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1. INTRODUCTION 

Smart assistive communication technologies have 
emerged as one of the primary facilitators of 
individualised learning environments, especially to 
learners with dissimilar communication requirements, 
cognitive capacities as well as interaction behaviours. 
The most recent developments of artificial 
intelligence, machine learning, and natural language 
processing have greatly expanded the potential of 
assistive systems to support adaptive, context-specific 
and personalised communication renderings [2], [3]. 
Within the educational setting, these types of 
intelligent communication models can be used to 
enhance the level of engagement, understanding, and 
inclusion of learners by dynamically changing teaching 
interactions to the dynamics between learners and 
their preferences [11], [12]. 

Nevertheless, in spite of these technological 
advancements, most of the current assistive 
communication models used in learning presentations 
still incorporate inflexible and no-go based 
mechanisms that are not flexible or adaptable [7], 
[10]. Such systems are generally relying on 
predetermined communication procedures or even 
fixed content delivery approaches and this restricts 
efficiency of the system in dynamic learning situations 
whereby the needs of the learners develop with time. 
Previous research indicated that these static methods 
lack the ability to react to differences in the interest 
of learners, their intentions, and situational 
conditions, which limits the quality of personalization 
as well as every scale in practise [1], [9]. 

In order to address these drawbacks, there has been 
more recent studies into adaptive and intelligent 
personalization engines which use data-modelled 
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learning models to infer the states of learners, and 
steer the communication decision in real-time [6], [8]. 
Deep learning and reinforcement learning have shown 
a good potential of enabling the assistive systems to 
keep learning the best communication strategies 
through interaction and feedback [1], [6], [9]. 
Simultaneously, predictive assistive communication, 
intent recognition, and tailored response generation 
demonstrated success by transformer-based models 
and large language models, which reinforce the 
intelligence of the assistive learning systems [5], [8], 
[12]. These advances promptly point to the expanding 
demand of combined personalization engines that 
transcend fixed personalization into proactive and 
adaptive empowering communication. 

Nonetheless, there are a number of research problems 
being left unanswered. Assistive communication or 
personalization has been researched in many papers as 
a separate aspect in isolation, and none of these 
includes learning state prediction, adaptive choice, 
and systematic performance assessment within a single 
framework [3], [4]. Furthermore, little attention has 
been drawn towards objective verification of the 
personalization effectiveness with standard 
performance levels (learning and predictions) through 
quantitative viability assessment of heterogeneous 
learner groups [9], [11]. The difficulties associated 
with robustness, generalisation, and applicability to a 
specific time in personalised learning situation further 
enhance a necessity of thorough and scalable models 
of intelligent assistive communication [10], [12]. 

Based on these gaps, this paper presents an intelligent 
assistive communication architecture based on a 
central personalization engine that combines learning 
and predictive models to create able communication 
within a personalised learning context. The suggested 
solution is expected to support the advancement of 
personalization quality, learning support effectiveness, 
and the creation of the next generation of the 
intelligent assistive communication systems by the 
means of data-driven intelligence and systematic 
performance assessment. 
 

2. RELATED WORK 

Assistive communication technologies are not a new 
subject of investigation as the attempts to provide 
assistance to people facing difficulty in communication 
but more recently the topic has been addressed to 
incorporate assistive communication technologies in 
the digital learning context. Conventional 
augmentative and alternative communication (AAC) 
systems have largely focused on the symbol-based 
interface and pre-identified communication 
arrangements to grant minimal engagement as well as 
accessibility [7], [10]. These systems have been more 
recently expanded to include machine learning to 
facilitate predictive and communication performance 
in the educational and assistive environment [3], [8]. 

The human-centred studies have also indicated the 
significance of development of assistive 
communication systems that do not just enhance 
efficiency but also the autonomy and inclusion of the 
users to be considered, in addition to communication 
preferences especially when it comes to learning [2], 
[12]. 

Due to the development of artificial intelligence, 
intelligent learning systems have started to focus on 
AI-guided personalization and learner modelling as one 
of the key concepts. Data-driven methods are meant 
to get the behaviour, preferences and patterns of 
engagement of the learner in order to provide 
personalised instructional material and communication 
support [11]. Reinforcement learning has been a 
popular topic of research as an efficient adaptive 
decision making process influential in education 
systems, allowing the learning model to maximise 
instructional or communication plans with the 
response of the learner and an interaction history [1], 
[6], [9]. These solutions indicate the possibility of the 
AI-based personalization engines to evolve out of the 
static adaptation to the ongoing and situational-
relevant learning support. 

Another research direction that is of great importance 
and has close relations with the intelligent assistive 
communication is learning state prediction and 
adaptive feedback mechanisms. Total predictive 
models have been built to extrapolate learner 
understanding, aim, and future interaction 
requirements on deep learning and transformer-based 
systems [5], [8]. These models allow systems to be 
reactionary in improving communication strategies, 
deliver personalised feedback and aid learners in real 
time. Simultaneously, large language models have had 
potential contributions through bettering intent 
recognition, message prediction, and natural language 
generation and thus contributing to the improvement 
of the quality of interaction between learners and 
systems [5], [12]. All these prediction and adaptive 
abilities are required to achieve intelligent assistive 
communication in personalised learning space. 

In spite of these developments, current solutions have 
a number of weaknesses. Numerous assistive 
communication systems and personalization models 
work to solve specific areas of adaptation individually, 
and do not combine learner modelling, prediction and 
choice of a communication strategy into a single 
model [3], [4]. Furthermore, a number of studies 
either focus on conceptual design or qualitative 
assessment and offer a small amount of quantitative 
validation of learning and prediction performance with 
standardised measures [9], [11]. The issues of 
scalability, ability to support a heterogeneous learner 
profile, and the ability to deploy the (needed) 
solutions in real-time also limit the feasibility of the 
existing solutions in personalised learning settings 
[10], [12]. These restrictions point to the necessity of 
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developing an extensive set of intelligent assistive 
communication models integrating adaptive 
personalization engines with strict performance 
assessment, which inspires the practise suggested in 
this paper. 
 

3. System Architecture and Core Intelligence 
Framework 

The intelligent assistive communication framework 
that is proposed will be able to facilitate 
individualised learning because the communication 
strategies will dynamically change based on the 
information on any interaction between the learner 
and expected learning state. The general system 
architecture is based on a layered and closed loop 
structure which incorporates the pathways of 
interaction and communication with the learners, core 
intelligence personalization engine as well as adaptive 
assistive communication output layer which are shown 
in Fig. 1. This architectural design will sustain a 
stream of data, real-time, and scaled personalization 
to various learning contexts. 

The main data of the system is acquired at the learner 
interaction and channels of communication. These 
streams record details abundant with inputs of the 
learner, such as textual input, records of conversation, 
patterns of response, and learning context behaviour 
in the customised learning setting. This kind of 
information will give significant data on issues of 
engagement, comprehension, as well as, 
communication requirements of the learners. The data 
on the interactions received are constantly sent to the 
central intelligence element and allow the system to 
have a current representation of the changing state of 
each learner. 

The main engine of the proposed architecture is the 
personalization engine that will serve as the central 
intelligence. The personalization engine will be 
developed to learn interaction information about the 
learner and decide the use of assistive communication 
strategies, based on situational awareness and 
adaptability. Its main goals are precise forecasting of 
learner conditions, on-time response to 
communication, and ability to withstand a diverse 
learner population. The criteria of personalization are 
based on various factors, including the projected 
understanding levels, engagement patterns, 
interaction history, and deduced communication 
preferences, which enables the system to provide 
personalised support as opposed to the generic 
support. 

The personalization engine is used to extract features 
and represent learner state using raw interaction data 
to facilitate intelligent decision-making. Features that 
are extracted highlight learning dynamics over time, 
the frequency of communication, correct responses 
and features of context pertinent to personalised 

learning. They are built up using these features to 
describe structured representations of learner states 
that indicate both short-term interaction pattern and 
long-term learning process. With such representations, 
the system can monitor changes in learner behaviour 
as time goes by and adjust communication strategies 
to changes in behaviour. 

The smart modelling within the framework combines 
the models that are learnt towards acquisition of 
prediction and adaptation using data. The deep 
learning methods are applied to learn intricate trends 
based on learner interaction data, and forecast the 
learning-related states that guide the assistive 
communication choices. Simultaneously, the 
reinforcement learning processes are also provided to 
assist adaptive decision-making through the treatment 
of assistive communication as a series of optimization 
problems. The system uses the feedback and 
interaction to learn to choose the communication 
strategies that would maximally support and engage 
learners. Hybrid structures Deep learning models are 
capable of obtaining accurate estimates of learner 
state, whereas a reinforcement learning system is used 
to control the choice of adaptive communication 
actions. 

They are model trained and optimised based on both 
the historical and the current learner interaction data 
to keep continually optimising their personalization 
performance. The training techniques are aimed at 
making predictions more accurate without 
compromising their computational efficiency to allow 
them to be deployed in real-time. According to the 
results of the trained models, the personalised 
messages, the feedback or the prompts are the 
outputs of the assistive communication generation 
process, and all the messages are based on specific 
states of individual learners. The resulting self-driving 
interaction between the and the personalization 
engine enables the framework to dynamically change 
to support its ability of providing intelligent and 
adaptive assistive communication in the context of 
personalised learning settings, as indicated in Fig. 1. 
 

 
Fig. 1. Architecture of the Intelligent Assistive 

Communication Framework for Personalized Learning 
Environments. 
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4. Learning and Prediction Modeling 

The intelligent personalization part of the proposed 
framework will be based on the learning and 
prediction modelling system that can provide an 
effective way to build the accurate representations of 
the learner states and make the adaptable decisions to 
assistive communication. At its most basic level, the 
essence of the process is to forecast the latent learner 
features, including the level of comprehension, 
engaged state, or communicative requirements on the 
basis of the interaction data produced in the 
personalised learning setting. It is based on these 
predictions that individualization can be made by the 
system, which is able to identify the right 
communication strategies that can be used effectively 
to support the individual learners in real-time. The 
following problem is stated as an information-based 
learning task where the data of learner’s interaction 
act as the input space whereas the state of predictions 
or individual personalisation states that the learner 
state is act as the output space. Textual 
communication, frequency of interaction, response 
forms, and contextual learning data constitute the 
input data that are converted to structured feature 
representations so that they could be used as inputs to 
the training of the model. The model outputs are 
learning states or decision cues (that are predicted) 
used to influence communication adaptive behaviour, 
e.g., the choice of message complexity, feedback 
time, or modality of communication. Fig. 2 depicts the 
general learning and prediction process of this 
process. 

The learning goal aims at determining the optimum 
model parameters to achieve the minimal error in 
prediction and need to provide sufficient 
generalisation in the learner profile, which is 
heterogeneous. This aim is attained through predictive 
accuracy and stability at different interaction 
conditions that are at a maximum. The learning 
formulation, which takes into consideration the 
sequential decision-making process, can be extended 
into adaptive settings where the system is allowed to 
overtime refine its predictions and methods of 
personalisation depending on continuous feedback by 
learners. This dynamic model accepts contextual and 
dynamic personalization and not inference. To assess 
the performance of the suggested learning and 
prediction strategy, the baseline and comparative 
models are implemented in the analysis of the 
experiment. The traditional machine learning models, 
including Logistic Regression, Support Vector 
Machines, and Rand Forests are used as the methods of 
the baseline because of their proven application in the 
context of learner modelling and an educational data 
analysis. More sophisticated models such as deep 
learning architecture are believed to be able to concur 
tough and nonlinear correlations that are present in 
the data of interaction between learners. Where 

feasible, there are reinforcement learning-based 
methods that are added to evaluate the advantages of 
adaptive decision-making as compared to pure 
predictive models. 

The assessment plan will be structured in such a way 
that it makes unfair comparisons between all the 
models. The models are trained and tested under the 
same experimental conditions and the performance 
evaluated using the standardised learning and 
prediction metrics furnished in Section 6. Such a 
comparison would allow quantifying the benefits the 
use of intelligent modelling to personalised assistive 
communication and present empirical data on the 
usefulness of the suggested framework as conceptually 
represented in Fig. 2. 
 

 
Fig. 2: Learning and Prediction Model for Personalized 

Assistive Communication. 

 

5. EXPERIMENTAL SETUP 

The proposed intelligent assistive communication 
framework is experimentally tested in the personalised 
learning environment that gives the chance to observe 
various interaction and communication behaviours of 
learners under consideration. Learning environment 
facilitates adaptive delivery of instructional materials 
and interactive communication, which allows the 
learner to interact in terms of textual contributions, 
activity-based interaction, and contextual based 
learning activities. Such an environment offers a 
measureable, but realistic, platform with which the 
usefulness of the intelligent personalization and 
assistive communication methods can be assessed. The 
data analysed in this paper is composed of the 
interaction and communication data of the learners 
obtained during the series of learning activities. The 
data gathered involve the records of textual 
communication, frequency of interactions, patterns of 
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responses, performance of tasks and the contextual 
data relates to learning tasks. All of these sources of 
data provide the behavioural and the learning-related 
attributes of learners, which are necessary to model 
the states of learners and individualization needs in 
the assistive communication systems. 

Before model training, data preprocessing and feature 
engineering are thoroughly done and data quality and 
appropriateness in learning and prediction tasks are 
made. The preprocessing procedures consist of 
cleaning up or eliminating incomplete or noisy data, 
the normalisation of feature scales, and temporal 
alignment to maintain sequence interaction patterns. 
The feature engineering methods are used to get 
meaningful representations like communication 
intensity, regularity of interactions, correctness of 
responses used in the context of learning activities. 
These artificial inputs become the input to the 
learning and prediction models and make it possible to 
represent learner states effectively. A general sketch 
of the pipeline of data processing as well as the 
workflow of the experiment is presented in Fig. 3. The 
experiment design adopts a controlled and systematic 
protocol in order to provide fair and repeatable 
evaluation. The data is subdivided into training and 
testing data to test generalisation performance of the 
model and cross-validation methods are used where 

need be to enhance robustness and minimised biases 
in evaluation. Data that is common in all the baseline 
and proposed models are trained to ensure that 
comparative analysis is comparative in terms of data 
used. 

Training of the models is done by tuning the 
parameters based on a series of experiments done 
during the initial tuning stage. Hyper parameters are 
chosen in such a way that they provide balance 
between predictive accuracy and model stability as 
well as preventing over fitting. The training 
procedures are established in order to have 
convergence and consistency of performance under 
various profiles of learners and interaction conditions. 
The evaluation plan is concerned with the 
measurement of the performance of learning and 
prediction based on the use of standardised measures, 
outlined in Section 6. Predictions made by models 
have to be compared with actual learner states or 
observed outcomes in learning to measure accuracy 
and reliability. The validation is conducted in various 
situations of interaction with learners to determine its 
robustness and flexibility. This experimental context 
offers a stringent foundation of analysing the 
suggested intelligent assistive communication 
framework through justified personalised learning 
circumstances indicated as summarised in Fig. 3. 

 

 
Fig. 3: Distribution of Learner Interaction Data in the Personalized Learning Environment. 

 

6. Learning & Prediction Performance Metrics 

The effectiveness of the proposed intelligent assistive 
communication framework is assessed based on a list 
of standard learning and prediction metrics that are 
common in education and assistive systems based on 
machine learning. The choice of these metrics is to 
ensure that the accuracy, reliability, and robustness of 
the prediction are measured in a comprehensive way 
when applied in various situations of interaction 
between learners, so that the effectiveness of the 
general performance and personalization, are carefully 
analysed. Accuracy is applied to determine the 
proportion of correctly predicted states of learners or 
personally selected decisions (performance) in a total 
number of predictions. Although accuracy is an 

intuitive measure of the overall model performance, 
the measure itself is not sufficient to assess the 
performance of assistive communication systems 
especially when the distribution of state among 
learners is skewed. In a bid to overcome this 
weakness, precision and recall are introduced in order 
to pick up complementary predictive behaviour. 
Precision is the ratio of the number of correct positive 
predictions to the total number of positive 
predictions, which measures the system, which 
minimises the needless or erroneous assistive 
interventions. Recall is a measure of the proportion of 
the actual positive cases actually known which is 
obtained, it shows the effectiveness of the model in 
identifying learners who actually need assistive 
support. 
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The F1-score is also provided as a balanced score 
consolidating both recall and precision in a single 
score which provides a powerful measure of predictive 
performance in those cases when trade-offs between 
false positives and false negativity are essential. The 
receiver operating characteristic-area under the curve 
(ROC-AUC) is also taken into consideration in situations 
where the outputs of a prediction method can be 
ranked, or assessed with different decision thresholds. 
ROC-AUC can be used to understand the discriminative 
ability of the learning models and robustness in various 
threshold setting, which would be especially important 
to adaptive personalization systems. The chosen 
metrics directly concern intelligent assistive 
communication within the context of personalised 
learning, where quality of prediction affects directly 
the effectiveness of personalization. Proper state 
prediction of the learner allows the system to 
determine the correct communication strategies, issue 
timely feedback and make changes in their interaction 
modals to the needs of each learner. The high level of 
accuracy helps reduce the levels of disruptive or 
irrelevant assistance whereas high recall helps to 
prevent cases where learners in need are neglected. 
As a result, the greater the learning and prediction 
performance is improved, the more the quality of 
personalization and the better the learner experience 
will be. 

On the whole, the selected evaluation measures can 
offer an interpretable and rigorous set of measures to 
determine the efficacy of the suggested learning and 
prediction models. They assist in comparison with the 
approaches based on quantitative indicators (baseline) 
and allow measuring the contribution of intelligent 
prediction to adaptive assistive communication and 
individual student results. 
 

7. Results, Performance Analysis, and Discussion 

7.1 Learning and Prediction Performance Results 

The learning and prediction metrics of the intelligent 
assistive communication model as outlined in Section 6 
are used to gauge the quantitative performance of the 
proposed model. As Table 1 summarises the results, it 
is clear that the proposed model consistently works 
better than the base machine learning methods have 
turned out to be in all of the measured metrics, such 
as accuracy, precision, recall, and F1-score. These 
gains are evidence that the suggested learning and 
prediction framework is an efficient decision tool, 
capable of accurately predicting the state of learners, 
in personalised contexts of learning. Compared to the 
methods of the baseline, a comparative analysis is 
made of traditional models, including the Logistic 
Regression, Support Vector Machines, and Random 
Forests which show a reasonable result but has 
limitations in the ability to capture the complex 
patterns of interaction of the learners. However, the 
suggested intelligent model shows a better predictive 
ability, especially in regard to its recall and F1-score, 
and it illustrates the predictability of the model in 
identifying learners who need assistive communication 
aid. Advanced learning mechanisms make more serious 
generalisation between very different interactive 
situations, which leads to the consistent improvement 
in performance measure in all evaluation measures, 
which is presented in Table 1. Generally, the results of 
the conducted observations justify the effectiveness of 
the introduced learning and prediction methodology 
and prove its appropriateness to the smart assistive 
communication systems where the quality of the 
personalization requires an accurate estimation of the 
state of the learner. 

 
Table 1. Learning and Prediction Performance Comparison of Assistive Communication Models 

Model Accuracy (%) Precision (%) Recall (%) F1-score (%) ROC-AUC 

Logistic Regression 78.4 76.9 74.2 75.5 0.81 

Support Vector Machine (SVM) 81.6 80.3 78.7 79.5 0.84 

Random Forest 84.9 83.6 82.1 82.8 0.87 

Deep Learning Model 88.7 87.9 86.4 87.1 0.91 

Proposed Intelligent Assistive Communication Model 92.3 91.5 90.8 91.1 0.95 

 
 

 
Fig. 4. Performance Trends of the Intelligent Personalization 

Engine Across Learning Sessions. 

7.2 Performance Analysis of the Personalization 
Engine 

Besides predictive accuracy, the dynamic capability of 
personalization engine is evaluated against its 
dynamism in the provision of assistive communication 
strategies on the basis of the predicted states of 
learners. The smart adaptation activity of the system 
is depicted in Fig. 4 that shows performance trends 
among learning interactions or learning sessions. The 
findings indicate that the personalization engine is 
capable of properly modulating communication 
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strategies according to a changing behaviour of 
learners and resulting in a higher state of consistency 
and stability of assistive support. The personalization 
of the communication outputs, which are message 
complexity, feedback timing, and interaction 
modality, can be predicted and rendered proactively 
by the system. This is an adaptive behaviour that 
minimises unnecessary interventions with one being 
able to provide assistance to learners in need of 
supplementary help on time. The analysis also shows 
that the personalization engine continues to deliver 
strong performance in the case of a variety of learner 
profile, such as the difference in the frequency of 
interaction, engagement, and preferences toward 
communication. The strength of personalization engine 
can be noticed especially during the heterogeneous 
learning environment under which there are rule-
based or otherwise fixed systems that usually fail. The 
proposed framework is very resilient to changes in 
learner behaviour, a process in which the learner state 
representations have to be constantly updated and 
communication decisions modified according to these 
changes as indicated by the directional tendencies in 
Fig. 4. 
 

7.3 Discussion of Key Findings 

The experimental findings can be used to draw a 
number of valuable conclusions concerning the 
relevance of intelligent learning and prediction to 
assistive communication systems. The trends in the 
results of the performance regarding the learner state 
predictability demonstrate that the appropriate 
prediction of the state is one of the enablers to the 
successful personalization as the increase in the 
predictive variables is directly reflected in the 
enhancement of the quality of the assistive 
communication. The role of this relationship in 
integrating learning and prediction models in the basic 
intelligence of the personalise learning systems. It is 
also important to mention that the results indicate the 
trade-offs that exist between the complexity of model 
and considerations of real-time deployment. Although 
advanced learning models provide a better predictive 
power, they introduce new computational cost. The 
findings, however, indicate that the trade-off is 
worthwhile in the context of assistive communication 
as the advantages in the degree of personalization and 
teacher support are more important than the added 
complexity. Deployment challenges can also be further 
alleviated in real-time learning by carefully optimising 
the model and implementing it efficiently. Lastly, the 
findings are consistent with the available literature on 
the topic of AI-based personalization and assistive 
communication, which demonstrates the significance 
of the adaptive decision-making process and data-
driven modelling of learners. The framework proposed 
builds upon previous research by combining the 
predictive learning state, adaptive personalization and 

systematic evaluation in the performance into a single 
architecture. This congruence between the theory and 
the experimental data support the appropriateness of 
the given approach and its role in the sphere of smart 
assistive communication solutions. 
 

8. LIMITATIONS AND FUTURE WORK 

Although the proposed intelligent assistive 
communication framework has proven to be quite 
promising, several limitations are to be noted. The 
experimental evaluation is performed at first based on 
a particular dataset that was obtained in a controlled 
personalised learning setting. Although this 
environment allows systematic investigation and 
appropriate comparison, it might not represent the 
variety of the behaviours of learners, possible ways of 
communication, and situational influences, which 
occur in very large scale or real world educational 
deployments. Therefore, there can be differences in 
the performance of the proposed model when 
implemented on other learning environments or target 
populations of learners with different interaction 
properties. Scalability and generalisation are also key 
issues facing the proposed solution. Even though the 
personalization engine acts with high performance 
when considering the heterogeneous profiles of 
learners in the data studied, its application to serving 
a massively large population of learners or to the 
learning contexts of greater complexity can lead to an 
increase in computational and communication costs. 
Besides this, there is also the nontrivial issue of 
extrapolating the learned strategies of personalization 
to unknown learners or learning conditions in a 
dynamic environment, where over time there will be 
changes in learner behaviour and communication 
requirements. 

Further studies will be based on advancing the 
suggested framework to overcome these difficulties 
and add additional functionality to it. A potential 
avenue that could enhance this is in the creation of 
multi agent personalization schemes where many 
intelligent agents work together to affect 
personalization judgments over the disseminated 
systems of learning. The other avenue is the inclusion 
of multimodal assistive communication paradigms that 
comprise supplementary information, which could be 
speech, gesture, or physiological cues, to enhance 
state representation of the learner and enhance the 
flexibility of communication. Moreover, privacy-
considerate philosophy and federated learning can 
bring considerable promise towards facilitating 
collaborative learning through decentralised learning 
ecosystem with reduced risks of violating learner data 
privacy. Covering these shortcomings and considering 
these potential avenues in the future, the suggested 
framework can be further developed to scaled, secure, 
and inclusive intelligent support in communication 
systems of personalised learning settings. 
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CONCLUSION 

This paper has introduced a smart assistive 
communication model, which is intended to facilitate 
a personalised learning model using a central 
personalization engine, which combines both learning 
and prediction models to provide intelligent adaptive 
communication. Through the application of data-
driven intelligence, the proposed framework 
successfully captures interaction pattern patterns 
among learners and predicts the learner states, to 
encapsulate and prescribe to personalised assistive 
communication strategies. Comprehensive 
experimental analysis based on the typical learning 
and prediction indices prove that the proposed 
strategy can reach better results compared to the 
other approaches, which is the substantiation of the 
effectiveness of the application in the quality and 
reliability of personalization. The findings also point at 
the strategic influence of proper prediction of a state 
of the learner in contributing to adaptive, and 
context-competent assistive communication in 
enhancing learners support and engagement. The 
contributions of the work under development on the 
side of intelligent assistive communication 
technologies are as follows: they present a common 
platform integrating adaptive decision-making 
framework with strict performance analysis. In the 
future, the suggested framework will provide a 
versatile basis of the creation of adaptive, inclusive, 
and human-centred learning landscapes capable of 
dynamically responding to the multifarious needs of 
learners, as well as dynamic and shifting learning 
settings. 
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