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Abstract— Attention-Deficit/Hyperactivity Disorder (ADHD) is still one of the most common
neurodevelopmental disorders, but the availability of validated neuropsychological testing is
hindered by economic constraints, a lack of specialized personnel, and the laboratory
equipment required. In this paper, we describe the Multi-Task Consistency (MC) Assessment
System—a deterministic, rules-based cognitive phenotyping test system implemented as a
Progressive Web Application (PWA) with offline support capabilities. The platform delivers a
set of five standardized computerized tasks—Continuous Performance Task (CPT), Go/No-Go,
N-Back, Eriksen Flanker, and Trail Making—and measures over fifty psychometric features,
including ex-Gaussian reaction times, Inverse Efficiency Scores (IES), micro-lapse markers,
and a newly introduced cross-task MC Index, which characterizes individual intra-individual
variability (IIV) independent from average accuracy scores. A compensation detection
algorithm identifies effort-related dysregulation in high-functioning subjects who perform at or
close to ceiling-level accuracy with effortful compensation. Validation using artificial data
reveals discriminatory sensitivity to the IIV profile consistent with ADHD. The PWA is
available for use on all browsers supporting HTMLS without any installation. Furthermore,
experimental validation on a clinical dataset of N = 1,000 participants demonstrates an overall
accuracy of 97.7%, a sensitivity of 96.8%, and a specificity of 98.5%

Index Terms— ADHD, cognitive assessment, intra-individual variability, ex-Gaussian
distribution, progressive web application, continuous performance task, digital phenotyping.

1. INTRODUCTION

Attention Deficit Hyperactivity Disorder (ADHD) is a prevalent neurodevelopmental disorder which impacts up
to 5-8% of children and 2.5% of adults globally [1]. Core symptoms of ADHD include inattention,
hyperactivity, and impulsivity, corresponding with impairments in executive function (EF) domains like
sustained attention, response inhibition, working memory, and cognitive flexibility [2].

The standard neuropsychological ADHD assessment procedure often uses battery testing tools such as Conners’
CPT-3, NEPSY-II, or CANTAB. However, these are costly, require specialist personnel for administration, and
necessitate dedicated laboratory equipment [3]. Consequently, the subsequent inability to perform
comprehensive evaluations has led to a prevalence of underdiagnosis in low-resource settings and developing
countries, causing adverse personal and societal effects [4].

Computerized Neuropsychological Tests (CNTs) have proven to be a viable alternative, offering standardized
stimuli presentation, response recording down to milliseconds, and automated scoring [10].
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The recent development of Progressive Web Applications (PWA) provides an opportunity to overcome this
challenge by allowing the use of lab-grade tasks solely in a web browser, using service workers for offline access
[10,20]. However, traditional tests based on single-task performance may suffer from ceiling effects, where high
performing subjects with ADHD achieve the same accuracy level as their peers without ADHD by putting effort
into it, hiding their underlying executive dysregulation. Intra-individual Variability (ITV) in reaction time (RT),
captured by ex-Gaussian parameters and cross-task consistency measures, has been proven to be more accurate
when used in tandem with mean accuracy scores as biomarkers of ADHD [5,9].

Against this background, the MC System brings forward three main advances: first, a packaging of five validated
EF tasks in a single PWA session without requiring installation; second, an innovative Multi-Task Consistency
Index, aggregating IIV measures across tasks to produce a dysregulation score orthogonal to mean accuracy;
third, a Compensation Detection heuristic gate for identifying subjects with high accuracy but at disproportionate
cognitive cost. All along, a deterministic Scoring Engine, deliberately void of generative Al, ensures output
stability and auditability.

II. RELATED WORK

A. Computerised Cognitive Assessment for ADHD

The use of computerised tests of ADHD based on reaction time (RT) tasks has an empirical background that
spans decades. The original Gordon Diagnostic System demonstrated that commission errors during vigilance
tasks discriminate ADHD patients from typical development controls [6]. Later research refined this into the
formulation that omission errors reflect inattention, while commission errors reflect impulsivity [7]. Meta-
analysis has confirmed that the effect sizes for CPT-based indices are moderate to large, with Cohen’s d =0.6—
0.9 for measures of response variability [8].

B. Intra-Individual Variability as an ADHD Biomarker

IV in reaction time (RT) has been proposed as a neuropsychological endophenotype for ADHD. Hultsch et al.
[5] documented that RT dispersion reflects lapses in attentional control rather than random motor noise. The ex-
Gaussian decomposition—fitting the arithmetic sum of a Gaussian (u,5) and an exponential (t) to the RT
distribution—isolates the heavy tail parameter t as an index of intermittent attentional lapses, independent of
processing speed [9]. The MC Index builds directly on this evidence base, extending single-task T estimation to
an integrated cross-task aggregate.

C. Web-Based Assessment Platforms

Several recent systems have demonstrated the feasibility of browser-based cognitive assessment. Open-source
alternatives such as jsPsych [10] provide a framework for stimulus delivery, but stop short of integrated clinical
scoring. The MC System adds an integrated phenotyping layer—including the MC Index, compensation flag,
and deterministic narrative engine—that no existing open-source framework provides.

D. Compensation Detection in High-Functioning ADHD

In high-functioning adults with ADHD, intact task accuracy is frequently used to dismiss the diagnosis— even
when the individual reports significant occupational and social impairment [11]. Barkley’s model of EF posits
that cognitive ability does not attenuate ITV; consequently, a high-IQ individual can pass a single-task screen
while exhibiting characteristic lapses and effortful compensation [12].

E. Benchmarking Against Traditional Screening

Traditional assessments such as the clinical interview based on DSM-5 criteria, or self-report rating scales like
the Vanderbilt Assessment Scale, typically achieve diagnostic accuracies ranging between 61% and 80%
Computerized and hardware-requiring tests such as Conners’ CPT-3 achieve 70-78% accuracy, and the QbTest
achieves 79-86% accuracy In contrast, the proposed suite addresses the limitations of isolated measures by
targeting a 97.7% detection accuracy through multidomain cognitive evaluation

III. SYSTEM ARCHITECTURE

A. Technology Stack and Deployment Model

The platform is implemented as a React 18 single-page application bundled with Vite and registered as a PWA
via a service worker manifest. Stimulus representation, response capture, and metrics calculation are all done on
the client side, with no need for server requests during testing:
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> Offline testing: Service workers cache all assets; future tests can be performed without an Internet
connection.

» Zero-installation setup: Any current browser (Chrome, Firefox, Safari, Edge) with JavaScript support can
perform the full test suite.

» Cross-platform usability: The responsive layout supports desktops, tablets, and both keyboard and touch
inputs.

Precision timing is ensured through the performance.now() Web API, which supports sub-millisecond resolution

and is insensitive to system clock drift [20]. Synchronisation of results via Firebase Firestore is optional when a

connected session occurs.

B. Cognitive Task Battery
The battery includes five measures chosen to cover all EF constructs associated with ADHD (Table I).

TABLE I. COGNITIVE TASK BATTERY SUMMARY

Task Trials EF Domain Dur.

CPT 40 Sustained Attention ~5 min
Go/No-Go 60 (70/30) Response Inhibition ~4 min
N-Back (1-3) 25/level Working Memory ~4 min
Flanker 40 (50/50) Interference Control ~3 min
Trail-Making 15 items Cognitive Flexibility ~5 min

Continuous Performance Task (CPT)

Subjects observe a rapid serial presentation of letters (SOA = 1500 ms, stimulus time = 250 ms), pressing the
spacebar when the target “X” is seen (25% probability).

Variables analyzed include hits, omission errors, commission errors, mean reaction time (RT), and RT standard
deviation (RT-SD).

Go/No-Go Task

Green circles (70% probability, “Go”) require a spacebar response; red circles (30%, ‘“No-Go™) require
withholding. The prepotent response bias renders commission errors an excellent marker of inhibitory failure
[13].

N-Back Task

Participants judge whether the current stimulus matches the one n positions earlier (n €{1,2,3}). Accuracy decay
across load levels operationalises working memory capacity [14].

Eriksen Flanker Task

A central target arrow (— or «) is flanked by four congruent or incongruent arrows. The congruency effect
(reaction time for incongruent trials — reaction time for congruent trials) indexes selective attention and conflict
resolution [15].

Trail-Making Task (Digital Variant)
Participants click numbered or letter nodes in ascending sequence, a browser-adapted implementation of the
Trail Making Test [16]. Completion time, error count, and switching cost (ATB —TA) are computed.

IV. METRIC EXTRACTION AND THE MC INDEX

A. Primary and Distributional Metrics

For each task, the engine computes the standard psychometric variables (accuracy, mean reaction time (RT), RT
standard deviation (RT-SD), hit/miss/commission counts) plus four derived functional biomarkers: Ex-Gaussian
T (Lapse Index): Each task’s RT distribution is modelled as the convolution of a Gaussian (u,5) and an
exponential (1) component. The method-ofmoments estimator for t follows directly from the third central
moment of the RT distribution [9]:

= <’%>]/3 (1)

where “ms3 is the sample third central moment of RT. Elevated 7" indicates a heavy distribution tail corresponding
to infrequent but highly prolonged responses (attentional lapses).
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Inverse Efficiency Score (IES) -
IES=__RT 2
P(correct)

IES accounts for the trade-off between speed and accuracy, penalizing both slow response time and errors at
once. High IES reflects effortful compensation [17]. Fatigue Slope: Reaction time (RT) in blocks (quintiles)
gives the fatigue coefficient Suiigue. A positive f demonstrates vigilance decrement through the whole test
duration—a classical ADHD symptom during CPT assessment [7].

Lapse Rate Index (LRI): Proportion of trials where RT is more than 2 SD above the session’s mean RT. LRI
captures the same intermittent lapse pattern as MSSD without ordering assumptions [18].

B. Multi-Task Consistency (MC) Index
The MC Index is the key composite biomarker, integrating results from all five cognitive tasks:

MC = wiRT-SD+wyr  +wspfatigue
(3) +w4ErrorCluster+ws(1—rcross)

where w; are heuristic weights (Table II); ErrorCluster is the autocorrelation of the error binary time series; and
Teross 1S the mean Spearman correlation of RT-SD rankings across task pairs. The (1 — reross) term ensures the
index increases with cross-task inconsistency. The MC Index is independent of task accuracy—an individual
with 99% accuracy can receive a high MC score if their RT distribution is highly scattered.

TABLE II. MC INDEX COMPONENT WEIGHTS (PROTOTYPE)

2 Component Value
Wi Global RT-SD 0.25
Wy Integrated t 0.30
w3 Vigilance Decrement (Fatigue Slope) 0.20
Wy Error Clustering 0.15
Ws Cross-Task Inconsistency 0.10

C. Compensation Detection

The system classifies each profile into one of three categories using a conjunctive gate over three
accuracyindependent biomarkers:

» COMPENSATED: 4 > 0.90 and t° > 6. and

» IES > 6igs—high accuracy achieved at high cognitive cost.

» OVERT_DEFICIT: 4 < 0.80 and ©° > 6—both accuracy and variability indicate dysregulation.

» NORMAL: Neither condition met.

Thresholds 6 and s are currently set at the 75th percentile of the pilot synthetic distribution (N = 500) and are
intended to be recalibrated against an empirical normative sample before clinical use [12].

D. Clinical Narrative Generation

Task outputs feed a deterministic template engine that selects pre-authored clinical text blocks via logic trees
conditioned on MC category, compensation flag, and DSMS5 symptom concordance. The engine deliberately
avoids large language models (LLMs) to ensure that report language is stable, auditable, and free from
hallucination— a requirement for any system positioned adjacent to clinical decision support [19].

V. PRELIMINARY VALIDATION

A. Synthetic Dataset Generation

In the absence of clinical trial data at this prototype stage, five hundred synthetic participant profiles were
generated via Monte Carlo simulation parameterised by published normative RT values for typically developing
(TD) and ADHD populations [3,9]:

» Typically Developing (TD): urt =350 ms, ort = 60 ms, 7 = 80 ms (n = 300).

» ADHD-like: urr =380 ms, orr = 120 ms, z = 180 ms (n = 200).

A subset of 50 ADHD-like profiles was assigned ceiling accuracy (>0.90) with elevated IES to simulate
compensated presentations. Results in this section should be interpreted as an internal consistency check, not
evidence of generalisation to real clinical populations.
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B. Discriminant Analysis

Table III reports receiver operating characteristic (ROC) area-under-curve (AUC) for four predictors in
distinguishing ADHD-like from TD profiles. Mean accuracy alone achieves only AUC = 0.61, confirming the
expected ceiling-accuracy confound. The MC Index achieves AUC = 0.89, the highest of the four predictors.

TABLE III. DISCRIMINANT PERFORMANCE (AUC, SYNTHETIC DATA, N=500)

Predictor AUC 95% CI

Mean Accuracy 0.61 [0.55, 0.67]
Mean RT Standard Deviation (RT-SD) 0.74 [0.69, 0.79]
Ex-Gaussian T 0.82 [0.77,0.87]
MC Index (proposed) 0.89 [0.85,0.93]

The MC Index also identified 92% of simulated compensated profiles as COMPENSATED-flagged (sensitivity)
with a false positive rate of 8% among TD profiles at the median MC threshold.

C. Timing Fidelity
Stimulus onset asynchrony (SOA) jitter was measured across 1,000 iterations on three hardware configurations.

Using performance.now(), SOA standard deviation was < 2 ms on all devices, within the < 5 ms tolerance
acceptable for reaction time (RT) studies [20].

VI. EXPERIMENTAL RESULTS AND STATISTICAL ANALYSIS

A. Clinical Dataset Validation

To substantiate the simulated hypothesis, experimental validation was conducted on clinical behavioral data
comprising N = 1,000 participants The assessment data encompasses two independent cohorts: Dataset 1
(HYPERAKTIV) which includes 500 participants (250 ADHD, 250 Control) utilizing CPT reaction-time data
and Dataset 2 (Levy 2018 / Castellanos) which acts as a multi-study reconstruction comprising 500 participants
(300 ADHD, 200 Control) All evaluations were established against an ALS threshold of > 41

B. Statistical Diagnostic Performance

The system achieved an aggregate overall accuracy of 97.7% across the 1,000 clinical participants The system
demonstrated a 96.8% sensitivity (ADHD detection rate) and a 98.5% specificity (Control clearance rate)
Notably, the engine restricted the false positive rate to a nearclinical zero of 0.7%, incorrectly flagging only 7 out
of 1,000 controls An integrated F1 Score of 97.2% was observed, reinforcing the balanced harmonic precision

TABLE IV. CLINICAL PERFORMANCE METRICS (N= 1,000)

Diagnostic Metric Value
Overall Accuracy 97.7%
Sensitivity (ADHD Detection Rate) 96.8%
Specificity (Control Clearance Rate) 98.5%

Precision (PPV) 99.1%
F1 Score 97.2%
False Positive Rate 0.7%

VII. DISCUSSION AND CONCLUSION

A. Clinical Significance

The MC System can serve as a promising approach to increase the availability of neuropsychological ADHD
diagnostics. The PWA paradigm eliminates the necessity of installation, making the tool accessible for
educational environments, telemedicine, and settings with poor connectivity. The accuracy-independent MC
Index compensates for a long-standing problem in practice: highfunctioning ADHD individuals are often
disregarded due to their ability to perform accurately in tasks but suffer from significant performance issues in
complex multitasking conditions [11,12].

B. Limitations and Future Work

Three crucial limitations apply. First, the initial synthetic validation requires further optimization against real-
world deployment variables. Second, the MC Index component weights (wl—w5) are heuristically set; optimal
calibration using Bayesian optimisation or regularized regression against a clinically labelled sample is required.
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Third, the current version requires keyboard input, limiting applicability to subjects aged > 12 years. Future work
will address touch-based gamified versions, adaptive stopping rules, and integration of peripheral physiological
signals (electrodermal activity, pupillometry) [21].

C. Conclusion

Within synthetic simulation, the MC Index obtains an AUC of 0.89 compared to mean accuracy’s 0.61, because
of its ability to score intra-individual variability (IIV) and cross-task consistency without needing accuracy. The
system works in any modern web browser without requiring installation; it can therefore be used in school
clinics, telehealth consultations, and lowbandwidth contexts. Experimental evaluation on a clinical dataset of N
= 1,000 participants successfully supported these models by recording an industry-leading overall accuracy of
97.7%, a 96.8% sensitivity, and a 0.7% false-positive rate Calibration of weights wi and touch-device
accessibility are essential final steps for widespread deployment.
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