innovation and entrepreneurship education still rests on satisfaction
surveys and aggregate counts, which cannot say which part of the provision is associated
with student-level outcomes. Using open survey data from 1,389 Chinese university
students, this study operationalises education performance as a proximal outcome indicator,
a mean entrepreneurial intention of "agree" or above on a five-point scale, groups fifty
variables into seven predictor blocks, and selects the model by training-set cross-validation
alone. The selected random forest reaches an area under the ROC curve of 0.838 (95%
confidence interval 0.799 to 0.876); its difference from an L2-regularised logistic regression
is 0.021 (interval −0.003 to 0.047), which includes zero, so the ensemble gains no
distinguishable accuracy advantage. The value lies in the interpretation layer: Shapley
additive explanations attribute 30.1% of global importance to entrepreneurship education
provision, the highest of seven blocks, and in a leave-one-block-out ablation with every
reduced model re-tuned it is the only block whose interval lies entirely above zero, losing
0.020 on removal (interval 0.005 to 0.036), while no independent contribution is detected
for entrepreneurial spirit (27.9%) or perceived access to finance (20.9%). Course-to-practice
linkage and lecturers' experience carry the largest attributions among the perceived
provision items and are the candidates for feature-level follow-up.
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1. Introduction

Innovation and entrepreneurship education is now a core component of talent development in
Chinese universities, supported by courses, competitions and dedicated funding. Evaluation has not
kept pace: aggregate indicators such as course satisfaction, participant counts and funded projects
show how much has been done, not which part of the provision is associated with differences in the
student-level outcome, and so offer no basis for dividing resources among curriculum reform,
faculty development, policy communication and financing support.
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Predictive modelling offers another route. Educational data mining and learning analytics have
established a mature paradigm for academic early warning [1, 2], and machine learning has been
applied to entrepreneurial intention [3, 4]. Such work shows prediction is feasible but stops at
comparing accuracy: a model returns a score without explaining how it is composed, so
administrators cannot tell what to adjust. Interpretable machine learning addresses this gap [5]:
Shapley additive explanations decompose a prediction into additive feature contributions [6] and
now serve as an interface between models and decision-makers [7]. One question nonetheless
remains open, because global importance answers which variables are most strongly associated with
the outcome whereas allocation asks how much predictive power is lost when a provision is
removed; where blocks overlap in information a block can rank high and still be fully substitutable.

This study therefore compares four models under one protocol, uses Shapley additive
explanations for global attribution and effect direction, and quantifies each block's irreplaceable
contribution through leave-one-block-out ablation, separating "important" from "not substitutable",
with stability examined through leave-one-major-group-out validation, alternative thresholds and a
continuous-outcome regression.

2. Literature review

Entrepreneurial intention is widely used as a proximal outcome indicator of innovation and
entrepreneurship education, since intention is the immediate antecedent of behaviour [8]. Cross-
national evidence links course provision and quality to intention through self-efficacy and
motivation [9]; conditions outside the classroom matter too, as support policies and ecosystems
operate through resource availability and perceived legitimacy [10], and curriculum, practice
platforms and institutional guarantees must work together [11]. This literature relies mainly on
structural equation modelling, whose path coefficients capture average association strength: they
cannot be converted into the discriminative ability lost by removing one block of provision, and
yield no student-level discrimination.

Prediction-oriented modelling is well established in education, most maturely in dropout early
warning, where ensemble trees generally outperform linear baselines [1], and in learning analytics,
which links early identification to feedback intervention [2]. Work in entrepreneurship is scattered: a
kernel extreme learning machine has predicted entrepreneurial intention [3], and several algorithms
have been compared on a sample of academics [4].

Model opacity remains the obstacle. One position holds that high-stakes settings should use
inherently interpretable models rather than post-hoc explanations of black boxes [5]; another makes
post-hoc explanation reliable, the exact Shapley value algorithm for tree models delivering
attribution at acceptable cost [6], now standard in decision support systems [7]. Both lines leave the
same gap: entrepreneurship education research offers associational evidence but no student-level
discriminative tool, while educational prediction rarely treats provision as a distinct block whose
contribution is quantified against individual traits and family background.

3. Methodology

3.1. Data and variables

The data come from a CC BY 4.0 survey of university students in Shandong Province, China,
released with its parent paper [12]: 1,389 valid respondents, 628 men and 761 women, 882
undergraduate and 507 vocational students, with no missing values in any of the 74 fields.
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The outcome is the mean of four five-point entrepreneurial intention items. Because this group's
column names do not match the accompanying documentation, its identity was confirmed twice
over: the confirmatory factor analysis in the data file gives standardised loadings of 0.849, 0.817,
0.813 and 0.789 on the intention latent variable, and Cronbach's alpha recomputed from the raw data
is 0.887, consistent with the 0.87 reported in the parent paper. Sample mean intention is 3.538
(standard deviation 0.861). Under a pre-specified cut-point of "agree or above", respondents with a
mean of at least 4.0 meet the performance standard, giving 544 positives, or 39.2%. The threshold
was fixed before modelling; robustness checks use 3.5 and 4.25.

The predictors are 50 variables in seven blocks: individual and family background (12 items),
policy awareness (2), entrepreneurial spirit (9), perceived policy support (7), perceived access to
finance (8), entrepreneurship education provision (10) and entrepreneurial role models (2). The
provision items cover course-to-practice linkage, lecturers' experience, interactive teaching, practical
activities and campus climate. Nominal variables are one-hot encoded and binary variables coded so
that 1 denotes the state named in the label, yielding 62 columns. Three groups are removed
beforehand: the respondent identifier; the item on whether a student already has a venture idea, so
proximal that it would make prediction near-tautological; and two scales totalling 18 items absent
from the documentation, whose meaning cannot be verified, whereas an interpretability study
requires every ranked feature to carry a verifiable definition.

3.2. Models and evaluation protocol

The sample is split by outcome stratification into 972 training and 417 held-out cases, and all four
models are tuned by five-fold stratified cross-validation within the training set: logistic regression
over the L2 regularisation strength; the random forest [13] over tree depth, minimum leaf size and
features per split; XGBoost [14] over tree depth, learning rate and L2 penalty; and LightGBM, a
leaf-wise variant of the same gradient-boosting framework [14], over leaves, learning rate and
minimum samples per leaf. Model choice rests on the training set's cross-validated area under the
curve alone, although the resulting held-out predictions are then reused for the model contrast and
for the interpretation below; the selection margin is narrow, the random forest leading XGBoost by
0.0005. Equation (1) defines the label,

(1)

where   is the score of student   on intention item  ,   the pre-set threshold and    the
indicator function. Intervals come from 2,000 bootstrap resamples of the held-out set and are
therefore conditional on the fitted models; comparisons use a paired bootstrap whose point estimate
is the observed difference in area under the curve over identical resampling indices.

3.3. Interpretation and robustness design

Interpretation uses the exact Shapley value algorithm for tree models [6] on the 417 held-out
students, decomposing each predicted probability into feature contributions,

(2)

yi = I( 1
4 ∑

4
j=1 eij ≥ τ), τ = 4.0

eij i j τ I(⋅)

f(xi) = ϕ0 +∑p
j=1 ϕij
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where   is the base value, 0.391 here, and   the contribution of feature   for student  . Global
importance is the mean absolute value,

(3)

Direction is read from the Spearman correlation between a feature's value and its Shapley value;
the mean signed Shapley value is reported alongside it as a descriptive quantity only, since it is
centred on the base value and carries no directional guarantee. Equations (2) and (3) define the
attribution, and the irreplaceable contribution of block     is the loss after removing all its features,

(4)

where   is the full feature set, so Equation (4) reports a block-level loss. Every reduced model is
re-tuned on the training set, so the loss does not arise from reusing the full model's hyper-
parameters; intervals come from the paired bootstrap and the seven are not corrected for multiple
comparisons. Robustness is examined by leave-one-major-group-out validation, by label thresholds
of 3.5 and 4.25, and by a regression on the continuous mean.

4. Results

4.1. Predictive performance

On training-set cross-validation the random forest ranks first at 0.8331, ahead of XGBoost at
0.8325, LightGBM at 0.8263 and logistic regression at 0.8188, and is selected. On the held-out set it
attains an area under the curve of 0.838 (95% interval 0.799 to 0.876), accuracy 0.767, F1 0.692 and
a Brier score of 0.157, with 211 true negatives, 43 false positives, 54 false negatives and 109 true
positives. Its observed difference from logistic regression is 0.021, with a paired bootstrap interval
of −0.003 to 0.047 that includes zero: the ensemble gains no distinguishable advantage over the
logistic specification, whose baseline already reaches 0.818.

4.2. Attribution share and irreplaceable contribution

Table 1 places each block's attribution share beside the loss incurred when it is removed.
Entrepreneurship education provision leads with 30.1%, ahead of entrepreneurial spirit at 27.9%,
perceived access to finance at 20.9% and individual and family background at 10.2%. The ablation
supplies stronger evidence: of the seven blocks only provision has an interval entirely above zero, its
removal lowering the area under the curve from 0.838 to 0.818, an observed loss of 0.020 (interval
0.005 to 0.036). No independent contribution is detected for any other block, entrepreneurial spirit
included despite its 27.9% share, though the interval widths do not license calling them equivalent to
no contribution. Removing policy awareness or role models slightly raises the area under the curve,
and the interval for the former, −0.011 to −0.001, lies entirely below zero; across seven uncorrected
comparisons this reads as no useful signal, not as harm.

Table 1. Attributed importance and unique predictive contribution of each predictor block

Predictor block SHAP share (%) AUC without ΔAUC [95% CI] Above zero

Education provision 30.1 0.818 +0.020 [+0.005, +0.036] yes

ϕ0 ϕij j i

Φj = 1
n
∑n

i=1 |ϕij|

b

Δb = AUC(F) − AUC(F\b)

F
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Entrepreneurial spirit 27.9 0.826 +0.012 [-0.005, +0.030] no
Access to finance 20.9 0.837 +0.001 [-0.010, +0.012] no
Individual/family 10.2 0.840 -0.002 [-0.009, +0.004] no

Policy support 7.1 0.843 -0.004 [-0.011, +0.002] no
Policy awareness 2.1 0.844 -0.006 [-0.011, -0.001] no

Role models 1.8 0.843 -0.004 [-0.009, +0.000] no

Shares are of total mean absolute SHAP value; intervals are paired bootstraps, uncorrected for
seven comparisons.

4.3. Feature-level attribution and robustness

Figure 1 shows the twelve features with the largest absolute attribution. The link between courses
and real settings leads at 0.060, ahead of lecturers' entrepreneurial experience at 0.036, the perceived
surmountability of the financing threshold at 0.032 and the ability to use financing instruments at
0.031. Three provision items enter the top ten, the third being "the university is the best place for
systematic entrepreneurship training" at 0.020; all three have positive Spearman correlations of
0.894, 0.839 and 0.834, with mean signed Shapley values of 0.006, 0.004 and 0.004. Campus
climate items rank lower.

Gender ranks twelfth at 0.013, with a Spearman correlation of −0.865. The group comparison is
the more direct evidence: on the held-out set the mean predicted probability is 0.459 for men with an
observed positive rate of 0.455, against 0.376 and 0.333 for women, so the model reproduces a
group gap already present in the sample.

Under leave-one-major-group-out validation the six discipline groups return 0.843, 0.842, 0.831,
0.811, 0.787 and 0.737 (mean 0.808). The weakest point estimate is 0.737 (0.634 to 0.825), while
the smallest group carries the widest interval, 0.695 to 0.915; two lower bounds therefore fall below
0.70, the spread is 0.106, and between-group differences were not tested. Discrimination holds under
the alternative thresholds, 0.855 at 3.5 and 0.893 at 4.25, and a random-forest regressor reusing the
classifier's selected hyper-parameters gives a coefficient of determination of 0.306 and a root mean
square error of 0.724 on the continuous mean. These checks re-run predictive performance only; the
attribution ranking and ablation were not recomputed under the alternative outcomes.

Figure 1. Global SHAP attribution, twelve most influential features

Table 1. (continued)
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5. Discussion

Entrepreneurship education provision holds both the highest attribution share and the only ablation
interval entirely above zero. Entrepreneurial spirit accounts for 27.9% of attribution yet shows no
detected independent contribution, and individual and family background shows neither a
contribution nor any handle for teaching practice. Provision alone combines a high share with a
detectable predictive loss on removal, which makes it the first candidate for an intervention study.

The divergence between attribution share and ablation is itself a methodological point. Perceived
access to finance holds 20.9% of attribution and two of the top four items, so ranking by importance
alone would put financing support first, yet removing the block barely changes the prediction.
Global importance measures association strength while ablation measures the unique information a
block carries, so an evaluation intended to generate allocation hypotheses should report both. That
the ensemble's accuracy gain is not distinguishable here points the same way: progress lies in the
interpretation layer, not in more complex models.

The provision block also differentiates internally: its three top-ten items point to course-to-
practice linkage, lecturers' experience, and recognition of the university as the site of systematic
training, whereas campus climate items attract markedly lower attribution. This agrees with research
stressing that curriculum, practice platforms and institutional guarantees must work together [11],
and locates the weight within it: these perceived provision items received larger mean absolute
SHAP values than the climate items.

Three boundaries apply. First, the data are a single cross-sectional self-report survey in which
perceived provision and intention were measured at the same time by the same instrument, so
reverse causality and unobserved confounding cannot be ruled out and the results are predictive
associations, not causal effects of investment. Second, the sample comes from one province; cross-
discipline validation puts every group estimate above 0.70, but extrapolation across regions requires
new samples. Third, the outcome is intention as a proximal indicator, and whether it predicts actual
venture behaviour can only be answered with longitudinal data tracking that behaviour.

6. Conclusion

The random forest, selected solely on training-set cross-validation, attains 0.838 on the held-out set,
with an interval for its difference from logistic regression that includes zero, and every discipline-
specific estimate exceeds 0.70, though they vary and are imprecise in the smaller groups. The
methodological contribution is to place global attribution beside leave-one-block-out ablation,
separating importance as association from importance as irreplaceable information; perceived access
to finance shows why an attribution ranking alone does not establish incremental predictive value.

In practice, provision is the only block whose removal produces a detectable predictive loss, and
within it course-to-practice linkage and lecturers' entrepreneurial experience discriminate most
sharply, making them priority candidates for intervention studies with longitudinal, cross-regional
data.
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