Case Study 1: The Digital Wellness Tracker —
Catching Burnout Before It Happens
The Big Picture

Mental burnout doesn't happen overnight; it is a gradual process marked by subtle shifts in
our daily routines. Before someone officially feels "burnt out," their digital footprint often tells
the story: late-night emails, endless doomscrolling, irregular sleep schedules, or a sudden
drop in messaging friends. These signals are buried in our everyday digital activities but
usually go unnoticed until the problem becomes severe.

Current wellness apps are mostly reactive—they ask you how you feel after you are already
stressed.

The Core Challenge

Your mission is to design the logic, architecture, and user experience for a proactive Al
system that analyzes everyday digital behavior to spot early indicators of mental burnout.
Your solution should not require manual journaling; it must passively and safely interpret the
user's digital exhaust to recommend preventive interventions before a crisis hits.

Key Deliverables for Teams
1. Data Point Identification & Tracking Logic

You must define exactly what "digital behavior" your system will track.

e Identify the metrics: Will you track screen usage trends, app-switching frequency,
keyboard typing speed, or work activity patterns?

e Establish the baseline: How does the system learn what a "normal" day looks like
for a specific user versus an anomalous, high-stress day?

e Note: Do not write code. Provide a structured map or flowchart of the data inputs.

2. The Privacy and Trust Framework
Mental health data is highly sensitive. If users feel spied on, they will not use your product.

e Data Handling: Design a strict framework for how this data is collected, stored, and
processed.

e Ethics: Will the processing happen locally on the device (Edge Al) or in the cloud?
Who owns the data?

e Trust: How will you convince users (or their employers) that this tool is for their
benefit, not for surveillance?

3. The "Burnout Risk Score" Architecture

Create a logical model for how the system calculates risk without writing the underlying
machine learning code.



e Weighting variables: If a user sleeps poorly for one night, that's normal. If they
sleep poorly for four nights and stop opening social apps, how does the score
change?

e Thresholds: Define the stages of burnout in your system (e.g., Green/Safe,
Yellow/Warning, Red/Critical) and what triggers a transition between them.

4. User Journey & Intervention Strategy

The way the system communicates with the user is critical. An annoying push notification
can actually cause more stress.

e Intervention design: Show how the app will gently suggest preventive actions, such
as workload adjustments, micro-breaks, or rest schedules.

e UI/UX flow: Create a visual wireframe or step-by-step user journey showing the
moment the system detects high risk to the moment the user takes action.

Case Study 2: The Concept Catcher — Finding the
Missing Links in Learning
The Big Picture

Education has a "cramming" problem. Students often pass exams while still having
fundamental conceptual misunderstandings. A student might memorize a formula to get an
'A' on a test today, but completely lack the foundational logic needed for the next semester.
These hidden learning gaps accumulate over time and later cause major academic
difficulties. The core issue is that traditional evaluation systems primarily measure final
results rather than conceptual understanding.

The Core Challenge

Your mission is to conceptualize an Al-driven learning analytics dashboard that looks beyond
letter grades to find exactly where a student's fundamental logic breaks down. The system
must passively evaluate how a student learns, identifying the invisible gaps and empowering
teachers to intervene before a student falls irreparably behind.

Key Deliverables for Teams
1. The "Beyond the Grade" Data Strategy

You need to define the non-grade, behavioral data the system will track to understand how a
student is learning.

e Identify the inputs: What data will you pull? Analyze student interaction data from
quizzes, assignments, and learning platforms. Will you look at the time spent
hovering over a multiple-choice option, the frequency of re-watching specific lecture
segments, or the types of hints requested?



e Define the markers: How do you differentiate between a student who "knows" the
answer and a student who just made a lucky guess?
e Note: Provide a structured data map showing the inputs.

2. The "Invisible Gap" Architecture

Map out the logical architecture that translates raw behavioral data into actionable insights
about learning gaps.

e Pattern Recognition: Establish the logical rules the system will use to flag that a
student is fundamentally struggling with a concept, even if they ultimately arrived at
the correct answer.

e Subject Mapping: Show how the system links a specific struggle (e.g., failing to
balance a chemical equation) to a broader foundational gap (e.g., misunderstanding
basic algebra).

3. The Teacher’s Dashboard (UI/UX Design) Teachers are incredibly busy and do not have
time to sift through raw data dumps. You must wireframe a dashboard that provides teachers
with detailed insights on where students struggle conceptually.

e Actionable Insights: How will you visually highlight the students who need the most
urgent attention?

e Class vs. Individual View: Show how a teacher can zoom out to see if the entire
class missed a concept, or zoom in to see a specific student's blockers.

4. The Personalized Intervention Engine
Identifying the problem is only half the battle; the system needs to help fix it.

¢ Recommendation Logic: Propose how the system will generate personalized
learning recommendations to address knowledge gaps.

e Content Delivery: Will it automatically suggest a 2-minute refresher video, generate
a custom practice quiz, or prompt the teacher to initiate a 1-on-1 session? Show the
user journey for the student receiving this help.

Case Study 3:
Predictive Modeling for Financial Bubble Detection in Digital Markets

Th nario:

Financial bubbles occur when asset prices rise rapidly due to speculation rather than
fundamental value. In emerging digital markets such as cryptocurrency or newly launched
fintech assets, inexperienced investors often follow herd behavior, causing sudden price
surges and crashes. While market hype drives exponential short-term growth, the inevitable
collapse wipes out retail portfolios.

The Objective:

Your task is to build a machine learning pipeline for an Al-based monitoring system that can
analyze trading activity, investor sentiment, and price volatility to detect early signs of
financial bubbles before a major crash occurs. Instead of building a user interface, your team
will focus on the data architecture, feature engineering, and the mathematical robustness of
the predictive model.




Key Deliverables for Teams:
1. Data Preparation & Feature Engineering

Financial and sentiment data are inherently noisy and highly volatile. You must design a
reproducible data pipeline to clean and structure your inputs.

* Eeature Selection: ldentify the specific quantitative (e.g., trading volume, moving
averages, RSI) and qualitative (e.g., NLP sentiment scores from social media) features you
will use.

* Data Processing: Detail your approach for the proper handling of missing or noisy data.

* Scaling & Normalization: Explain your strategy for feature scaling where required
(especially if your approach involves distance-based algorithms like K-Means & KNN).

2. Model Implementation & Architecture

Formulate the problem as either an anomaly detection task, a time-series classification, or a
clustering problem.

* Algorithm Selection: Propose and justify your chosen models (e.g., Isolation Forests for
anomaly detection, LSTMs for time-series forecasting, or XGBoost for crash probability
classification).

* Hyperparameter Strateqgy: Explain how you will tune the model to differentiate between a
healthy, organic market trend and an artificial, hype-driven inflation cycle.

3. Model Evaluation & Metrics

Accuracy is often a misleading metric in highly imbalanced financial datasets (crashes are
rare events).

* Evaluation Strategy: Ensure appropriate evaluation metrics are used for your specific
approach (e.g., Precision-Recall AUC for classification, or silhouette scores for clustering).
* The Cost of False Positives: How does your evaluation strategy account for the danger of
false alarms (which could trigger unnecessary panic selling)?

4. Result Interpretation & Real-World Application

A model is only as good as its explainability.

* Qutput Translation: Provide a short written explanation describing exactly what the model
output represents (e.g., mapping a probability output to a 1-100 "Bubble Risk Index").

* Robustness against Manipulation: Discuss how your model weights sentiment vs. volume
to avoid being manipulated by coordinated bot attacks designed to artificially spike the risk
index.
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