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Abstract: Early identification of academic learning difficulties (ALD) is crucial for ensuring timely interventions and improving
educational outcomes. While traditional screening tools have long been in use, advancements in machine learning (ML) offer
promising alternatives. This review compares the effectiveness of traditional and automated approaches in identifying ALD
among young children. It explores the strengths and limitations of traditional tools, the potential of ML algorithms to enhance
early identification, the challenges of implementing ML in educational environment, and the ethical considerations and policy
implications associated with these tools. The findings provide valuable insights for educators, policymakers, and researchers
aiming to improve early identification and support for children with ALD.
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I. INTRODUCTION

Imagine a young child struggling with reading, writing, or math, yet their difficulties go unnoticed until it is too late. The long-term
effects of untreated academic learning difficulties can be devastating, impacting a child's development in various areas. Delayed
diagnosis and intervention may lead to academic challenges, career limitations, and social-emotional problems. However, numerous
examples of world-renowned individuals, such as Albert Einstein and Winston Churchill, demonstrate the importance of early
intervention. These individuals faced significant challenges due to their ALD, but with the right support and accommodations,
remarkable success was achieved.

Early screening and intervention are essential for addressing ALD and mitigating their negative consequences. Identifying and
addressing learning difficulties at an early age ensures that children receive the support they need to succeed academically, socially,
and emotionally. While traditional screening tools have been used for decades, recent advancements in machine learning (ML) offer
promising alternatives. This paper aims to conduct a comprehensive review and comparison of traditional screening tools and ML-
based approaches in identifying ALD among young children.

This study investigates the following research questions:

1) What are the strengths and limitations of traditional screening tools, such as standardized tests and teacher observations, in
identifying ALD?

2) How can ML algorithms, such as support vector machines (SVM), Random Forest (RF), and convolutional neural networks
(CNN), be applied to identify ALD based on various data sources, including cognitive tasks, behavioral observations, and
neuroimaging data?

3) What are the challenges and ethical considerations associated with using ML-based screening tools in educational settings, such
as data privacy, algorithmic bias, and explainability?

4) How can ML-based screening tools be integrated into existing educational systems to improve early identification and
intervention for children with ALD?
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Addressing these research questions provides valuable insights for educators, policymakers, and researchers seeking to enhance the
early identification and support of children with ALD. Additionally, the findings contribute to the ongoing development of
evidence-based practices in the field of special education. The paper is organized as follows: Section Il provides a literature survey
on traditional and automated approaches of screening for ALD. Section I11 discusses automated tools for learning disabilities, with a
focus on assessment tools in India. Finally, Section 1V presents the conclusions and recommendations for future research.

Il. PREVIOUS WORK
The early detection of academic learning difficulties (ALD) is pivotal in providing timely interventions that can significantly
improve children's educational outcomes. While traditional screening tools have been foundational in identifying ALD, recent
advancements in machine learning (ML) have introduced promising alternatives that could revolutionize this process. This literature
survey examines the effectiveness of both traditional and ML-based methods for identifying ALD in young children and explores
recent innovations and future research directions.

A. Traditional Screening Approaches

1) Traditional screening tools, including standardized tests and teacher evaluations, have been widely used to assess children's
cognitive and academic capabilities. These methods provide valuable insights but also come with notable limitations:

2) Cultural and Linguistic Bias: Traditional tools often lack the sensitivity required to accurately assess students from diverse
cultural and linguistic backgrounds, potentially leading to inaccurate diagnoses (Ramirez et al., 2019; Esquivel et al., 2017).

3) Limited Sensitivity: Some traditional methods may not detect subtle early indicators of ALD, which can delay necessary
interventions (Mclintosh et al., 2018; Johnson et al., 2020).

4) Time-Intensive Procedures: Administering and scoring standardized tests can be a time-consuming process, adding to the
workload of educators (Baker et al., 2016; Santos et al., 2019).

Despite these challenges, traditional screening methods remain an integral part of early identification strategies. Research shows that

early interventions based on these tools can improve educational outcomes for children with ALD ( Snowling et al., 2020; Gilmour

etal., 2018).

B. Technology Interventions in Screening ALD

The application of machine learning algorithms in screening and detecting ALD encompasses a broad range of cognitive disorders
impacting a child's academic performance. Various ML approaches have been studied for their accuracy and relevance to ALD
screening, as reported by different researchers.

Table 1: Literature Survey

Anthor(=) Wear Algorithm / Technology Focus 2 Area Accaracy
Tiguven, T., Huynh, T, 2023 Autoencoders (Deep Early detection of ALD=s | 85%
Tran, D.. & Nguyen. H. Learning)
Jones, P, Smith, B, & 2022 FReinforcement Learning Adaptive leaming A
Wang, L. CAD systems for ALD
Liu. Q.. Wang. J., & Chen, | 2023 Conwvolutional MNeural TNeuroimaging for ALD 1%
b MNetworks (CNNs)
Tfanghir Alani hiishra, P, | 2023 Semi-Supervised SWHL Prediction of ALDs= in 84.6
& Kulkami, S. primary school children
Fello, L, Romero, E_ & 2023 Ifachine Leaming Interactive game-based sS8%%
Ballesteros, M. (Warious) screening for ALD
Patel, B, Shah, M., & 2022 Random Forests (REJ} Dryscalculia classification | 94%
Patel, FI. (a type of ALD)
Chen, H., Yang, F., & 2023 EININ & Neural MNetworks EEG-based identification | 82%
Fhang, Z. of AL Ds
TEzhalalshmi, M, & 2022 Decision Trees, Random Dryslexia prediction (a ™A
Merriliance, K. Forests (RF} type of ALDY
Frid, A, & Manewvitz, L. 2018 SV & Feature Selection | Brain area correlation 5%
. and ALD classification
Fezvani, Z., Zare, M., & 2019 EEG Local Network Classification of dyslexic | 25%
Wan der Molen, I Features (MWL) children
Khan, B. U_ Cheng, J. L 2023 Pre-classified Data Automated diagnostic EERS
AL & Oon. Y. B. Analysis (WLY system for dyslexia

CALDY
Fhou. ¥ ., Sun, W & 2022 Hybrid SVLI-PSO Dryslexia prediction from | ©3.6
Wang, J. eve movements (ALD)
Fhao, X, Wang. M & 2023 Speech Recognition & Al | Al-powered tools for A
Zhang, ¥ VL) dyslexia (ALD)
ue. H.., Zhang, Q.. & LLi 2022 Festing-State EEG Global network A
. Analyvsis (ML) deficiency in dyslexic

children
Spoon, K., Siek, K., & 2019 Tdeural MNetworks Detection of dyslexia in 77 6%
Crandall. D. handwriting (ALD)
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Supervised learning models are trained on labeled datasets where the outcomes are known (e.g., whether a student has been
diagnosed with a learning difficulty). Studies such as those by Smith et al. (2023) and Jones et al. (2022) have demonstrated the
effectiveness of Decision Tree and Random Forest in classifying students based on their academic performance and cognitive
assessments. The architecture of a typical supervised learning model used in ALD detection shown in figure 1 includes an input
layer for educational data, a preprocessing layer for feature selection, the ML model itself (e.g., Random Forest), and an output layer
that provides the final classification (e.g., at-risk or not at-risk). The Random Forest model, as explored in Jones et al. (2022),
achieved an accuracy of 91%. These results indicate the robustness of ensemble methods in dealing with complex educational data.

Prediction

Test dataset
Performance Evaluation

Figure 1: Architecture of Supervised Learning Models

NLP techniques are particularly effective for detecting language-based learning difficulties like dyslexia. Studies by Thompson et al.
(2023) have applied text classification models to student essays, achieving an accuracy of 87% in detecting dyslexia. The NLP
model processes input text through tokenization and syntactic analysis, followed by a deep learning model such as a Convolutional
Neural Network that classifies the text as indicative of dyslexia or not. The accuracy of 87% achieved in Thompson et al. (2023)
suggests that NLP models are highly effective in automating the detection of dyslexia, making them valuable tools for early
interventions. Deep learning models, such as Convolutional Neural Networks and Recurrent Neural Networks (RNNs), offer
advanced capabilities for detecting ALD from complex, high-dimensional data like handwriting samples and longitudinal academic
records. For instance, Patel et al. (2023) utilized CNNs to analyse handwriting patterns, achieving an accuracy of 89%.Several
cutting-edge tools and methodologies have emerged in recent years, significantly enhancing early ALD identification. Deep
Learning Models Chen et al. (2024) introduced a CNN framework that integrates behavioural and academic performance data to
predict dyslexia with exceptional accuracy. This model showcases the potential of deep learning to improve early screening.

Natural Language Processing (NLP) Tools: In 2023, Liu et al. developed an NLP-based tool that analyses teacher reports and
student essays to identify potential learning difficulties, improving early detection rates. Cross-Domain Data Integration: Miller &
Thompson (2024) proposed a new framework that integrates cognitive, behavioural, and linguistic data to provide a comprehensive
assessment of a child's risk for ALD. While ML advancements in ALD screening are promising, several challenges remain,
Thompson & Lee (2023) highlighted concerns about algorithmic bias, particularly in diverse educational settings. Future research
should focus on developing models that are culturally and linguistically inclusive to ensure equitable outcomes. The growing
complexity of ML models, improving their interpretability is crucial. Hernandez et al. (2024) emphasized the need for developing
tools that not only predict ALD with high accuracy but also offer transparent decision-making processes that educators and parents
can understand and trust. Future research should also focus on validating the long-term effectiveness of ML-based screening tools
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through longitudinal studies. This includes examining the impact of early interventions informed by these tools on students'
academic trajectories.

IHLAUTOMATED SCREENING TOOLSFOR LEARNING DIFFICULTIES
Traditional methods of assessing learning disabilities (LD), such as paper-based tests and behavioural checklists, have long
been the cornerstone of early identification strategies. These methods, while valuable, often face limitations in their ability to fully
capture the complexities of LD. Recent advancements in technology have led to the development of automated tools that offer more
comprehensive and adaptive approaches to LD assessment.
Traditional Assessment Methods
Paper-based tests and behavioural checklists are traditional methods used for identifying learning disabilities. Paper-based tests,
such as standardized assessments and teacher observations, provide structured means of evaluating students' academic abilities and
learning challenges. These tests offer valuable insights but often face limitations, including being time-consuming and potentially
culturally biased. Behavioural checklists, which involve teachers observing and documenting signs of learning difficulties, help in
identifying potential issues early. However, these methods also come with limitations such as limited sensitivity to diverse learning
needs and individual differences. Both approaches may not fully capture the nuances of learning disabilities, highlighting the need
for more adaptive and comprehensive screening tools.

A. Assessment Tools

1) DST (Dyslexia Screening Test): Assesses dyslexia risk through reading, writing, spelling, motor skills, attention, and reasoning.
(https://mww.pearsonclinical.co.uk/AlliedHealth/PaediatricAssessments/LanguageL iteracy/DyslexiaScreeningTest/)

2) DTLD (Diagnostic Test of Learning Disabilities): Diagnoses specific learning disabilities by evaluating a student’s ability to
acquire, retain, and apply information and skills. (https://www.jstor.org/stable/41217806 )

3) GLAD (Grade Level Assessment Device): Assesses academic skills in reading, writing, and math.
(https://www.pearsonassessments.com/store/usassessments/en/Store/Professional-Assessments/Learning-Disabilities/Grade-
Level-Assessment-Device-%28GLAD%29/p/100000253.html )

4) Arithmetic and Diagnostic Test: Evaluates mathematical abilities and identifies specific areas of difficulty.

5) PRASHAST (Pre Assessment Holistic Screening Tool) : A mobile app for different types of Learning disability screening.
(https://play.google.com/store/apps/details?id=com.prashast )

6) DALI (Dyslexia Assessment for Languages of India): A comprehensive toolkit for identifying dyslexia in Indian languages.
('https://mgiep.unesco.org/article/dyslexia-assessment-for-languages-of-india-dali )

B. Limitations of Assessment Tools

Cultural bias in educational tools can be a significant challenge, as many of these tools may not be adequately tailored to
accommodate students from diverse backgrounds, potentially leading to inaccurate assessments. Additionally, the limited scope of
certain tools, which often focus on specific areas of learning, can result in the overlooking of other critical learning challenges. This
limitation is compounded by the time-consuming nature of administering and scoring these assessments, which can be a burden on
educators. Furthermore, accurately interpreting the results from these tools often requires specialized expertise, making it difficult
for non-experts to make informed decisions. Moreover, the reliance on digital tools presents its own set of challenges, particularly in
areas where access to technology is limited, thereby restricting the utility and reach of such assessment methods.

The table 2 outlines various tools designed to assess specific learning disabilities (SLDs) across several parameters. The "Tool
Name" column lists the names of these tools, which are used to evaluate conditions such as dyslexia, dysgraphia, dyscalculia,
ADHD, and general learning disabilities. The "Country™ column specifies the nation of origin for each tool, including India, the
USA, the UK, and Australia. The "Type of Product™ column distinguishes the type of tool, whether it's a Screening Tool (ST),
Diagnostic Test (DT), Assistive Tool (AT), Intelligence Test (IT), or Cognitive Assessment Tool (CAT). The "SLD" column
identifies the particular disability the tool addresses. The "Cultural Sensitivity" column indicates the level of adaptation to the
cultural context, ensuring the tool’s relevance in diverse settings. The "Comprehensive Assessment” column specifies whether the
tool offers a thorough evaluation or a limited screening. The "Special Access" column highlights if any specialized expertise or
professional training is required for its use. Finally, the "Paid/Free" column notes whether the tool is free of charge or paid. This
structured information helps professionals make informed decisions when choosing the right tools for identifying and diagnosing
learning disabilities. While traditional methods remain prevalent, technological advancements offer promising alternatives for
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identifying ALD. However, challenges such as cultural bias, limited scope, and resource constraints need to be addressed for
effective implementation. A combination of traditional and ML-based tools, along with appropriate training and support, can
enhance early identification and improve educational outcomes for children with ALD

Table2: Assessment tools comparison table

Type of Cultural Comprehensive | Special :
Tool Mame Country | . sSLD Sensitivi Sl Paid/Free
PRASHAST India 5T Dryslexia, High Mo Mo free
Dwysgraphia,
Dyscalculia
DTLD India oT Dryslexia, High Yas Requiras paid
Dwysgraphia, trained
Dyscaloulia professio
nals
Jha's Imdia 5T Dwslexia High Mo Mo paid
screening test
SEN Math India 5T Dyscalculia High No No paid
Screening Tool {Mathematica
| Learming
Disability)
SCALE India 5T Learning High Mo No paid
Disabilities
(general)
KoY India ST General High Mo Mo paid
Learning
Disabilities,
ADHD,
Aurtism
Spectrum
Disorders
DST UK 5T Dyyslexia Moderate Mo yEs paid
GLAD Australi AT Dysgraphia nModerate Mo yes paid
a
ADT USA oT ADHD Moderate Yes yes paid
PRASHAST India ST Dryslexia, High Mo No paid
Drysgraphia,
Dyscalculia
DALl USA AT Dyscalculia High Yes Yes paid
WISC UsA IT General High Yes yes paid
Cognitive
Abilities
BAS UK CAT General High Yas yas paid
Cognitive
Abilities
Wl usa CACT General Moderate Yes YEs paid
Academic
Achievement

IV.SCOPE FOR FUTURE RESEARCH

The integration of traditional and automated tools for assessing academic learning difficulties presents several challenges that must
be addressed to ensure effective and equitable outcomes. A major challenge is the availability and quality of data. In many regions,
especially under-resourced areas, educational data may be sparse, inconsistent, or incomplete, leading to unreliable predictions and
assessments. Privacy concerns further complicate data collection, restricting the development of robust datasets necessary for
effective model training.

Cultural and linguistic sensitivity is another significant issue. Many assessment tools are developed using datasets that do not fully
represent the diverse backgrounds of students, resulting in biased assessments. To provide fair and accurate evaluations, it is
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essential to create tools that are adaptable and inclusive of various cultural and linguistic groups. Economic constraints also pose
difficulties in implementing ALD assessment tools.

Schools in economically disadvantaged areas often have limited budgets, restricting access to both traditional and automated tools.
The costs associated with these tools can be prohibitive, and integrating new technologies into existing educational systems presents
logistical challenges. Adequate training for educators and staff is needed to effectively use these tools. Without proper integration
and training, the potential benefits of these advanced tools may not be fully realized, limiting their impact on early ALD
identification.

V. CONCLUSIONS

The early identification of academic learning difficulties is essential for providing timely support to students. This study emphasizes
the integration of traditional and automated assessment tools to enhance detection accuracy. While traditional methods are reliable,
they often lack the sensitivity needed for diverse contexts. Automated tools, though efficient, face challenges related to data quality,
economic barriers, and cultural inclusivity. Future research should prioritize the development and refinement of datasets, focusing
on creating more diverse datasets that represent various cultural and socioeconomic backgrounds. Additionally, exploring ways to
make these tools accessible in different regions is crucial. By addressing these challenges, more effective and equitable ALD
screening solutions can be achieved.
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