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Abstract: In the current era of rapidly developing digital education,  
single-modal data is insufficient to accurately characterise student learning 
behaviour. Cross-platform data contains rich information but faces challenges 
such as data silos and modal heterogeneity. To address this, this paper first 
collects multi-modal learning behaviour data from students, employs deep 
learning models to extract text and visual features, and uses attention to fuse 
multi-modal data. The multimodal fused data is then carefully segmented and 
distributed to different platform stakeholders. These stakeholders interact and 
aggregate information through a federated learning framework to obtain more 
accurate representations of learning behaviour features. Based on this, a 
Softmax classifier is used to precisely classify cross-platform student learning 
behaviour profiles. Experimental results show that the proposed method 
achieves an MAE of only 0.0631, significantly improving the classification 
accuracy of learning behaviour profiles. 

Keywords: cross-platform learning; behavioural profiling; multimodal data 
fusion; federated learning; deep learning. 
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1 Introduction 

With the deep advancement of digital transformation in education, online learning has 
become an important part of the education system, and learners’ cross-scenario learning 
behaviours across different platforms are becoming increasingly common (Lee and 
Roger, 2023). From video-on-demand courses on MOOC platforms to practice feedback 
from intelligent question banks, learners’ learning trajectories are distributed among 
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diverse carriers, forming fragmented and heterogeneous behaviour data (Shou et al., 
2023). These data cover various modalities such as text and images, including explicit 
records of learning behaviours while also implicitly containing deep information about 
the learners’ cognitive states and learning needs (Zhang, 2022). However, current  
single-platform learning analytics often fail to comprehensively capture learners’  
cross-platform learning patterns, leading to an information silo phenomenon in 
constructed behaviour profiles (Snyman and Van den Berg, 2018). Cross-platform learner 
behaviour profiling based on multimodal data fusion aims to integrate heterogeneous data 
dispersed across different learning platforms using artificial intelligence technologies. 
This process transforms multi-source information into a unified feature representation 
and ultimately generates comprehensive learner behaviour profiles that reflect the 
learners’ knowledge mastery levels and learning states (Priyambada et al., 2021). This 
research has significant theoretical and practical implications for promoting educational 
equity and improving quality. 

Student learning behaviour profiling research is an important branch of educational 
big data and has attracted widespread attention in recent years. Researchers collect and 
analyse large amounts of student data and use deep learning and traditional machine 
learning algorithms to build models with the aim of improving the learning experience 
and providing personalised educational support. Ramírez-Correa et al. (2021) used smart 
card data and academic performance data to create accurate profiles of students. They 
used the K-means algorithm (Hu et al., 2023) for clustering and analysed the relationship 
between academic performance and consumption behaviour. They validated the 
clustering results using the Apriori algorithm (Jha and Ragha, 2013), generated student 
tags, and constructed student group profiles using word clouds. Orsoni et al. (2023) used 
machine learning to construct learning behaviour profiles, based on an improved  
K-means algorithm using the canopy and maximum minimum distance principles, for 
student data clustering analysis, and used word clouds to construct student profiles. Song 
et al. (2024) implemented a college student profiling system, based on research into 
student profiling theory and technology, optimising the fuzzy C-means algorithm and 
simulated annealing algorithm to achieve high clustering accuracy. Liang et al. (2021) 
studied big data platforms, Hadoop, and Hive applications to analyse massive amounts of 
data to extract student tags, construct student learning behaviour profiles, and optimise 
tag classification and rules. Tang and Bao (2024) analysed student learning behaviour 
data generated on the network and used clustering methods to classify users, thereby 
characterising group user profiles. Students’ learning behaviours are dynamic and change 
over time. As time passes and learning progresses, students’ learning styles, interests, and 
preferences may change. However, traditional machine learning models are typically 
static. Once trained, they are difficult to adapt to dynamic changes in student learning 
behaviours, which affects the accuracy and practicality of student profiles. 

As the deep learning technique growing, more ideas have been provided for 
constructing learning behaviour profiles. Deep learning models are highly adaptable and 
can be applied to different learning scenarios, such as online learning, classroom 
teaching, and experimental teaching (Kanchon et al., 2024). Whether in traditional school 
education environments or emerging online education platforms, deep learning models 
can be adjusted and optimised according to specific learning scenarios and data 
characteristics to construct student learning behaviour profiles that meet actual needs. 
Fırat (2022) designed and implemented a hybrid neural network model to mine college 
students’ learning behaviour data, establish student profiles, assist students’ academic 
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development, and improve the quality of university teaching. Rogiers et al. (2019) 
constructed multiple classifiers based on the BERT model (Talaat, 2023) and set different 
classification weights for different classifiers to classify different forms of text data from 
students, which was used to construct student learning behaviour profiles and improve 
the accuracy of the profiles. Kayed et al. (2024) used the latent Dirichlet allocation 
(LDA) topic model (Yu and Xiang, 2023) and word vector model to mine the meaning of 
words in students’ historical search data, extract learning behaviour features, and 
construct learning behaviour profiles through word vector representation using long 
short-term memory network (LSTM) for classification. Students generate a wide variety 
of data during the learning process, including multimodal learning behaviour data such as 
text and images. Learning behaviour profiling methods based on a single modality do not 
fully consider multimodal learning behaviour data, resulting in insufficient feature 
extraction. Multimodal feature fusion methods provide a solution to the above limitations 
(Ji et al., 2025). Aydoğdu (2021) used TextCNN and LSTM to extract data such as 
students’ answers and classroom images, respectively, and obtained student profile 
classification results through a fully connected network. 

However, the above study only considered learning behaviour data from a single 
platform. In reality, data quality varies greatly between different types of data on a single 
platform, and the total amount of data is relatively small, making it impossible to fully 
reflect the overall data distribution of the entire online learning platform. Wang and Song 
(2024) designed a multi-scale convolutional neural network (CNN) to extract features 
from multimodal learning data and distributed the multimodal fusion data to  
cross-platform participants through the FL algorithm, reducing data distribution 
differences between participants and thereby improving the performance of the global 
model. Shen (2025) constructed a multimodal fusion learning behaviour profile based on 
multi-platform data. By improving the K-means clustering algorithm, multimodal data 
was fused at three levels: data, features, and decisions. The FL algorithm was then used 
to aggregate each layer of the local models of the participating parties with fine-grained 
attention weights, thereby making the global model closer to the local models in the 
parameter space. 

Based on a comprehensive analysis of existing research on cross-platform learning 
behaviour profile construction, it is evident that students’ learning behaviour data exhibit 
characteristics of multimodal and cross-platform distribution; however, data silo 
phenomena across platforms and modality heterogeneity issues lead to shortcomings such 
as partiality and fragmentation in learning behaviour profiles. To address this, this paper 
proposes a method for constructing cross-platform adult learning behaviour profiles 
based on multimodal data fusion. First, students’ multimodal learning behaviour data are 
collected from multiple online learning platforms; the transformer model is used to 
extract textual semantic features while jointly employing the faster RCNN model to 
extract visual features, achieving feature fusion of multimodal learning behaviour data 
through attention. Then, the multimodal fusion data were carefully divided and assigned 
to different platform participants, each holding their respective datasets. By collaborating 
jointly with multiple participants in this way, the learning behaviour features embedded 
in the training dataset can be deeply mined. Each party performs initial feature extraction 
and analysis using its own local dataset, followed by information exchange and 
aggregation through an FL framework, thereby obtaining a more comprehensive and 
accurate representation of learning behaviour characteristics. Based on this, the Softmax 
classification method is applied to accurately classify students across platforms. 
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According to the classification results, targeted group-level learning behaviour profiles 
are constructed to provide strong support for personalised teaching. Experimental results 
show that the mean absolute error (MAE) of the proposed method is only 0.0631, 
significantly improving the classification accuracy of learning behaviour profiles. The 
experimental results demonstrate that the accuracy and F1 scores of the learning 
behaviour profiles constructed by the proposed method reach 93.72% and 95.39%, 
respectively, outperforming comparison methods, which fully verifies the efficiency of 
the proposed approach. 

2 Relevant theory 

2.1 Federated learning algorithm 

FL is a special type of distributed learning (Huang et al., 2024), which includes a central 
server and N participants C1, C2, …, CN. FL mainly coordinates multiple participants with 
different data distributions in relatively complex network environments, aiming to jointly 
train a more powerful machine learning or deep learning model while protecting data 
privacy as much as possible and avoiding large-scale data exchange and sharing (Li et al., 
2020). In practical applications, FL can not only reduce the storage and computational 
requirements for training devices caused by large-scale training data in centralised 
learning but also improve the performance of models trained based on local data, thus 
ensuring user privacy security for sensitive data. 

FL distributes the tasks required for machine learning among multiple clients through 
collaborative work between a central server and these clients. After each client completes 
partial model training locally, it uploads the results to the central server; finally, a global 
model is aggregated at the central server and then returned to the participating clients 
(Zeng et al., 2023). The objective function of FL algorithms is as follows. 

1

( ) ( )
m

k
k

k

nf ω F ω
n=

=  (1) 

In this equation, m represents the number of participants, n denotes the total amount of 
data across all participants, nk indicates the amount of data held by the kth participant, and 
the local objective function for the kth participant is denoted as Fk(ω). 

1( ) ( )
k

k
k i P

iF ω f ω
n

= 


 (2) 

In this context, Pk represents a training sample in the kth dataset; the number of samples is 
indicated by nk = |Pk|, while fi(ω) denotes the local loss function. 

2.2 Convolutional neural network 

CNN is one of the most popular artificial neural network models and has wide 
applications in computer vision, such as object detection, pose estimation (Luo et al., 
2018). Traditional fully connected neural networks require a large number of neurons to 
extract image features and only accept one-dimensional inputs, which are very unfriendly 
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for visual tasks. CNN uses convolutional kernels with few neurons to extract image 
features through smooth movement, reducing the number of model parameters. With the 
continuous development of computing power and gradually increasing demand for 
accuracy, deep neural networks have gradually become mainstream. CNN performs 
matrix calculations using multiple convolutional kernels across multiple channels, 
achieving nonlinear operations with appropriate activation functions, and finally extracts 
image depth features through several convolutions (Vonder Haar et al., 2023). 

The core components of CNN are the convolutional layer and pooling layer, where 
each network layer contains multiple two-dimensional planes composed of neurons (Liu 
et al., 2016). The convolution operation is shown in equation (3), where * represents the 
convolution operation, wi denotes the weight value of the ith convolution kernel, bi 
indicates the bias term for the ith convolution kernel, f(x) represents the activation 
function, and Li–1 refers to the feature map from the (i – 1)th layer. 

( )1 +i i i iL f L w b−= ∗  (3) 

After the convolution operation, to reduce the dimensionality of the obtained feature map 
for improving computational speed and reducing overfitting, convolutional layers and 
pooling layers are usually connected together as a feature extraction unit. CNN adjusts 
weights wi and bias terms bi through feedback during the training process, thus 
minimising the loss function. A common loss function in CNN is the cross-entropy 
function, as shown in equation (4), where n represents the number of samples, x denotes 
the input value, a is the predicted label, and y refers to the actual value. 

1 [ ln + (1 ) ln(1 )]
x

Loss y a y a
n

= − − −  (4) 

CNN has significant advantages in processing images; it can intuitively extract features 
and simplifies the spatial complexity of network training, greatly enhancing feature 
representation effectiveness (Zhao et al., 2024). 

3 Representation of learning behaviour under multimodal data fusion 

3.1 Multimodal data acquisition and pre-processing 

As mentioned earlier, students’ learning behaviour data are multimodal; considering only 
unimodal text data cannot accurately depict cross-platform adult learning behaviour 
profiles. This paper starts from multidimensional spatiotemporal information sources and 
utilises multimodal data to mutually assist and supervise the semantic information of 
different modalities, obtaining features of high and low levels of multidimensional 
engagement. At the same time, the fused feature vector is used as an implicit vector for 
learners in order to improve the accuracy of subsequent learning behaviour profile 
construction. Based on the MOOC platform (Perifanou and Economides, 2022) and 
Coursera platform (Ngo et al., 2023), this paper intelligently collects multimodal data and 
constructs learner’s behavioural features from four dimensions: participation behaviour, 
social network, cognition, and emotion. 

The Scrapy + Selenium data crawling scheme is adopted to obtain static and dynamic 
page data from the MOOC platform and Coursera platform, parsing the target elements. 
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Among them, text resources mainly include collaborative learning texts, instructional 
design texts, online platform logs, questionnaires, self-assessment, and peer assessment 
texts; video resources include instructional practice videos and collaborative learning 
videos. After crawling the data, data cleaning is conducted to improve the quality of the 
data. First, duplicate data, noise data, and dirty data are removed; then, missing data are 
supplemented and filled in; finally, resource attributes are merged according to the 
resource ID. 

As instructional design texts have relatively professional semantic expression while 
video audio information has more colloquial semantic expression, visual data can be used 
for supplementary alignment of multimodal data and characterisation of video content. 
For this purpose, pre-processing of video data mainly includes three aspects. 

1 According to the instructional design text, the video is divided into semantically 
relatively complete segments. 

2 Extract key frames from video segments that best represent the characteristics of 
each segment. 

3 Process the segmented video clips to form a caption text. After data crawling, 
cleaning and pre-processing, semantically structured data will be stored as the basis 
for learning behaviour feature extraction. 

Figure 1 The multi-modal learning behaviour data feature extraction process (see online version 
for colours) 

 Multimodal data collection

Collaborative learning text data

Instructional design text data

Online platform log data

Survey questionnaire data

Self-assessment and peer-assessment data

Teaching practice video data

Collaborative learning video data

Feature extraction and fusion computation

Feature fusion
Attention

Raw text

Raw image

Transformer

Feature extraction

FasterRCNN

Text preprocessing

Image preprocessing

[CLS]#Hang the weight, open 
the Dislab software[CLS]

 

3.2 Multi-modal learning behaviour data feature extraction based on deep 
learning 

The learning behaviour representation model under multimodal data fusion is mainly 
composed of a text feature extractor based on transformer (Chen et al., 2002), an image 
feature extractor based on faster R-CNN (Ren et al., 2015), and a multimodal fusion 
component. Specifically, this paper uses word-level pre-trained transformer to extract 
textual semantic features and generates hidden layer feature vectors. It adopts faster  
R-CNN to detect targets in videos related to information-based teaching behaviours; 
learning behaviour feature vectors are then obtained through the multimodal fusion 
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component. The multi-modal learning behaviour data feature extraction process is shown 
in Figure 1. 

1 Transformer text feature extractor. Since learning text data consists of short texts, 
this paper uses transformer for feature extraction. For example, given a sequence  
X = {ω1, ω2, …, ωi} in an instructional design text, where ωi represents the words in 
the input sequence and i ∈ [1, n], the specific modelling method is as follows. 

i e ie W ω=  (5) 

( )+i i ih Attention e p=  (6) 

After the model input ωi is processed by an embedding layer We, it is converted into 
low-dimensional dense feature vectors modeld

ie R∈  with a vector dimension of dmodel. 
Positional encoding consistent with the original transformer paper is adopted, adding 
the initial word embeddings ei and positional embeddings pi. The text information hi 
is then explored through multi-head attention (Chen et al., 2020). To fully extract 
multi-dimensional learning engagement features from textual data, this study’s 
training objective for learning text encoding aims to minimise network loss 
functions. Input text information hi goes through average pooling before predicting 
the categories of learning engagement labels. 15% of the input text information is 
randomly masked and replaced with a mask token, enhancing semantic 
representation ability by predicting missing elements. 

1
{1,2, , }

pooling i
i n

Loss Softmax mean h
∈

 
 






=


 




 (7) 

( )( )2 iMask LineLoss ar h=  (8) 

1 2+Loss Loss Loss=  (9) 

2 Faster RCNN image feature extractor. Instructional videos are composed of images 
of arbitrary size P × Q. After keyframe images are resized to a fixed size M × N and 
input into the feature extraction network, candidate region feature maps are obtained 
through POI pooling. Fully connected layers map them to a fixed dimension as 
shown below, where Fv represents fully connected layers, vj denotes convolutional 
features of faster R-CNN, and lj refers to the features after fixed-dimension mapping. 

( )j v jl F v=  (10) 

3.3 Multimodal feature fusion based on attention mechanism 

Textual features hi are fused with image features lj, exploring associations between 
multimodal elements. The relevance Si,j between corresponding words in the learning text 
and corresponding regions in images is calculated, where T

ih  represents the transpose of 
hi. 

,
T

i j jiS h l=  (11) 
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Since there is an inherent relationship between the text and keyframe images in learning 
activities, aligning textual semantic information with visual information of  
keyframe images, as shown in equation (12) and equation (13), where ih′  represents 
visual information representation for words, and jl′  represents semantic information 
representation for keyframe images. 

( )
1

1

expk
ij

i jk
j imm

s
h l

S=
=

′ =


 (12) 

( )
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1
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js
l

S
h

=

=

′ =


  (13) 

To ensure the validity of multiplying values of different dimensions, individual 
components with the same operations in textual modality and video modality use 
Softmax to normalise attention scores, thereby obtaining fused features F. 

4 Cross-platform learning behaviour profiling based on multimodal data 
fusion and federated learning 

4.1 Overall framework for building cross-platform learning behaviour profiles 

Multimodal data are often distributed across multiple online learning platforms; how to 
efficiently utilise these multimodal data to precisely construct cross-platform learning 
behaviour profiles is a challenge (Zhang et al., 2024). Due to large differences in student 
learning behaviours and uneven distribution of study domains among different online 
learning platforms, certain user-scarce learning domains may have unclear classifications 
or even fail to extract their learning behaviours. To address the aforementioned issues, 
this chapter proposes an adult learning behaviour profiling algorithm based on 
multimodal data fusion and FL (MFFL), targeting problems such as insufficient  
cross-platform feature extraction for learning behaviours and inaccurate profiling caused 
by platform data heterogeneity. The overall flow of the MFFL approach is shown in 
Figure 2. By employing an architectural pattern based on FL algorithms, deep semantic 
mining is conducted on multimodal fusion data. Through this process, more 
comprehensive and rich semantic information can be obtained. At the same time, 
leveraging the characteristics of FL, multiple online learning platform participants 
collaborate to achieve precise classification of student learning behaviour profiles. This 
method effectively resolves many practical issues. On one hand, it overcomes the 
inaccuracy problems caused by limited data dimensions during the construction of 
learning behaviour profiles by a single data holder. On the other hand, it breaks down 
barriers between multiple data holders caused by factors like device differences, avoiding 
the dilemma of inability to centrally store and share data, thereby solving the resulting 
challenges in constructing learning behaviour profiles. Compared to the learning 
behaviour profiles constructed by a single data holder, the profiles built using this method 
can more comprehensively describe learning behaviour characteristics and achieve more 
accurate learning behaviour classification. 
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Figure 2 Process for constructing learning behaviour profiles based on multimodal data fusion 
and FL (see online version for colours) 
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In this study, an innovative pseudo-distributed FL architecture is adopted. This 
architecture takes the multimodal fusion data mentioned earlier as its core training data 
source. Considering the non-independent and identically distributed nature of data 
commonly observed in federated learning environments, detailed segmentation was 
performed on the multimodal fusion data according to specific data types, and it was 
assigned to different data holders. These holders serve as participants in FL, each holding 
corresponding datasets. By employing this collaborative approach involving multiple 
parties, the learning behaviour features embedded in training datasets can be deeply 
mined. Specifically, each party conducts preliminary feature extraction and analysis using 
its own dataset locally, followed by information exchange and aggregation through the 
FL framework to obtain more comprehensive and accurate representations of learning 
behaviour features. Based on this foundation, a carefully designed FL classification 
method is applied for precise classification of cross-platform student behaviour profiles. 
Ultimately, representative group-level learning behaviour profiles with specificity are 
constructed based on the classification results, providing strong support for subsequent 
educational research and instructional decision-making. 

Firstly, the distribution of student types among participants on each learning platform 
is statistically analysed, with categories having higher proportions defined as major 
categories and those with lower proportions defined as minor categories. Subsequently, a 
portion of local data from the major category students in each participant’s dataset is 
extracted to serve as training datasets for the centre server to train the global model and 
uploaded to the central server. The central server pre-processes the collected partial 
student data from each participant and trains the global model based on this dataset to 
mine behavioural features across all participants. After completing the model training, it 
is distributed back to each participant and used as a pre-processing model for subsequent 
learning behaviour profile classification tasks. The globally trained model by the central 
server can effectively address issues such as inaccurate classifications caused by 
imbalanced data distribution or poor data quality at individual participants’ ends. 

Within the FL collaborative framework, after each participant receives the global 
model from the central server, they use this model to perform in-depth pre-processing on 
their locally held data. Through this pre-processing stage, it is possible to accurately 
calculate probability weights for each student across various predefined topics; these 
probability weights reflect students’ tendencies and correlations toward different learning 
topics. Subsequently, each participant utilises the Softmax classification algorithm (Wang 
et al., 2021) to conduct training work for student categorisation based on local data. Once 
the classification model has been trained, participants can efficiently perform student 
classification operations on their own data using the results generated by the global 
classification model. Through this classification process, representative student group 
learning domain labels can be extracted from massive data. These labels cover feature 
information regarding students’ performance across different subjects and learning 
activities. Ultimately, based on these learning domain labels, a comprehensive, detailed, 
and targeted group-level student behaviour profile is constructed. The overall framework 
of MFFL is shown in Figure 2. 

4.2 MFFL central server algorithm 

Participants from each online learning platform first extract major category student data 
from their local private datasets, then select student behavioural data samples with 
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distinct features to support collaborative multi-modal data topic feature mining across all 
FL participants. As a trusted third party, the central server is responsible for securely 
aggregating de-identified student data from all participants and achieving centralised 
management and analysis under privacy protection constraints, constructing an  
evenly distributed pre-training dataset { }1 1, , ..., ,, ,M KV k V k  where 1V  represents 
multi-modal fused student data and k1 denotes the category labels of students. This 
dataset adopts a centralised access control mechanism that only allows authorised access 
by the central server; data sharing and cross-participant access are strictly prohibited. The 
central server will utilise this pre-training dataset to complete the training tasks for the 
global model. 

The selection of the number of topics during global modelling is crucial. Current 
research often employs heuristic rules or perplexity metrics to determine the number of 
topics for multi-modal fused data. This paper proposes a dual-index evaluation system 
based on perplexity and topic consistency, optimising the choice of the number of topics 
through a dual-validation mechanism. Perplexity quantifies the uncertainty in model 
classification results. This study adopts a joint optimisation strategy. Specifically, a lower 
perplexity value indicates better classification performance by the model. However, when 
the volume of multi-modal data increases, perplexity decreases mechanically, which may 
lead to overfitting on training data and thereby weaken the practical interpretability of the 
resulting model. First, it filters candidate topic quantity ranges through perplexity and 
then performs precise calibration based on consistency scores. Ultimately, the optimal 
number of topics is determined by dual-index weighted evaluation to ensure model 
classification performance while enhancing the interpretability of the topics. 

In the federated learning framework, the central server first initialises the parameters 
of the global Softmax classification model. Subsequently, the system dynamically 
determines the number of participants n for each round of model updates based on a 
preset participation ratio and selects n nodes through a random sampling mechanism from 
all available participants to form the FL participant set for the current training round Pg. 
The initial parameters are distributed to Pg, and in each round of FL iteration, each 
participant first retrieves the latest global model parameters from the central server. Then, 
each node independently performs model training and parameter updates using local 
private data. Finally, all selected participants must synchronise their locally trained model 
parameters to the central server for subsequent global model aggregation operations. The 
central server calculates corresponding aggregation weights based on the proportion of 
local training data volume provided by each participant relative to the total data volume 
in this round of global training and executes weighted parameter aggregation. This 
process iterates until it meets the preset FL training round termination condition. 

4.3 MFFL participant-side algorithm 

After completing pre-processing on the local private dataset, participants first statistically 
analyse students’ behavioural data volumes across categories, designating categories with 
a high proportion of data volume as major categories; then they calculate word 
frequencies in student data and randomly sample some samples from the large-category 
student data that contain high-frequency information to upload to the central server, 
providing data support for training the global model. 
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Relevant students on the platform Di receive the global model provided by the central 
server and map local training data into dimensions of the topic feature space, with any 
sample j expressed as Vj = {T1, q1, T2, q2, …, Tn, qn}, where n is the number of 
learning topics and the local training data for participant i is { }1 1, , ..., , .ii KCV VC k k=  

During the local model training phase, participants first perform topic feature 
dimension extraction on raw data and then use the resulting feature vectors as input to 
train a local classification model based on the Softmax function, where the model 
parameters are u = (ϑ1, …, ϑK), and the output is the probability of students Vj across 
categories, denoted as hτ(Vj), as shown in equation (14). 
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where τ is the current local model parameter, and ϑKVj is the value of the Kth category 
output by the output layer of the model. The probability that the learning behaviour Vj 
belongs to category k is as shown in equation (15). 
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In multi-classification tasks based on Softmax, the model output satisfies the 
normalisation constraint for probabilities; that is, for any input sample, the sum of its 
predicted probabilities across K categories is always 1. Model training employs the  
cross-entropy loss function as an optimisation objective, which quantifies the discrepancy 
between the predicted probability distribution and the true label distribution, as shown in 
equation (16). 
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where 1{} is an indicator function. The gradient of model parameters ϑq can be solved 
using equation (17). 
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In the global classification model training phase, Di receives the current round’s global 
model parameters from the central server and updates the local training model. The 
participants train the local model parameters i

eτ  according to L(w). After completing the 
local model training, the participants upload the updated model parameters to the central 
server for participation in the global model aggregation. The system then enters a standby 
state, waiting for the trigger of the next round of FL iteration. 

Through this training process, the global model can effectively integrate data from 
multiple participants and deeply mine students’ learning behaviour features; further train 
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cross-platform global classification models based on these features to improve user 
classification accuracy for individual participants. This allows each participant to more 
accurately capture student characteristics and promote the construction of learning 
behaviour portraits toward a more complete and accurate direction. 

5 Experimental results and performance analysis 

5.1 Learning behaviour portrait output result analysis 

The experimental dataset of this paper comes from the MOOC platform and Coursera 
platform, crawling students’ behaviour logs, text data, learning videos, and other data 
from these two platforms. The datasets from both platforms are pre-processed to extract 
36,021 records of learning behaviour data for users who have studied on both platforms. 
The dataset is divided into three parts: 70% used for model training, 20% for validation, 
and the remaining 10% for testing the model during training. The experiments are run on 
a computer equipped with an Intel (R) Core (TM) i7-9700K CPU, 16 GB of memory, and 
four NVIDIA GeForce RTX 2070 graphics cards. Python 3.7.9 is used as the main 
programming language, and experiments are conducted on the Ubuntu 20.04 LTS system. 
In the experiment, SGD learning rate is set to 0.01, batch size is 16, and the number of 
attention heads in transformer is set to 4. 

This paper categorises the learning groups in the dataset into three types for learning 
behaviour portrait analysis based on a score threshold of 0.5 across various dimensions. 
Learners in group one have scores greater than 0.5 in all seven dimensions, showing  
well-balanced performance with an overall learning ability level recorded as A, as shown 
in Figure 3(a). Learners in group two have a score below 0.5 on the dimension of learning 
status but above 0.5 for other dimensions; their ability to engage in friendly 
communication during learning needs further improvement, and their behaviour level is 
recorded as B, as shown in Figure 3(b). Learners in group three show scores slightly 
greater than 0.5 only in knowledge mastery and leadership, while the rest are below 0. In 
the learning process, special attention should be given to developing this type of learner’s 
collaborative abilities, with their behaviour level recorded as C, as shown in Figure 3(c). 

Individual learning behaviour portraits can help teachers accurately understand the 
detailed situation of a specific learner, with an example of student Zhang to present their 
individual learner portrait and related explanations. As shown in Figure 3(d), an excellent 
learner is selected from the dataset, whose learning behaviour level is A, academic 
performance is A, and overall performance is good, showing strong leadership skills and 
emotional regulation abilities; teachers should focus on cultivating this learner’s 
collaborative intentions. 

5.2 Performance analysis of learning behaviour portrait construction 

The previous chapter provided a detailed analysis of the learning behaviour portrait 
output results. This chapter introduces quantitative evaluation metrics accuracy, F1, 
AUC, and MAE to assess the construction accuracy of different methods. Our method is 
denoted as OURS, while baseline methods include ConvLSTM (Aydoğdu, 2021), 
DMSCNN (Wang and Song, 2024), and MFKMS (Shen, 2025). The portrait construction 
accuracies of different methods are presented in Table 1. OURS achieves an accuracy and 
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F1 of 93.72% and 95.39%, respectively, showing improvements of 12.54% and 12.3% 
over ConvLSTM, 8.25% and 11.73% over DMSCNN, and 3.66% and 3.54% over 
MFKMS. Comparing the area under the ROC curve bounded by AUC, OURS achieves 
an AUC of 0.9801, showing improvements of 8.21%, 6.96%, and 3.86%. From the 
construction accuracy metric MAE, it can be seen that MAE has a low classification error 
for learning behaviour portraits, with an MAE of only 0.0631, significantly improving the 
classification accuracy of learning behaviour portraits. OURS not only performs feature 
extraction and fusion on multimodal learning data from multiple platforms but also 
designs corresponding FL algorithms to design global and local models across multiple 
platforms. It effectively mines students’ learning behaviour features using a global model 
for multiple participants’ data, thereby making the construction of student learning 
behaviour portraits more complete and accurate. 

Figure 3 Group and individual learning behaviour profiles, (a) group one: learner behaviour 
profile, (b) learning behaviour profile of learners in category II, (c) profile of learners in 
category III, (d) individual learning behaviour profile (see online version for colours) 

0.50

0.55

0.60

0.65

0.70

0.75

0.80

0.85

Leadership skill Emotional regulation

Interpersonal interaction

Cognitive ability

Knowledge mastery

Learning strategy

Learning status

 
(a) 

0.40
0.45
0.50
0.55
0.60
0.65
0.70
0.75
0.80
0.85

Leadership skill Emotional regulation

Interpersonal interaction

Cognitive ability

Knowledge mastery

Learning strategy

Learning status

 
(b) 

 



   

 

   

   
 

   

   

 

   

    Cross-platform adult learning behaviour profiling 49    
 

    
 
 

   

   
 

   

   

 

   

       
 

Figure 3 Group and individual learning behaviour profiles, (a) group one: learner behaviour 
profile, (b) learning behaviour profile of learners in category II, (c) profile of learners in 
category III, (d) individual learning behaviour profile (continued) (see online version 
for colours) 
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Table 1 Accuracy of learning behaviour profiling using different methods 

Method Accuracy/% F1/% AUC MAE 
ConvLSTM 81.18 83.09 0.9057 0.1384 
DMSCNN 85.47 83.66 0.9163 0.1297 
MFKMS 90.06 91.85 0.9437 0.0631 

The convergence speed of the loss curves for each method is compared in Figure 4. 
OURS can reduce cross-entropy loss to a small value by the 14th iteration, whereas 
MFKMS has not fully converged even by the 45th iteration. DMSCNN begins to stabilise 
its cross-entropy loss around the 21st iteration, but it remains generally higher than that 
of OURS. ConvLSTM converges the slowest; only at the 31st iteration does the loss 
change for ConvLSTM gradually diminish. The ConvLSTM method simultaneously 
optimises convolutional parameters for TextCNN and recurrent parameters for LSTM, 
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which may lead to unstable training or overfitting, possibly preventing the model from 
fully learning features. The DMSCNN method utilises CNN and FL for constructing 
cross-platform learning behaviour profiles, but learning behaviour data are usually sparse 
and irregular, while CNN requires input data to have fixed dimensions; direct padding or 
truncation may lead to information loss or noise introduction. MFKMS trains K-means 
through FL for analysing cross-platform learning behaviours, but the model might 
generate fragmented clustering results due to data heterogeneity, such as the same 
behaviour being divided into different clusters by different clients, which reduces the 
generality of profiles. Compared to baseline methods, OURS not only achieves feature 
extraction for text and images through transformer and faster RCNN, performs 
multimodal fusion via attention mechanisms, but also iteratively trains the results of 
multimodal fusion through FL, greatly improving classification accuracy for learning 
behaviour profiles. 

Figure 4 Convergence speed of loss curves for each method (see online version for colours) 
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6 Conclusions 

Against the backdrop of the widespread popularity of digital education, students’ learning 
behaviour data exhibit characteristics of being multimodal and cross-platform distributed; 
however, data island phenomena among platforms as well as modality heterogeneity 
issues result in partialised and fragmented defects in learning behaviour profiles. To solve 
the above problems, this study aims to construct a cross-platform adult learning 
behaviour profile based on multimodal data fusion for providing scientific basis for 
personalised teaching. First, we collect students’ multimodal learning behaviour data 
from multiple online learning platforms, employ transformer models to extract textual 
semantic features and jointly use faster RCNN models to extract visual features, 
achieving feature fusion of multimodal learning behaviour data through attention. Then, 
the multimodal fusion data were carefully partitioned and allocated to different platform 
participants, each holding the corresponding dataset. Each party conducts preliminary 
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feature extraction and analysis using their local datasets, followed by information 
exchange and aggregation through an FL framework to obtain a more comprehensive and 
accurate representation of learning behaviour features. Based on this, each participating 
party employs the Softmax classification algorithm to train student behaviour profile 
categorisation using local data, extracting representative learning domain labels from 
massive data for student groups. Finally, based on these learning domain labels, a 
comprehensive, detailed, and targeted group-level student behaviour profile is 
constructed. Experimental results show that the construction accuracy of the proposed 
method reaches 93.72%, showing significant improvement over baseline methods, 
enabling the construction of relatively complete and accurate cross-platform learning 
behaviour profiles. 

With the deep integration of information-based teaching and disciplinary knowledge, 
the next phase will primarily focus on cognitive graphs based on learning engagement to 
assist in constructing cross-platform learning behaviour profiles. Attributes such as 
achievement status of learning objectives, learning preferences, and cognitive levels will 
be mined from learning engagement features. For unmet learning objectives, attribution 
analysis using a cognitive graph can effectively support profile construction and enhance 
the efficiency of personalised teaching. 
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