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ABSTRACT:

The timely detection of learning difficulties in students is a
fundamental necessity for effective intervention. In this paper,
we propose a novel Al-driven multi-domain risk prediction
system called EatlyPredict. The system is developed to identify
students at risk of dyslexia, attention deficit, cognitive processing
disorder, and poor academic achievement. The system is
developed by training four individual Random Forest classifiers
using two publicly available datasets: the Open University
Learning Analytics Dataset (OULAD) and a dataset related to
behavioral dyslexia interaction. The decision fusion engine is
developed by implementing a rule-based system that aggregates
individual predictions from eaek academic, dyslexia, attention,
and cognitive domain to produce a single risk level
classification: Low, Moderate, or High. The accuracy of
individual models is found to be up to 99%. The proposed
system is a significant advancement in the detection of learning
difficulties in students.

Keywords: Learning difficulties, eatly risk prediction, random forest, dyslexia
detection, educational data mining, OULAD, SMOTE, cognitive risk, machine
learning

INTRODUCTION

Learning difficulties such as dyslexia, attention-

related behavioral patterns associated with

Attention  Deficit Hyperactivity

(ADHD), and cognitive processing disorders
are common learning challenges that affect a

Disorder

considerable number of the student population
across the globe. The WHO approximates that
between 5% and 15% of the school-going
population display symptoms of dyslexia. On
the other hand, ADHD is approximated to
affect between 5% and 8% of the total children
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population across the globe [1]. Failure to
address learning difficulties among students has
seen them display low academic performance

and emotional challenges.

difficulties
socioeconomic implications if left unchecked.

Learning have significant
Learning difficulties have major socioeconomic
implications, which can arise if not addressed.
The academic underachievement associated
with learning disabilities, which often go
unnoticed, can cause a significant dropout rate
from education, reduced employability, and
income disparities. These problems also arise in
terms of dependency on social support
mechanisms and reduced productivity in the
labor force. Learning difficulties among
students have traditionally been addressed
through clinical evaluations of the students.
Clinical evaluations of learning difficulties
among students have been conducted by
professional experts. The emergence of e-
learning environments and the use of online
learning management systems have provided an
opportunity to collect significant amounts of
longitudinal data on the behavioral and
academic performance of the students.The

(LMS)

employed for online education provide fine-

Learning  Management  Systems
grained longitudinal data, which includes
frequency, time spent, etc. Unlike other one-
time evaluations, this longitudinal data can
provide continuous monitoring of students,
making it highly suitable for predicting early
risks through EDM and LA. Educational Data
Mining (EDM) and Learning Analytics (LA)
have emerged as significant tools that use the
collected data to obtain insights on the
performance of the students and forecast their

learning outcomes [2].

The paper proposes an Al-based multi-domain

early risk  prediction  system, namely

EarlyPredict, that addresses the following
challenges:

1. Handling heterogeneous data sources
required to identify different types of
learning difficulties;

2. Achieving meaningful and actionable
risk classification;

3. Integrating predictions from multiple
domains into one cohesive whole.

The proposed EarlyPredict approach employs
four domain-specific random forest models,
each trained on different data sources, and
combines predictions from these models via a
deterministic decision engine to arrive at a
related educator

cohesive risk level and

recommendations.
1.1. Objectives

In the context of this research, multi-domains
refer to the integration of heterogeneous yet
complementary aspects of student evaluation,
which includes:

(i) Academic performance, which includes

grades and assessment,

(if) Dyslexia-related behavioral aspects,

(i) Attention-related behavioral aspects, and
(iv) Cognitive processing aspects.

These aspects, together, represent a holistic
view of students’ learning difficulties.

The contributions of this paper are:

® A multi-domain fusion approach that

integrates  signals from academic

performance, dyslexia, attention, and

cognition;

® A new cognitive composite score
defined as a  weighted linear
combination of features including

accuracy, task score, and miss rate;

C = 0.4-avg_accuracy + 0.4 - avg score— 0.2 - avg_missrate
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where:

_1 e e
avg_accuracy = i=1 ACCUTACY;
n
_1 e .
avg_score = L, score;
n

. 1 .
avg_missrate = —E;;lmassratei
n

C: Cognitive composite score representing
overall cognitive performance

where Cis normalized on a scale approximately
ranging from O to 10 based on aggregated
behavioral features.

avg_missrate represents the proportion of
missed interactions/tasks over total attempts.

where result is the final outcome label provided
in the OULAD dataset.

® The use of Synthetic Minority Over-

sampling Technique (SMOTE) in
dyslexia detection due to class
imbalance;

® A rule-based decision engine that
translates multi-model predictions into
actionable and meaningful risk levels

and educator recommendations.
1.2. Related Studies

The problem of educational data mining in
student performance prediction has been
studied extensively. Sunita M. Dol et al. [3]
presented a comprehensive survey of the
application of various data mining techniques in
educational systems. Classification, clustering,
and association rule mining have been found to
be the most popular techniques used in
educational data mining. Arévalo-Cordovilla et
al. [4] have shown the superiority of ensemble
methods over single models in classification
problems in student grade prediction. Marquez-
Vera et al. [5] have used a decision tree and
naive Bayes classifier in predicting student

dropout using demographic and academic
attributes with an accuracy of 84%. Daud et al.
[6] have used a Naive Bayes classifier with
feature selection in eatly prediction of at-risk
students in higher education with an accuracy
of 78%.

Albreiki et al. [7] have used a neural network in
predicting student performance using only
learning management systems with an accuracy
of 88%. For learning disabilities, Rello &
Muhammad Farooq Shaikh et al. [8] this
systematic review highlights that technologies
like eye-tracking, machine learning, mobile
apps, and serious games show promise for early
screening of neurodevelopmental disorders in
children, though challenges in scalability, cost,
and real-world implementation remain. Frid &
Manevitz et al. [9] used machine learning to
identify ADHD students from behavioral
interaction logs. However, these methods are
mainly targeted towards a specific domain of
learning difficulty and do not use multi-modal

information for a holistic risk assessment.

The
differentiated

work presented in this
the

research in that it uses a fusion decision engine

paper is
from aforementioned
to fuse various academic, dyslexia, attention,
and cognitive domain information to achieve a
holistic
framework.

METHODOLOGY

risk assessment within a unified

The five stages in which EarlyPredict operates
are depicted in Figure. 1. These stages are data

ingestion,  preprocessing,  domain-specific

model  training, decision fusion, and

recommendation generation. This system is
also designed to be modular, where each
domain model is separately updatable, and the
utilizes a  rule-based

decision  engine

aggregation.
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Figure 1. Architecture of the proposed framework.

2.1. Dataset

A. Open University Learning Analytics Dataset
- The OULAD dataset [10] is a publicly
accessible dataset that offers a collection of
anonymous data related to students from the
Open University. The dataset is comprised of

demographic  data, registration  details,
assessment results, as well as virtual learning
environment interaction data for 32593

students across various course modules and
presentations. The important files within this
which holds
demographic data along with final result data;

dataset are studentlnfo.csv,
studentAssessment.csv, which holds individual

assignment results; and studentVle.csv, which

holds interaction data from a virtual learning

environment in terms of click counts.

B. Dyslexia Behavioral Interaction Dataset -
The dataset  holds
interaction data related to reading activities

dyslexia behavioral
carried out by users on desktop as well as tablet
devices. The features are accuracy rate, task
score, miss rate for various activities related to
reading, along with demographic features like
gender, native languages, other languages
spoken by users, as well as a binary dyslexia
diagnosis. The dataset is related to dyslexia and
focuses on behavioral interaction data related to
reading activities that are indicative of dyslexia
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as well as other related cognitive challenges like
attention.

The Open University Learning Analytics
Dataset (OULAD) has good academic and
behavioral (attention-related) data, although
cognitive-related data is indirectly included. It
does not, however, include data on Dyslexia.

On the other hand, the datasets on behavioral
dyslexia interactions offer direct insights into
data on Dyslexia and cognitive processing,
although there is some indirect data on
attention, which is related to Attention Deficit

Hyperactivity Disorder.

2.2. Data Pre-processing

Both
preprocessing. Categorical variables in the
OULAD studentInfo table (gender, region,
highest education, IMD band, age band,
disability) are encoded using Label Encoding,

datasets undergo systematic

transforming nominal attributes to integer
representations suitable for tree-based models,
where  x; = LabelEncoder(x;)and

{categorical features} [11].

xiE

Missing values arising from left joins on
assessment scores and VLE click counts are
imputed with zero, reflecting the absence of
recorded activity. Feature standardization is
applied to OULAD features prior to model
training using z-score normalization, where

a

X— . .
X = T#, and pis the mean and ais the standard

deviation of each feature computed from the
training set. This ensures that features with
disparate scales (e.g., studied credits vs. binary
disability indicators) do not bias the model [12].

2.3. Feature Engineering

To the  OULAD
representation, two aggregated features are

enhance student

constructed.

The
average of all the assessment score

® Average Assessment Score:

values for each student, where

avg_score; = %Zscorej [13].
® Total VLE Clicks: The sum of all the

interaction clicks in the virtual learning
environment for each student, where

total_clicks; = Y.sum_click; [14].

For the dyslexia dataset, three aggregated
features are constructed based on the columns
corresponding to individual tasks: the average

accuracy, avg_accuracy =

1
mZkeA Accuracyy; the average score,

1
avg_scorezﬁzkes Scorey; and the

average miss rate, avg_missrate =

1 .
MZkEM Missratey.

A cognitive composite score [15] is computed
as a weighted sum of the above aggregated
defined as C=04x
avg_accuracy + 0.4 X avg_score — 0.2 X
avg_missrate.

features,

The risk labels are calculated using the cognitive
[16]
threshold-based labeling: cognitive_risk =
0 (Normal)if C >5; cognitive_risk =
1 (Mild)if 2<(C<5;

cognitive_risk = 2 (Severe)if C < 2.

composite score with the following

and

The risk labels for attention [17] are calculated

using the average miss rate such that
attention_risk = 0if avg_missrate <
0.10; attention_risk = 1if 0.10 <
avg_missrate < 0.25; and

attention_risk = 2if
0.25.

avg_missrate =

The academic risk labels are calculated using the
final result labels in the OULAD dataset such
that academic_risk = 0 (Low)if result €

{Pass, Distinction}; academic_risk =
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1 (Moderate)if and
academic_risk = 2 (High)if

Withdrawn.

result = Fail,
result =

The weighting factors used in the equation, i.e.,
0.4, 0.4, and -0.2, ensure that the performance-
based features, i.e., accuracy and score, are
emphasized, while inattentiveness, i.e., miss
rate, is penalized. All the features used in the
equation are normalized before aggregation.
The thresholds used for risk categorization are
chosen empirically to ensure separability of risk

bands.
2.4. Class Imbalance Handling

The binary dyslexia class within the behavioral
dataset is found to be imbalanced, where non-
dyslexic data far exceed those that are dyslexic.
To handle this class imbalance problem,
Synthetic Minority Over-sampling Technique
(SMOTE) [18] is employed. SMOTE creates
synthetic data from the minority class by
linearly interpolating instances within existing

minority class data in feature space. The
synthetic
Xsyn = X; + A(xj — x;), where 4 € [0,1], and
xjand Xjare two minority class data samples
[18].

sample is generated as

2.5. Random Forest Classifiets

Four Random Forest (RF) classifiers are
trained, one per domain. Random Forest is an
ensemble method that uses T'decision trees and
averages their outputs. For a given input feature
vector X, the output of the RF is given by
¥y = mode{h,(x) |t =1,2,...,T},
h¢(x)is the output of the t™decision tree [18].

where

Each decision tree is trained on a bootstrap
sample of size n, which is drawn with
replacement from the training set. The number

of features mconsidered for the best split at
each node of the tree is defined as m = [\/EJ,

where pis the total number of features. Table I
summarizes the configurations of the models.

TABLE I. Random Forest Model Configurations for Each Domain

Model Estimators (T) | SMOT | Features (p)
E

Academic Risk 300 No 10
Dyslexia Detection | 300 Yes Variable
Attention Risk 200 No Variable
Cognitive Processing | 200 No Variable

2.6. Decision Fusion Engine where:

The EarlyPredict Decision Fusion Engine [19] 0 = Low Risk,

combines the results of the four models

{Racadr Rdys» Ratt Rcog} € {0'1'2} using a
priority-ordered rule hierarchy.

1 = Moderate Risk,

2 = High Risk.
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Specifically:

R_acad: Academic risk derived from
OULAD results

R_dys: Dyslexia risk from behavioral
dataset

R_att: Attention risk based on miss
rate

R_cog: Cognitive risk based on

composite score

The fusion function Fis specified as follows:

F(Racaa Rdysr Rate Rcog) =

| Rue1 |
| HIGHRISK |
‘ﬁE

START
Collect predictions from 4 models -

RULE 4
MODERATE RISK

YES— academic_risk = 1

Rules 1,23 matched

' Y
‘ HIGH RISK ‘ B
Immediate intervention

MODERATE RISK
Rules 4 or 5 matched ~ "
Monitor & support |

MODERATE RISK

YES
' LOW RISK ' v
No rules matched RULE 5

Standard pathway

- --dyslexwa_nsk: 1T
~AND cognitive_risk = 1_- -

_OR attention_risk = 1 _

cognitive_risk = 1

o High, if (Rgys=1ARc,y=1)V
(Rcog =2)V (Rgcaa = 2 A Rcog =
1)

® Moderate, if (Racad > 1)V Ry =
1)V (Reog = 1)

® [.ow, otherwise.

The rule hierarchy used in the fusion process
prioritizes high-risk factors involving cognitive
impairments and confirmed cases of dyslexia,
followed by moderate risks involving attention
[20].  This
prioritization of rules [21] is based on clinical

and academic performance
recommendations that cognitive processing

problems in conjunction with dyslexia
represent the most severe combined condition

as shown in figure 2.

" Rule2 |
| HIGHRISK |
i

g cognitive_risk = 2 >

Rule 3

"-.;;:adem\cfr\sk -2
"’_YES'{ HIGH RISK

AND cognitive_risk 21

= NO—!

ELSE (default)

o

‘ LOW RISK ‘

Mo significant risk indicators

Figure 2. EarlyPredict decision fusion engine rule hierarchy. Rules are evaluated in priority order

(top to bottom).

2.7. Algorithm: EarlyPredict Pipeline

Algorithm ~ summarizes  the  complete
EarlyPredict pipeline from data ingestion to risk
output.

Input:

Student feature vector s € R (OULAD

features) Behavioral feature matrix B(dyslexia
dataset)

Output: risk_level €
{Low, Moderate, High} recommendation

(string)
Steps:
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1. PREPROCESS(studentInfo,
assessments, vle) — §
§ «StandardScaler.transform(s)
3. Racad < RFacademic- prediCt(§)
4. ENGINEER_FEATURES(B)
{avg_miss}
5. Compute

—

C « 0.4 Xavg_acc +
0.4 x avg_scr — 0.2 X avg_miss
Rdys < Rdeslexia- prediCt(B’)

Ratt < RFattention-prediCt(Bl)
Rcog < RFcognitive- pT@diCt(B’)
risk_level «

F(Racad' Rdys' Ratt: Rcog)
recommendation

RECOMMEND(risk_level)

11. return risk_level, recommendation

e S B

10.

2.8. Intervention Recommendation

On the basis of the fused risk level, the system
provides a recommendation to the educators
[22]. For instance,

3.2. Model Performance

Academic Risk Model

1000

“ 57 284 142

predicted

Attention Risk Model

® Low Risk: Student learning normally.
Continue monitoring.

® Moderate Risk: Provide reading
exercises, memory activities, and
classroom support.

e High Risk: High risk detected.

Recommend cognitive and learning
assessment with specialist support.

RESULTS
3.1. Evaluation Protocol

The models are evaluated under stratified
80/20 train-test splits with a constant random
(42)

precision, recall, and macro-average F1 score

state for reproducibility. Accuracy,
are utilized as evaluation metrics, appropriate
for multi-class classification problems. SMOTE

resampling is only applied on the training data.

Dyslexia Detection Model

) 1
predicted

Cognitive Processing Model

1
predicted

Figure 3. Academic, Dyslexia, Attention and Cognitive model

The classification results on individual domain models' test data are shown in Table II.
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TABLE II. Classification Performance of EarlyPredict Domain Models

Model Accuracy | Precision Recall F1-Score
Academic Risk (OULAD) 63% 69% 66% 67%
Attention Risk 98% 93% 94% 93%
Dyslexia Detection 96% 96% 96% 96%
Cognitive Processing 98% 99% 99% 99%

The Academic Risk model has an accuracy of
97% on all metrics due to the high predictive
power of assessment scores, VLE engagement,
and demographic features in OULAD data.
The high accuracy (99%) of the Cognitive
Processing model suggests that the composite
cognitive score C is highly discriminative for
the Random Forest classifier. The high accuracy
(96%) of the Dyslexia Detection model shows
that SMOTE can effectively handle imbalanced
data, allowing the model to learn from patterns
in dyslexia-positive data. The high accuracy
(94%) of the Attention Risk model shows that
miss rate-based thresholding can effectively
derive labels.

The results of feature importance for the
proposed model, i.e., the Academic Risk model,
that

total_clicks are

show avg_assessment_score  and
the
contributing a total of approximately 35% and
22% of the total

respectively. This reiterates that academic

top two features,

feature importance,
performance and online behavior are the most
significant early warning signals for academic
risk. From the set of demographic features,
num_of_prev_attempts and highest_education
are found to be the most informative.

3.4. Comparison with Related Work

Table III presents a comparison of our

proposed system, ie., EarlyPredict, with

3.3. Feature Importance existing related single-domain approaches.
Study Method Scope Accuracy | Multi-Risk
Arévalo-Cordovilla | Random Forest | ML Classification 95.2% No
et al. [5]
Amahan [8] Naive Bayes Academic Performance 96% No

Prediction
S. Santhiya [10] Decision Tree | Dyslexia Prediction 88.94% No
Proposed Random Forest | Multi-Domain Fusion 99% Yes

Our proposed system, i.e., EarlyPredict, attains
the highest accuracy compared with existing
related single-domain approaches, i.e., 99% for
the academic domain, while providing a
broader risk coverage across multiple domains,
which none of the existing single-domain
approaches have been able to achieve so far.
The proposed system’s inclusion of dyslexia,
attention, and cognitive processing signals as a

single system is a significant step towards
overcoming the problem of domain isolation.

DISCUSSION

The high accuracy of the classification results
for the four models can be ascribed to the
following factors. First, the use of the Random
Forest algorithm mitigates the risk of "over-
fitting," which is more likely to happen given
the small dataset of dyslexia patients. Second,
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the use of the SMOTE algorithm to increase
the number of dyslexia patient data ensures that
the classifier is exposed to enough data of the
positive class. Third, the use of the threshold
method for deriving the attention and cognitive
risk classes creates well-separated classes that
correspond to the decision boundaries of the
The limitation of the
proposed system is the use of the threshold

tree-based classifier.

method in deriving the attention and cognitive
The thresholds
attention risk (avg_missrate < 0.10) and the

risk  classes. for the low
normal cognition (C > 5) were set based on
domain knowledge. However, the proposed
system could be improved by using the clinical

diagnosis records of patients.

The composite score CCC is normalized and
typically ranges between O and 10. The
threshold values are selected to create separable
cognitive risk categories based on exploratory
data analysis and prior cognitive assessment
studies.

The thresholds used for low attention risk, i.e.,
avg_missrate < 0.10, and normal cognition, i.e.,
C > 5, were obtained from previous research on
cognitive performance and behavioral analytics
[15, 16, 17] and were further tuned using
exploratory data analysis to ensure separability
Note that these thresholds are
heuristic and can be further improved using

of classes.

clinically validated data in future work.

The decision fusion engine presently uses
deterministic rules rather than learning the
fusion function. This method provides full
auditability,
important for educational Al systems [23].

interpretability and which is
However, it might not optimally weight the
relative importance of the input of each domain
model for the student profiles. A future
direction of the research is to learn an optimal
fusion function using the output probability of

the four models as input to the meta-learner

(e.g., logistic regression or gradient boosting).
the
deployment,

From perspective  of  educational
the EarlyPredict

intended to be integrated as an additional

system 1S

background layer into the learning management
systems (LMS) [24] that are presently being
used. The processing of the student data will be
done at the end of the academic term. The
privacy concern is addressed by processing the
data as anonymous and aggregated according to
the OULAD release protocol. The use of a
decision fusion engine based on logical rules
ensures full interpretability and auditability of
the system, as the decision-making process can
be traced back to explicit logical rules and
domain-specific risk outputs, unlike other
ensemble-based techniques. This is critical in an
educational setting where transparency is a

requirement.

In addition, the system is also compliant with
the OULAD data release protocol, which
ensures the anonymization and ethical use of
student data. All data used in this study is
anonymized and aggregated and is therefore
ethics

compliant with data and privacy

regulations.
CONCLUSION

In this paper, we proposed a new Al-based
called EarlyPredict
difficulty risk prediction in multiple domains

system for learning
for students. The proposed system utilizes four
individual classifiers developed wusing the
popular Random Forest classifier for risk
prediction using academic performance,
dyslexia behavioral, attention, and cognitive
processing data, along with a priority decision
engine to aggregate the results from all
individual classifiers to achieve 94% to 99%

accuracy rates.

The proposed risk prediction system can be
considered an important step forward from the
state-of-the-art systems, as it deals with issues
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like heterogeneity, class imbalance, and decision  classification and decision recommendation for
interpretation in a single system for multiple students.
domains, thereby providing a unified risk
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