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Abstract

Background: Mathematical learning difficulties (MLD) are associated with weaknesses in both domain-specific numerical abilities and
domain-general neurocognitive processes. In this study, we developed and validated a web-based neuropsychological screener, Askisi-
Mathematical Difficulties (MD), that integrates cognitive control and mathematics-related tasks for the first-line identification of children
at risk for MLD was developed and validated. Methods: We enrolled 564 children, including 282 children with an established MLD
diagnosis recruited from a state diagnostic center and 282 typically developing children pair-matched for age and gender. Askisi-MD
consisted of six tasks, including three cognitive tasks assessing inhibitory control, visual pattern recognition, and visual working mem-
ory, as well as three mathematics-related tasks assessing mental calculation verification, mathematical terminology comprehension, and
arithmetic word problem operation selection. Accuracy scores and latency indicators were analyzed. Differences among groups were
examined usingWelch’s independent-samples t-tests, Benjamini–Hochberg False Discovery Rate (FDR) correction, and Hedges’ g effect
sizes. Internal coherence was examined using McDonald’s Ω. Discriminant validity was evaluated via receiver operating characteristic
(ROC) analysis and through the use of classification indices. Supervised machine learning models, including Support Vector Classifier,
Random Forest, and eXtremeGradient Boosting (XGBoost) classifiers, were trained and cross-validated, while model interpretability was
examined via SHapley Additive exPlanations (SHAP) analysis. Results: Children with MLD showed significantly poorer performance
across all six task-score indicators after FDR correction, with moderate-to-large effect sizes. Minute-based task-completion time differ-
ences were more selective. Children with MLD showed significantly longer completion times on the Mental Calculation and Arithmetic
Word Problem tasks, whereas completion-time differences were not significant for Visual Pattern Recognition Abilities or Mathematical
Terminology Comprehension. McDonald’s Ω indicated modest internal coherence for the neuropsychological task-score composite and
the total task-score composite. The strongest internal coherence was observed for the mathematical processing-efficiency composite.
ROC analysis supported strong case-control discrimination, and classification indices indicated balanced group classification. Across
the cross-validation folds, XGBoost achieved the highest mean accuracy, precision, and F1 score, while XGBoost and Random Forest
demonstrated the same mean recall. XGBoost also showed strong discriminative performance, as indicated by the cross-validated area
under the receiver operating characteristic curve (ROC-AUC). SHAP analysis indicated that Arithmetic Word-Problem Task Latency,
Arithmetic Word Problem performance, Mathematical Terminology Comprehension, Mental Calculation, and Go/No-Go error score had
greater influence on XGBoost model predictions than the remaining task indicators. Conclusions: Askisi-MD provides a neuropsy-
chologically informed web-based approach to MLD screening by jointly sampling mathematical performance and supporting cognitive
control functions. The composite-level internal coherence findings support the use of Askisi-MD as a multidomain screener rather than
as a set of independent mathematics subscales. Its explainable machine learning framework further enhances model interpretability by
identifying the task-level indicators most strongly contributing to classification outcomes. Askisi-MD thus offers promise as a first-line
screening tool to support referral decisions, rather than a stand-alone diagnostic instrument.

Keywords: mathematical learning difficulties; learning disabilities; neuropsychological tests; machine learning; early screening

https://www.imrpress.com/journal/JIN
https://doi.org/10.31083/JIN52375
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0001-8348-6533
https://orcid.org/0009-0009-4243-5831
https://orcid.org/0000-0002-1645-9313
https://orcid.org/0000-0003-2067-9949
https://orcid.org/0000-0002-4474-7566
https://orcid.org/0000-0002-3216-9025
https://orcid.org/0000-0001-7495-6863


1. Introduction
Mathematical learning difficulties (MLD) refer to per-

sistent difficulties in acquiring numerical and arithmetic
skills that are not attributable to general intellectual disabil-
ities, poor education, or sensory deficits. These difficulties
may manifest as challenges in understanding number mag-
nitude, performing basic calculations, or recalling arith-
metic facts, and often appear early in childhood [1]. Chil-
dren affected by MLD exhibit impairments in core numeri-
cal processing abilities, such as the ability to rapidly quan-
tify small sets, number comparison, and symbolic number
understanding, all of which have the potential to signifi-
cantly impact their academic trajectory and self-esteem. Ef-
fectively identifying MLD and intervening at an early stage
is therefore crucial to mitigate any long-term educational
and social consequences [2]. MLD affects an estimated
3% to 7% of school-age children, although its prevalence
varies somewhat based on diagnostic criteria, assessment
tools, and population samples [3]. While mathematical dif-
ficulties have been reported to be as common as reading
disabilities, they remain significantly underdiagnosed and
under-researched [4,5,6].

Luciano et al. (2025) [7] emphasized that children
with MLD frequently present with co-occurring learning
difficulties, including dyslexia, and comorbid neurodevel-
opmental disorders such as attention-deficit/hyperactivity
disorder, complicating accurate assessment and interven-
tion efforts. MLD underdiagnosis may be more common
among females due to gender biases in teacher referrals and
differences in coping strategies [8]. Importantly, mathe-
matical difficulties are not solely an academic issue, as they
are also linked to long-term outcomes, including lower ed-
ucational attainment, reduced employment prospects, and
financial difficulties in adulthood [3,6,7,9]. Given how of-
ten MLD presents contemporaneously with other neurode-
velopmental disorders, large-scale screening and improved
epidemiological tracking are essential [6].

Several studies have asserted the importance of shift-
ing from the relatively one-dimensional “dyscalculia” term
in favor of the broader multidimensional MLD construct
to more effectively capture the heterogeneous pathways
through which children present difficulties in mathematics
[10,11,12,13]. In line with this perspective, MLD encom-
passes deficits in calculation but may also involve disorders
across multiple domains of mathematical ability, includ-
ing number processing, procedural knowledge, visuospa-
tial organization, memory for arithmetic facts, and higher-
order mathematical reasoning. The Diagnostic and Statis-
tical Manual of Mental Disorders (DSM-5) [14] describes
dyscalculia under specific learning disorders with impair-
ment in mathematics, characterized by persistent and clini-
cally significant difficulties in number sense, memorization
of arithmetic facts, accurate or fluent calculation, and accu-
rate mathematical reasoning [14]. In the present study, the
term MLD is used preferentially given that it more effec-

tively describes the broader educational and neurocognitive
profile of children who experience significant challenges in
mathematics.

Two of the most well-studied neuropsychological
models of numerical cognition suggest that number pro-
cessing relies on distinct representational and format-
specific systems. These neural networks exist across spe-
cialized regions in the left and right cerebral hemispheres
[15,16]. These models are grounded primarily in findings
from adult patients who have suffered traumatic brain in-
juries and are based on observed dissociations in number-
related functions such as calculation, numerical compre-
hension, or recognition of digits. These patterns support
the notion that different aspects of numerical processing are
localized to separate neural circuits and can be selectively
disrupted by localized brain injury.

The McCloskey, Caramazza, and Basili (1985) [17]
model offers a neuropsychological account of how numer-
ical information is processed in the brain. It proposes that
number processing involves distinct cognitive systems, in-
cluding one responsible for number comprehension, one in-
volved in number production, and another that is required
to perform calculations. These systems operate on abstract
numerical representations that are separate from the physi-
cal forms in which numbers appear, be they spoken, written,
or symbolic. This separation is important because deficits
in specific brain regions can selectively impair one sys-
tem while leaving others relatively intact. According to
this model, lesions in left parietal areas may affect calcu-
lation abilities without disrupting number comprehension
or production. Affected individuals may retain the abil-
ity to recognize and read numbers but fail to perform even
simple arithmetic operations. This model has become im-
portant for understanding numerical deficits in individuals
with acquired brain injuries and developmental disorders
like MLD, emphasizing that distinct neural circuits high-
light different aspects of number processing [17].

The Dehaene model of numerical cognition offers a
neuropsychological explanation for how numbers are un-
derstood and processed by the neurocognitive system. This
so-called “Triple Code Model” suggests that the brain rep-
resents numbers in three main ways, each of which is linked
to different cognitive functions and brain regions. The first
of these is the analog magnitude representation, which en-
compasses a nonverbal sense of quantity that does not re-
quire the need to count. This sense is believed to be rooted
in the intraparietal sulcus (IPS) and forms what is often de-
scribed as a “mental number line”. The second is the vi-
sual Arabic code, which involves recognizing written nu-
merals and is linked to the occipitotemporal cortex, assist-
ing in reading and distinguishing numbers on a page. The
third is the verbal code, which is associated with the audi-
tory and phonological representation of numbers and plays
a central role in tasks such as counting. This process re-
lies on language areas in the left perisylvian cortex. To-

2

https://www.imrpress.com


gether, these three systems operate as an integrated neural
network that supports the comprehension, mental manipu-
lation, and expression of numerical information. When one
of these systems is impaired, it can lead to difficulties such
as dyscalculia [18,19,20].

Research focused on children has suggested that nu-
merical disabilities are linked to clear differences in the
functionality of the brain’s number networks. Neuroimag-
ing studies have demonstrated that the parietal cortex,
specifically the IPS, serves as a hub for quantity process-
ing [18]. In children with numerical disabilities, this re-
gion often responds less efficiently than in normal controls
when comparing magnitudes. The same impaired activa-
tion is present when they perform simple calculations, and
its structure can also be subtly altered [19]. This is consis-
tent with both the McCloskey model and Dehaene’s Triple
Code Model, which posit that parietal circuits play a cru-
cial role in representing abstract numerical magnitude and
supporting calculation.

Numerical difficulties are not confined to a single
brain region. FunctionalMRI and connectivity studies have
shown that childrenwith numerical disabilities often exhibit
disrupted communication within a broader fronto-parietal
network [21]. Atypical patterns have been reported be-
tween the IPS and frontal regions involved in attention,
working memory, and strategy control, as well as tempo-
ral and occipitotemporal areas that support symbolic num-
ber forms [22,23,24]. Some children show signs of com-
pensatory neural activation, recruiting additional frontal or
temporal regions to cope with tasks that are handled more
automatically by parietal circuits in typically developing
peers [25]. Others present with hyperconnectivity or hy-
peractivity in regions like the hippocampus, suggesting a
greater reliance on strategies that depend on effortful mem-
ory processes rather than efficient quantity processing in
these individuals [26,27].

Longitudinal and training studies have emphasized
neuroplasticity in the management of MLD, suggesting that
the observed differences in brain function may attenuate or
shift with instruction and practice [28]. Children with nu-
merical disabilities who receive targeted numerical inter-
ventions, such as number-line or arithmetic training, may
exhibit neural network reorganization in the form of in-
creased temporoparietal activation, changes in structural
covariance, and/or reductions in abnormal hyperconnectiv-
ity after successful training [24,27,29]. The studies suggest
that numerical disabilities in children can best be under-
stood as a consequence of the atypical development and co-
ordination of the neural circuits detailed in these neuropsy-
chological models, rather than a simple lack of practice with
numbers.

In addition to mathematical challenges, children with
MLD face broader difficulties in how they process andman-
age information. Neuropsychological research has consis-
tently found that a large subgroup of children with numeri-

cal disabilities have problems with working memory, atten-
tion, and executive function [30,31]. Owing to these diffi-
culties, even relatively simple classroom tasks, like keep-
ing track of the steps in a subtraction problem or follow-
ing multi-step instructions, can become unexpectedly de-
manding. Issues with working memory are among the most
consistent findings in these children, especially when they
need to remember both items and their order. Children with
MLD often exhibit weaker performance on tasks such as
recalling a sequence of digits or reproducing a pattern of
blocks, particularly when order is important [32,33]. Im-
pacts on spatial working memory, which is important for
tasks such as lining numbers up correctly, reading lines of
numbers, or understanding place value, are also frequently
reported [34]. Recent work in different cultural contexts,
including Egyptian and Moroccan samples, has provided
support for the notion that reduced working memory capac-
ity is a stable feature in many children with numerical dis-
abilities, rather than something that is simply attributable to
insufficient schooling or motivational factors [35].

Inhibition, cognitive flexibility, and updating also ap-
pear to be compromised in many children with MLD. In-
deed, MLD is commonly associated with greater difficulty
inhibiting irrelevant responses, shifting between tasks, and
managing complex problem-solving demands compared
with their typically developing peers [36,37,38]. Longitu-
dinal and screening studies have suggested that weaknesses
in these number-related executive functions can help differ-
entiate between cchildren meeting the study’s MLD crite-
ria and those whose poor mathematics performance reflects
factors other than specific learning difficulties [39,40].

It is important to note that there is no single cogni-
tive profile associated with MLD. Some children show rel-
ative deficits only in number processing, whereas their gen-
eral cognition is intact, while others exhibit a broader pat-
tern of impairment that entails language, attention, or global
executive dysfunction [30,37,41]. These cognitive weak-
nesses also frequently interact with emotional factors such
as anxiety. When a child’s working memory resources are
already limited, the stress and worry that come with re-
peated experiences of failure in mathematics can further
disrupt this system, leaving even fewer cognitive resources
available for mathematical problem solving. Children with
MLD often face a dual challenge stemming from the associ-
ation between math-related anxiety and working memory.
Specifically, it has been proposed that these children begin
with reduced working memory resources and experience
greater anxiety in math-related situations, which can fur-
ther strain their limited capacity for problem solving [42].
Over time, this combination can reinforce math avoidance,
further widening the gap in their abilities relative to their
peers [43].

Over the past two decades, there has been a clear
shift from traditional pencil-and-paper testing to computer-
based platforms when seeking to identify children at risk for
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MLD. One of the earliest and best-studied software appli-
cations is the Dyscalculia Screener, which is a standardized
computer-based assessment for children approximately 6–
14 years of age that was originally developed by Butter-
worth (2003) [44]. It uses timed tasks focused on core
number processing skills and arithmetic fluency to provide
risk classifications rather than a full curriculum-based math
profile [45,46,47]. Building on this approach, Räsänen et
al. [48] have developed a large-scale online dyscalculia
screener, delivered entirely via the internet, which can be
administered to whole cohorts from Grade 3 to Grade 9 and
has been psychometrically analyzed to reveal separable fac-
tors for basic number processing and arithmetic [49].

More recently, game-based and immersive digital en-
vironments have been proposed to increase engagement and
make screening more acceptable in school settings. For in-
stance, a web-based educational game designed specifically
for the early screening and support of dyscalculia has been
developed in which numerical tasks are embedded in an in-
teractive narrative, while performance data are collected in
the background [50]. Separately, a 3D dyscalculia identifi-
cation game framework has been described that integrates
screening capabilities into an immersive environment with
a focus on counting, comparison, and simple arithmetic in
spatially rich situations [51]. Other systems use mobile or
multi-platform solutions, such as a mobile-based screening
and refinement system that delivers mini-games on smart-
phones or tablets to estimate the risk of dyscalculia and
dysgraphia [52] or a computer game-based solution for the
early diagnosis of learning disabilities, including dyscal-
culia, based on performance patterns across several game
tasks, as described by Samarasinghe and Abeyasinghe [53].

In addition to these screeners, a second group of
computer-based tools has been developed primarily for the
purposes of intervention while also incorporating diagnosti-
cally informative features. Two of the best-studied of these
tools include The Number Race and Calcularis/Rescue Cal-
cularis, both of which are adaptive computer programs
that train core numerical skills in children with dyscal-
culia or marked mathematical difficulties [54,55]. These
computer programs estimate a learner model of numerical
knowledge and employ dynamic adjustment of task dif-
ficulty. Additionally, they generate detailed profiles of
strengths and weaknesses such that they function as both
training tools and computer-based assessments of number
processing. Additional platforms such as Dots2Digit and
Dots2Track provide web-based exercises in basic numeros-
ity and early arithmetic and are often used with children
at risk of dyscalculia. Although not formal diagnostic in-
struments, they contribute performance data that can com-
plement dedicated screeners [48,56,57,58,59]. Taken to-
gether, these tools illustrate a variety of computer-based
screeners and adaptive game environments that leverage
the advantages of digital delivery for the early identifica-
tion and support of children with MLD. Although existing

screeners and gamified tools demonstrate that brief digital
tasks can identify children at risk, the few applications de-
veloped for Greek-language educational settings have pri-
marily focused on spelling and reading difficulties rather
than MLD [58,59]. Askisi-Mathematical Difficulties (MD)
is grounded in a hybrid neuropsychological framework,
as it samples mathematical reasoning and math-language
decisions while also capturing executive and visuospatial
deficits that often shape error patterns, fatigue, and time-
cost in real classrooms.

Study Objectives and Hypothesis

The primary aim of this study was to develop and val-
idate Askisi-MD, a web-based neuropsychological screen-
ing application designed to identify school-age children
with MLD. Askisi-MD is designed to integrate brief mea-
sures of mathematical performance and domain-relevant
cognitive functions that are frequently implicated in MLD.
Unlike existing instruments that focus primarily on math-
ematical attainment, Askisi-MD adopts a hybrid screen-
ing framework that combines conventional mathematics-
related tasks with cognitive indicators that may contribute
to persistent learning problems. The screening battery was
developed to samplemultiple domainswithin a brief admin-
istration time, to reduce test burden and fatigue. Askisi-
MD was also designed to fill a practical neuropsycho-
logical gap, as current screening strategies typically rely
either on achievement-heavy mathematics assessment or
time-intensive clinical assessment, whereas there remains
a lack of screening tools that integrate cognitive mech-
anisms known to constrain mathematical learning along-
side curriculum-grounded mathematics decisions in a sin-
gle, scalable session.

Given the availability of validated Greek-language
tools for MLD screening, another objective of this study
was to characterize neuropsychological differences be-
tween typically developing children and children with es-
tablished MLD in a Greek-speaking population. These
group-level profiles can be used to inform and substantiate
the construction of a screening approach grounded in neu-
rocognitive theory. The web-based format enables broad
accessibility, standardized delivery, and scalable use across
devices as it only requires access to a web browser, facil-
itating dissemination without the constraints of platform-
specific installation [58,59].

To evaluate predictive validity and to move beyond
traditional score threshold-based approaches, this study
additionally employed three supervised machine learning
classifiers trained on the task-derived features, including
Support Vector Classifier (SVC), Random Forest (RF), and
eXtreme Gradient Boosting (XGBoost) models. SVCmod-
els map input features into a high-dimensional space to find
an optimal separating hyperplane. RF models employ an
ensemble of decision trees built via bootstrap aggregation,
providing a nonlinear baseline that can capture interactions
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among cognitive and mathematical indicators. XGBoost
models are high-performance models that often yield im-
proved discrimination on structured behavioral data. Com-
parisons of these models were used to more systematically
determine whether Askisi-MD supports accurate classifica-
tion under different learning assumptions while providing
stronger evidence based on the fact that discrimination is
not dependent on a single analytic approach.

This study was framed around three hypotheses. First,
we hypothesized that Greek children with an established
MLD diagnosis derived from written testing at a state diag-
nostic center would exhibit poorer performance (fewer cor-
rect responses/lower scores) and longer minute-based task-
completion time on Askisi-MD tasks relative to typically
developing controls. Second, we hypothesized that task-
derived features from Askisi-MD would be sufficient to
enable reliable discrimination between children with MLD
and controls. Specifically, we posited that classification
models would be able to achieve good overall discrimina-
tion, as indexed by ROC analysis, while showing strong
threshold-based performance, correctly assigning children
withMLD and controls to appropriate groups at rates mean-
ingfully above chance. We further expected these mod-
els to capture multivariate and potentially nonlinear rela-
tionships between the cognitive–mathematical features and
groupmembership. Consistent performance across all three
models would further support the robustness of Askisi-MD
as a screening tool.

2. Materials and Methods
2.1 Participants

A total of 564 right-handed children (287male, 277 fe-
male) from 9–12 years of age (mean: 10.19 years, SD: 1.15
years) participated in the study. The experimental group
consisted of 282 children with an established MLD diagno-
sis from a state diagnostic center (in accordance with Greek
Laws 4547/2018 and 4823/2021).The control group com-
prised 282 children without diagnosed learning difficulties
or other neurodevelopmental disorders who were randomly
recruited from the same schools as the children with MLD.
Controls were frequency-matched to the MLD group at the
group level by age and gender. Controls were selected
within the same age and gender categories represented in
the MLD group, without tolerance outside these categories
and without replacement. No individual case–control pairs
were created or retained. Therefore, the groups were treated
as independent samples in all statistical analyses. All partic-
ipants attended regular school placements and had no docu-
mented medical or psychiatric conditions according to their
school medical records. Participation in the study required
informed consent from all participants’ parents/guardians,
in line with ethical standards.

Comorbid neurodevelopmental conditions are
common in referral populations and can systematically

influence executive task performance. To reduce this
source of heterogeneity and to avoid attributing broader
attentional/reading-related variance to mathematics-
specific impairment, recruitment for the MLD group was
conducted through a state diagnostic center. The selection
of students was based on records from the Centers for
Interdisciplinary Assessment, Counseling, and Support
(KE.DA.SY.), and all necessary approvals were obtained
before selection.

In accordance with Greek law, KE.DA.SY. uses in-
terdisciplinary teams to conduct individual assessments of
preschool and school-age students. These teams consist
of a special education teacher, a psychologist, and a so-
cial worker. The special education teacher is responsi-
ble for evaluating reading, writing, spelling, and math-
ematical performance using both standardized and non-
standardized tests, while the psychologist conducts cogni-
tive and behavioral assessments using batteries and tests
such as the Greek version of the Wechsler Intelligence
Scale for Children (WISC-III) [60] and the Greek version
of attention-deficit/hyperactivity disorder (ADHD) Rating
Scale-IV [61,62], which are completed by the children’s
parents and teachers. Recruitment and data collection were
conducted between 2020 and 2025. Children in the MLD
group had received a diagnosis from an official Greek pub-
lic diagnostic service within the two to three years pre-
ceding their participation. These diagnoses were not inde-
pendently reconfirmed by the research team. Group allo-
cation was based on a review of the available multidisci-
plinary diagnostic documentation. Although participants in
the MLD group had been previously identified through of-
ficial diagnostic procedures, it should be noted that their
clinical records included WISC-III-based information and
discrepancy-oriented interpretations. The research team did
not administer the WISC-III or apply an intelligence quo-
tient (IQ)–achievement discrepancy criterion for participant
classification. Instead, group allocationwas based solely on
existing multidisciplinary diagnostic documentation from
public diagnostic services. Importantly, the detailed mul-
tidisciplinary reports did not rely exclusively on an IQ–
achievement discrepancy interpretation. Instead, they also
included functional evidence consistent with guidance from
the DSM-5 [14], such as persistent mathematical difficul-
ties, school-based impairment, developmental and educa-
tional information, behavioral observations, and exclusion-
ary considerations recorded by the multidisciplinary team.
MLD classification in this study was therefore based on
the official diagnostic decision of the Greek public service
and on the broader functional profile documented in each
child’s file, rather than on the WISC-III discrepancy cri-
terion alone. Children who were not native Greek speakers
or lived in bilingual/multilingual family environments were
not included in the study cohort. Participants were also ex-
cluded if they had any other comorbid developmental or be-
havioral disorders.
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Fig. 1. A representative mental calculation task. The child has to choose whether the result was correct (left button) or incorrect (right
button).

This approach enabled the more controlled clinical
characterization of MLD and reduced the likelihood that
the case definition would be driven primarily by non-
mathematical neurodevelopmental factors. In the present
study, MLD was considered to be present if children had
received a formal written determination of significant and
persistent mathematical learning difficulties from the cen-
ter prior to study recruitment.This observational study was
reported in accordance with the Strengthening the Report-
ing of Observational Studies in Epidemiology (STROBE)
guidelines (see Supplementary Table 1).

2.2 Askisi-MD Neuropsychological Web-Based Screener

The Askisi-MD screener was used to evaluate the nu-
merical and cognitive skills of participating children using a
web-based neuropsychological battery of six tasks. These
tasks were designed to evaluate essential skills related to
mathematical difficulties. To familiarize participants with
the testing procedure, children first completed a brief train-
ing trial in which they were asked to click on a picture. This
trial also served to verify basic proficiency with mouse use.
If a child was unable to correctly use the mouse to click on
at least three of the six picture items, the screening session
was not initiated. It should be noted that no children were
excluded from the testing procedure, as all participants had
prior experience using computers andwere able to complete
the digital tasks.

During the main screening test procedure, children’s
correct responses were measured across six tasks focused
on cognitive (the first three presented tasks) and numerical
(the last three presented tasks) performance. These tasks
were as follows:

(1) A cognitive control and response selection
(Go/No-Go) task. Children were instructed to respond
only when a target stimulus (a book) appeared (“Go”) and
to withhold responding when any non-target image ap-
peared (“No-Go”; ruler, pencil, globe, pen, eraser). Stim-
uli were presented in a random order. Performance on the
Go/No-Go task was scored as an error index. The total
score reflected incorrect responses across the 10 Go trials
and 20 No-Go trials, including omission errors on Go tri-

als and commission errors on No-Go trials. Scores could
range from 0 to 30, with higher scores indicating poorer
inhibitory-control performance and lower scores indicat-
ing better response selection and inhibition. Therefore,
this variable was reverse-directional relative to the other
task-score indicators, as higher Go/No-Go values reflected
poorer performance. Response latency was not recorded in
this version of the platform.

(2) A Visual Pattern Recognition Ability task. Chil-
dren were asked to complete a series of visual diagrams (5
items) and patterns (6 items) by choosing the appropriate
missing component from six alternative options presented
for each trial.

(3) A Visual Working Memory Task. Children were
presented with 22 numerical sequences that increased in
length from three to eight digits. After each sequence, they
reproduced the exact sequence using a numerical keypad
(0–9). The task was terminated if a child made two consec-
utive errors or three errors in total, in order to reduce fatigue
or discomfort and to maintain a consistent testing procedure
across participants.

(4) A Mental Calculation task. Children were pre-
sented with 4 arithmetic calculations and were required to
judge whether a presented solution to an arithmetic opera-
tion was correct or incorrect (Fig. 1)

(5) A Mathematical Terminology Comprehension
task. Children were presented with two questions with four
possible answers and had to correctly define numerical con-
cepts (Fig. 2).

(6) An Arithmetic Word Problem task. Two mathe-
matical problems were presented, and children had to de-
cide whether addition, subtraction, multiplication, or divi-
sion was needed to obtain the solution (Fig. 3).

The mathematical tasks were purposely brief (2–4
items) to reduce burden and maintain engagement in a
school-feasible workflow. These components were de-
signed as focused “micro-screeners” focused on specific
classroom-relevant decisions, including mathematical lan-
guage, operation selection, and calculation verification,
rather than as long-form achievement or mastery tests.
Therefore, these task-level scores were interpreted as indi-
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Fig. 2. A representative mathematical terminology comprehension task. The figure can be translated as: The denominator is:, with
response options from left to right of (1) the number that appears below the fraction bar, (2) the number that appears above the fraction
bar, (3) the difference between two numbers, and (4) the result of division.

Fig. 3. A representative arithmetic word problem task. The figure can be translated as: A child has 10 cars. His older brother has
twice as many cars as he does. Which operation should be used to determine how many cars the older brother has? Response options,
from left to right, were (1) addition, (2) subtraction, (3) multiplication, and (4) division.

vidual screening indicators contributing to a broader multi-
variate neuropsychological profile, rather than as indepen-
dent psychometric subscales.

Latency values were exported from the platform in
minute-based units andwere therefore interpreted as indica-
tors of the time for task completion, rather thanmillisecond-
level measures of participant reaction time.

Testing took place in an Informatics classroom un-
der minimal adult supervision. Children completed the
tasks on desktop computers using a mouse. The supervis-
ing teacher’s only involvement was entering the application
URL at the start of the session, after which the teacher sat
at a distance from the child and did not provide feedback or
performance support. Due to the potential for web-based la-
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tency to vary based on the device and browser being used,
timing outcomes were interpreted conservatively and pri-
marily at the group level. Sessions were discontinued and
excluded from analysis if a child was unable to complete
the initial training trial, which served as a brief check of
task comprehension and basic mouse-use competency. The
administration of the Askisi-MD screener required approx-
imately 30 min per child. Parental/guardian consent was
obtained for all participants.

2.3 Implementation
Participants completed exercises through the Askisi-

MD neuropsychological web application, which recorded
all results in a relational database. Once data collection
was complete, the dataset was extracted for offline anal-
ysis, consisting of supervised machine learning models
trained and evaluated to distinguish between children with
and without MLD. Models used for classification included
SVC, RF, and XGBoost.

2.3.1 Web Application Architecture
All task exercises were delivered through a Lar-

avel PHP web application backed by a MariaDB (version
11.4 LTS; Redwood City, CA, USA) relational database.
The application was designed for reliability and data in-
tegrity, ensuring that all participant-related data was se-
curely stored.

Laravel’s Model-View-Controller (MVC) architec-
ture allowed for effective separation and facilitated the
smooth, independent management of data models, server-
side logic, and presentation. Application Programming In-
terface (API) endpoints provided controlled access to exer-
cise data, enabling safe retrieval of results and session in-
formation.

The MariaDB database contained structured tables for
participants, exercises, sessions, and results, with relation-
ships that supported flexible grouping by test session. This
structure allowed for the efficient aggregation of metrics,
including task scores and summary statistics, providing a
basis for subsequent machine learning analysis.

Security was a key consideration. Laravel’s na-
tive features were leveraged to safeguard the application
from security concerns such as Structured Query Language
(SQL) injection and Cross-Site Request Forgery (CSRF).
We enforced authenticated access for all API routes of the
application in order to maintain the integrity of stored data
and implemented measures to prevent Denial-of-Service
(DoS) attacks, thus maintaining the application’s avail-
ability and responsiveness even when facing heavy traffic
through the use of Laravel’s native rate-limiting and throt-
tling capabilities.

All database interactions were handled on the server-
side, ensuring that participant data remained confidential
and tamper-proof while also validating the correct answers
for students’ posted results in order to avoid any poten-

tial for client-side request forgery while maintaining the in-
tegrity of the stored data.

2.3.2 Front-End Design
The web application used to complete the exercises

was presented to participants through a user-friendly inter-
face. Each task was presented clearly, with exercises loaded
dynamically to ensure client-side responsiveness without
overloading the browser with consecutive or large HTTP
requests. All assets, includingCascading Style Sheets
(CSS), JavaScript, images, and sounds, were hosted on a
third-party content delivery network to leverage distributed
caching and optimized delivery, thereby improving load
times, responsiveness, and scalability.

The front-end design of the application was built using
modern web standards, leveraging HTML5 and CSS3 for
structure and styling. All exercises followed a consistent
User Interface (UI) layout, and each type of element was
positioned uniformly on the screen to improve usability and
reduce cognitive load.

To further enhance the User Experience (UX), a small
transitional screen was introduced, consisting of a snake-
like path filledwith bright colors to reflect progress between
exercises. This gamification element was designed to en-
gage and maintain the motivation of participating children.

2.3.3 Machine Learning Pipeline
Once data collection was complete, the recorded exer-

cise results were extracted from the MariaDB database for
offline analysis.

2.3.4 Dataset Description
The feature space presented to the classification mod-

els consisted of task-level scores for six tasks and latency
indicators for four tasks, yielding 10 total features per par-
ticipant. The classification models operated on a multivari-
ate feature matrix rather than on individual task features.
The target variable was a binary label distinguishing par-
ticipants with MLD from control students without MLD.
Students with MLD were assigned the class label of one
(1), while students in the control group were assigned the
class label of zero (0). A sample dataset for the six tasks is
presented in Table 1.

2.3.5 Preprocessing
Beforemodeling, the dataset underwent preprocessing

to ensure the input was clean and relevant. Non-descriptive
columns, such as participant age and gender, were removed
from the feature space, retaining only the exercise-related
metrics for further analysis. This ensured that the model
was only trained on the predictive signals relevant to MLD
without including any potential demographics-related sig-
nal pollution. A binary target label was employed for
study participants. Preprocessing was confined to this col-
umn removal step. No distributional preprocessing such as
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Table 1. Sample dataset for the six tasks.

Tasks
Control group (Class 0) MLD group (Class 1)

Task score Time taken (min) Correct answers Time taken (min)

Go/No-Go error score 0 - 4 -
Visual pattern recognition abilities task 9 2.22 0 1.59
Visual working memory task 5 - 3 -
Mental calculation task 4 0.44 2 0.53
Mathematical terminology comprehension task 2 0.10 0 0.21
Arithmetic word problem task 2 0.22 1 1.01
MLD, Mathematical learning difficulties. Note: For the Go/No-Go task, the task score represents the number of errors,
with higher scores indicating poorer inhibitory control. For all other tasks, higher task scores indicate better performance.

feature scaling, imputation, or outlier treatment was em-
ployed at any stage of the machine learning pipeline. Col-
umn removal does not constitute a source of data leak-
age as it carries no statistical information derived from
the full dataset. Feature standardization was not applied
in the present machine-learning pipeline. This is an im-
portant methodological limitation for the SVC model be-
cause SVC performance is sensitive to differences in fea-
ture scale. Therefore, the comparison between SVC and the
tree-based models should not be interpreted as a fully op-
timized head-to-head model comparison. The absence of
feature scaling may have placed SVC at a disadvantage rel-
ative to Random Forest and XGBoost, which are less sensi-
tive to feature scaling. Accordingly, the SVC results should
be interpreted as conservative and primarily exploratory.

2.3.6 Initial Train-Test Split
The dataset was randomly split into a training set and

a test set while maintaining class balance through stratifica-
tion, ensuring that both sets contained a proportional repre-
sentation of participants with and without MLD. This split
was employed to assess model performance on unseen data
by fitting the model using data from the training set, while
the test set served as an independent benchmark to report
metrics such as accuracy, precision, recall, and F1 scores,
thereby providing insight into the generalization ability of
developed models.

2.3.7 Cross-Validation
To ensure correct evaluation of classification perfor-

mance and reduce variance associated with a single train-
test split, Stratified K-Fold cross-validation was employed.
Stratification at this stage ensured that the proportion of par-
ticipants with and without MLD remained consistent across
folds, preserving class balance and avoiding skewed results.
A 4-fold split was selected, providing multiple independent
evaluations of model performance while maintaining suffi-
cient sample size per fold.

Hyperparameter optimization was conducted via
GridSearchCVwithin the training portion of each outer fold
exclusively, using a 2-fold stratified inner cross-validation
loop. This nested structure ensured that hyperparameter se-

lection was performed without any exposure to the held-out
evaluation fold, preventing information leakage between
model selection and performance estimation. The best es-
timator identified by GridSearchCV was then evaluated on
the held-out test set, resulting in performance metrics that
had been computed on unseen partitions.

2.4 Data Analysis

Before comparing data between groups, the dataset
was screened to identify missing values, impossible values,
outliers, and instances of extreme task completion times.
No missing values were identified across the Askisi-MD
task scores or latency variables; therefore, no imputation
procedure was required. Accuracy-based task scores were
checked against the valid scoring range for each task, and
no impossible values were detected. These accuracy vari-
ables were not Winsorized, as they represented fixed-range
performance scores and extreme values could reflect gen-
uine clinical variability. Latency variables were treated sep-
arately because minute-based task-completion time mea-
sures are more vulnerable to extreme observations, particu-
larly in web-based assessments administered to child pop-
ulations. To reduce the disproportionate influence of un-
usually short or long completion times, latency values were
screened within MLD and control group using a group-
specific mean ±3 SD criterion (see Supplementary Ta-
ble 2). Values falling beyond these thresholds were Win-
sorized to the nearest acceptable boundary rather than re-
moved from the dataset. This approachwas selected to limit
the influence of extreme latency values while preserving the
full sample for analysis. It should be clarified that Win-
sorized latency values were used only for Welch’s group
comparison analyses. Winsorized latency values were not
used in the internal coherence analyses, ROC analysis, lo-
gistic regression classification, cross-validation, SVC, Ran-
dom Forest, XGBoost, or SHapley Additive exPlanations
(SHAP) analysis. All internal coherence and predictive
analyses were conducted using the raw task score and raw
minute-based task-completion time variables exported from
the Askisi-MD platform. This approach avoided using di-
agnostic group information during preprocessing and re-
duced the risk of label-informed data leakage. After this
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preprocessing step, the dataset was used for the main statis-
tical analyses.

Feasibility indicators were summarized using descrip-
tive statistics, and all analyses were conducted in SPSS
27.0. (IBM Corp. (2020). IBM SPSS Statistics for Win-
dows (Version 27.0). Armonk, NY, USA) Group-level
differences were tested through two-tailed independent-
samples Welch’s t-tests comparing the performance of par-
ticipants with MLD to that of those in the control group.

Because group differences were examined across mul-
tiple cognitive and mathematical outcomes, the inflation
of Type I error was controlled by subjecting p-values to
Benjamini–Hochberg False Discovery Rate (FDR) correc-
tion with a target rate of q = 0.05 across the full set of com-
parisons. Additionally, Hedges’ g was computed for each
outcome to quantify the magnitude and direction of group
differences using a metric that is comparable across mea-
sures, thus facilitating the more intuitive interpretation of
these results beyond statistical significance alone.

Internal coherence was examined using McDonald’s
omega (Ω) for selected theoretically defined composites de-
rived from the Askisi-MD task scores and latency indica-
tors. The analyzed composites were the neuropsychologi-
cal task-score composite, the total task-score composite, the
mathematical processing-efficiency composite, the broader
processing-efficiency composite, and the total score-and-
latency composite. McDonald’s Ω was selected because it
provides a flexible estimate of internal coherence and does
not require the restrictive assumption that all indicators con-
tribute equally to the underlying construct.

Because several mathematical tasks consisted of only
2–4 items, reliability was not interpreted at the level of each
mathematics subtest. Instead, McDonald’s Ω was calcu-
lated for theoretically defined composites that combined
conceptually related task indicators. Test–retest reliability
was not available because the present study used a single-
administration design. Consequently, subtest-level stan-
dard errors of measurement were not calculated.

Binary logistic regression analysis was also performed
in SPSS 27.0 to examine the extent to which the Askisi-
MD neuropsychological web-based screener can predict
participating students’ membership in the MLD or control
groups. Classification performance was further analyzed
using group-specific performance metrics that were calcu-
lated to evaluate the screener’s accuracy for each group. Re-
ceiver operating characteristic (ROC) curve analyses were
employed to assess the screener’s ability to discriminate be-
tween children with MLD and controls, providing an over-
all measure of screening performance based on the area un-
der the ROC curve (AUC).

Finally, post-hoc SHAP (SHapley Additive exPlana-
tions) analysis was performed to calculate the contribution
of individual cognitive and mathematical features to model
predictions.

3. Results
3.1 Between-Group Comparisons of Askisi-MD
Performance

Welch’s independent-samples t-tests were initially
used to compare the performance of children with MLD
and typically achieving children on the Askisi-MD task
scores and latency indicators. All analyses were subjected
to Benjamini–Hochberg FDR correction for multiple com-
parisons, and Hedges’ g was calculated to estimate effect
sizes (Table 2).

Children with MLD also showed significantly longer
minute-based task-completion times than controls for two
of the four recorded completion-time indicators. Specifi-
cally, completion time was significantly longer for children
with MLD on the Mental Calculation Task and the Arith-
meticWord Problem Task after FDR correction (p < 0.001).
In contrast, no significant group differences were observed
for Visual Pattern Recognition Abilities Latency or Math-
ematical Terminology Comprehension Latency (p > 0.05).
This pattern suggests that completion-time differences were
more selective than task-score differences and were mainly
observed in tasks requiring active mathematical processing,
calculation, and arithmetic word-problem solving.

Latency was not recorded for the Go/No-Go Task
or the Visual Working Memory Task due to the design
of the web-based screening application. For the Visual
Working Memory Task, latency was not included because
task-completion time would have been influenced by each
child’s recall span and task progression. Specifically, not all
children were exposed to the full set of number sequences,
as the termination of the task was based on each partici-
pant’s performance. As such, latency would not have been
a reliable or comparable processing-efficiency index across
participants. For the Go/No-Go Task, all children were
given the same fixed response interval after the presentation
of the complete set of stimuli. As such, the task was de-
signed to capture accuracy-based inhibitory control perfor-
mance rather than individual differences in task-completion
time.

3.2 Internal Coherence of Selected Askisi-MD Composite
Indicators

Next, McDonald’s omega analysis was conducted to
examine the internal consistency of theoretically defined
Askisi-MD composites. Given the brief structure and re-
stricted score range of several mathematical tasks, reliabil-
ity was examined at the composite level rather than for each
subtest separately. The mathematics tasks, which included
two to four items, were therefore treated as screening indi-
cators contributing to the overall Askisi-MD profile rather
than as independent psychometric scales. The analysis used
the raw task scores and raw task-completion times, mea-
sured in minutes, exported from the Askisi-MD platform.
The Go/No-Go error score was reverse-coded before the
analysis so that higher scores consistently indicated better
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Table 2. Comparison of Askisi-MD task performance between children with MLD and control.

Askisi-MD tasks
Control group MLD group

Welch’s t df p FDR-adjusted p Hedges’ g
M SD M SD

Go/No-Go error score 0.02 0.15 0.84 2.08 6.39 265.74 <0.001 <0.001 0.555
Visual Pattern Recognition Abilities Task 7.37 2.10 6.20 2.43 −5.92 515.18 <0.001 <0.001 −0.514
Visual Pattern Recognition Abilities Latency 2.61 1.28 2.58 1.14 −0.28 519.10 0.776 0.776 −0.025
Visual Working Memory Task 3.93 1.74 2.69 1.48 −8.82 512.80 <0.001 <0.001 −0.767
Mental Calculation Task 2.99 0.98 2.35 1.08 −7.13 521.11 <0.001 <0.001 −0.620
Mental Calculation Latency 0.88 0.74 1.17 0.81 4.30 521.76 <0.001 <0.001 0.373
Mathematical Terminology Comprehension Task 0.92 0.71 0.42 0.58 −8.86 505.86 <0.001 <0.001 −0.770
Mathematical Terminology Comprehension Latency 0.31 0.28 0.33 0.24 0.88 513.98 0.379 0.421 0.077
Arithmetic Word Problem Task 1.63 0.57 0.88 0.81 −12.30 472.18 <0.001 <0.001 −1.069
Arithmetic Word Problem Latency 0.20 0.15 0.54 0.43 12.13 326.07 <0.001 <0.001 1.054
Note: Winsorized latency values were used exclusively for the present group-comparison analysis.
Welch’s independent-samples t-tests indicated that children with MLD showed significantly poorer performance (p < 0.001) across all six task-
score indicators. For five tasks, poorer performance was reflected by lower accuracy scores. For the Go/No-Go task, poorer performance was
reflected by a higher error score, indicating more inhibitory control and response selection errors. MD, Mathematical Difficulties; FDR, False
Discovery Rate.

Table 3. McDonald’s omega analysis of task-score and completion-time composite indicators.
Composite Indicator type Variables included McDonald’s Ω

Neuropsychological task-score
composite

Scores Go/No-Go, Visual Pattern Recognition Abilities,
Visual Working Memory

0.671

Total task-score composite Scores Go/No-Go, Visual Pattern Recognition Abilities,
Visual Working Memory, Mental Calculation,
Mathematical Terminology Comprehension,

Arithmetic Word Problem

0.686

Mathematical processing-efficiency
composite

Latencies Mental Calculation Latency, Mathematical
Terminology Comprehension Latency, Arithmetic

Word Problem Latency

0.809

Broader processing-efficiency com-
posite

Latencies Visual Pattern Recognition Ability Latency,
Mental Calculation Latency, Mathematical

Terminology Comprehension Latency, Arithmetic
Word Problem Latency

0.754

Total score-and-latency composite Scores + latencies All six task scores and four latency indicators 0.645

performance across all task-score variables. McDonald’s
total omega was calculated using standardized indicators
for the full sample of 564 children in SPSS version 27.

The results are presented in Table 3.
As shown in Table 3, the neuropsychological task-

score composite exhibited modest internal coherence (Ω =
0.671). The total task-score composite, which included all
six task scores, also showed modest internal coherence (Ω
= 0.686). The strongest internal coherence estimate was ob-
served for the mathematical processing-efficiency compos-
ite, which includedMental Calculation Latency, Mathemat-
ical Terminology Comprehension Latency, and Arithmetic
Word Problem Latency (Ω = 0.809), indicating good inter-
nal coherence. The broader processing-efficiency compos-
ite, which also included Visual Pattern Recognition Abil-
ities Latency, showed modest to good internal coherence
(Ω = 0.754). Finally, the total score-and-latency composite
showedmoderate to modest internal coherence (Ω = 0.645).

The Ω coefficients reported in Table 3 should be
interpreted as evidence for the internal coherence of se-
lected Askisi-MD composites, not as evidence that each
brief mathematics task is a reliable standalone psychomet-
ric subscale. The strongest internal coherence was observed
for the mathematical processing-efficiency composite, sug-
gesting that latency indicators across mathematics-related
tasks captured a relatively consistent dimension of task-
completion efficiency. However, the individual mathemat-
ics tasks themselves were intentionally brief and should be
viewed as screening probes within a broader multivariate
profile.

3.3 Discriminant Validity and ROC Analysis
To test the discriminant validity of theAskisi-MDneu-

ropsychological web-based screener, binary logistic regres-
sion analysis was next performed, calculating sensitivity
and specificity indicators for the screener to examine the
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Fig. 4. Receiver operating characteristic (ROC) curve for Askisi-MD neuropsychological web-based screener.

percentages of students correctly assigned to the MLD and
control groups. The overall ability of this screener to dis-
tinguish between these two groups of participants was as-
sessed based on the AUC for the ROC curve. Good dis-
criminative performance was observed, with an AUC of
0.979 (95% CI: 0.967–0.991), indicating that the screener
reliably distinguished between children withMLD and con-
trols (Fig. 4).

Classification performancewas additionally evaluated
using a classification matrix summarizing the correct and
incorrect classifications for each group. From this matrix,
group-specific indices were computed to separately assess
the screener’s accuracy for children with MLD and for con-
trols (Table 4).

Table 4. Classification metrics.
Metric Control group MLD group Overall

Accuracy — — 0.93
Precision 0.92 0.94 —
Recall 0.95 0.91 —
F1 score 0.93 0.92 —

The classification metrics presented in Table 4 indi-
cate that the Askisi-MD neuropsychological screener dis-
tinguished children with MLD from typically developing
controls with strong and balanced performance. The anal-
ysis included all 564 children: 282 children with MLD
and 282 typically developing controls. MLD was defined
as the positive class, and classifications were based on a
predicted-probability threshold of 0.50. The model cor-
rectly classified 257 children with MLD and 267 controls.
In contrast, 15 controls were incorrectly classified as having

MLD, while 25 children with MLD were incorrectly clas-
sified as controls. The overall classification accuracy was
0.93. For the MLD group, precision was 0.94, recall (sen-
sitivity) was 0.91, and the F1 score was 0.92. For the con-
trol group, precision was 0.92, recall (specificity) was 0.95,
and the F1 score was 0.93. These findings indicate that the
model classified both groups accurately without favouring
one group over the other. The group-specific indices are
consistent with strong performance for both classes. For the
MLD group, the precision was 0.94, indicating that when
the analysis identified a child as having MLD, this clas-
sification was correct in most cases. Recall for children
with MLD was 0.91, meaning that the screener success-
fully identified about 91% of children with MLD. The cor-
responding F1 score of 0.92 reflects a strong balance be-
tween precision and recall, supporting the screener’s relia-
bility when prioritizing correctly detectingMLDwhilemin-
imizing instances of misclassification.

In the control group, the precision was 0.92, while the
recall was 0.95, indicating that the model was also able
to reliably recognize typically developing children, rarely
mislabeling them as being affected by MLD. The F1 score
of 0.93 further suggests consistent performance for the con-
trol class. Taken together, these results emphasize that the
high accuracy of the classifier is not due to it favoring one
group at the expense of the other; rather, it provides a high
degree of accuracy for both MLD and control subjects, sup-
porting the discriminant validity of the Askisi-MD neu-
ropsychological screener.

3.4 Machine-Learning Classification Performance

Furthermore, classification analyses were performed
using three supervised machine-learning models: SVC, RF,
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Table 5. Cross-validation classification performance of machine learning models used to discriminate between MLD and
control groups.

Model Metric Fold 1 Fold 2 Fold 3 Fold 4 Mean average

SVC

Accuracy 0.87 0.88 0.84 0.87 0.87
Precision 0.88 0.88 0.88 0.90 0.89
Recall 0.88 0.86 0.77 0.82 0.83
F1 score 0.86 0.87 0.82 0.86 0.85

RF

Accuracy 0.91 0.84 0.91 0.89 0.89
Precision 0.87 0.84 0.92 0.90 0.88
Recall 0.94 0.82 0.89 0.86 0.88
F1 score 0.91 0.83 0.91 0.88 0.88

XGBoost

Accuracy 0.87 0.91 0.92 0.92 0.91
Precision 0.91 0.87 0.94 0.94 0.92
Recall 0.80 0.94 0.89 0.89 0.88
F1 score 0.85 0.91 0.91 0.91 0.90

SVC, Support Vector Classifier; RF, Random Forest; XGBoost, eXtreme
Gradient Boosting.

and XGBoost. All models achieved strong predictive per-
formance. XGBoost presented the highest mean accuracy,
precision, and F1 score, while XGBoost and Random For-
est achieved the same mean recall. The cross-validated
classification metrics for each model across the four-fold
stratified cross-validation process are presented in Table 5.
Metrics include accuracy, precision, recall, and F1 score
for each fold, as well as the mean average value across all
folds. The XGBoost model achieved the highest mean per-
formance across metrics, indicating superior discriminative
ability relative to the RF and SVC models.

Model discrimination was further examined using
ROC analysis. Fig. 5 presents the XGBoost ROC curve,
which was constructed by combining out-of-fold predic-
tions across all cross-validation folds. XGBoost showed
the strongest mean cross-validated performance, achieving
an AUC of 0.956 and demonstrating strong discrimination
between children with MLD and typically developing con-
trols.

The AUC derived from the logistic regression analy-
ses in Fig. 4 reflects performance under the logistic model
fitted to the present dataset and should be interpreted as
model-based discrimination in this sample. In contrast, the
machine learning results in Fig. 5 were evaluated under
stratified cross-validation, which provides amore conserva-
tive estimate of generalization because predictions are gen-
erated on held-out folds. Accordingly, the two AUC values
are not directly identical, with logistic regression analysis
supporting parametric, interpretable inferential validation,
whereas cross-validated machine learning enables the eval-
uation of predictive stability under resampling.

3.5 Explainable Machine-Learning Analysis
Post-hoc SHAP analysis was conducted on the final

XGBoost model to interpret the contributions of individ-
ual features to model predictions (Fig. 6). SHAP values

were computed on out-of-fold predictions from the cross-
validation procedure to reduce optimism in attribution. Fea-
ture rankingswere inspected across folds to evaluate the sta-
bility of the importance pattern. Because several screener
measures are conceptually correlatedwith one another (e.g.,
mathematical language and the selection of word problem
operations), SHAP attributions were interpreted as model-
conditional contributions that may distribute credit across
correlated predictors rather than isolating a single causal
construct.

The SHAP summary plot (Fig. 6) indicated that both
mathematical tasks (Arithmetic Word Problem, Mathemat-
ical Terminology Comprehension, Mental Calculation) and
the cognitive task (Go/No-Go) demonstrated the largest ab-
solute SHAP values, suggesting that both domain-specific
mathematical performance and domain-general cognitive
control contributed meaningfully to the model’s classifi-
cation decisions. More specifically, Arithmetic Word-
Problem Task Latency showed the highest importance, fol-
lowed by Arithmetic Word-Problem performance, Mental
Calculation, Mathematical Terminology Comprehension,
and Go/No-Go errors.

4. Discussion
The aim of this study was to develop and validate

Askisi-MD as a web-based neuropsychological screening
application capable of identifying school-age children with
MLD. The Askisi-MD application revealed group differ-
ences between children withMLD and typically developing
controls. Specifically, the MLD group consistently exhib-
ited significantly worse accuracy across all six tasks (p <
0.001). In analyses of minute-based task-completion time,
children with MLD required significantly longer comple-
tion times on the Mental Calculation and Arithmetic Word
Problem tasks (p < 0.001). Completion times did not dif-
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Fig. 5. ROC curve for XGBoost model (area under the ROC curve (AUC) = 0.956).

Fig. 6. SHAP summary plot for the XGBoost model, illustrating the magnitude and directionality of feature contributions to
model predictions.

fer significantly between groups for Visual Pattern Recog-
nition or Mathematical Terminology Comprehension (p >
0.05). The MLD group showed a slightly lower mean com-
pletion time for Visual Pattern Recognition and a slightly

higher mean completion time for Mathematical Terminol-
ogy Comprehension. Response latency was not recorded
for the Go/No-Go and Visual Working Memory tasks. In
addition, to minimize fatigue or discomfort and to ensure
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standardized administration across participants, the Visual
Working Memory task was discontinued when a child pro-
duced two consecutive errors or three errors in total. Taken
together, these findings support the first hypothesis of the
study, which proposed that Greek children with an estab-
lishedMLD diagnosis derived fromwritten testing at a state
diagnostic center would show lower accuracy scores and
longer minute-based task-completion time on Askisi-MD
tasks than typically achieving controls. This pattern was
confirmed across all six task score indicators, with poorer
performance reflected by lower scores on five accuracy
based tasks and by higher error scores on the Go/No-Go
task and for two of the four latency-based indicators.

It should be noted that Winsorization was applied
only for the group-comparison analysis. This proce-
dure was used only for the latency variables. Its pur-
pose was to reduce the influence of extreme minute-based
task-completion times while preserving the full sample.
Accuracy-based task scores were treated differently. They
were only checked against their valid scoring ranges and
were not Winsorized. This was because these variables had
fixed minimum and maximum values, and extreme scores
could reflect genuine clinical variability. Latency variables
were more vulnerable to extreme values. In web-based as-
sessment, completion times may be affected by hesitation,
attentional fluctuation, temporary distraction, or technical
delay. For this reason, latency values were screened within
each group using a mean ±3 SD criterion. Values outside
this range wereWinsorized to the nearest acceptable bound-
ary. This decision should be considered when interpreting
the findings. Winsorization reduced the effect of unusu-
ally extreme latency values without excluding participants.
Therefore, the group-level latency results provide a more
stable estimate of differences in task-completion efficiency.
However, this procedure does not remove all timing limita-
tions associated with web-based assessment.

These findings are consistent with prior research us-
ing computerized measures to present mathematical and re-
lated cognitive processes in children with MLD or devel-
opmental dyscalculia. Studies employing computer-based
screening batteries that combine timed number processing
tasks have consistently reported performance differences
between dyscalculia/MLD groups and typically develop-
ing peers, supporting the sensitivity of brief digital tasks as
tools for case–control discrimination [63]. Similarly, large-
scale online dyscalculia screeners designed for school-age
samples have shown that children with weaker mathe-
matical achievement perform significantly worse on core
numerical and arithmetic components, demonstrating the
feasibility of web-delivered approaches for differentiating
groups based on ability [46,47]. In addition, computerized
approximate number system (ANS) paradigms have been
used to differentiate children with MLD/dyscalculia from
controls in multiple cohorts, with reported group differ-
ences in ANS acuity or related indices [64,65,66,67]. Col-

lectively, these reports suggest that computerized screen-
ing and assessment tools can detect group-level impair-
ments in numerical processing and calculation, particularly
on timed arithmetic and magnitude-processing tasks, par-
alleling the pattern observed for the Askisi-MD neuropsy-
chological web application screener.

After FDR correction for multiple comparisons, the
MLD group showed poorer performance across all six task-
score indicators (pFDR <0.001). The magnitude of these
differences was generally from negligible to large. (g =
0.025 to −1.069) for Visual Pattern Recognition, Visual
Working Memory, Mental Calculation, and Mathematical
Terminology Comprehension. For the Go/No-Go task, the
positive effect size reflected the error-score direction, as
higher scores indicated poorer inhibitory-control perfor-
mance. The largest effect was observed for the Arithmetic
Word Problem task (g =−1.069). This pattern suggests that
the strongest group difference was found in higher-level
mathematical reasoning, while sizeable differences were
also present in executive control and visuospatial/working-
memory processes that support mathematical performance.

Completion-time findings were more task-specific.
Minute-based task-completion time did not differ signifi-
cantly between groups for Visual Pattern Recognition Abil-
ities Latency or Mathematical Terminology Comprehen-
sion Latency. This indicates that these tasks differentiated
groups mainly through task-score performance rather than
through completion-time indicators. In contrast, children
withMLD showed significantly longer completion times on
theMental Calculation andArithmeticWord Problem tasks.
Taken together, these findings point to a broad task-score
disadvantage across the Askisi-MD indicators, with longer
completion times mainly when tasks required multi-step
computation and integration of intermediate results. These
results support the first hypothesis and show that Askisi-
MD differentiated the MLD and control groups across both
task-score and selected completion-time indicators.

These results are in the same line with prior work
using computerized or tightly timed measures and group-
comparison statistics to characterize MLD. Specifically,
studies of executive function and mathematical difficulties
have previously employed Go/No-Go tasks and reported
group differences when using conventional group compar-
isons and effect-size indices, linking weaker inhibitory con-
trol to poorer mathematical outcomes [68]. The sizable
group differences observed in visual working memory and
complex mathematical performance in the present study
align with evidence that working-memory limitations are
positively correlated with MLD [69] and that these deficits
are particularly apparent when tasks require maintaining
and manipulating intermediate results [70]. MLD is often
conceptualized as a multidimensional condition in which
impaired mathematical performance arises from deficits in
core number processing, memory, reasoning, or visuospa-
tial functioning arising either alone or in combination [34].
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This view emphasizes heterogeneity in neurocognitive pro-
files and suggests that children with MLD should not be re-
garded as constituting a single homogeneous group. The
present results from the Askisi-MD application thus fit
within the broader literature in this space, suggesting that
the most pronounced differences in performance between
children with MLD and typically developing controls man-
ifest when completing tasks that combine numerical pro-
cessing with executive/working memory demands, while
differences in task-completion time are less consistent and
may be most evident when multi-step computation or rea-
soning is required.

The McDonald’s Ω results should be interpreted as
evidence for the internal coherence of selected Askisi-MD
composite indicators, rather than as evidence that each brief
mathematics task is a reliable standalone psychometric sub-
scale [71]. The neuropsychological task-score composite
and the total task-score composite showed moderate inter-
nal coherence, suggesting that these grouped indicators can
operate together as part of a broader multidomain screen-
ing profile. The strongest internal coherence was observed
for themathematical processing-efficiency composite, indi-
cating that latency measures for mental calculation, mathe-
matical terminology comprehension, and arithmetic word-
problem solving may capture a relatively coherent dimen-
sion of mathematical task-completion efficiency. However,
the individual mathematics tasks were intentionally brief,
containing only 2–4 items, and should therefore be inter-
preted as short screening probes rather than independent
achievement or diagnostic subscales.

This interpretation is consistent with previous evi-
dence showing that mathematical difficulties are associated
not only with lower accuracy, but also with differences
in timed task performance, working memory, and other
domain-general cognitive processes [38,72]. Kroesbergen
et al. (2023) [40] similarly emphasized an association
between MLD and weaknesses across both mathematics-
specific and broader cognitive domains, supporting the
need to assess multiple skill areas rather than relying on a
single performance indicator [40]. Therefore, the stronger
Ω coefficient observed for the mathematical latency com-
posite may indicate that the time needed to complete cal-
culation, numerical concept, and problem-solving tasks re-
flects a shared processing efficiency dimension within the
MLD group.

The modest reliability of the broader processing-
efficiency composite, which additionally incorporated
visual-discrimination latency, further suggests that process-
ing efficiency may not be restricted to mathematical opera-
tions alone. This visual-discrimination latency may reflect
a more general perceptual-cognitive efficiency component
that contributes to performance during mathematically rele-
vant tasks. This interpretation is aligned with evidence that
children with mathematical difficulties may show weak-
nesses in broader domain-general processes, including at-

tention, executive function, working memory, and timed
task performance [73]. However, the slightly lower Ω value
for the broader latency composite indicates that visual-
discrimination latency is related to, but not fully equiva-
lent to, mathematical processing latency. This distinction
is theoretically meaningful because mathematical task la-
tency may involve number-specific processing, arithmetic
retrieval, problem representation, and working memory de-
mands, whereas visual-discrimination latency may depend
more strongly on perceptual scanning, visual attention, and
discrimination speed.

The score-based composites exhibited modest inter-
nal consistency, particularly when all neuropsychological
and mathematical task scores were combined into a single
total score. This is consistent with the multidimensional
design of the Askisi-MD screener and with the broader
literature suggesting that the impairments that character-
ize MLD are not uniform or homogeneous across cases
[74]. Accuracy-based scores pertaining to inhibitory con-
trol, visual discrimination, working memory, calculation,
numerical concepts, and problem solving do not represent
a single narrow construct. Instead, they describe differ-
ent components of the neuropsychological and mathemat-
ical profile for a given child. For example, calculation
may depend more strongly on arithmetic procedures and
fact retrieval, while numerical concepts may reflect num-
ber knowledge and quantitative understanding, and prob-
lem solving requires input from working memory, execu-
tive control, and the active manipulation of task-relevant
information [75,76].

The moderate internal consistency observed for the
total score and latency composite also supports this inter-
pretation. Accuracy and latency provide complementary
but non-identical information. Accuracy reflects whether
the child reached the correct response, whereas latency
reflects the efficiency and cognitive cost associated with
reaching that response. This distinction is particularly
relevant in children with MLD, as previous studies have
shown that these children may exhibit higher error rates
and longer task-completion times when completing cogni-
tive and mathematical tasks [77]. As such, some children
may respond accurately but slowly, whereas others may re-
spond quickly but with reduced accuracy. Combining ac-
curacy and latency into one broad composite may therefore
obscure clinically meaningful differences in performance
style.These findings support the interpretation of Askisi-
MD as a multidomain neuropsychological screener whose
indicators show composite-level coherence, rather than as
a set of individually reliable mathematics subscales or as a
focused mathematical achievement scale.

The latency-based mathematical processing-
efficiency composite appears to be the most internally
coherent indicator, suggesting that processing efficiency
is a meaningful shared dimension in the MLD group. At
the same time, the broader task scores remain clinically
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important, as they describe distinct neuropsychological and
mathematical functions. This interpretation is consistent
with contemporary evidence that mathematical learning
difficulties involve both domain-specific mathematical
weaknesses and domain-general cognitive processes,
including working memory, timed task performance,
attention, and executive function [38,73,75].

After conducting the reliability analysis, the next stage
entailed a binary logistic regression analysis focused on
the classification performance, sensitivity, and specificity
of the Askisi-MD neuropsychological web-based screener.
The aim of this analysis was not to treat the Askisi-MD in-
dicators as a single unidimensional scale, but to examine
whether the combined pattern of neuropsychological and
mathematical task indicators comprising this model could
be used to estimate the probability of group membership
and to distinguish children with MLD from typically devel-
oping peers. The inclusion of raw task score and latency
variables in the predictive analyses was important also for
practical screening reasons. In practice, it maintained the
conditions for the use of Askisi-MD by teachers and multi-
disciplinary school teams in everyday screening contexts.
In real-world school-based screening, the diagnostic sta-
tus of a child is unknown before assessment; therefore,
the predictive models were built on raw observed perfor-
mance indicators rather than group-adjusted latency values.
The same principle was applied to the coherence analyses,
which were also based on raw latency values rather than
Winsorized latency values. This ensured that all model-
based and composite-level analyses used the same observed
task indicators that would be available in routine school-
based screening. The results supported its ability to accu-
rately distinguish between these groups, as the ROC curve
indicated excellent discrimination. This finding suggests
that, across a wide range of possible decision thresholds,
the predicted probabilities generated by the binary logistic
regression model were consistently higher for children with
MLD than for typically developing children. In practical
terms, the web-based screener exhibited a strong capacity
to separate the two groups rather than relying only on a sin-
gle, potentially arbitrary cut-off score.

Classification performance was further examined us-
ing a classification matrix and associated diagnostic in-
dices. The overall accuracy indicated that the binary lo-
gistic regression model correctly classified most children.
Importantly, performance was balanced across groups and
did not reflect high overall accuracy driven by better clas-
sification in only one group. For children with MLD, pre-
cision indicated that when the model classified a child as
having MLD, the classification was correct in most cases.
Recall further indicated that the model detected approxi-
mately 9 out of every 10 children with MLD, while the
F1 score reflected a strong balance between precision and
recall. For the control group, the model also performed
well, suggesting that typically developing children were

rarely misclassified as having MLD. Taken together, this
pattern of accuracy, precision, recall, and F1 scores indi-
cates that the model’s performance was not achieved by
favoring one group at the expense of the other. Instead,
the findings support the discriminant validity of Askisi-
MD as a multidomain web-based screening tool for iden-
tifying children at risk for MLD. These findings provide
support for the second hypothesis of the study, which pro-
posed that task-derived features from Askisi-MDwould as-
sist in distinguishing children with MLD from controls.
The ROC analysis indicated high discriminative perfor-
mance and the threshold-based classification indices sug-
gested above-chance assignment of children to the MLD
and control groups.

This approach to evaluating the Askisi-MD screener is
consistent with analytic strategies used in previous research
on educational and mathematical-risk screening. Studies
developing or validating screening instruments commonly
use ROC curve analysis to evaluate discrimination, exam-
ine possible cut-off scores, and report classification indices
such as sensitivity, specificity, accuracy, precision, recall,
and F1 score to determine how effectively the tool identi-
fies children who may require further assessment or sup-
port [78,79,80]. In this context, the high AUC observed
for Askisi-MD, together with the balanced precision and
recall across groups, suggests that the screener can per-
form as a binary classification tool. These findings support
the second hypothesis of the present study, indicating that
the Askisi-MD neuropsychological web-based screener can
successfully discriminate between children with MLD and
their typically developing peers.

As noted above, in the present study, supervised ma-
chine learning classification was used to evaluate the classi-
fication performance of the web-based neuropsychological
screening battery as a means of distinguishing children with
MLD from typically developing peers. The task indicators
were treated as multidomain neuropsychological and math-
ematical predictors rather than as interchangeable compo-
nents of a single total score. This approach was appropriate,
as the Askisi-MD battery was designed to capture different
but clinically relevant aspects of performance, including in-
hibitory control, visual pattern recognition, visual working
memory, calculation, mathematical terminology compre-
hension, arithmetic word problem solving, and processing
efficiency.

Across a four-fold stratified cross-validation proce-
dure, all three models produced effective and relatively sta-
ble performance, with mean accuracy ranging from 0.87 for
the SVC model to 0.91 for the XGBoost model. The pat-
tern of results suggests that the screener contains features
with meaningful discriminative information rather than re-
lying on distinctive fold-specific variance. This is partic-
ularly important in screening research, where a strong em-
phasis is placed on generalizability over maximal fit to a
single sample [68]. In this context, the present classifica-
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tion findings suggest that the heterogeneous task indicators
that comprise Askisi-MD can offer clinically meaningful
information suitable for distinguishing children with MLD
from typically developing peers [81].

Although the SVC and RF classifier models achieved
high precision and recall overall, the XGBoost model
exhibited the most consistent advantage across cross-
validated metrics. This finding is plausible given that
gradient-boosted decision tree ensembles are designed to
iteratively correct residual errors and can capture nonlinear
interactions among predictors while controlling for overfit-
ting through regularization and shrinkage [82]. In contrast,
linear or kernel-based margin classifiers can be highly ef-
fective in many diagnostic contexts [82], but their perfor-
mance may be constrained when class separation depends
on complex combinations of cognitive and academic fea-
tures rather than on a single dominant dimension. Sim-
ilarly, RF models benefit from aggregation across many
decorrelated trees [83], while boosting can sometimes of-
fer incremental gains when subtle, feature-dependent deci-
sion boundaries are present [82]. Importantly, the differ-
ences among models in the current results appear modest in
absolute terms but consistent in directionality, which sup-
ports reporting multiple classifiers rather than relying on a
single algorithm. These results support the third hypothe-
sis of this study, as the utilized machine learning models
provided classification performance comparable to that of
simpler linear approaches. In addition to fold-wise classifi-
cation metrics, ROC analysis offered an additional model-
agnostic index of discrimination, with the ROC curve for
the XGBoost model exhibiting strong differentiation be-
tween groups. These findings support the third hypothe-
sis of the study, suggesting that nonlinear machine-learning
models captured meaningful multivariate patterns within
the Askisi-MD task-derived features and provided good
classification performance in distinguishing children with
MLD from typically achieving controls.

This approach aligns recommendations to comple-
ment point estimates of accuracy with threshold-sensitive
indices that characterize the tradeoff between sensitiv-
ity and specificity, particularly for screening instruments
where the costs of false negatives and false positives may
differ across settings [84]. When performing digital testing
for MLD and related learning disorders, ROC-based evalu-
ation has been increasingly used as a validation component.
The BM-PROMA multimedia battery for mathematics-
related cognitive and basic skills reported ROC analyses
with promising discrimination indices for the identifica-
tion of children at risk for dyscalculia [85]. In addition,
a gamified computerized screening and intervention frame-
work covering dyslexia, dysgraphia, and dyscalculia previ-
ously incorporated ROC curves for dyscalculia prediction,
reflecting a similar emphasis on classification-oriented val-
idation rather than group comparisons alone [86]. More
broadly, recent reviews have explored growing interest in

AI-supported dyscalculia screening and the use of stan-
dard machine learning classifiers in educational and clinical
screening pipelines, while also emphasizing heterogeneity
in task design and validation rigor across tools [87].

One notable strength of the present study is that model
interpretability was explicitly examined through SHAP
analysis of the final XGBoost model. Explainability is in-
creasingly regarded as important in the context of neuropsy-
chological and educational screening because it helps con-
nect model decisions to theoretically meaningful constructs
while reducing the risk that classifiers rely on spurious cor-
relations [88].

SHAP analysis was used after model training to make
the XGBoost results easier to interpret [88]. The aim was
to examine which Askisi-MD indicators had the greatest
influence on the model’s predictions. This is useful be-
cause complex machine-learning models can classify chil-
dren accurately, but their decision process is not always
easy to understand in applied screening settings. In this
study, the strongest SHAP values were observed for arith-
metic word problem latency and performance, mathemat-
ical terminology comprehension, mental calculation, and
inhibitory-control errors. This suggests that these indica-
tors had greater influence on the XGBoost predictions than
the other task variables.

However, SHAP values do not prove that these tasks
represent separate neuropsychological mechanisms. They
also do not demonstrate causal effects. They only describe
how each variable contributed to the predictions of this spe-
cific trained model [88]. Some variables with higher SHAP
values also showed stronger group differences in the con-
ventional analyses. This provides a useful descriptive com-
parison. However, it should not be treated as indepen-
dent proof that the model has identified the psychological
meaning of MLD. It only suggests that the model partly
relied on task indicators that also differentiated the MLD
and control groups in this sample. This pattern is consis-
tent with evidence that MLD often involves both domain-
specific weaknesses in mathematical and numerical pro-
cessing and domain-general contributors, such as working
memory, timed task performance, attention, and executive
control [38,74]. Word problem performance has also been
linked to working memory and language-related demands,
supporting the cautious interpretation that arithmetic word
problem tasks may reflect both mathematical reasoning and
broader cognitive resources [89]. Several Askisi-MD vari-
ables are conceptually and statistically related, so SHAP
importance may be shared across correlated predictors. Fu-
ture studies should test the model in independent samples
before stronger conclusions are made about the stability,
fairness, or clinical meaning of the feature-importance pat-
tern.

Additionally, these machine learning and ROC find-
ings extend the validation of the screening battery beyond
mean group differences by demonstrating discriminative
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performance under cross-validation and describing which
task components had greater influence on model predic-
tions.

This combination of predictive validation, including
cross-validated classification metrics and AUC values, to-
gether with SHAP-informed model interpretability, is con-
sistent with current recommendations for reporting and
evaluating predictive models, as discrimination, calibra-
tion, transparent reporting, and interpretability are essential
for judging practical utility in real-world settings [90]. Fu-
ture work should examine model calibration by clarifying
whether predicted probabilities align with observed risk,
exploring optimal decision thresholds for use in schools
versus clinical referral contexts, and conducting external
validation in new participant cohorts. These steps are
crucial to inform the practical implementation of screen-
ing tools that initially show promise in a selected cohort
[90,91,92].

In neuropsychological terms, Askisi-MD is most ap-
propriately conceptualized as a first-line screening tool, as
it employs a structured and time-feasible approach to sam-
pling the mathematical decision-making of those complet-
ing the screener, providing an opportunity to identify chil-
dren with potential MLD who may require comprehensive
assessment. When the screener yields a positive result con-
sistent with potential MLD, teacher interviews should be
conducted, and curriculum-based work samples should be
reviewed, followed by standardized mathematical achieve-
ment testing and evaluation of comorbid attention/reading
difficulties, when indicated. Thresholds forMLD positivity
can also be adjusted contextually, as school-wide screening
may prioritize sensitivity to reduce missed cases, whereas
clinical intake may favor specificity to reduce unnecessary
downstream testing.

Limitations

Several limitations of this study warrant considera-
tion. For one, the study employed a clinically-definedMLD
that was compared to age- and gender-matched typically
developing peers. This case–control approach is useful
for establishing initial discriminant validity, but may yield
stronger separation than would be expected in commu-
nity settings, as real-world mathematical difficulties vary
in severity and comorbid conditions are common.

Furthermore, latency was not recorded for the Go/No-
Go and Visual Working Memory tasks because of the way
these tasks were implemented. This limited the evaluation
of completion-time–accuracy relationships across the full
screener. In addition, the Visual Working Memory task in-
cluded an early-termination rule to reduce fatigue and stan-
dardize administration. This rule may have reduced vari-
ability and comparability across participants, particularly
among children with lower performance.

The diagnostic documentation used to identify chil-
dren with MLD may also warrant further methodological

consideration. All children in theMLD group had been pre-
viously diagnosed by official Greek public diagnostic cen-
ters, and the research team relied on these existing multi-
disciplinary records for group classification. The detailed
reports prepared by the multidisciplinary team included
evidence of functional academic difficulties in mathemat-
ics, school-based impairment, developmental and educa-
tional information, behavioral observations, and exclusion-
ary considerations consistent with DSM-5 descriptions of
Specific Learning Disorders [14]. As such, MLD group
classification was not based solely on an IQ–achievement
discrepancy criterion. The utilized diagnostic records also
included WISC-III-based information and discrepancy-
oriented interpretations, reflecting the assessment proce-
dures available in Greek clinical practice at the time of di-
agnosis. The research team did not administer theWISC-III
[60] and did not independently apply the discrepancy crite-
rion. Nevertheless, because it was not possible to reassess
the participating children with a fully updated diagnostic
protocol, this reliance on pre-existing diagnostic documen-
tation should be acknowledged. Future studies may achieve
greater diagnostic precision by documenting DSM-5 crite-
ria [14] and by using updated cognitive and academic as-
sessment tools where available.

Another limitation is the absence of a clinical control
group. The present study compared children with MLD to
typically developing controls, which is appropriate for ini-
tial case–control validation but does not establish whether
Askisi-MD can distinguish MLD from other neurodevelop-
mental or learning disorders, such as dyslexia, ADHD, or
mixed learning difficulties. Therefore, the present findings
support initial discriminant validity betweenMLD and typi-
cal development, but not disorder-specific differential clas-
sification. Future studies should include clinical compari-
son groups to examine whether the screener can differenti-
ate MLD from other learning and attentional profiles. The
exclusion of children who were not native Greek speakers
or who lived in bilingual or multilingual family environ-
ments also limits generalizability. This criterion was used
to reduce linguistic variability during initial validation of
a Greek-language screening tool, particularly for tasks in-
volving mathematical terminology and word problem com-
prehension. However, the findings should not be gener-
alized to bilingual or multilingual children without further
validation.

Future research should examine measurement perfor-
mance across linguistically diverse groups and evaluate
whether task adaptations are needed for bilingual learn-
ers. Additionally, although model performance was eval-
uated using repeated splits and cross-validation, all anal-
yses were conducted within the same overall dataset. In-
dependent replication in a new cohort and testing under
typical school conditions are needed before firm conclu-
sions can be drawn about generalizability in routine screen-
ing practice. Moreover, the brevity of some subtests may
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limit individual-score stability and internal consistency es-
timates. Future iterations will expand item pools and evalu-
ate reliability while retaining the short administration win-
dow. Finally, the present work focused on discrimina-
tion between groups, but additional validation steps would
strengthen practical implementation. Future studies may
benefit from examining risk score calibration, employing
decision thresholds tailored to different referral contexts,
and examining performance across sociodemographic sub-
groups to ensure that screening decisions are equitable.

5. Conclusions
Askisi-MD is a web-based neuropsychologi-

cal screener that integrates cognitive measures with
curriculum-relevant mathematical tasks.Across five tasks
in this screener, children with MLD exhibited significantly
lower performance than typically developing controls (p
< 0.001). On the Go/No-Go task, children with MLD
made significantly more errors (p < 0.001), as reflected
by their higher scores. Minute-based task-completion
time differences between groups varied across tasks, with
longer completion times most evident when tasks required
multistep computation or mathematical reasoning, as in
the Mental Calculation and Arithmetic Word Problem
tasks. Composite-level internal-coherence analyses fur-
ther support the conceptualization of Askisi-MD as a
multidomain neuropsychological screener, rather than
as a single homogeneous scale or a set of independent
mathematics subscales. McDonald’s Ω estimates indicated
internal coherence for selected composites. Modest inter-
nal coherence was observed for the neuropsychological
task-score composite and the total task-score composite.
The strongest coherence was observed for the latency-
based mathematical processing-efficiency composite. This
finding suggests that minute-based completion-time indi-
cators across mathematical tasks may capture a coherent
dimension of task-completion efficiency. However, these
results should not be interpreted as evidence that the brief
mathematics tasks are reliable standalone psychometric
subscales. Overall, Askisi-MD appears to provide inter-
nally coherent screening information at the composite
level, while maintaining its role as a multidimensional
first-line screener for identifying children who may require
further neuropsychological and educational assessment.

Furthermore, the screener showed good case-control
discrimination, balanced classification indices, and good
cross-validated classification performance for the best-
performing model. It is also important to note that vali-
dation was approached through two complementary ana-
lytic frameworks. Binary logistic regression was conducted
in SPSS, consistent with conservative psychometric prac-
tice in neuropsychology, where the emphasis is on estimat-
ing how strongly each task contributes to the likelihood
of group membership and on expressing this relationship
through interpretable parameters. To support further pre-

dictive validation, additional supervised classificationmod-
els were also employed. These models were not intended to
test linear associations, as they evaluate whether multivari-
ate patterns across tasks can reliably separate groups, even
when the relationships that exist among variables are non-
linear or interactive. Their use in combination with strati-
fied cross-validation places weight on performance stability
across resampled folds, strengthening the argument that ob-
served discrimination is not dependent on a single partition
of the data.

In conclusion, Askisi-MD offers promise as a feasible
first-line tool to screen for MLD in children, providing op-
portunities for comprehensive neuropsychological and edu-
cational assessment and early intervention when MLDmay
be present. However, external validation of our results and
evaluation of the screener in real-world school settings re-
mains essential.
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