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Abstract

Article History Heterogeneity in the characteristics of children with Autism Spectrum
Disorder (ASD) requires precise personalization of self-help skill
programs. However, conventional Collaborative Filtering tends to suffer

Received : 29 June 2026 from popularity bias and struggles to capture clinical profile similarities
Revised : 27 August 2026 between individuals, while patient-similarity approaches alone underuse
Accepted : 3 September 2026 collective success patterns, requiring a hybrid architecture. This study
Published : 16 September 2026 develops and evaluates a hybrid system integrating a Patient Similarity
Model (PSM) based on cosine similarity and Collaborative Filtering
based on Alternating Least Squares (ALS). The experiment used
functional profile data from 50 students at a Special Education School
(SLB), covering four core clinical aspects: motor, sensory, attention, and
communication, along with the success history of 8 independence targets
and 7 teaching strategies from teachers. An inverse frequency penalty
Keywords: Autism Spectrum mechanism was applied to address data popularity bias. Leave-One-Out

Disorder, Recommendation Cross-Validation showed the hybrid model performed superiorly,
System, Alternating Least achieving Hit Rate@3 of 0.8400, NDCG@3 of 0.8079, and MRR@3 of
Squares, Patient Similarity 0.7967, retaining PSM-Only's coverage advantage while empirically

Model, Self-Help Curriculum. outperforming CF-Only (Hit Rate@3: 0.6200). The system also features
a conditional rule engine based on pedagogical keyword mapping for
accountable strategy recommendations. Key innovations include
converting observational text into structured data, eliminating popularity
bias, and producing explainable intervention outputs to support
Individualized Learning Program (ILP) development.
“Corresponding author : frengkis2809@gmail.com

1. INTRODUCTION

Autism Spectrum Disorder (ASD) is a complex neurobiological condition characterized by
impairments in social interaction, atypical communication, and restricted, repetitive behaviors. The
prevalence of ASD continues to increase globally, as confirmed by reports from the Centers for Disease
Control and Prevention (CDC) in the United States as well as a global-scale three-level meta-analysis
spanning the 1994-2019 period [1]. In Indonesia, one estimate presented at a national webinar puts the
number of individuals with ASD at more than 2.4 million [2], which directly amplifies the burden on
special education services in special education schools (SLB).

The core component of the ASD curriculum in SLB is the self-help program, which includes
toilet training, independent eating, dressing, and functional communication, all of which have been
proven to be strong predictors of the quality of life and social integration of individuals with ASD in
adulthood [3]. However, a scoping review revealed low achievement in the acquisition of daily living
skills (DLS) among adolescents and young adults with ASD, a condition further exacerbated by a lack
of studies measuring long-term skill generalization and maintenance [4]. Due to the heterogeneity of
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ASD clinical profiles wherein no two children are identical across motor, sensory, attention, and
communication dimensions [5], one-size-fits-all protocols are ineffective, thereby necessitating granular
mapping to recommend adaptive Individualized Education Programs (IEP) [6].

A preliminary study conducted through observations and interviews with SLB teachers in
Central Java indicates that most educators encounter difficulties in prioritizing self-help programs
without systematic, data-driven guidance. The high cognitive load resulting from managing multiple
ASD students simultaneously causes the planning of Individualized Education Programs (IEP) to
frequently rely on subjective intuition rather than empirical analysis [7]. A similar gap is identified
within broader inclusive policy levels, where individualized transition planning for students with ASD
still faces significant implementation disparities [8].

In the realm of general education, Educational Recommender Systems (ERS) have proven
effective in recommending adaptive learning strategies [9], utilizing co-association patterns between
independence targets to support intervention sequentiality [6]. However, the adaptation of such
intelligent systems for the ASD population in SLB remains highly limited; a recent systematic review
identified a lack of specific design guidelines for e-learning recommendation systems tailored to
individuals with ASD [10]. Hybrid approaches that combine Collaborative Filtering (CF) with patient
clinical information have been shown to yield higher recommendation performance compared to single
methods, both in electronic health record-based systems [11] and ASD intervention recommendations
[12]. Furthermore, patient similarity-based approaches using heterogeneous clinical data have proven to
outperform conventional Euclidean distance methods in nearest neighbor identification [13].

Based on this evidence, this study designs a hybrid recommendation system that combines a
cosine similarity-based Patient Similarity Model (PSM) with the Alternating Least Squares (ALS)
algorithm, a combination previously shown to be effective in ASD intervention recommendation tasks
[12]. The system is further equipped with a pedagogical rule engine powered by Explainable Al (XAI)
to generate accountable clinical rationales, addressing the black-box limitations commonly associated
with machine learning-based recommenders. The proposed approach was evaluated on real-world
clinical data from students with ASD in special education schools (SLB) using a rigorous cross-
validation scheme. Collectively, this design is expected to minimize the cognitive load of educators and
optimize the efficiency of Individualized Education Program (IEP) development within special
education environments.

2. METHOD
2.1.Research Design and Workflow

This study employs a design science research approach, which focuses on the design,
implementation, and evaluation of a machine learning-based recommendation system artifact [16].
The developed artifact is a hybrid system that integrates a cosine similarity-based Patient Similarity
Model (PSM) with Collaborative Filtering based on the Alternating Least Squares (ALS) algorithm
to generate personalized independence targets and learning strategy recommendations for students
with Autism Spectrum Disorder (ASD) in special education schools (SLB) [12]. This hybrid
approach was selected to overcome the limitations of interaction data sparsity, which frequently
poses a major obstacle in modeling intervention systems for specific clinical populations [17]. Data
enrichment strategies through the integration of additional collaborative filtering techniques have
also been empirically proven to reduce the sparsity level of the user-item interaction matrix while
simultaneously improving the accuracy of matrix factorization-based collaborative filtering models
[18].
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Figure 1. Research workflow of the hybrid system

Figure 1 illustrates the research workflow: starting from data collection and preprocessing,
feature engineering and label standardization, parallel computation of PSM and ALS, hybrid score
fusion (Hybrid Scoring), up to performance evaluation using the LOOCYV scheme.

2.2.Data Sources and Participants

Primary data were gathered from the functional profiles of 54 students with ASD through in-
depth observations and structured interviews with Special Education Teachers (GPK) across several
special education schools (SLB) in the Central Java region. Four students were excluded because
they generated zero-vectors after synchronization with the TARGET WHITELIST, resulting in a
final valid sample size of 50 students. The final dataset encompasses four main components of
information parameters, as summarized in Table 1.

Table 1. Dataset Information Parameter Components

Component Description
Demographic Quantitative data in the form of chronological age for each student as
attributes a baseline characteristic.
Clinical functional Quantitative evaluation across four core developmental aspects motor,
scores sensory, attention, and communication using an ordinal scale (1-4)

based on direct assessments by Special Education Teachers (GPK).
Independence target ~ Qualitative data records consisting of narratives regarding the types of
history self-help programs (toilet training, independent eating, dressing, etc.)
actively integrated into interventions for the students.

Instructional strategy ~ Teachers' narrative notes regarding variations in implemented learning
documentation strategies along with their corresponding achievement success rates.

2.3.Data Preprocessing

The data preprocessing stage is a crucial step to guarantee data quality prior to feeding it into
the hybrid model architecture. This process is designed to handle the heterogeneity of raw data,
which includes a combination of qualitative free text and clinical notes from the 54 initial
observations. The preprocessing stage is divided into the following four linear phases:

2.3.1 Extraction of Ordinal Clinical Scores and Age Proximity Inspection

Clinical scores in the form of text value ranges are mapped onto a standard ordinal scale
(Table 2) using a regular expression-based mapping function, applied simultaneously across
four core features: motor, sensory, attention, and communication. One student aged <5 years
was detected as a chronological outlier but was retained, given the already limited sample size
(n=50), to preserve data availability; this may lower PSM recommendation quality for this
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student due to fewer comparable neighbors, though it does not affect the aggregate LOOCV
metrics.

Table 2. Standard Ordinal Scale

Score Level Description
10 4.0 Excellent
7-9 3.0 Fair/Good
4-6 2.0 Poor
1-3 1.0 Very Poor

2.3.2 Contextual Tokenization and Word-Boundary Protected Noise Audit

Free text in the target raw and strategi_raw columns is tokenized using whitelist tokens
protected by word boundaries (regex \b) to prevent partial match overlaps on short vocabulary
words (<5 characters). The system maps the text into 8 independent target labels and 7 learning
strategy labels, while simultaneously eliminating noise outside the whitelist.

2.3.3 Zero-Vector Filtration

The total active targets per student are calculated using equation (1). Four students with
total _active targets = 0 were eliminated because they shared no matches with the standard self-
help programs, leaving 50 valid operational students.

total_active_targets = Z Tiaper 1)
labeleWhitelist

2.3.4 Clinical Feature Normalization and CSR Sparse Matrix Construction

All clinical features are normalized to a range of [0,1] using the Min-Max Scaling formula
in equation (2). They are then converted into the Compressed Sparse Row (CSR) format and
multiplied by the confidence parameter (o), generating a Target Matrix (50x8) and a Strategy
Matrix (50x7).

o= X Xmin 2
Xmax — *min

2.4. Patient Similarity Model (PSM)

The PSM computes student-to-student similarity based on cosine similarity applied to the
normalized clinical feature vectors using equation (3). The system identifies the top K = 3 nearest
neighbors that exceed the threshold PSM_THRESHOLD = 0,5, and subsequently calculates the
PSM score for each item as a similarity-weighted average of the neighbors.

sim(u,v) = (u - v) /(|lull % [[v|]) )

The single-model cosine similarity-based PSM approach was selected due to its computational
efficiency and high interpretability for limited SLB dataset scales, despite its limitations regarding
complex clinical data heterogeneity and dimensionality [19]. The effectiveness of patient similarity
in objectively mapping ASD clinical profiles to generate personalized intervention targets has been
confirmed [12], operating under the principle that students with similar clinical characteristics tend
to share similar developmental trajectories [19]. The advantage of this approach in enhancing
predictive accuracy compared to raw feature distance-based models has also been validated within
heterogeneous electronic health record domains [13].

2.5. Collaborative Filtering based on Alternating Least Squares (ALS)

The CF module implements latent factor matrix decomposition using the ALS algorithm (via
the implicit library). Two separate models were trained, one for independence targets and another
for learning strategies utilizing CSR matrices with a binary confidence value multiplied by
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ALS_ALPHA = 20, adapting the implicit feedback scheme [20]. The absence of explicit ratings
from teachers was addressed by setting the confidence scaling parameter to o =20 [21]. The model
hyperparameters are summarized in Table 3.

Table 3. ALS Model Hyperparameters

Parameter Value Description

ALS FACTORS 4 Dimension of latent factors

ALS REGULARIZATION 0.10 L2 regularization to prevent overfitting
ALS ITERATIONS 30 Number of training iterations

ALS ALPHA 20 Confidence factor for implicit interaction
TOP K SIMILAR 3 Number of nearest PSM neighbors

TOP N REKOMENDASI 3 Number of system output recommendations
PSM_THRESHOLD 0.5 Minimum similarity threshold for PSM

ALS _FACTORS = 4 was selected to be smaller than the total number of item labels to prevent
overfitting on the limited dataset; low-dimensional linear models have proven to be more robust in
terms of generalization compared to complex non-linear architectures [17]. L2 regularization (0,10)
and 30 iterations complete the overfitting control scheme while allowing the model to capture co-
association patterns between independent targets.

2.6.Inverse Frequency Penalty Mechanism

To mitigate popularity bias within the interaction data, this study implements an inverse
frequency penalty mechanism inspired by the concept of Term Frequency-Inverse Document
Frequency (TF-IDF). The recommendation score for each item is penalized proportionally to its
frequency of occurrence in the dataset; items that are too frequently recommended to many students
receive a penalty, thereby lowering their effective scores. This mechanism drives the system to
prioritize recommendations that are highly specific and individually relevant, rather than merely
replicating statistically dominant intervention patterns.

2.7.Hybrid Fusion Mechanism (PSM + ALS)

The final recommendation score of the hybrid system is calculated through an additive fusion
mechanism that proportionally combines the PSM and ALS scores. For each item label i for a target
student ¢, the fusion score is formulated as:

Score_hybrid(q,i) = a X Score_PSM(q,i) + (1 — a) X Score_ALS(q,1) )

Prior to fusion, both scores are normalized to [0, 1] using per-student min-max normalization
for comparable scaling. The fusion weight a was set to 0.5, equally weighting PSM (clinical
similarity) and ALS (collaborative precision), and was applied consistently across all experiments,
including LOOCYV evaluation and the Student Index 0 case study. A systematic sensitivity analysis
across other a values was not performed and is left for future work (see Limitations). Final
recommendations are the Top-3 highest-scoring items not yet mastered by the target student
(novelty filtering).

2.8. Pedagogical Rule Engine for Strategy Recommendations

The system incorporates a conditional rule-based pedagogical rule engine constructed from in-
depth interviews with special education practitioners; for example, students with low
communication scores are prioritized for PECS (Picture Exchange Communication System)
strategies or speech therapy. This mechanism generates Explainable Al (XAl)-based clinical
rationales that address the black-box nature of machine learning algorithms [22], similar to
ontology-based approaches in pediatric clinical decision support systems, which have been proven
to enhance practitioner trust [23].

2.9.Model Evaluation: Leave-One-Out Cross-Validation (LOOCYV)

Model performance was evaluated using Leave-One-Out Cross-Validation (LOOCV), well-
suited for small-scale datasets. This choice reflects two considerations: LOOCV maximizes data
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use by training on n—1 samples per iteration, yielding a low-bias estimator important for small
clinical datasets where conventional splits (e.g., 80:20) leave too few test samples for stable
estimates [24]; and it aligns with common practice in machine learning research on small, rare
clinical populations such as ASD, which typically involves limited sample sizes (tens of subjects)
[25]. Accordingly, although n=50 is small by general machine learning standards, it falls within an
acceptable range for exploratory studies on such specific clinical populations. In each iteration, one
student's data was withheld as the test set while the remaining 49 were used for training. Evaluation
was conducted independently across three model configurations: (1) PSM-Only, (2) CF-Only
(ALS), and (3) Hybrid Fusion. Three top-K metrics were calculated at K = 3:

2.9.1 Hit Rate@3 (HR@3): The proportion of test students for whom at least one relevant item
appears within the system's Top-3 recommendations.

2.9.2 Normalized Discounted Cumulative Gain@3 (NDCG@3): Measures the ranking quality
of the recommendations by assigning higher weights to relevant items that appear at top
positions; this metric serves as a formal standard for testing the ranking efficiency of
autism intervention target recommendations [12].

2.9.3 Mean Reciprocal Rank@3 (MRR@3): Measures the average position of the first relevant
item within the recommendation list.

All experiments were executed with a fixed random seed = 42 in Google Colaboratory
(Python 3) using the implicit, scikit-learn, scipy, and pandas/numpy libraries.

3. RESULTS AND DISCUSSION
3.1. Dataset Characteristics, Preprocessing Findings, and Association Analysis

The data collection process in this study successfully gathered 54 initial observations from
several special education schools (SLB) and special education institutions in the Central Java
region, including PKBM Alam Baturaden, SLBN Purbalingga, SLBN Cilacap, SLBN Mandiraja,
and PKBM Al-Izzah. The zero-vector filtration mechanism excluded 4 students whose teachers'
intervention narratives shared no matches with the TARGET WHITELIST. This exclusion indicates
non-standard intervention practices that have not yet been mapped within the SLB self-help
taxonomy, thereby yielding 50 valid students as the final operational dataset.

Label distribution analysis revealed that Independent Eating was the most widely mastered
independence target among students (82%), followed by Independent Dressing (56%) and Toilet
Training (52%). Conversely, Social Skills (4%) and Returning Items (12%) were the least achieved,
indicating a higher level of difficulty within social-executive dimensions, as shown in Figure 2.

Independent Eating 41
Independent Dressing
Toilet Training

Basic Communica tion

Academic Self-Care

Returning Items

Handwashing / Dishwashing

Social Skills

0

5 10 15 20 25 30 35 a0
Number of Successful Students

Figure 2. Achievement Frequency of ASD Student Independence Targets (n=50)
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Regarding the analysis of learning strategies, the extraction results demonstrate an extreme
dominance in the utilization of Verbal Instruction by teachers across almost the entire student
sample. This method was followed by Direct Physical Prompting and Picture Card Schedules. This
massive dominance of popularity bias in the Verbal Instruction strategy provides the primary
empirical justification for implementing the inverse frequency penalty mechanism within the
system. This phenomenon aligns with the findings of [26], which state that without specific
intervention, recommendation algorithms inherently amplify popular items excessively (the rich-
get-richer effect). Without such an inverse frequency-based penalty, the recommendation system
would mathematically always suggest Verbal Instruction for every student profile without
variation. This degradation of diversity ultimately reduces the practical utility for teachers in the
field due to the loss of intervention personalization flexibility, as visualized in Figure 3.

Verbal Instruction
Direct Physical Prompting

Picture Card Schedule

ABA

Speech Therapy

o

10

o
S

30 40
Number of Uses

Figure 3. Frequency Distribution of Teacher Learning Strategy Implementation (n=50)

In addition to the single frequency distribution shown in Figure 2, the proximity of relationships
between targets was explored through co-association matrix modeling, utilizing a dot product
operation on the binary independence target matrix (Y7Y). The resulting association heatmap
visualization captures strong structural dependencies in the field, as presented in Figure 4.

A highly dense pairwise correlation was discovered among the targets Independent Eating,
Independent Dressing, and Toilet Training. This high co-occurrence pattern empirically
demonstrates that the cluster of students who have mastered basic self-care skills for eating exhibits
a high probability of simultaneously or progressively mastering dressing and toileting
independence as well. This implicit interconnectedness serves as foundational information for the
Collaborative Filtering (ALS) component to extract latent factors for predicting the sequential order
of subsequent learning targets.

Independent Eating 0
20
u w2 s s o
11 5

Basic Communication 7

27 11 4 8 6 0

Handwashing / Dishwashing 2 4 2 1 0 2 1 0

Independence Target A

Academic Self-Care 7 8 6 4 2 0 1 1
Returning ltems 5 6 5 1 1 1 0 0 -5

Sacial Skills o 0 0 0 0 1 ] 0

Independence Target B

Figure 4. Heatmap of the Co-Association Matrix Between ASD Student Independence Targets
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The age range of the students in this dataset spans from 5 to 18 years with highly heterogeneous
clinical profiles, validating the use of the Patient Similarity Model (PSM), which is sensitive to
individual deviations [1]. This approach aligns with a comprehensive review [14], which asserts
that patient similarity yields more personalized predictions compared to conventional models based
on population averages.

3.2.Model Performance: Comparison of Three Configurations

Model evaluation was conducted using a Leave-One-Out Cross-Validation (LOOCV) scheme
to test the reliability of system predictions under clinical data constraints. The comparative
performance results of the three architectural configurations were measured based on Hit Rate(@3,
Normalized Discounted Cumulative Gain@3 (NDCG@3), and Mean Reciprocal Rank@3
(MRR@3) metrics, as summarized in Table 4 and graphically visualized in Figure 5.

Table 4. LOOCV Evaluation Results of the Three Model Configurations (K=3)

Model Configuration Hit Rate@3 NDCG@3 MRR@3
PSM-Only 0.8400 0.7883 0.7700
CF-Only (ALS) 0.6200 0.5279 0.4967
Hybrid (Fusion) 0.8400 0.8079 0.7967
Mode'l)SAh;'_:gi:ecture

Lo mmm CF-Only (ALS)
= Hybrid (Fusion)

07883 0.8079 0.7967

0.8400 0.8400
0.7700
0.6200
0.5279
I I ]

Hit Ratio @ 3 NDCG @ 3 MRR @ 3
Evaluation Metrics (Accuracy & Ranking Quality)

Figure 5. Comparative Performance of LOOCV Experiments Among PSM-Only, CF-Only (ALS), and
Hybrid (Fusion) Models Across Various Accuracy Metrics (K=3)

Based on Table 4 and Figure 5, the Hybrid (Fusion) model achieves the highest performance
with an HR@3 of 0.8400 (42 out of 50 students), an NDCG@3 of 0.8079, and an MRR@3 of
0.7967. This indicates that the relevant items are not merely included within the Top-3, but are
effectively prioritized at the top positions. This attained NDCG@3 aligns with the efficacy range
of 79%—81% developed by Kohli et al. [12].

Conversely, CF-Only (ALS) records the lowest performance (HR@3 = 0.6200). This is not due
to mathematical deficiencies within the ALS algorithm itself, but rather a direct consequence of
cold-start issues and data sparsity within the 50 users X 8 items matrix, which is too sparse to
independently estimate latent factors. This phenomenon is consistent with the theoretical analysis
by Rendle [17] and empirical findings within the autism clinical domain [12]. Consequently, this
substantiates the architectural decision to integrate an explicit clinical component.

While both PSM-Only and the Hybrid model achieve an identical HR@3 of 0.8400, proving
that the PSM serves as a robust recall anchor, the Hybrid model demonstrates superior ranking
quality. The NDCG@3 increases from 0.7883 to 0.8079, and the MRR@3 improves from 0.7700
to 0.7967. This enhancement is contributed by the ALS component, which optimizes ranking
precision by extracting collaborative latent factors. This fusion operates symbiotically: PSM

o
™

o
S

Continuous Score [0 - 1]

14
=

o
N

0.0
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guarantees the accurate discovery of relevant items, while ALS positions them at the very top of
the list.

Nevertheless, LOOCV log analysis detects prediction failures (Hit@3 = 0) for students with
extreme clinical profiles, specifically those exhibiting either exceptionally high capabilities or
severe deficits across all dimensions. These profiles fail to locate any neighbors that exceed the
PSM_THRESHOLD = 0,5. This limitation could potentially be addressed through a multi-model-
based Patient Similarity Network (PSN) that fuses static and dynamic data, which has been
demonstrated by Navaz et al. [19] to significantly improve classification accuracy.

3.3.Inference Simulation and Individual-Level Case Study Analysis

An individual-level inference walkthrough was performed on Student Index O to validate the
accountability of the system within the DSR paradigm. The normalized clinical feature profile of
the subject is presented in Table 5.

Table 5. Normalized Clinical Feature Profile of Student Index O

Feature Name Normalized Reality Interpretation / Description
usia_norm 0.6667 Representation of biological age ~ 12 years old (data range: 5—
18 years old)
motorik 0.6667 Moderate-to-high motor capacity (requires occasional
supervision)
atensi 0.6667 Fairly good environmental responsiveness (rarely distracted by
sensory stimuli)
komunikasi 0.3333 Independent focus sustained for 5—10 minutes

Through spatial distance matrix computation using Cosine Similarity on these clinical features,
the system extracts K = 3 ther students who share the most identical profile proximity within the
database after excluding the target subject. The algorithm returns three nearest neighbor indices:
Student 20, Student 40, and Student 26. The successful intervention tracks of these three peer
students subsequently serve as the foundation for the prediction process. When the hybrid integrator
function is executed with equal weighting between clinical and collaborative factors ( o= 0,5), the
system detects the presence of active historical data and automatically routes the calculation into
the normal Hybrid Fusion pathway. The calculation generates the Top-3 sequential
recommendations for the next independence targets for Student Index 0, as detailed in Table 6.

Table 6. Top-3 Next Target Inference Output Results (Student Index 0)
Rank Independence Target Fused Prediction Score Masking Mechanism Status

1 Toilet Training 0.6025 Passed (Never Achieved)
2 Independent Dressing 0.5004 Passed (Never Achieved)
3 Returning Items 0.2955 Passed (Never Achieved)

The recommendation output in Table 6 demonstrates high clinical validity and strict adherence
to system logic. In terms of functional relevance, prioritizing Toilet Training and Independent
Dressing is pedagogically highly appropriate, considering that the subject's deepest deficit lies
within the communication dimension (0.3333). Both self-help programs demand intensive
synchronization of adaptive instructions, consistent with the historical success records of the
nearest neighbor cluster (Students 20, 40, and 26). In terms of logical compliance, the hard masking
mechanism assigns a score of 0.0 to all targets already mastered by Student Index 0, ensuring that
no previously achieved item reappears in the output list. This confirms that every recommendation
generated by the system is a novel learning target not yet introduced in prior interventions, and is
thus immediately ready for integration into the adaptive IEP (Individualized Education Program)
curriculum by teachers in the field.
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4. DISCUSSION

The experimental results fulfill the research objectives by demonstrating the superior
performance of the Hybrid (Fusion) model that combines PSM and ALS, achieving an HR@3 of 0.8400,
an NDCG@3 of 0.8079, and an MRR@3 of 0.7967. This performance outperforms the CF-Only
baseline (HR@3: 0.6200) and enhances the ranking quality of the PSM-Only approach. This pattern
aligns with medical recommender system literature, where hybrid architectures consistently record the
highest precision compared to single algorithms [27]. It is also consistent with clinical physician
recommender systems, where combining ALS with user-similarity-based collaborative filtering yields
significantly higher accuracy and recall than conventional collaborative filtering methods [28].

Mechanistically, the PSM acts as a robust recall anchor that guarantees the inclusion of relevant
items within the Top-3 based on functional-clinical profile similarities (motor, sensory, attention, and
communication). Meanwhile, the ALS component optimizes the ranking order (reranking) by extracting
latent co-association patterns between targets from the teachers' empirical history. The poor performance
of the CF-Only configuration confirms the inherent limitations of pure collaborative filtering under cold-
start conditions and small-scale clinical data sparsity. This is consistent with findings reported in medical
service recommender systems, where sparse patient-doctor matrices lead to less reliable predictions,
necessitating ALS matrix decomposition to overcome these constraints [28]. The validity of this
mechanism is further substantiated by the case study of Student Index 0, where the hard masking
mechanism successfully filters out already-mastered targets with high precision, thereby generating
novel recommendations tailored to the student's specific communication deficit profile.

This study also addresses the challenge of system accountability through three integrated
technical contributions. First, it converts qualitative teacher observation text into binary representations
using a standardized whitelist tokens module. Second, it implements an inverse frequency penalty that
eliminates popularity bias, ensuring that rare yet crucial independence targets can still be recommended.
Third, it integrates an Explainable Al (XAl)-based pedagogical rule engine. This aligns with findings
indicating that explainability techniques, such as LIME and SHAP, not only enhance transparency but
can also drive improvements in recommendation precision under certain conditions, directly challenging
the assumption of an absolute trade-off between accuracy and interpretability [27]. Clinical decision
support system literature emphasizes that the feasibility of a system as a decision supporter rather than
a decision dictator is heavily determined by its ability to explain the underlying rationale of its
recommendations to end-users, in this case, SLB teachers and practitioners [29]. Collectively, these
three mechanisms ensure that the system's outputs are not a black box, but instead possess a clinical and
pedagogical reasoning foundation that supports more objective and personalized IEP formulation.

Despite the strong model evaluation performance, certain limitations remain that present
strategic opportunities for future development. A fundamental constraint lies in the dataset scale, which
currently encompasses only 50 students. This aligns with a common challenge in autism data science,
where the majority of machine learning studies on ASD populations still rely on dozens of subjects per
group, thereby limiting the generalizability of the findings [25]. This constraint causes prediction
failures to concentrate on students with extreme clinical profiles who lack comparative neighbors.
Another limitation lies in the fusion weight o, which was fixed (a=0.5) without a systematic exploration
of performance sensitivity across other a values; future work is encouraged to perform a grid search or
cross-validation-based o optimization to identify a more optimal weighting combination. Additionally,
the system does not yet feature a longitudinal progress tracking mechanism to dynamically update the
recommendation matrix, a major opportunity that remains largely unexplored in data-driven ASD
intervention literature [25]. Consequently, expanding the dataset through a national SLB consortium is
a primary future agenda, alongside migrating the system to a user-friendly web/mobile platform and
integrating continuous progress tracking features so that intervention recommendations can evolve
adaptively alongside the child's real-world developmental progress over time.
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5. CONCLUSION

This study successfully designed and validated a hybrid recommendation system that integrates
a cosine similarity-based Patient Similarity Model (PSM) with ALS-based Collaborative Filtering to
personalize self-help programs for students with Autism Spectrum Disorder (ASD). Using functional
data from 50 SLB students in Central Java, LOOCV evaluation showed the Hybrid (Fusion) model
outperformed single-method baselines, achieving a Hit Rate@3 of 0.8400, an NDCG@3 of 0.8079, and
an MRR@3 of 0.7967, compared to an HR@3 of 0.6200 for the CF-Only baseline. The primary
contributions of this research lie in its approach to converting qualitative teacher observations into
structured input, mitigating popularity bias, and incorporating an XAlI-based pedagogical rule engine to
support clinically accountable recommendations. The study remains limited by its localized dataset scale
and the absence of longitudinal tracking; future work should therefore prioritize expanding data
collection through a nationwide SLB consortium, developing a web- or mobile-based platform, and
integrating dynamic progress tracking to support adaptive, real-time intervention planning.
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