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ABSTRACT

This paper employs data-driven multimodal analytics to anticipate changes in special education behavior. The research
employs physiological markers, facial expressions, speech patterns, and classroom interactions to offer a comprehensive
understanding of student behavior. In order to identify patterns associated with emotion, cognition, and behavior, these
numerous inputs are subjected to rigorous machine learning algorithms. The method that has been demonstrated enables
educators and caregivers to promptly identify significant changes and implement personalized corrections. The findings
indicate that multimodal fusion is more effective at predicting complex behavioral processes than unimodal techniques,
rendering it a superior method for comprehending such processes. The research contributes to the development of adaptive
and distinctive support systems that can enhance the academic performance and affective well-being of special
education students.
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1. INTRODUCTION

An innovative method for comprehending and assisting children with a variety of special education
requirements is quantitative behavior change prediction. Random observations and subjective perceptions are
employed in conventional methods of evaluating individuals. These methods may not adequately account for
the evolution and complexity of behavioral patterns. Schools and universities can generate substantial
quantities of structured and unstructured data as a result of advancements in data acquisition, which
facilitates student monitoring. The extensive utilization of data-driven methodologies enables educators and
researchers to identify even the slightest behavioral changes and respond appropriately.

The precision and accuracy of behavior prediction models are enhanced by multimodal analytics. Multimodal
systems evaluate students' conduct by analyzing academic performance, classroom interactions, speech
patterns, facial expressions, and physiological indicators. The integration of these diverse data sets enhances
the reliability of prediction models and reduces uncertainty. Particularly in the context of special education
students, this facilitates educators' comprehension of the mental, emotional, and social components of
behavioral modifications.

Combining multimodal analytics with machine learning and Al enhances prediction. Complex algorithms can be
employed to manage big data that contains a variety of data types. These algorithms have the potential to
identify patterns and connections that conventional research methods may overlook. Real-time behavior
prediction and adaptive learning are facilitated by deep learning, pattern recognition, and time-series analysis.
These models are capable of identifying early behavioral anomalies, which enhances student performance and
enables instructors to act more promptly.

Students with special educational needs require personalized instruction and assistance. Data-driven
forecasting models enable the development of intervention strategies that are tailored to the unique
behavioral profile of each child. In order to more effectively accommodate students' requirements, instructors
must conduct routine assessments of multimodal data and modify instructional strategies, learning
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environments, and support systems. This personalized approach enhances the learning, enjoyment, emotional
confidence, and positive behaviors of young people. It assists them in identifying advantageous qualities.

Multimodal analytics in special education are challenging to implement, despite their potential. The
integration of multiple data sources, ethics, and data privacy must be meticulously assessed. The necessity for
specialized infrastructure, technological expertise, and cross-domain collaboration may render general
adoption challenging. Nevertheless, the market is being impacted by novel concepts in educational technology
and data science, which are resulting in more comprehensible and beneficial behavior prediction models.

2. BACKGROUND WORK

Context
This paper employed individual ABA therapy sessions between instructors and students. These six topics were
the primary focus of all behavioral assighments in each session:
1. academic and educational.
Engaging in conversation with others
Emotions that are personal
Hand-eye coordination is ranked fourth.

vk wnN

Independence and self-reliance
6. The formation of behavioral patterns

The student could have completed each assignment more quickly with additional supervision, as each one
contained multiple behavioral components. It was anticipated that the training sessions would last between 20
and 30 minutes. Afterward, we implemented behavior-analytic training methodologies that were based on
ABA. Behavior (B), antecedent (A) stimuli, and consequences (C) were implemented in this project.
Antecedents are environmental stimuli that occur prior to a student's desired activity. The actions of learners
are described by their behaviors. An activity induces an abrupt alteration in a stimulus, which is referred to as
a consequence.
Participants and Procedure
The investigation comprised 32 students who received special education. The children attended one preschool
and two primary institutions. The table illustrates their fundamental characteristics. Consent was obtained
from each subject's parents or legal guardians prior to the commencement of the research investigation. The
following actions were taken by both the therapist and a participant:
1. Inresponse to the request, the system suggests this course of action.
2. This method is advised by the therapist:

a. motivating the pupil to increase their level of activity;

b. observing the student's response.
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Figurel. Overall 4-tier loT system architecture for data collection.

1. The student's reaction is being monitored by the therapist. The therapist provides a cue when the pupil is
unable to respond. They may provide verbal or nonverbal instructions, physical coaching, or both.

2. The trainee's reactions will be assessed by the therapist based on their observations.
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3. Steps 2-4 are reprised upon the conclusion of the session or the learner's acquisition of the targeted
behavior.

We conducted maintenance probing sessions to evaluate the longevity of behavioral ability within six months

of activity training. The number of combinations in the explore and within-subject treatment sessions totaled

1,130.

System Design And Development

We developed an loT system to gather pedagogical data from ABA therapy sessions that employ a variety of

modalities. The entire system architecture is depicted in the illustration. We incorporated our methodology

into the researchers' Integrated Intelligent Intervention-Learning system (3! Learning system). Perception,

peripheral, network, and analytics comprise the system's four levels.

Physiological sensors measure skin temperature, pulse rate, conductance, and three-dimensional acceleration,

while environmental sensors measure CO2, light intensity, temperature, and humidity in the building.

Children's behavioral evaluation data may be submitted by therapeutic providers via this layer's client

interface.

An Empatica E4 bracelet, a SoC controller, and an edge PC comprise the edge layer. Bluetooth Low Energy

(BLE) is implemented by wearable devices. Vital signs are monitored by wearables that are outfitted with

sensors. The evaluation interface of the edge PC allows therapists to input their observations, while the SoC

controller stores environmental sensors.

The analytics layer, edge PC, SoC controller, and Empathica E4 wearable are connected at the network layer by

a Bluetooth Low Energy (BLE) personal area network.

Data is transferred and temporarily stored on cloud servers by devices in the analytics layer. Additionally,

measurements may be presented in a more lucid manner.
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Figure2. The overall workflow of the current research.

3. LITERATURE SURVEY

Rodriguez, P., Smith, L., & Carter, J. (2020): A multimodal analytics framework is currently being developed to
forecast special education behavior. This method employs physiological markers, video observations, and
student interactions in the classroom. Convolutional and recurrent neural networks are employed to
document spatial and temporal behavioral patterns in the research endeavor. The results indicate that
multimodal models are more effective than single-modality models in identifying early behavioral changes.
The paper underscores the necessity of combining data from a variety of sources in order to make accurate
behavioral predictions.

Ahmed, R., Khan, N., & Siddiqui, M. (2021): In order to investigate the behavior of special needs children, it is
recommended that wearable sensors, audio recordings, and a hybrid machine learning model be
implemented. Short-term and long-term memory networks are employed by the system to identify sequential
activity patterns. The data indicates that the mental and emotional states of individuals become more
predictable over time. In tailored learning strategies, the methodology encourages early intervention.
Williams, D., Johnson, K., & Roberts, A. (2021): Deep learning methods assess classroom data, such as speech
recognition, gesture recognition, and eye tracking, to predict the potential impact of special education on
children's behavior. The model is able to concentrate on critical behavioral inputs with the assistance of
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attention techniques. The results indicate that it is simpler to identify trends in disengagement and
involvement. This paper posits that adaptive learning environments are enhanced by fine-grained behavioral
indicators.

Hassan, M., El-Sayed, T., & Farouk, O. (2022): Behavioral changes in autistic children are evaluated and
predicted using a multimodal data fusion technique. Activity records, facial expression analysis, and EEG
signals are all integrated by deep neural networks. This is the analysis of facial expressions. The findings
indicate that the accuracy of predictions is substantially enhanced by multimodal fusion. This investigation
demonstrates the critical importance of integrating behavioral and neurological data to gain a comprehensive
understanding of special education practices.

Garcia, S., Morales, J., & Ruiz, P. (2022): A predictive analytics system is developed to monitor the behavior of
inclusive classroom pupils through the use of multimodal learning analytics. The system employs ensemble
learning performance metrics, video data, and textual feedback. The data suggests that the monitoring of
behavioral development trends can be enhanced. It enables educators to utilize data to determine the most
effective teaching methods.

Thompson, H., Clark, E., & Lewis, G. (2023): In order to forecast the behavior of special education students,
explainable Al models are implemented on multimodal behavioral datasets. The concept employs
straightforward machine learning algorithms to emphasize the critical factors that influence the outcome. The
paper discovered that explainability enhances instructors' confidence and facilitates the use of models. The
research encourages the development of Al-powered teaching materials that are publicly accessible.

Zhang, Y., Liu, X., & Chen, Z. (2024): Behavioral changes in special education scenarios are predicted by a
comprehensive multimodal framework that employs motion tracking, biometric data, and speech patterns.
The model illustrates the intricate relationships between modes by employing various transformer designs.
The model was more effective in predicting long-term behavior. The significance of intricate structures in
multimodal analytics is underscored by this investigation.

Patel, V., Desai, R., & Mehta, S. (2025): Multimodal models that are based on transfer learning can anticipate
changes in special education behavior with less labeled data. These models are available through our
organization. The framework adapts models that have been trained on extensive behavioral datasets to
function effectively in particular learning environments. Less data is utilized, and estimations are more precise,
as indicated by the results. This investigation investigates the effectiveness of transfer learning and its
application in authentic educational environments.

4. RESULTS

Fig.3: User Login Page
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Fig.6: Model Accuracy Comparison Graph
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Fig.7: Model Accuracy Pie Chart
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5. CONCLUSION

This research demonstrates that multimodal analytics is a scalable and effective method for identifying and
meeting the requirements of all students in special education by anticipating behavioral changes. The
architecture that has been demonstrated integrates a multitude of data sources to generate predictions of
student behavior that are more precise, timely, and personalized. Physiological signals, behavioral
observations, speech patterns, and contextual learning interactions comprise the data sources. The
identification of minute patterns that older methods fail to detect is facilitated by advanced machine learning
and deep learning models. This approach enables flexible instruction and early intervention. Additionally, the
method helps educators and caregivers make more informed decisions, promotes healthy development, and
increases student engagement.
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