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ABSTRACT

Establishing adaptation rules is a key step in designing ef-
fective adaptive systems and is traditionally carried out by
domain experts. This paper presents a novel approach based
on a constrained multimodal neural network (NN) to extract
actionable adaptation rules from learner data. Unlike post-
hoc explainability methods, the architecture is intrinsically
interpretable through non-negative weight constraints, en-
abling stable and globally consistent identification of adap-
tation levers. The extracted patterns are validated using
a decision tree and operationalized into concrete rules reg-
ulating feedback, NPC reactions, and emotional scaffolding
in a serious game. An empirical evaluation comparing adap-
tive and non-adaptive versions shows improved learning out-
comes (with marginal statistical significance, p = 0.058) and
significantly enhanced emotional states conducive to learn-
ing (p < 0.001).
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1. INTRODUCTION

Adaptive game-based learning systems personalize learning
by adapting to learners’ cognitive, behavioral, and affective
states [1]. Central to these systems are adaptation rules that
govern feedback and pedagogical interventions, yet they are
typically expert-defined, limiting scalability and responsive-
ness to multimodal data [14].

Prior work has explored adaptive mechanisms using knowl-
edge tracing, Bayesian models, and deep learning [11, 6],
but often focuses on task selection while overlooking affec-
tive and interactional dimensions critical for engagement in
serious games [15]. In open-ended environments, adapta-
tion must also regulate feedback, emotional engagement, and
character interactions [20].
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Neural networks (NNs) can model complex multimodal data
but remain difficult to translate into actionable pedagogi-
cal rules [8, 4]. Existing rule extraction methods rely on
post-hoc explanations or expert-driven design. In contrast,
we propose a constrained multimodal NN that embeds in-
terpretability through non-negative weights, enabling stable
and globally consistent rule extraction.

This paper makes three contributions: (1) a constrained
multimodal NN architecture with intrinsic interpretability;
(2) a rule extraction pipeline combining weight analysis and
decision tree validation; and (3) an empirical evaluation in
a serious game context.

More broadly, we show that constraining neural architec-
tures can transform them into interpretable rule generators,
bridging data-driven modeling and actionable pedagogical
decision-making.

2. LESDILEMMES: GAME CONTEXT

LesDilemmes [17, 16] is a serious game designed to assess
and develop socio-moral reasoning in youths (ages 8-18).
Players engage with dilemmas, justify decisions, and evalu-
ate NPC responses spanning five reasoning levels from the
So-Moral framework [3]: (1) Authoritarian, (2) Egocentric,
(3) Interpersonal, (4) Societal, and (5) Evaluative. Inter-
mediate levels (1.5-4.5) capture developmental transitions.
These levels are modeled as developmental constructs inde-
pendent of age, enabling joint analysis across participants.

The learner model integrates affective state, cognitive pro-
file, and socio-moral reasoning. Game dynamics combine
social feedback (e.g., “likes”) with pedagogical rules govern-
ing NPC reactions and feedback.

Expert-defined rules regulate interactions. For instance, agree-
ment with a higher-level NPC (r, > r,) triggers positive
feedback, while learners below level 4 receive encouragement
and scaffolding toward higher reasoning. These rules may
co-occur, reflecting authentic pedagogical practice.

3. CONSTRAINED MULTIMODAL NEURAL

NETWORK
3.1 Architecture
We use a multilayer perceptron (MLP) as a structured aggre-
gation mechanism for multimodal learner data. All weights
are constrained to be non-negative, ensuring intrinsic inter-
pretability [5]. All inputs are normalized to [0, 1].
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Given a neuron with inputs x1, 2 and non-negative weights
w1, w2:

y = f(wi-x1+ w2 -x2 +b) (1)

where f is ReLU. Under non-negativity, feature importance
is directly reflected by weight magnitude (wi > wa = 1 is
more influential).

The model integrates three modalities (Fig. 1): (1) emo-
tions (9 features), (2) NPC evaluations (5 binary features),
and (3) gameplay context (reasoning level of the first NPC
visited). The output layer uses Softmax to predict [1,0]
(reasoning < 3) or [0,1] (reasoning > 3). A dropout layer
prevents overfitting given the limited dataset.

1st NPC
(1 feature)

Emotions
(9 features)

NPC Evals
(5 features)

[ Demse | [ Demse | [ Dense |

Output (Softmax)

Figure 1: Constrained multimodal NN architecture for rule
extraction.

3.2 Feature Importance Computation
To mitigate stochastic variability, 20 training runs are per-
formed. Feature importance A; ; for input ¢ predicting out-

put j is computed using softmax normalization of penultimate-

layer weights:

evii
iy = Z" eWi,j (2)
i=1
@
Aij VL (3)

X ik

where k indexes training runs. Higher A; ; indicates greater
influence on the prediction of output j.

This design transforms the neural network from a predictive
black box into a structured aggregation mechanism whose
weights directly encode interpretable relationships between
learner features and outcomes. As a result, the model sup-
ports global rule extraction rather than local post-hoc ex-
planations.

4. RULE EXTRACTION AND VALIDATION
4.1 Neural Network Analysis

Table 1 reports the penultimate-layer weights and averaged
importance A; ; across 20 runs. Emotions consistently show
the highest importance (A;1 = 0.475, A; > = 0.689), out-
weighing NPC evaluations and first NPC visited.

The predictive performance of the model reached an average
classification accuracy between 65% and 70% depending on
the training run, which is consistent with the exploratory
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nature of the study and the limited dataset size. Impor-
tantly, the NN is not used as a final predictive model but
as a mechanism for identifying stable explanatory patterns
across modalities—which is why the final adaptation rules
combine NN importance rankings with decision tree thresh-
olds. This hybrid strategy compensates for the NN’s inabil-
ity to directly specify threshold values while leveraging its
capacity to model nonlinear multimodal interactions.

Table 1: CMNN penultimate layer weights from 3 runs. A, ;
averaged over 20 runs.

Run 1 Run 2 Run 3 Aij
Modality (1,0] [0,1] [1,0] [0,1] [1,0] [0,1] [1,0] [0,1]
Emotions .007 .812 .000 .751 .925 .739 .475 .689
Eval NPCs .066 .000 .323 .040 .043 .378 .367 .276
1st NPC visited .067 .607 .742 .099 .116 .071 .158 .035

Table 2 details importance per emotion. Arousal is the most
influential (A; = 0.234), followed by sadness (0.165), sur-
prise (0.155), and happiness (0.120). Table 3 shows that
NPCs at levels 2 and 5 are most predictive (A; = 0.215 and
0.273 respectively).

Table 2: Emotion branch weights and importance A4; (20

runs).
Emotion Runl Run2 Run3 A;
Neutral .080 .093 .000 .001
Happy .000 475 .000 120
Sad 672 .013 .333 .165
Angry .069 702 .000 .090
Surprised .000 .034 .583 .155
Scared 138 .000 .041 .001
Disgusted .000 .016 .001 .106
Valence .346 .006 .045 128
Arousal .039 404 .78 234

Table 3: NPC evaluation weights and importance A4; (20
runs).

NPC Level Runl Run2 Run3 A;

Eval 1 .939 .186 .000 .198

Eval 2 .078 755 .000 215

Eval 3 .052 .000 1938 .167

Eval 4 .028 .588 .000 147

Eval 5 .920 .369 .000 273

4.2 Decision Tree Validation
A decision tree (Fig. 2) trained on the same dataset vali-
dates the NN findings and provides threshold values for op-
erationalization. Key extracted rules:

Low arousal = higher probability of reasoning level > 3

Agreement with NPC level 2 + low disgust = reasoning
level > 3

No agreement with NPC level 2 + low surprise = reason-
ing level < 3

No agreement with NPC level 2 + agreement with NPC
level 3 = reasoning level > 3
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Figure 2: Simplified decision tree for socio-moral reasoning
prediction.

These findings motivate concrete game adaptations: back-
ground music is changed according to arousal and valence,
and players are required to visit all NPCs (including levels
2 and 5) rather than stopping after three.

While the decision tree is trained on the same dataset, it pro-
vides an independent, symbolic approximation of the learned
relationships, enabling the identification of explicit thresh-
olds and facilitating operational deployment. One advantage
of using the NN is that, as the data grows, the model will
still be able to highlight features that need to be observed
and modified to improve the mastery of the knowledge, com-
pared to the decision tree alone.

S. EMPIRICAL EVALUATION

5.1 Dataset and Protocol

29 youths (ages 8-18) played the non-adaptive version of
LesDilemmes across 9 dilemmas, yielding 261 observations.
Verbal justifications were transcribed via Google Speech-to-
Text and analyzed with a data mining algorithm. Emotional
data were collected via Facereader (7 basic emotions + va-
lence + arousal). An adaptive version incorporating the
extracted rules was subsequently developed and evaluated
against the baseline.

5.2 Learning Outcomes

Table 4 reports paired t-test results. Players showed signifi-
cant improvement from pre-test (mean 1.70) to in-game per-
formance (2.30, p = 0.029) and post-test (2.49, p < 0.001).
The non-significant difference between in-game and post-test
(p = 0.445) indicates that gains persist after gameplay.

Table 4: Paired-samples t-test results for learning in Les-
Dilemmes.

Mean diff. SD t N P

—0.789 0.706 —4.33 14 <.001
-0.233 1.188 —0.78 15 .445
—0.491 1.056 —2.32 24 .029

Comparison

Pre — Post
Game — Post
Pre — Game

Comparing adaptive (A) vs. non-adaptive (NA) versions (Ta-
ble 5), the pre-post gain was 0.789 for A vs. 0.333 for NA
(p = 0.058). Note that A participants had a lower pre-test
baseline (1.70 vs. 2.18), which is partly explained by the NA
group being older on average.

5.3 Emotional Impact of Adaptation

Fig. 3 compares emotional profiles between conditions. The

adaptive version yields significantly higher valence (p < 0.001),

confirming that adaptation rules oriented toward positive af-
fect were effective despite the reading-heavy nature of the

Table 5: Adaptive (A) vs. non-adaptive (NA) comparison.

Measure Version N  Mean SD
Pro—sPost sain A 15 0.789 0.706
& NA 20 0.333  0.749

Pro_test A 15 1.700 0.575
e-tes NA 29 2178 0.675
A 16 2.536 0.684

Post-test NA 29 2511 0.648
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Figure 3: Emotional comparison between adaptive (A) and
non-adaptive (NA) versions (p < 0.001). The adaptive ver-
sion produces significantly higher valence, lower anger and
disgust, and higher surprise.

game. The emotions neutral and anger are typically more
prevalent during reading activities and tend to manifest with
greater intensity when measured via Facereader [18]. In Les-
Dilemmes, the predominant activity is reading—especially
true in the adaptive version with additional learning and
encouragement messages—and the main character has no
direct control over the environment, only making decisions
and evaluating others through button clicks. Therefore, neg-
ative emotions being more frequent than positive ones is
entirely expected. Anger and disgust were significantly re-
duced in the adaptive condition, while neutrality and sur-
prise increased. Surprise is particularly relevant: research
shows surprising stimuli are remembered faster and recalled
more accurately [7], and it promotes deeper cognitive en-
gagement [2].

6. ADAPTATION RULES

A central contribution of this work is the translation of NN-
derived patterns and decision tree thresholds into concrete,
actionable rules deployed in LesDilemmes. Table 6 summa-
rizes the five main rules implemented in the adaptive version,
along with their source (NN or DT), the targeted learner
state, and the game action triggered.

These rules complement expert-defined rules by targeting
emotional regulation as a primary lever—an aspect absent
from the original design. The NN-derived rules are glob-
ally stable (extracted from 20 runs), making them robust to
stochastic training variability and suitable for deployment
without per-learner retraining.

7. DISCUSSION

A key insight of this work is that architectural constraints
can play a central role in making neural models usable in
educational settings. Rather than relying on post-hoc in-
terpretability, constraining the hypothesis space enables the



Table 6: Operationalized adaptation rules in LesDilemmes.

Condition Source Game Action Goal
Valence < 0 NN Switch to cheerful Mood lift
(arousal) music
Valence > 0 NN (va- Play soft back- Maintain
lence) ground music state
Agrees with Expert rule NPC shows Reinforce
NPC ryp > 1p happy face +
thumbs-up
rp < 4 Expert rule Display en- Scaffold
couraging +
scaffolding mes-
sage
Player skips NN  (Eval Force exploration Ensure ex-
NPCs 2 or 5 2/5) of remaining posure

NPCs

extraction of stable and pedagogically meaningful rules that
can be directly operationalized.

7.1 Interpretability by Design

A key methodological contribution of this work is the dis-
tinction between intrinsic and post-hoc interpretability. Tech-
niques such as LIME [12] and SHAP [10] explain individ-
ual predictions after training, providing local approxima-
tions that may vary across instances. In contrast, non-
negative weight constraints make the trained model itself
interpretable at a global level: because all weights w; > 0
and inputs z; € [0,1], the relative magnitude of weights
directly encodes feature importance without auxiliary ap-
proximation.

This property is especially valuable in educational contexts,
where adaptation rules must be stable, auditable, and ped-
agogically justifiable. A rule derived from a globally consis-
tent model carries more credibility for instructional design-
ers than a saliency map computed locally for a single learner
episode.

7.2 Role of Emotions in Socio-Moral Learn-
ing

The prominence of affective features—particularly arousal,

surprise, and happiness—in predicting reasoning level has

important theoretical implications. It aligns with the cognitive-

affective learning model [19], which posits that emotional
states modulate attention, working memory, and long-term
retention. High arousal without positive valence can hin-
der deliberate reasoning, while moderate arousal paired with
positive affect creates an optimal state for engagement and
higher-order thinking. Positive emotions also increase learner
engagement, facilitate learning, and contribute to better
long-term retention [13].

The observed increase in surprise in the adaptive condi-
tion is consistent with theories of productive confusion [7,
2]: unexpected feedback or NPC responses prompt learners
to re-evaluate their assumptions, fostering deeper moral re-
flection. Designing NPCs to occasionally challenge learners
with unexpected high-level reasoning—rather than always
providing confirmatory feedback—may therefore be a prin-
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cipled lever for supporting reasoning progression.

7.3 Comparison with Related Approaches
Unlike deep knowledge tracing [11], which models latent
skill states through LSTM networks but provides little in-
terpretability, our constrained MLP explicitly surfaces which
input dimensions drive predictions. Compared to Bayesian
student models [6], which require strong prior assumptions,
our approach learns directly from multimodal data without
structural priors, while still producing transparent outputs.
The hybrid NN-decision tree pipeline combines the repre-
sentational power of neural learning with the symbolic clar-
ity of tree-based rules—a complementary strategy supported
by recent work on rule extraction from neural networks [8].
Unlike narrative personalization [20] and goal recognition [9]
approaches that require manually authored rules, our rules
emerge directly from data via the constrained architecture,
making the approach scalable to new game contexts.

7.4 Limitations and Future Directions

Several limitations constrain the generalizability of the cur-
rent results. First, the sample size (N = 29, yielding 261
observations) is small. Results should therefore be inter-
preted cautiously given the limited sample size and group
differences, and viewed as preliminary evidence of the effec-
tiveness of the extracted adaptation rules. Furthermore, the
marginal significance of the adaptive gain (p = 0.058) war-
rants cautious interpretation. A pre-registered, adequately
powered study is needed to confirm the learning benefit of
adaptation. Second, the reasoning level labels depend on
automatic speech transcription (Google Speech-to-Text) fol-
lowed by algorithmic coding, introducing noise that could af-
fect both model training and outcome measurement. Third,
the age heterogeneity of participants (8-18 years) introduces
developmental variance that may interact with adaptation
mechanisms in ways not yet captured by the model.

Future work will address these limitations through: (1) larger
and more homogeneous samples stratified by age group; (2) im-
proved multimodal fusion incorporating gaze and physiolog-
ical signals alongside facial expressions; (3) online model up-
dating to enable within-session personalization rather than
rule extraction from a fixed prior dataset; and (4) exten-
sion of the framework to other serious game contexts beyond
socio-moral reasoning, such as scientific argumentation and
collaborative problem-solving.

7.5 Broader Implications for Adaptive ITS

A key insight is that architectural constraints shift the neu-
ral model from a predictive black box to a knowledge elic-
itation mechanism, yielding stable, operationalizable rules
without post-hoc interpretability. Three implications fol-
low for adaptive ITS. First, interpretability and predictive
power need not be traded off: 65-70% accuracy is main-
tained alongside globally consistent importance rankings.
Second, the modular pipeline—NN for which features mat-
ter, decision tree for when and at what thresholds—allows
independent updates as data or targets change. Third, glob-
ally extracted rules (20 averaged runs) are robust to stochas-
tic variability, enabling real-time deployment without per-
session retraining. The approach generalizes to any multi-
modal dataset with a learner outcome variable: architecture



choices adapt to available sensors while the non-negativity
constraint preserves interpretability by construction.

8. CONCLUSION

This paper introduced a data-driven pipeline for extract-
ing actionable adaptation rules from a constrained multi-
modal neural network in a game-based learning context.
By enforcing non-negative weight constraints, the architec-
ture transforms the NN into a globally interpretable ag-
gregation mechanism whose weights directly encode feature
importance across emotional, interactional, and gameplay
modalities—without relying on post-hoc approximations.

Applied to LesDilemmes, the approach identifies arousal,
surprise, and happiness as dominant predictors of higher
socio-moral reasoning, and interactions with NPCs at lev-
els 2 and 5 as the most informative social levers. These
findings, validated by a decision tree analysis, were opera-
tionalized into five concrete adaptation rules governing back-
ground music, NPC feedback, and player navigation.

Empirical evaluation demonstrates that the resulting adap-

tive version shows larger pre—post learning gains with marginal

statistical significance (p = 0.058; adaptive gain 0.789 vs.
0.333 for non-adaptive), substantially improves emotional
climate (p < 0.001), and generates higher levels of surprise—
an emotion associated with deeper cognitive engagement
and better retention.

Beyond the specific game context, this work demonstrates
that constraining neural architectures can transform them
into interpretable rule extraction mechanisms, bridging the
gap between data-driven learning and pedagogical design.
This positions constrained multimodal neural networks as a
practical and principled foundation for adaptive intelligent
tutoring systems.
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