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Abstract. A remote STEM learning system based on augmented reality (AR) 
is introduced, which is scalable and has a structured multi-modal dataset and 
machine learning evaluation pipeline. The system gathers AR interaction logs, 
learner engagement, and device metadata along with learning assessment to sim-
ulate student behavior and forecast learning outcomes. They are run through a 
standardized procedure of data construction such as anonymization, normaliza-
tion of engagement, labeling at the concept level, and quality control. Performance 
measurement in the evaluation pipeline is in the form of the following metrics: 
confusion matrix, ROC curve, precision-recall, accuracy and loss convergence. 
The experimental outcomes provide the prediction accuracy of 97.4 and ROC-
AUC of 0.986, which means high discriminating power and high generalization 
without overfitting. The results indicate that the patterns of AR interaction are 
robust predictors of conceptual mastery in remote STEM learning which offers a 
reproducible paradigm of scalable AR-based learning models as well as AI-driven 
custom education in the future. 

Keywords: Augmented reality · Remote STEM education · Learning analytics · 
Engagement modeling · Machine learning · Educational data mining 

1 Introduction 

The accelerated growth of distance and distance learning has facilitated a higher demand 
on effective instructional technologies that can be helpful in the enhancement of con-
ceptual learning in STEM learning. The conventional online-based methods of teaching

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
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used in video lectures and slide-based materials are not effective to demonstrate spa-
tially intricate and abstract STEM material, which leads to decreased engagement and 
achievement in learning [1]. Augmented Reality (AR) is a solution to this shortcoming 
by superimposing digital data on the real world so that learners can experience scientific 
and engineering concepts in 3D [2]. 

According to the existing literature, it has been proven that AR based learning sur-
roundings may greatly enhance motivation of the learners, their spatial cognition and 
conceptual knowledge as opposed to traditional approaches to teaching [3]. Applica-
tions of AR in STEM education include physics experiments, geometric visualization, 
circuit analysis and engineering design, where three-dimensional interaction has been 
found to help students understand the concept better [4]. Nonetheless, the widespread 
implementation of AR in distant classrooms is not yet feasible because of various issues 
like the inability to scale system architecture, standard sets of data to record interactions 
of learners, and effective empirical learning analytics systems [5, 6]. 

The paper is divided into five sections. Section II presents the recent Augmented 
Reality-based and data-driven learning analytics methods in STEM learning areas with 
their strengths, limitations, and scalability issues in remote learning settings. Section 
III presents the proposed scalable AR-STEM model of learning, the system architec-
ture, data set development approach, and the machine learning pipeline that can predict 
knowledge acquired by the learners. Section IV includes experimental findings and per-
formance analysis using the accuracy, confusion matrix, ROC, precision-recall, conver-
gence, and loss analysis as well as the comparison to the conventional learning analytics 
methods. Lastly, Section V gives a brief overview of the main findings of the proposed 
AR-powered remote STEM learning model and future research directions. 

Recent researches indicate the increasing importance of Augmented Reality (AR) in 
STEM education since it allows visualizing abstract concepts in a more significant way 
and enhances the engagement and motivation of the learner. The study by Rodriguez-
Saavedra et al. (2025) indicated that conceptual understanding is improved with the 
use of AR-based interaction with virtual STEM objects, yet scalability and the lack 
of infrastructure are still its challenges [7]. On the same note, Singh (2025) pointed 
to the possibility of integrating AR and learning analytics, as the AR interaction logs 
provide rich behavioral data, and to date, scarce empirical research has been conducted 
to predictive learning outcome models relating to these interactions [8, 10–19]. 

Research gaps can also be identified using systematic reviews and meta-analyses. 
Lampropoulos et al. (2025) pointed to the fact that predictive modeling with the help of 
AR interaction data is under-researched and has to be served with reproducible analytical 
pipelines and scalable learning analytics models]. A meta-analysis study by Jiang et al. 
(2024) demonstrated moderate to high learning achievement and motivation using AR-
based STEM education, but usability and learner fatigue were also mentioned as the 
limitation In a similar way, Makransky et al. (2024) discovered that spatial reasoning 
and conceptual transfer with the help of immersive technologies dramatically improve in 
cases of structured instructional scaffolding. Sakr et al. (2024) also implied the notion that 
further AR-based learning systems will need to incorporate interaction-level analytics 
to provide predictive and adaptive learning environments.
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2 Proposed Work 

The framework works with four stages (intimately linked) AR interaction capture, 
engagement modeling, learning representation and outcome prediction. 

Fig. 1. Workflow of the proposed AR-based learning outcome prediction framework for remote 
STEM education 

The overall workflow of the intended Augmented Reality (AR)-based framework to 
forecast learning outcomes during remote STEM education is demonstrated in Fig. 1.  It  
starts with the AR interaction capture of the learner, in which the learners can control 
virtual STEM objects by rotating, scaling, and annotating them. Based on these inter-
actions, engagement and behavioral characteristics (frequency of interaction, duration 
of interaction, and normalized engagement scores) are drawn. The assessment data, that 
of pre-test and post-test, are incorporated to determine learning gains and conceptual 
mastery. Every interaction, behavioral, assessment, and device specific feature is inte-
grated into one common feature vector on which the machine learning prediction model 
is fed. With the forecasted learning outcomes, performance metrics are then used to test 
the validity of the suggested data-driven learning analytics framework: accuracy, ROC 
curve, and precision-recall analysis.

A. AR Interaction Modeling 

Where a remote AR learning session is referred to as. 

si = S, i = 1, 2, . . . .,N (1) 

In every session, an order of events of interaction is produced: 

εi = {ei1, ei2, eiT } (2) 

Each event is defined as: 

eit = (ait, tit, oit) (3) 

where 

Aggregated interaction features are computed as: 

Ri = 
T 

t=1 

II (ait = rotation),
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Si = 
T 

t=1 

II (ait = scaling), Ai = 
T 

t=1 

II (ait = annotation), (4) 

B. Engagement and Behavioral Feature Extraction 

Session duration is defined as: 

Di = tiT − ti1 (5) 

Interaction density captures behavioral intensity: 

ρi = 
Ri + Ai 

Di
(6) 

The computation of a normalized engagement score is done to facilitate the 
comparison with devices: 

Ei = α · ρi 

max(ρ) 
+ β · D i

max(D)
(7) 

C. Learning Assessment Representation 

All learners do a post-test and pre-test: 

Ppre 
i , Ppost 

i (8) 

Learning gain is computed as: 

Pi = Ppost 
i − Ppr e

i (9) 

The label of learning outcome is characterized as a dichotomous classification task: 

yi = 1, if Ppost 
i ≥ τ 

0 , otherwise

where τ = 85 represents the mastery threshold.
The suggested framework has a prediction accuracy of 97.4 on the learning outcome, 

which proves that features of AR interaction and engagement serve as good predictors 
of conceptual mastery in remote STEM education. 

3 Results and Discussion 

The Results and Discussion part will provide a detailed assessment of the proposed 
AR-based remote STEM learning model with the help of quantitative learning analytics. 
There are various measures used in the analysis of performance, such as accuracy, con-
fusion matrix, ROC, precision recalls curves, and convergence behavior. Results are also 
discussed to point out the effectiveness, strength and ability to generalize the proposed 
model in predicating the learning outcomes.
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Fig. 2. Distribution of normalized engagement scores and their relationship with post-test 
performance 

This Fig. 2, shows the distribution of normalized engagement scores and correlation 
with post-test performance in the AR based STEM learning environment. The histogram 
shows the number of times the learners are engaged in various sessions and most students 
portray moderate engagement during the AR interactions. The scatter plot represents 
the correlation between the score of engagement and post-test results, which shows the 
effects of the fluctuations in engagement on learning outcomes. 

Fig. 4. ROC and precision–recall curve analysis for learning outcome prediction model 

This Fig. 4, shows the performance analysis of the suggested learning outcome 
prediction model on ROC and Precision-Recall curves. The ROC curve shows the asso-
ciation between the true positive rate and the false positive rate and has a high AUC 
value of 0.986, which implies a high discriminative ability. The Precision Recall curve 
also measures the performance of the model in establishing positive learning outcomes 
with high accuracy at different levels of recall.
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4 Conclusion 

This paper introduces a scalable remote STEM learning system in the form of an Aug-
mented Reality (AR) system, which utilizes both interaction-level learning analytics and 
machine learning to determine the outcomes of learners. The framework is a system-
atic system of interaction with AR, the measurement of engagement, device data, and 
assessment results, which are stored in a single data format to facilitate reproducible and 
data-driven analysis. The experimental assessment based on such metrics as accuracy, 
confusion matrix, ROC curve, precisionrecall, convergence, and loss analysis reveal 
good performance with 97.4% prediction accuracy, which proves that AR interaction 
and engagement measures are good predictors of conceptual mastery in remote STEM 
learning settings. 
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