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Abstract - Early detection and continuous therapeutic intervention are critical for children facing cognitive learning challenges, particularly Autism
Spectrum Disorder (ASD) and Dyslexia. Traditional clinical diagnostic methodologies are resource-intensive, highly susceptible to observational bias,
and lack continuous engagement mechanisms post-diagnosis. This research presents Cognitive Retrain, an integrated web-based platform engineered to
facilitate early cognitive disorder screening and gamified therapeutic enhancement. Leveraging a decoupled microservices architecture, the system
employs a Node.js and React infrastructure for low-latency user interaction, operating in tandem with a Python-based Machine Learning backend.
Supervised learning classification models—specifically Random Forest ensembles and Support Vector Machines (SVM)—were trained on behavioral
datasets to predict the likelihood of ASD and Dyslexia. Furthermore, the platform introduces a suite of adaptive therapeutic games targeting memory
retention, visuospatial attention, linguistic processing, and emotional recognition, dynamically served via a cosine similarity recommendation engine. To
bridge the gap in caregiver education, an advanced Retrieval-Augmented Generation (RAG) conversational agent is embedded, querying a FAISS-
indexed ChromaDB vector database of verified medical literature. Empirical benchmarking demonstrates an exceptional 93.5% accuracy for the autism
predictive model and an 89.2% accuracy for the dyslexia model, with an overall diagnostic inference latency under 150 milliseconds. The results highlight
the efficacy of combining machine learning algorithms with customized gamified digital therapeutics for remote cognitive rehabilitation.
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Predictive Analytics, Microservices Architecture, RAG

1. INTRODUCTION
1.1 Background and Problem Statement

Cognitive development during early childhood lays the foundation for long-term psychological and academic well-being.
However, neurodevelopmental conditions such as Autism Spectrum Disorder (ASD) and Dyslexia severely impede a child’s
ability to process sensory information, decode linguistics, and maintain sustained attention. ASD affects approximately 1 in 54
children globally, while Dyslexia impacts 5-10% of the population, making these among the most prevalent neurodevelopmental
disorders [1], [2].

Clinical consensus dictates that early and consistent intervention drastically improves the long-term cognitive trajectory of
affected children [1]. Despite this, traditional diagnostic procedures remain highly manual and bottlenecked. Diagnoses are
frequently delayed due to systemic lack of accessible medical resources, geographic barriers, and socioeconomic constraints, often
resulting in significant academic and psychological distress before formal intervention begins [4]. The average age of ASD
diagnosis in many regions remains above 4 years, despite symptoms being detectable as early as 18 months [1].

1.2 Proposed Solution and Contributions

To address this critical gap, this research proposes Cognitive Retrain, a comprehensive web-based platform engineered to detect
potential cognitive anomalies and deliver continuous, adaptive rehabilitation alongside parental support. The system represents a
novel integration of machine learning diagnostics, adaptive gamification, and conversational Al within a unified digital ecosystem.

The primary contributions of this research are:
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1. Dual-Engine Predictive Screening: A machine learning tool evaluating multidimensional behavioral markers to predict
ASD and Dyslexia with clinical-grade accuracy using Random Forest and SVM architectures [3], [9], [10].

2. Adaptive Gamified Therapeutics: A highly personalized therapeutic environment built in React, incorporating modules
for pattern matching, anagram resolution, sustained attention, and emotion recognition. Games adapt to the user’s
specific profile via a content-based recommendation engine [6], [8].

3. Caregiver Support via RAG LLM: An advanced Large Language Model (LLM) utilizing a Retrieval-Augmented
Generation (RAG) pipeline. The agent queries a FAISS-indexed vector database to serve as a reliable, hallucination-free
knowledge base for caretakers [7], [12].

4. Decoupled Microservices Architecture: A highly scalable MERN stack integrated seamlessly with a computationally
intensive Python ML microservice, ensuring zero-latency user experiences.

1.3 Research Objectives
The primary objectives of this research are:

1. To develop and validate machine learning models capable of accurately predicting ASD and Dyslexia from behavioral
questionnaire data.

2. To design and implement an adaptive gamified therapeutic system that personalizes interventions based on individual
cognitive profiles.

3. To integrate a RAG-based conversational agent that provides evidence-based guidance to caregivers.

4. To evaluate the system’s predictive accuracy, latency, and scalability through comprehensive benchmarking.

2. LITERATURE REVIEW
2.1 Predictive Modeling for Cognitive Disorders

In the context of ASD, diagnostic efforts have traditionally relied on tools like the Autism-Spectrum Quotient (AQ-10) and the
Modified Checklist for Autism in Toddlers (M-CHAT) [2]. Baron-Cohen et al. established the AQ as a reliable screening
instrument, demonstrating its effectiveness in identifying autistic traits across diverse populations [2]. Thabtah demonstrated the
viability of using structured behavioral datasets to train machine learning classifiers, identifying features such as lack of eye
contact and repetitive movements that heavily influenced predictive weight [3]. Bone et al. explored the application of machine
learning to facilitate autism diagnostics, highlighting both the promises and pitfalls of automated screening systems [4].

Similarly, for Dyslexia, Rauschenberger et al. utilized gaze-tracking and phonetic reaction time analysis to detect reading
anomalies [5]. While hardware-dependent solutions proved highly accurate in laboratory settings, they lack scalability for
widespread deployment. Web-based screening relying on historical learning markers provides a highly scalable alternative for
remote, browser-based deployments [5].

Recent advances in ensemble learning methods, particularly Random Forests [9] and Support Vector Machines [10], have
demonstrated superior performance in handling the high-dimensional, noisy nature of behavioral data. These methods have been
successfully applied to various medical diagnostic tasks, achieving accuracies comparable to or exceeding traditional clinical
assessments.

2.2 Research Gap
Despite these advances, existing systems exhibit several critical limitations:

1. Fragmentation: Diagnostic tools, therapeutic interventions, and caregiver support exist as separate, disconnected
applications.

2. Lack of Personalization: Most therapeutic games employ one-size-fits-all approaches without adapting to individual
cognitive profiles.
3. Limited Caregiver Support: Few systems provide evidence-based guidance to parents and caregivers post-diagnosis.
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4. Scalability Concerns: Many high-accuracy diagnostic systems rely on specialized hardware or in-person assessments,
limiting accessibility.

Cognitive Retrain addresses these gaps by synthesizing predictive classification, dynamic gamification, and RAG-based NLP into
a unified, web-accessible application.

3. METHODOLOGY
3.1 Mathematical Foundations

The Cognitive Retrain platform relies on three core computational pillars: Random Forests for ASD detection, Support Vector
Machines for Dyslexia detection, and Cosine Similarity for the game recommendation engine.

3.1.1 Random Forest Classifier for ASD Prediction

The ASD prediction module relies on a Random Forest ensemble learning method [9]. Given a behavioral feature vector X = (xu,
X2, ..., Xa), a single decision tree T splits the data based on the feature that minimizes Gini Impurity. The Gini Impurity for a node
p is defined as:

Cc
Gini(p) = 1- ) (p)?

i=1

where C is the total number of classes and p; is the probability of an item belonging to class i. The Random Forest generates K
trees by bootstrapping the training dataset. The final prediction f(X) is the majority vote across all trees:

f(X) = mode{T; (X), T, (X), ..., Tx (X)}

This ensemble approach reduces variance, preventing the model from overfitting on noisy qualitative behavioral data. Random
Forests are particularly well-suited for this application due to their robustness to outliers, ability to handle mixed data types, and
inherent feature importance ranking capabilities.

3.1.2 Support Vector Machine for Dyslexia Prediction

The Dyslexia module utilizes a Support Vector Machine to find the optimal hyperplane separating dyslexic from neurotypical data
points [10]. Given a training dataset of n points (X, yi), where y; € {-1, 1}, the SVM maximizes the margin between classes via
the optimization problem:

1
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Because cognitive behavioral data is rarely linearly separable, the algorithm employs the Radial Basis Function (RBF) kernel to
map input features into a higher-dimensional space:

K (X, X)) = exp(~y | X; = X; I?)

The RBF kernel enables the SVM to capture complex, non-linear relationships between behavioral features and diagnostic
outcomes. The hyperparameter y controls the influence of individual training examples, with higher values leading to more
complex decision boundaries.

3.1.3 Content-Based Recommendation Engine

Based on the diagnostic output, therapeutic games are recommended using content-based filtering. Let U represent the user’s
cognitive deficit vector, and G; represent the targeted skill vector of the i-th game stored in the games database. The system
calculates the Cosine Similarity:

G X UGy

Similarity(U, G;) =
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Games resulting in the highest similarity scores are dynamically serialized to the frontend Ul. This approach ensures that each
user receives a personalized therapeutic regimen targeting their specific cognitive deficits.

3.2 System Architecture
3.2.1 Full-Stack MERN Architecture

The platform operates on a decoupled client-server paradigm optimized for low-latency interactions. The client interface is built
using React.js to provide a highly responsive, single-page application (SPA) experience, which is critical for maintaining the
attention spans of neurodivergent children.

The backend infrastructure is bifurcated into two specialized engines. The primary routing and user management environment
resides in Node.js (server.js). This layer handles:

e  Secure user authentication via JSON Web Tokens (JWT) and bcrypt hashing (auth.js)
e  Session persistence and activity tracking via MongoDB

e Mongoose Object Data Modeling (ODM) to enforce strict schema definitions for entities such as user.js, activity.js,
autism.js, and dyslexia.js
e RESTful API endpoints for client-server communication

MongoDB was selected as the database solution due to its flexible schema design, horizontal scalability, and native JSON support,
which aligns well with the JavaScript-based technology stack.

3.2.2 Python Machine Learning Microservice

Concurrently, a dedicated Python engine utilizing the FastAPI/Flask framework handles computationally expensive tasks. This
microservice is solely responsible for:

e Machine learning inferences
e Vector database querying

e Recommendation logic

e RAG pipeline orchestration

By physically decoupling the ML processing from the main web server, we ensure that heavy matrix multiplications do not block
the Node.js event loop, maintaining frontend fluidity. Within the microservice, the prediction.py router exposes prediction
endpoints. The assessment.py utility parses incoming JSON payloads, structures them into NumPy arrays matching the training
data dimensions, passes them through the serialized .pkl models, and returns the confidence score and binary classification to the
ul.
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Tier 1: Frontend (Vercel)

React SPA Chat Interface Cognitive Games Dashboard

Tier 2: Backend API (Render)

Express.js Server Authentication Chat Proxy Activity Tracking

Data  ayer Tier 3: ML Service (Flask)

MongoDB Atlas Prediction Models RAG Chat System Recommendations

ChromaDB

Figure 1: System Architecture Diagram

Illustration of the decoupled microservices architecture showing the React frontend communicating with the Node.js APl Gateway,
which routes specialized requests to the Python Microservice.

3.3 Data Acquisition and Preprocessing

To train the models, two datasets were aggregated:

1.

Autism Dataset (modified_Autism.csv): Contains pediatric screening data mapped to binary diagnostic outcomes,
including responses to standardized behavioral questions, age, gender, and family history. The dataset comprises 704
instances with 21 features.

Dyslexia Dataset (labeled_dysx.csv): Contains features related to phonetic struggles, visual processing speeds, reading
comprehension scores, and spelling accuracy. The dataset comprises 1,200 instances with 15 features.

Data preprocessing involved several critical automated steps:

1.

5.

Missing Value Imputation: Missing values were imputed using median strategies for continuous variables and mode
imputation for categorical variables.

Categorical Encoding: Categorical variables were transformed using Scikit-Learn’s LabelEncoder to convert string
labels into numerical representations.

Class Imbalance Correction: The Synthetic Minority Over-sampling Technique (SMOTE) was applied to correct
inherent medical class imbalances [11]. SMOTE generates synthetic examples of the minority class by interpolating
between existing minority class instances, preventing the model from developing a bias toward the majority class.

Feature Scaling: Continuous features were scaled using StandardScaler to ensure uniform contribution during model
optimization. This step is particularly critical for SVM, which is sensitive to feature magnitudes.

Train-Test Split: Data was split using an 80-20 ratio, with stratification to maintain class distribution across splits.

The final models were permanently serialized (model_joblib and sc_model.pkl) to bypass retraining upon server initialization,
significantly reducing system startup time and ensuring consistent predictions across sessions.

4. IMPLEMENTATION

4.1 Frontend Development
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Built with React.js 18.x using a modern hooks-based architecture, focusing on:

e Architecture: Modular container-presenter pattern with React Router v6 for navigation.

e State & Styling: Context API for global state; CSS Modules and Styled-components for scoped, responsive design
(Flexbox/Grid).

e APl Integration: Axios with interceptors for automated JWT authentication.
e Accessibility: Adherence to WCAG 2.1 Level AA (high contrast, keyboard navigation, and cognitive simplicity).

4.2 Backend Services
A Node.js/Express.js REST API structured into three core layers:

e Auth: Stateless JWT authentication, Becrypt hashing (10 rounds), and Role-Based Access Control (RBAC).
e Database: MongoDB with Mongoose ODM, utilizing indexing and aggregation pipelines for optimized analytics.
e Endpoints: Dedicated routes for authentication, assessments, gamified modules, chatbot proxy, and progress tracking.

4.3 Machine Learning Pipeline
A Python/FastAPI microservice handling diagnostic and predictive logic:

e Training: Features data preprocessing with SMOTE for class balancing, training via Random Forest and SVM, and 10-
fold cross-validation.

o Inference: Uses Pydantic for validation and Joblib for model persistence, featuring caching to reduce 1/0O latency.
e Versioning: Supports A/B testing and rollback mechanisms for production safety.

4.4 Gamified Therapeutic Modules
Interactive React-based interventions designed for neurodevelopmental support:

e Anagram (Linguistic): Enhances phonological awareness through drag-and-drop letter sequencing.
e Visuospatial (Memory/Puzzle): Strengthens working memory via color sequence recall and spatial logic puzzles.
e Sustained Attention (Whack-a-Mole): Reduces reaction latency and improves focus through dynamic target tracking.

e Emotion Recognition: Combats "mindblindness” by training users to identify facial micro-expressions across diverse
demographics.

4.5 RAG Conversational Agent
An advanced Retrieval-Augmented Generation (RAG) chatbot providing caregiver support:

e Knowledge Base: CBT guidelines and milestones chunked and vectorized using all-MiniLM-L6-v2.
e Vector Store: Persistent storage in ChromaDB with FAISS indexing for high-speed similarity searches.

e Pipeline: Context-aware prompting (Top-K=3) via GPT-3.5-Turbo, ensuring empathetic, medically-grounded responses
while eliminating hallucinations.

5. RESULTS
5.1 Predictive Model Performance

The models were evaluated using an 80-20 train-test split and validated via 10-fold cross-validation. The Random Forest (ASD)
achieved 93.5% accuracy, with high recall (94.1%) ensuring minimal false negatives for at-risk children. Key features included
eye contact and social communication markers. The SVM (Dyslexia) achieved 89.2% accuracy, excelling in phonological and
spelling features.
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Table 1: Performance Metrics Comparison

Metric ASD (Random Forest) Dyslexia (SVM)
Accuracy 93.5% 89.2%
Precision 92.8% 88.7%
Recall 94.1% 87.3%
AUC-ROC 0.96 0.92

Confusion Matrix: ASD Model Confusion Matrix: Dyslexia Model

Neurotypical
Neurotypical

True Label
True Label

ASD

Dyslexic

|
Neurotypical Dyslexic
Predicted Label Predicted Label

'
Neurotypical

Figure 2: Confusion Matrices for ASD and Dyslexia Models.
5.2 System Performance Metrics
System latency was optimized for pediatric engagement. ML inference averaged 120ms for ASD and 145ms for Dyslexia. The

RAG chatbot maintained fluid dynamics with an average response time of 850ms for complex queries (120ms retrieval; 730ms
LLM generation).

Stress testing via Apache JMeter confirmed a sustained throughput of 450 RPS with <200ms latency. The decoupled architecture
successfully managed 1,000 concurrent users with a peak throughput of 650 RPS, demonstrating high scalability for regional
deployment.

5.3 User Engagement Analysis

A 4-week pilot study (n=50) demonstrated high therapeutic efficacy and user retention. The system saw a 92% return rate and an
87% game completion rate.

Therapeutic Progress Summary:

. Memory: 34% improvement in sequence recall.
. Linguistic: 28% faster anagram completion.
. Emotional: 41% accuracy gain in micro-expression recognition.
. Attention: 23% reduction in neurological reaction latency.
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Caregivers reported high satisfaction (4.6/5.0), particularly noting the chatbot’s utility (4.8/5.0) in navigating developmental
milestones.

5 Therapeutic Progress Trends Over 4-Week Pilot Study

41%

Percentage Improvement (%)

Memory Linguistic Emotional Attention

Figure 3: Therapeutic Progress Trends Over 4-Week Pilot Study.
6. DISCUSSION

6.1 Interpretation of Results

The empirical results demonstrate that Cognitive Retrain successfully achieves its primary objectives of accurate prediction, low-
latency performance, and engaging therapeutic delivery.

The 93.5% accuracy for ASD prediction and 89.2% accuracy for Dyslexia prediction are comparable to or exceed many
existing automated screening tools. The high recall rate (94.1%) for ASD is particularly significant from a clinical perspective, as
it minimizes false negatives—the most dangerous type of error in medical screening, where at-risk children might be incorrectly
classified as neurotypical and thus denied early intervention.

The sub-150ms inference latency represents a significant achievement in real-time ML deployment. This performance is critical
for maintaining user engagement, particularly with neurodivergent children who may have limited attention spans. The decoupled
microservices architecture proved essential in achieving this performance, as it prevented computationally intensive ML
operations from blocking the main application thread.

The RAG chatbot’s 850ms response time for complex queries strikes an optimal balance between thoroughness and
responsiveness. While slightly slower than simple chatbots, the added latency is justified by the dramatic improvement in factual
accuracy and the elimination of hallucinations—a critical requirement for medical information systems.

The user engagement metrics from the pilot study are particularly encouraging. The 87% completion rate and 92% return rate
significantly exceed typical rates for educational software (60-70% completion, 50-60% return). This suggests that the
gamification strategy successfully maintains user interest. The measurable improvements in cognitive metrics (28-41% across
different domains) provide preliminary evidence of therapeutic efficacy, though larger-scale clinical trials are needed for
definitive validation.
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6.2 Comparison with Existing Systems
Compared to existing solutions, Cognitive Retrain offers several advantages:

vs. Traditional Screening Tools (e.g., M-CHAT, AQ-10): - Automated analysis eliminates scorer bias - Instant results
vs. days/weeks for clinical review - Integrated therapeutic pathway vs. referral-only approach - Continuous monitoring vs. one-
time assessment

vs. Standalone Therapeutic Apps (e.g., Lumosity, CogniFit): - Diagnostic-driven personalization vs. generic exercises -
Evidence-based game selection vs. arbitrary content - Caregiver support system vs. child-only focus - Medical literature
grounding vs. commercial claims

vs. Clinical Al Systems (e.g., Cognoa, Autism & Beyond): - Comparable accuracy (93.5% vs. 88-95% range) - Superior latency
(<150ms vs. 500ms-2s typical) - Integrated therapeutics vs. assessment-only - Open architecture vs. proprietary black boxes

6.3 Limitations
Despite its strengths, this research has several limitations that must be acknowledged:

1. Dataset Limitations: - Training data was primarily from English-speaking, Western populations, potentially limiting
generalizability to other cultural contexts - Sample sizes (704 for ASD, 1,200 for Dyslexia) are modest compared to large-scale
clinical studies - Self-reported behavioral data may contain reporting biases

2. Validation Scope: - The pilot study involved only 50 participants over 4 weeks - No long-term follow-up data to assess
sustained therapeutic benefits - Lack of comparison with traditional in-person therapy outcomes - No formal clinical validation by
licensed diagnosticians

3. Technical Constraints: - System requires stable internet connectivity, limiting accessibility in low-resource settings - Browser-
based implementation may have performance limitations on older devices - RAG chatbot depends on external LLM APIs,
introducing potential service dependencies

4. Clinical Considerations: - The system is designed as a screening tool, not a replacement for formal clinical diagnosis -
Therapeutic games, while evidence-informed, have not undergone FDA approval or equivalent regulatory review - Potential for
over-reliance on automated systems by caregivers

5. Ethical and Privacy Concerns: - Collection of sensitive health data requires robust security measures - Potential for
algorithmic bias if training data is not representative - Need for transparent communication about system limitations to prevent
misuse

6.4 Clinical Implications
The successful development of Cognitive Retrain has several important implications for clinical practice:

Early Intervention Access: By providing accessible, low-cost screening, the system could enable earlier detection of cognitive
disorders, particularly in underserved communities where access to specialists is limited. Earlier detection is strongly correlated
with better long-term outcomes.

Continuous Monitoring: Unlike one-time clinical assessments, the platform enables continuous tracking of cognitive
development, allowing for early detection of regression or identification of emerging strengths.

Caregiver Empowerment: The RAG chatbot provides caregivers with immediate access to evidence-based information, reducing
anxiety and enabling more informed decision-making during the often-stressful period between initial concerns and formal
diagnosis.

Personalized Intervention: The recommendation engine ensures that therapeutic activities are tailored to individual needs,
potentially improving efficacy compared to generic interventions.
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Data-Driven Insights: Aggregated, anonymized data from the platform could provide valuable insights into cognitive
development patterns, therapeutic efficacy, and early warning signs, contributing to the broader research community.

However, it is crucial to emphasize that Cognitive Retrain should be viewed as a complementary tool rather than a replacement
for professional clinical assessment. The system is most appropriately used as: 1. A first-line screening tool to identify children
who should be referred for formal evaluation 2. A supplementary therapeutic platform to augment traditional interventions 3. An
educational resource for caregivers seeking evidence-based information

7. CONCLUSION
7.1 Summary of Contributions

Cognitive Retrain represents a highly advanced, full-stack web-based platform tailored for the early detection, tracking, and
continuous rehabilitation of children with Autism Spectrum Disorder and Dyslexia. By synergizing a scalable MERN stack
architecture with robust Python-based machine learning models, the system successfully bridges the chasm between initial
diagnostic screening and at-home therapeutic intervention.

The key contributions of this research are:

1. High-Accuracy Predictive Models: Achieved 93.5% accuracy for ASD and 89.2% for Dyslexia using Random Forest
and SVM algorithms, with high recall rates ensuring minimal false negatives.

2. Real-Time Performance: Demonstrated sub-150ms inference latency and sustained throughput of 450 RPS, proving the
system’s readiness for large-scale deployment.

3. Adaptive Therapeutic System: Developed a suite of evidence-based gamified interventions with personalized
recommendations, achieving 87% completion rates and measurable cognitive improvements.

4. RAG-Based Caregiver Support: Implemented a hallucination-free conversational agent that provides accurate,
evidence-based guidance to caregivers, achieving 4.6/5.0 satisfaction ratings.

5. Unified Digital Ecosystem: Created an integrated platform that seamlessly combines screening, therapy, and
education—addressing the fragmentation problem in existing digital health solutions.

Our rigorous benchmarking demonstrated exceptionally high predictive clinical accuracies alongside robust system performance
characterized by sub-200 millisecond inference latencies. The integration of adaptive gamified learning modules alongside a
hallucination-free RAG conversational chatbot creates an unprecedented digital ecosystem that treats the pediatric patient while
simultaneously educating and comforting the caregiver.

7.2 Future Work
Future developmental trajectories will focus on several key areas:

1. Enhanced Dataset Diversity: - Expand training datasets across diverse global demographics to improve precision and reduce
cultural bias - Incorporate longitudinal data to enable predictive modeling of developmental trajectories - Integrate multimodal
data sources (eye-tracking, voice analysis, motor patterns)

2. Advanced ML Techniques: - Explore deep learning architectures (CNNs, RNNs, Transformers) for improved feature
extraction - Implement federated learning to enable model training across distributed datasets while preserving privacy - Develop
explainable Al (XAl) techniques to provide interpretable diagnostic reasoning

3. Real-Time Biometric Integration: - Integrate browser-based computer vision models (e.g., TensorFlow.js) directly into the
React frontend to perform real-time facial emotion analysis and gaze-tracking entirely on the client’s device during gameplay -
Feed real-time biometric data back into the recommendation engine without compromising data privacy - Implement voice
analysis for phonological assessment in dyslexia screening
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4. Clinical Validation: - Conduct large-scale randomized controlled trials comparing outcomes with traditional interventions -
Pursue regulatory approval (FDA clearance, CE marking) for clinical use - Establish partnerships with healthcare providers for
integrated deployment

The ultimate vision for Cognitive Retrain is to establish a global, accessible platform that democratizes access to high-quality
cognitive screening and therapeutic interventions, ensuring that every child, regardless of geographic or socioeconomic
circumstances, has the opportunity for early detection and effective intervention.
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