
 

Technical Breakdown of the Specific Uses of AI/ML in 
Efiwe 

Efiwe is an educational platform that leverages TensorFlow.js to enhance user 
experience through four key AI-driven features. The platform uses machine learning 
models to dynamically adjust text-to-speech (TTS) volume based on content 
complexity, sentiment analysis, and user interaction patterns, ensuring audio output 
is tailored for clarity and engagement. Additionally, it predicts optimal typing 
speeds for displaying text content by analyzing word count, technical term ratios, 
and user pause behavior, creating adaptive animations that match the user's 
comprehension pace. These features incorporate user history stored in 
localStorage (and Supabase for logged-in users) to personalize the experience 
across sessions. 

The platform also applies AI to improve learning outcomes through intelligent code 
validation and hint systems. A TensorFlow.js model prioritizes diagnostic feedback 
by evaluating error frequency, severity, and message specificity, helping users 
focus on the most critical coding mistakes first. The hint prediction system uses 
similar analysis — considering challenge complexity, error patterns, and difficulty 
level — to suggest the most relevant guidance when users request assistance. All 
features include robust fallback mechanisms using heuristic-based rules, ensuring 
the platform remains fully functional even if AI models fail to load, while maintaining 
accessibility and providing context-aware support for coding education. 

Below is a detailed breakdown of the specific uses of AI/ML in Efiwe, focusing on 
the TensorFlow.js model and related functionalities: 

1. Text-to-Speech (TTS) Optimization 

Efiwe uses a TensorFlow.js model to dynamically adjust the TTS settings, 
specifically the volume, based on content analysis and user behavior. This enhances 
the accessibility and usability of the TTS feature. 

Implementation Details: 

 



 
●​ Model Loading (loadTtsModel): 

○​ The loadTtsModel function loads a pre-trained TensorFlow.js model 
(tfModel) from a model.json file. 

○​ The model is used to predict optimal volume settings for the TTS 
output. 

○​ If the model fails to load, the system falls back to heuristic-based 
adjustments. 

●​ Content and Sentiment Analysis (analyzeContentComplexity and 
analyzeSentiment): 

○​ Content Complexity Analysis: 
■​ The analyzeContentComplexity function evaluates the 

complexity of the text to be read aloud. 
■​ It calculates a complexity score based on word count and the 

presence of technical terms (e.g., "HTML", "CSS", "JavaScript"). 
■​ Formula: complexityScore = (wordCount / 100) + (technicalCount 

/ words.length) * 2. 
■​ A high complexity score (> 1.5) indicates complex content, which 

influences volume adjustments. 
○​ Sentiment Analysis: 

■​ The analyzeSentiment function performs a sentiment analysis 
by counting positive and negative words in the text. 

■​ Positive words (e.g., "great", "excellent") and negative words (e.g., 
"error", "incorrect") are predefined. 

■​ The sentiment is classified as "positive," "negative," or "neutral" 
based on the dominant word type. 

●​ Volume Prediction (speakText): 
○​ The speakText function uses the TensorFlow.js model to predict an 

optimal volume for the TTS utterance. 
○​ Input Features: 

■​ complexity.wordCount / 1000: Normalized word count. 
■​ complexity.technicalRatio: Ratio of technical terms to total 

words. 
■​ sentimentScore: +1 for positive, -1 for negative, 0 for neutral 

sentiment. 

 



 
■​ userHistory.pauseCount / 10: Normalized count of user pauses, 

indicating interaction patterns. 
○​ The model outputs a predicted volume, which is clamped between 0.0 

and 1.0 to ensure validity. 
○​ Fallback Mechanism: 

■​ If the model is unavailable, heuristic rules adjust the volume: 
■​ Positive sentiment: Increase volume by 10% (volume *= 1.1). 
■​ Negative sentiment: Decrease volume by 10% (volume *= 

0.9). 
■​ Complex content: Decrease volume by 5% (volume *= 

0.95). 
■​ High pause count (>5): Decrease volume by 5% (volume *= 

0.95). 
○​ The adjusted volume is applied to the SpeechSynthesisUtterance 

object to enhance the listening experience. 

Use Case: 

●​ Personalized Audio Output: The AI-driven volume adjustment tailors the TTS 
output to the content's complexity and sentiment, making it more engaging. 
For example, complex technical content is read at a slightly lower volume to 
avoid overwhelming the user, while positive feedback is emphasized with a 
higher volume. 

●​ User Interaction Awareness: Incorporating pause count ensures the system 
adapts to users who frequently pause the TTS, potentially indicating difficulty 
or distraction, thus adjusting the volume for clarity. 

2. Typing Effect Speed Optimization 

Efiwe uses a TensorFlow.js model to predict the optimal typing speed for displaying 
text content, enhancing the visual presentation of coding challenges and 
explanations. 

Implementation Details: 

●​ Model Initialization (initializeTypingModel): 
 



 
○​ A sequential neural network is created using TensorFlow.js with three 

dense layers: 
■​ Input layer: 4 units (for word count, technical ratio, pause count, 

and error frequency), ReLU activation. 
■​ Hidden layer: 16 units, ReLU activation. 
■​ Hidden layer: 8 units, ReLU activation. 
■​ Output layer: 1 unit, sigmoid activation (for typing speed). 

○​ The model is trained on data with features: 
■​ Word count (e.g., 50, 100, 200, 300, 500). 
■​ Technical ratio (ratio of technical terms). 
■​ Pause count (number of times the user paused typing). 
■​ Error frequency (simulated error rate). 

○​ Target outputs are typing speeds in milliseconds (e.g., 5, 7, 9, 11, 13 ms). 
○​ Training parameters: 50 epochs, batch size of 2, Adam optimizer, mean 

squared error loss. 
●​ Content Analysis: 

○​ The typeText function analyzes the content to be typed: 
■​ Counts words and technical terms (e.g., "HTML", "CSS", 

"JavaScript"). 
■​ Calculates technicalRatio as technicalCount / wordCount. 

○​ This analysis informs the model's input features for speed prediction. 
●​ Speed Prediction (typeText): 

○​ The model predicts an optimal typing speed based on: 
■​ wordCount: Total words in the content. 
■​ technicalRatio: Proportion of technical terms. 
■​ typingHistory.pauseCount: Number of times the user paused the 

typing effect. 
○​ The predicted speed is scaled to a range of 3 to 15 milliseconds. 
○​ Fallback Mechanism: 

■​ If the model is unavailable, the speed is adjusted heuristically: 
■​ Code-heavy content (containing <code> tags or >500 

characters): Increase speed by 1.5x (up to 10 ms). 
■​ High pause count (>5): Increase speed by 1.2x (up to 12 ms). 

 



 
○​ The predicted speed is stored in typingHistory.preferredSpeed and 

saved to localStorage (and Supabase). 

Use Case: 

●​ Dynamic Typing Animation: The AI model adjusts the typing speed to match 
the content's complexity and user behavior. For example, technical content 
(e.g., code snippets) is typed more slowly to allow users to follow along, while 
frequent pausing suggests a need for slower typing to aid comprehension. 

●​ Engaging User Experience: The adaptive typing speed makes the 
presentation of challenge descriptions, introductions, and explanations more 
interactive and tailored to the user's pace. 

3. Code Validation and Diagnostic Prioritization 

Efiwe uses AI/ML to prioritize diagnostic feedback for user-submitted code, 
improving the learning experience by presenting the most relevant error messages. 

Implementation Details: 

●​ Error History Tracking: 
○​ The validateCode function maintains an errorHistory object in 

localStorage (and Supabase) to track the frequency of specific errors 
for each challenge. 

○​ Errors include issues like invalid syntax, incorrect tag counts, or 
deprecated elements. 

●​ Diagnostic Prioritization (validateCode): 
○​ The TensorFlow.js model prioritizes diagnostic messages based on 

their relevance and severity. 
○​ Input Features: 

■​ frequency: Number of times the error has occurred for the 
current challenge. 

■​ severity: Predefined weight for the error type (e.g., 10 for "Empty 
code submission!", 3 for general mismatches). 

■​ diag.issue.length / 100: Normalized length of the error message 
(as a proxy for specificity). 

 



 
○​ The model outputs a priority score for each diagnostic, and diagnostics 

are sorted in descending order of priority. 
○​ Fallback Mechanism: 

■​ If the model is unavailable, diagnostics are prioritized using a 
heuristic: priority = frequency * severity. 

○​ The prioritized diagnostics are used to generate adaptive hints using a 
rule-based system (hintRules). 

Use Case: 

●​ Targeted Feedback: The AI prioritizes the most frequent and severe errors, 
ensuring users receive the most relevant feedback first. For example, if a user 
repeatedly submits code with invalid syntax, this issue is prioritized with a 
tailored hint. 

●​ Learning Support: By focusing on high-priority errors, Efiwe helps users 
address critical mistakes, improving their understanding of coding concepts. 

4. Hint Prediction 

Efiwe uses the TensorFlow.js model to predict the most relevant hint to display 
when the user requests assistance, enhancing the guidance provided during coding 
challenges. 

Implementation Details: 

●​ Hint Prediction (predictBestHint): 
○​ The model predicts the best hint index based on: 

■​ wordCount / 1000: Normalized word count of the challenge 
description. 

■​ technicalRatio: Proportion of technical terms in the description. 
■​ errorFrequency: Maximum error frequency for the current 

challenge (normalized by dividing by 10). 
■​ difficulty: A numerical value based on challenge difficulty (0.1 for 

beginner, 0.5 for intermediate, 0.9 for advanced). 
○​ The predicted value is scaled to select a hint index from the available 

hints (challenge.hints). 
 



 
○​ Fallback Mechanism: If the model is unavailable, the next hint in 

sequence is selected (currentHintIndex + 1). 
●​ Hint Display: 

○​ The showHint event listener uses the predicted hint index to display 
the most relevant hint. 

○​ Hints are typed out using the typeText function if not previously seen, 
or displayed directly if already viewed. 

Use Case: 

●​ Context-Aware Guidance: The AI selects hints that align with the challenge's 
complexity and the user's error patterns. For example, in a complex challenge 
with frequent errors, the model may prioritize a more detailed hint to address 
common mistakes. 

●​ Progressive Learning: By predicting relevant hints, Efiwe ensures users 
receive guidance tailored to their current needs, reducing frustration and 
enhancing learning. 

 

Summary of AI/ML Applications in Efiwe 
 

Feature AI/ML Component Purpose Fallback Mechanism 

TTS Volume 
Adjustment 

TensorFlow.js 
model predicts 
volume based on 
content 
complexity, 
sentiment, and 
pauses 

Personalized 
audio output for 
clarity and 
engagement 

Heuristic adjustments 
(e.g., ±10% for sentiment, 
-5% for complexity or 
high pauses) 

 



 

Typing Speed 
Prediction 

TensorFlow.js 
model predicts 
typing speed 
based on content 
complexity and 
pauses 

Optimizes 
typing 
animation for 
readability and 
engagement 

Heuristic adjustments 
(e.g., 1.5x for code-heavy 
content, 1.2x for high 
pauses) 

Diagnostic 
Prioritization 

TensorFlow.js 
model prioritizes 
errors based on 
frequency, severity, 
and message 
length 

Provides 
targeted 
feedback to 
address critical 
coding errors 

Heuristic prioritization 
(frequency * severity) 

Hint 
Prediction 

TensorFlow.js 
model selects 
relevant hints 
based on challenge 
complexity and 
errors 

Offers 
context-aware 
guidance to 
support user 
learning 

Sequential hint selection 
(currentHintIndex + 1) 

 

Technical Notes 

●​ TensorFlow.js Integration: 
○​ Efiwe uses TensorFlow.js for client-side ML, enabling real-time 

predictions without server dependency. 
○​ Models are lightweight (e.g., a sequential neural network for typing 

speed, a pre-trained model for TTS volume). 
○​ The system gracefully degrades to heuristic-based rules if 

TensorFlow.js or the model fails to load. 
●​ User History Integration: 

○​ Both TTS and typing features incorporate user interaction history (e.g., 
pauseCount) to adapt to user behavior, stored in localStorage (and 
Supabase) for persistence across sessions. 

 



 
●​ Error Handling: 

○​ The platform includes robust error handling for model loading and 
prediction failures, ensuring Efiwe remains functional with fallback 
mechanisms. 

●​ Accessibility: 
○​ The AI-driven TTS adjustments enhance accessibility by tailoring audio 

output to content and user needs. 
○​ The typing effect improves visual accessibility by presenting content 

at a pace suited to the user's comprehension. 

This detailed technical analysis highlights how AI/ML is integrated into Efiwe to 
enhance TTS, typing effects, code validation, and hint selection, making the coding 
challenge platform more adaptive, engaging, and user-friendly. 

For more information about Efiwe's AI/ML implementation or to discuss these 
technical features in detail, please contact Chidi Nwaogu, CTO and Co-founder of 
Efiwe, at c@efiwe.com. 

Whether you're interested in learning more about our TensorFlow.js integration, 
exploring potential collaborations, or have questions about our approach to 
AI-powered educational technology, we welcome the opportunity to connect and 
share insights about how we're leveraging machine learning to create more 
personalized and effective learning experiences. 
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