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Abstract:The AI-Powered Personalized IT Skill Development
Sys- tem is a full-stack educational intelligence web
application developed using React.js for the frontend, Spring
Boot for the backend microservices, and PostgreSQL for
relational data persistence, extended with a Python FastAPI
microser- vice that integrates Google ADK (AI Development
Kit) and the Gemini 2.5 Flash large language model API. The
platform delivers three core capabilities to computer sci- ence
students and IT professionals. The Custom Study Path module
accepts user-uploaded PDFs, plain text, or YouTube URLs,
retrieves transcript data, and applies the LLM to generate
structured study guides, adaptive quizzes, and context-aware
chatbot support. The AI Code Evalu- ation module provides
an integrated web-based compiler where students submit
programming solutions; the model detects runtime and
logical errors, predicts Big-O time and space complexity, and
outputs  personalized  algorithmic ~ op-  timization
recommendations. The DSA Question Genera- tion module
generates custom data structure and algorithm exercises
tailored to the user’s evolving proficiency level, including
strict constraints and automated test cases. Addi- tionally, the
system incorporates a Contextual Bandit rein- forcement
learning framework with Bayesian Linear Re- gression and
Thompson Sampling for adaptive difficulty selection.
Experimental results demonstrate that the text chunking
algorithm processes 40,000+ character transcripts without
API timeouts, while code evaluation responses are generated
in under 4.5 seconds on average. Furthermore, a quasi-
experimental study reveals a 35 percent improve- ment in
learning outcomes, confirming the system’s practi- cal
viability for real-world computer science education and self-
regulated learning.

Keywords—Spring Boot, PostgreSQL, React.js, In- telligent
Tutoring Systems, Google ADK, Adaptive Learning,
Automated Code Evaluation, Large Language Model,
FastAPI, Microservices Architecture, Reinforce- ment
Learning, Contextual Bandit, Thompson Sampling.

1 INTRODUCTION

The rapid expansion of the global Information Technol- ogy
(IT) sector has created an unprecedented demand for highly
skilled software engineers and developers. Continuous

skill development forms the backbone of IT profes- sional
growth. However, learners frequently encounter a set of
compounding challenges within traditional educational
environments and standard e-learning platforms. Unpre-

dictable difficulty curves, the absence of timely program-
ming guidance tailored to individual logical approaches,
and the rapid evolution of programming frameworks to-
gether hinder the educational stability of computer science
students. Students operating in competitive academic en-
vironments frequently make learning decisions based on
static, generalized curricula that result in avoidable cogni-
tive overload and disengagement.
The emergence of large language models (LLMs) and
distributed microservices opens a significant opportu- nity
to address these challenges. Unlike conventional rule-
based grading systems or narrow static quizzes, modern
Al systems can synthesize heterogeneous data sources—
including raw code syntax, logical flow pat- terns, and
multimedia transcripts—and produce contextu- ally
grounded, natural language tutoring that students can
understand and act upon without requiring manual
instruc- tor intervention.
Our proposed system is designed to close three specific
educational gaps simultaneously within a single authen-
ticated web platform: first, Al-driven study path genera-
tion that combines text parsing and video transcript analy-
sis; second, LLM-powered code evaluation offering Big-
O complexity analysis and algorithmic guidance; and
third, dynamic Data Structures and Algorithms (DSA)
question generation tailored to user proficiency. The
system is built using React.js for the frontend, Spring Boot
for the back- end microservices, PostgreSQL for data
persistence, and Python FastAPI for the Al microservice,
ensuring a clean architectural boundary between
application state logic and compute-heavy Al inference.
Furthermore, the platform integrates an adaptive
difficulty selection mechanism using a Contextual Bandit
framework with Bayesian Linear Regression and
Thompson Sampling. This reinforcement learning
approach treats each lesson cycle as an independent
decision, selecting optimal difficulty levels based on the
candidate’s current state vector without requiring full
sequential modeling. The Bayesian approach provides
data-efficient parameter up- dates and natural exploration
through uncertainty quantification.
This paper presents the full system architecture, module-level
methodology, distributed processing configuration,
reinforcement learning framework, and experimental eval-
uation results of the Al-Powered Personalized IT Skill De-
velopment System, demonstrating its effectiveness as a practical
educational decision-support tool.
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2 LITERATURE REVIEW

2.1 Intelligent Tutoring Systems (ITS)

Early research on intelligent tutoring relied predominantly on
rule-based expert systems and cognitive modeling. Tra-
ditional systems demonstrated that step-by-step guidance
achieved reasonable accuracy for short-term knowledge re-
tention in mathematics and logic. However, the underly- ing
assumption of predictable student error paths limits the
effectiveness of these systems when confronted with the
highly non-linear, multi-faceted logic required in computer
programming. Rule-based systems frequently fail to parse
novel yet correct student algorithms, creating frustrating false-
negative grading scenarios.

2.2  LLMs in Educational Platforms

Subsequent studies explored the integration of pre-trained
transformer models to capture complex semantic depen-
dencies in student queries. Recent works have shown that
LLMs outperform traditional NLP systems by signifi- cant
margins in generating coherent educational dialogues.
Scarlatos et al. (2025) demonstrated that LLM-based rea-
soning over structured curriculum sequences produced con-
versational tutoring competitive with human teaching assis-
tants, while additionally providing natural language expla-
nations of logical misconceptions—a critical requirement for
novice programmers.

2.3 Automated Code Analysis and Evaluation

Code evaluation systems have been studied extensively us-
ing abstract syntax tree (AST) comparisons and static anal-
ysis tools. Standard linters consistently achieve high accu-
racy for syntax and stylistic error classification tasks. How-
ever, these models require rigid rule sets, and their outputs are
limited to classification labels (e.g., ”Missing Semi- colon”
or "Type Mismatch”) without explanatory context, making
them difficult to interpret for students who want to understand
the conceptual reasoning behind an error. The integration of
generative Al into the evaluation pipeline has been identified
as a critical improvement factor, as static models fail to
account for algorithmic efficiency and tem- poral
complexities (Big-O analysis).

2.4 Reinforcement Learning in Education

Reinforcement learning has been applied to educational
systems for adaptive content selection and personalized
learning paths. Traditional approaches like Q-Learning

and Deep Q-Networks (DQN) model sequential decision-
making processes. However, in educational contexts
where immediate feedback is available after each lesson,
full tem- poral difference methods may be unnecessarily
complex. Contextual Bandit approaches offer a middle
ground, treat- ing each learning interaction as an
independent decision while still considering the learner’s
current state.
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2.5 Research Gap

Despite significant individual advances in each of these
three areas, no existing platform integrates custom
learning path generation from heterogeneous media,
conversational code evaluation, and adaptive DSA
problem generation within a unified, production-ready
web application. Most existing systems are either
academic prototypes without de- ployment infrastructure
or commercial platforms with nar- row language support
that do not allow learners to construct custom curricula.
The proposed architecture addresses this gap by
combining all three capabilities within a single plat- form
using modern microservice architecture with Spring Boot,
PostgreSQL, and Python FastAPI, powered by an
asynchronous message-brokering backend and an
adaptive reinforcement learning framework.

3 METHODOLOGY

3.1

System Architecture

The platform is designed as a multi-service architecture
with clearly defined boundaries between the presentation
layer, the API gateway, the message broker, and the Al in-
ference services. The React.js frontend (built with Vite)
communicates exclusively with the Spring Boot API gate-
way through authenticated HTTP requests and
WebSocket connections.
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Figure 1: High-level system architecture detailing the mi-
croservice workflow, data persistence layers, and API
inter- actions.

The Spring Boot backend serves as a secure API gateway
and orchestration layer responsible for JSON Web Token
(JWT) authentication, Spring Security-based role-based
ac- cess control (RBAC), request routing, and tenant
isolation. The backend uses Hibernate ORM as the
persistence layer to interact with PostgreSQL for
relational data storage including user accounts, quiz
history, session data, and per- formance metrics.

All compute-intensive Al operations are delegated to the
Python FastAPI microservice, which integrates Google ADK
(AI Development Kit) for prompt orchestration and Gemini
2.5 Flash LLM inference. The Al microservice handles text-
chunking algorithms, code evaluation, study path generation,
and DSA question generation.
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Apache Kafka with Zookeeper serves as the message broker
for asynchronous job queuing, specifically han- dling long-
running tasks such as large transcript process- ing (¢40,000
characters) and background study path gen- eration. These
operations are dispatched asynchronously to prevent blocking
the main HTTP request-response cy- cle. In contrast, code
evaluation and DSA question genera- tion are handled
synchronously via direct HTTP calls to the FastAPI service,
as their average response times ( 4.5 sec- onds) remain within
acceptable limits for interactive user experience.

Redis is used for temporary caching of transcript chunks,
session metadata, repeated inference responses, and inter-
mediate processing results to reduce latency and minimize
redundant LLM API calls. The cache layer sits between the
Spring Boot backend and both the database and Al services.

The React frontend communicates with the Spring Boot
backend through both authenticated HTTP requests (for
standard API calls) and WebSocket connections (for real-
time features). WebSockets enable:

* Live processing status updates for long-running tran-
script jobs

* Progress tracking during multi-step study path gener-
ation

* Real-time quiz feedback and scoring

* Asynchronous job completion notifications from Kafka
consumers

This separation of concerns ensures that individual
components—the LLM provider, frontend framework, or
database—can be upgraded independently without disrupt-
ing the core application logic.

Table 1: System Architecture and Technology Stack

Layer Technology &
Responsibility

Frontend Client React 18 / Vite 5/
TailwindCSS
User dashboard, online
code editor (Monaco), chat
interface, and auth Ul

API Gateway Spring Boot 3.2 /

&Orchestratio Java 17 JWT

nSecurity, authentication,

Spring RBAC, API
routing, request
orchestration,
business logic.

Hibernate ORM /
JPAObject-relational
mapping, entity
management, transaction

Persistence Layer

Database PostgreSQL 15Relational
storage of user accounts,
authentication data, quiz
history, session data,

performance metrics.

Cache Layer RedisTemporary caching
of transcript chunks,
session metadata, repeated
inference responses,
intermediate processing

results.

Message Broker Apache Kafka /
ZookeeperAsynchronous
job queuing for long-
running tasks: large
transcript processing,

background generation.

Al Microservice Python 3.10 / FastAPI /
UvicornGoogle ADK
prompt orchestration,
Gemini 2.5 Flash API
integration, text chunking,
code evaluation, study path

& DSA generation.

3.2 User Authentication

User authentication is implemented using JSON Web To
kens (JWT) to maintain stateless session management
across the frontend and backend. When a new user reg
isters, the submitted password is hashed using BCrypt
with a salt factor of twelve rounds before being stored in
Post greSQL. The User entity enforces email uniqueness
at the database level through unique constraints and
validates the role field using JPA annotations. Upon
successful authenti cation, a signed JWT with a multi-day
expiry is issued and securely stored. All prediction-related
and Al generation routes are protected by Spring Security
filters that verify the token’s cryptographic signature and
attach the decoded user principal to the security context
for use by downstream controllers, thereby maintaining
strict tenant isolation for personalized study histories.

3.3 Custom Study Path Generation Module

The study path generation pipeline accepts three pri mary
inputs: raw textual data, PDF document buffers, or
YouTube video URLs. The FastAPI text service begins by
extracting the raw string content. For YouTube videos, the
system extracts the unique video ID and utilizes the
youtube-transcript-api library to fetch the complete closed
caption timeline. Because LLMs possess strict context
window limits, documents exceeding 40,000 characters
trigger a recursive chunking algorithm. The text is divided
into overlapping segments of 5,000 characters. All
collected text parameters are injected into a LangChain
ChatPromptTemplate that in structs the Gemini 2.5 Flash

handling. model to act as an expert com puter science curriculum
designer. The response is returned as structured JSON
© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJ]SREM62849 | Page 3
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containing a modular syllabus, time estimates, key
conceptual take aways, and exactly five adaptive
multiple-choice questions to test immediate retention.

3.4 AICodeEvaluation Module

The code evaluation module supports multiple program
ming languages including Python, JavaScript, Java, and
C++. The pipeline is designed to simulate a senior devel
oper code review. The user’s submitted source code,
along with the problem statement, is packaged into a
JSON pay load and forwarded to the FastAPI inference
engine. The system applies a LangChain prompt that
positions the Gemini model as an algorithmic analyst. The
model evaluates the code logically and generates a

standardized JSON response containing four key elements:

1. Correctness Flag: A boolean indicating if the logic
solves the intended problem. 2. Error Identification:
Specific line numbers and nat ural language explanations
of syntax or logic failures. 3. Complexity Analysis:
Mathematical representation of Time O(N) and Space
complexity. 4. Optimization Suggestions: Actionable
guidance to improve algorithmic efficiency without
giving the di rect answer away. Table 2: LLM
Configuration for Code Evaluation Parameter Value Base
Model Temperature Max Tokens System Role Gemini 2.5
Flash 0.2 (Enforces deterministic, factual outputs over
creative variation) 2048 “Expert Computer Science Tutor
specializing in algorithmic optimization.” Output Schema
Strict JSON  object enforcing keys: status,
timeComplexity, feedback, hints.

3.5 DSAQuestion Generation Module

The Data Structures and Algorithms
generation module is implemented as a
continuous reinforcement pipeline. The
module evaluates the user’s historical
performance metrics stored in
PostgreSQL (e.g., success rate on previous
Array questions). Based on this historical
data, the Python service re quests the LLM
to dynamically synthesize a completely
novel programming problem. The output
explicitly in cludes the problem
description, variable constraints (e.g., 1
< N £105), and a minimum of three hidden
test cases for validation. This ensures
students cannot simply memo rize
answers from standard platforms like
LeetCode, as the questions are uniquely
generated per session.

3.6 Adaptive Difficulty Selection with Contextual
Bandit

The system incorporates an adaptive difficulty selection
mechanism using a Contextual Bandit framework with
Bayesian Linear Regression and ThompsonSampling.
This approach provides a middle ground between simple

© 2026, IJSREM | https://ijsrem.com

multi armed bandits and full reinforcement learning.
3.6.1 Framework Overview

Contextual Bandit is the core framework. It selects a dif £
iculty action given the candidate’s current state vector (12
features representing performance metrics, time since last
lesson, mistake burden, etc.), but it doesn’t model sequen
tial transitions or try to assign credit across multiple steps.
Each lesson cycle is treated as its own decision. The
choice of Contextual Bandit over full RL is moti vated by
the educational domain’s characteristics. In tradi tional
RL problems, rewards are often delayed and sparse,
requiring temporal difference methods to propagate value
estimates backwards through time. However, in our educa
tional setting, the primary reward signal—the candidate’s
performance on the current lesson—is available immedi
ately. This immediate feedback eliminates the need for
credit assignment across multiple time steps. Bayesian
Linear Regression is the value function for each action.
For each of the 10 difficulty levels, a separate linear model
estimates expected reward given the state:

O(s,a) =0T a-s (1)

where s is the state vector and 0a are the parameters for
action a. The parameters are updated incrementally using
the Sherman-Morrison formula, which avoids matrix
inver sion from scratch every cycle and is very data-
efficient. The Bayesian approach provides several
advantages over frequentist methods: ¢ Uncertainty
quantification: The posterior covariance Xa naturally
represents uncertainty about parameter estimates ¢ Data
efficiency: Prior knowledge can be incorporated through
the initial parameter distribution  Principled exploration:
Uncertainty drives exploration without manual tuning
Online learning: Parameters update incrementally as new
data arrives Thompson Sampling is the exploration policy.
Instead of using a fixed exploration rate (like e-greedy),
the sys tem samples from the Bayesian posterior over
parameters for each action and picks the best. Uncertain
difficulty lev els naturally get explored more because their
posterior is wider—exploration is a consequence of
uncertainty, not a hyperparameter to tune. Thompson
Sampling has theoretical guarantees on regret bounds and
has been shown to be optimal in many bandit settings. In
our implementation, it naturally balances ex ploration and
exploitation: early in training, when all pos teriors are
wide, the system explores broadly; as data ac cumulates
and posteriors narrow, the system increasingly exploits
the best-performing difficulty levels.
3.6.2 Mathematical Formulation
For each difficulty level
a € {1,2,...,10}, we maintain:

1. Meanparameter vector: pa € R12

2. Covariance matrix: Xa € R12x 12

3. Prior precision: A = 1.0 (regularization parameter)

4. Noise variance: 62 = (.1 (observation noise)
The posterior distribution over parameters is:

p(0alDa) = N(ua,2a) (2)
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where Da = {(si,ri)}
Is the set of observed state-reward pairs for action a. At

each decision point t: 1. Sample parameters from
posterior: "8a ~ N(pa,Za) for each action a 2. Compute
expected reward: ~ Q(st,a) = "OT a - st 3. Select action:
ax t = argmaxa ~ Q(st,a) 4. Execute action and observe
reward rt After observing reward rt, update using
Sherman Morrison formula for computational
efficiency:

Y-la<X-Ta+102st-sTtpa<XaX-1apat1o2
rt st (3) (4) The Sherman-Morrison formula allows us
to update £-1 a directly without computing the full
matrix inverse, reducing computational complexity
from O(d3) to O(d2) where d = 12 is the state
dimension.

3.6.3 Reward Function Design

The reward function combines multiple educational
objectives:rt=w1-accuracyt+w2-completiont—w3-struggl
ettw4-engagementt (5) where: ¢ accuracyt: Fraction of
correct responses (0-1) * completiont: Binary indicator of
lesson completion ¢ strugglet: Number of hints requested
/ total problems ¢ engagementt: Time on task normalized
by expected duration 4 + Weights: wl = 0.5,w2 = 0.2,w3
= 0.2,w4 = 0.1 8. Average time per problem(seconds):
Normalized by difficulty This multi-objective reward
encourages the system to se lect difficulty levels that
maximize learning while maintain ing engagement and
minimizing excessive struggle

3.6.4 WhyNot Full RL?

The specification explicitly rejects Q-Learning, DQN,
PPO, and SARSA. The core argument is that the primary
reward signal—howwellthecandidate did on this lesson—
is avail able immediately after the lesson, so there’s no
need for temporal difference methods to propagate
rewards back wards through time. Additionally, full RL
methods introduce several compli cations: ¢ Sample
inefficiency: Deep RL methods typically re quire millions
of samples to converge, impractical in educational
settings * Hyperparameter sensitivity: Methods like PPO
re quire careful tuning of learning rates, clipping param
eters, and network architectures ¢ Non-stationarity:
Student characteristics evolve over time, violating the
stationarity assumptions of many RLalgorithms
Interpretability: Neural network policies are black boxes,
making it difficult to understand and debug dif f iculty
selection decisions The long-horizon effects (forgetting
curves, spaced rep etition) are handled analytically and
baked into the state vector rather than learned implicitly.
For example, the ’time since last lesson” feature explicitly
captures spacing effects, and the “cumulative mistake
burden” tracks long term struggle patterns.

© 2026, IJSREM | https://ijsrem.com

3.6.5 State Vector Features

The 12-dimensional state vector s € R12 includes: 1.
Recent accuracy (0-1): Average correctness over last 5
lessons 2. Completion rate (0-1): Fraction of started
lessons completed 3. Time since last lesson (hours):
Normalized by ex pected spacing 4. Cumulative mistake
burden (0-10): Weighted sum of recent errors 5. Topic
proficiency (0-1): Mastery level for current topic 6.
Learning velocity (-1 to 1): Rate of performance im
provement 7. Hint usage rate (0-1): Fraction of problems
requiring hints 9. Consecutive successes (0-10): Current
streak length 10. Consecutive failures (0-10): Current
failure streak 11. Session engagement (0-1): Attention and
interaction metrics 12. Historical difficulty (1-10):
Average difficulty of past lessons All features are
normalized to similar scales to ensure balanced
contribution to the linear model. Feature engi neering was
informed by educational psychology literature on Zone of
Proximal Development and spaced repetition.

4 RESULTS AND DISCUSSION
4.1 Experimental Setup

The system was tested with both synthetic data generated
from educational models and real user data collected dur-
ing an 8-week pilot study with 120 undergraduate students.
The platform was deployed using a microservice architec-
ture with Spring Boot backend, PostgreSQL database, and
Python FastAPI for Al inference.

4.2 Code Evaluation Accuracy and Latency

The code evaluation module was evaluated by compar-
ing the LLM-generated feedback against verified instruc-
tor grading for 150 standard computer science
assignments, ranging from simple string manipulation to
complex dy- namic programming. Two independent
human evaluators (graduate teaching assistants with 3+
years of experience) reviewed each submission, with
inter-rater agreement mea- sured using Cohen’s kappa (=
0.82, indicating strong agreement).

The model successfully identified logical flaws in 94.6
percent of the incorrect submissions (142 out of 150), with
8 false negatives where subtle logical errors were missed.
Furthermore, the Big-O complexity predictions were
math- ematically accurate in 91.2 percent of evaluated
cases (137out of 150), with discrepancies primarily
occurring in edge cases involving amortized analysis.

Table 3: Code Evaluation Accuracy Metrics

Algorithm Type Precisi Rec F1-
on all Score
Array/String Manip. 96.5% 95.8 96.1%
%
Recursion & Trees 92.1% 90.5 91.3%
%
Dynamic 88.4% 87.2 87.8%
Programming %
Graph Traversal 89.7% 88.5 89.1%
%
Overall Average 91.6% 90.5 91.0%
%
DOI: 10.55041/IJSREM62849 | Page 5
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The evaluation was conducted on a held-out test set not seen
during system development. Baseline comparison was
performed against a rule-based static analysis tool (PyLint for
Python submissions), which achieved 78.3% precision but
only 45.2% recall due to its inability to detect logical errors
beyond syntax violations.

4.3  Text Processing and Quiz Generation Re sults

Text chunking and processing accuracy was assessed by
pushing increasingly large educational transcripts (up to
80,000 characters) through the pipeline. The overlapping
chunking algorithm successfully prevented context-loss
across chunk boundaries, ensuring that generated quizzes
reflected material from the entirety of the document, rather
than just the beginning or end. System monitoring showed
zero API timeout failures over a 14-day continuous testing
period.

4.4  System Performance and Load Testing

The complete distributed platform was load-tested with 500
concurrent users simulating active coding sessions and text
uploads. The Spring Boot API gateway maintained an av-
erage response time of 3.2 seconds under this load, with Redis
caching reducing repeated request latency to under 200ms.
The Python FastAPI microservice’s Gemini LLM inference
calls accounted for approximately 80 percent of total response
time for uncached requests.

The Kafka message broker successfully queued and pro-
cessed background text generation tasks without blocking the
main event loop, ensuring the React frontend remained highly
responsive. Redis cache hit rates averaged 62% for code
evaluation requests and 73% for study path regenera- tion over
a 7-day monitoring period, demonstrating effec- tive caching
strategy. Cache performance varied by user behavior, with
power users (¢, 10 sessions/week) achieving hit rates up to 85%,
while new users showed lower rates ( 40%) due to cold cache.

Table 4: System Latency and Load Testing Benchmarks

Operation Laten

cy
Frontend Initial Load 1.2s
Code Evaluation 4.5s
Small Text (j10k chars) 1.5s
Large Text (;40k chars) 18.5s
Database Query 0.08s
(History)

4.5 Educational Impact Study

To evaluate practical educational viability, a quasi-
experimental study was conducted over an 8-week period
involving 120 undergraduate students enrolled in a Data
Structures and Algorithms course at a mid-sized
university. Students were randomly assigned to
experimental (n=60) and control (n=60) groups, with
demographic balance ver- ified across groups (p;0.05 for
age, prior GPA, and pro- gramming experience).

The experimental group utilized the AI platform’s

adap- tive learning and code evaluation features, while the
control group utilized traditional static assignments with
manual instructor feedback (average turnaround time: 48
hours). Both groups received identical lecture content and
had ac- cess to the same teaching assistants.

Pre-test and post-test assessments were administered
us- ing identical problem sets covering algorithmic design,
complexity analysis, and implementation. The
experimen- tal group demonstrated higher average gains
in post-test assessments, specifically in algorithmic design
questions. Furthermore, platform logs indicated that
students utilizing the Al tutor required fewer compilation
attempts to reach successful solutions.

Table 5: Comparative Learning Outcomes (8-Week

Study)
Metric Control Al Platform
Grp Grp

Avg. Post-Test Score 68.4/100 84.6 /100

(SD=12.3) (SD=9.8)
Submission Attempts 8.5 per 5.2 per task

task

(SD=3.1) (SD=2.4)
Course Completion 72% 91% (55/60)
Rate (43/60)

Statistical significance was assessed using independent
samples t-test for post-test scores (t(118)=7.42, p;0.001,
Cohen’s d=1.35) and chi-square test for completion rates
(3(1)=6.89, p=0.009). The large effect size (d=1.35) sug-
gests substantial practical significance beyond statistical
significance.

However, several limitations should be noted: (1) the
study duration was limited to 8 weeks, insufficient to
assess long-term retention; (2) the Hawthorne effect may
have in- flated experimental group performance due to
novelty; (3) instructor feedback quality in the control
group may have varied; (4) self-selection bias may exist
despite random as- signment, as 7 students withdrew from
the experimental group citing preference for traditional
methods.

Reinforcement Learning Performance

The Contextual Bandit framework demonstrated effective
adaptation to individual learner profiles. Analysis of 1,000
learning sessions showed significant improvements in
learning efficiency and engagement metrics.

4.5.1 Learning Curve Analysis

Figure 2 illustrates the learning progression across differ- ent
candidate archetypes. The system successfully identi- fied and
adapted to distinct learner profiles showing varying rates of
improvement.
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Figure 2: Learning curves showing performance progres- sion
across different candidate archetypes over lesson cy- cles.
The adaptive system demonstrated improved learning ef-
ficiency compared to fixed difficulty baselines.

4.5.2 Composite Predictor Performance

The Bayesian Linear Regression model’s predictive accu-
racy was evaluated across all difficulty levels. Figure 3 shows
the correlation between predicted and actual perfor- mance
scores.

Teeeas bia s Mo Mg Semsea - Trsamae

Figure 3: Composite predictor performance showing pre-
dicted vs. actual scores with confidence intervals.

The model demonstrated strong predictive power with
appropriate confidence intervals that widened for less-
explored difficulty levels.

4.5.3 Struggle Detection and Intervention

The adaptive system includes early detection of learner
struggle. Figure 4 shows the system’s ability to identify
struggling candidates.

v — e o g

Figure 4: Struggle detection metrics showing early
warning signals and intervention timing.

Early intervention through difficulty adjustments
helped reduce dropout rates compared to systems without
adaptive difficulty.

4.5.4 Bandit Algorithm Comparison

We compared the Thompson Sampling approach against
al- ternative exploration strategies. Figure 5 presents

cumula- tive regret curves for different algorithms.

—— P ey

Figure 5: Bandit algorithm comparison showing cumula-
tive regret over learning sessions.

Thompson Sampling demonstrated lower cumulative
re- gret compared to alternative exploration strategies,
with natural exploration decay proving effective in the
educa- tional context.

4.5.5 Feature Importance Analysis

The 12-dimensional state vector’s feature importance was
analyzed. Figure 6 shows the relative contribution of each
feature to prediction accuracy.

Radge Rongroawess - Poatern Conlia sty
(Campeniin Soma Frovheler)
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Figure 6: Feature importance ranking showing the contri-
bution of each state vector component to difficulty selec
tion.

Performance-based features showed higher importance
than behavioral signals in predicting optimal difficulty
levels

.Zone of Proximal Development Calibration

The system’s ability to maintain learners within their Zone of
Proximal Development (ZPD) was evaluated. Figure 7 shows
the distribution of difficulty levels relative to learner
capability.

L )

Figure 7: ZPD calibration showing the distribution of se-
lected difficulty levels relative to learner capability zones.

The adaptive system maintained a higher proportion of
lessons within the optimal challenge zone compared to fixed
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difficulty curricula.

4.5.6 Mistake Pattern Analysis

Detailed analysis of mistake patterns revealed systematic
differences across difficulty levels. Figure 8 categorizes

mistakes by type and difficulty level.

Tt ks b et - Basyn

Figure 8: Mistake analysis showing error type distribution

across difficulty levels.

The analysis showed that error types varied systemati- cally
with difficulty level, informing the system’s feedback

generation strategy.

4.5.7 Comprehensive Metrics Dashboard

Figure 9 presents a comprehensive view of system perfor-

mance across multiple dimensions.

Model Tralaing — Maetrics Saremary Dastbeard
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module reliably handled transcripts exceeding 40,000
characters, generat- ing highly relevant study guides and
quizzes. Crucially, the distributed microservice
architecture, bolstered by Kafka message brokering,
maintained sub-5-second evaluation re- sponse times
under load testing conditions.

The integration of a Contextual Bandit framework with
Bayesian Linear Regression and Thompson Sampling
pro- vided data-efficient adaptive difficulty selection
without re- quiring full sequential modeling or manual
hyperparame- ter tuning. The reinforcement learning
component demon- strated effective adaptation to
individual learner profiles with natural exploration-
exploitation balance.

The quasi-experimental study demonstrated a 35
percent improvement in learning outcomes, with the
experimen- tal group showing higher post-test scores
(84.6 vs. 68.4), fewer submission attempts (5.2 vs. 8.5),
and higher course completion rates (91% vs. 72%),
confirming the system’s practical viability for real-world
computer science educa- tion.

5.1 Contributions

The key contributions of this work include:

1. Unified Educational Platform: Integration of three
distinct Al-powered educational capabilities (study
path generation, code evaluation, adaptive problem
generation) within a single production-ready system.

2. Practical RL Framework: Demonstration that Con-
textual Bandits with Bayesian Linear Regression
pro- vide sufficient adaptivity for educational
difficulty selection without the complexity and
sample ineffi- ciency of full RL methods.

3. Scalable Architecture: A microservice-based design
that cleanly separates concerns, enabling
independent scaling and upgrading of components

Figure 9: Comprehensive metrics dashboard showing en-
gagement, performance, and system health indicators.The
dashboard demonstrates the system’s effectiveness across
multiple performance metrics including learner en- gagement,
difficulty adaptation, and overall learning out- comes.

S5 CONCLUSION

This paper presented the Al-Powered Personalized IT
Skill Development System, a unified educational platform
that integrates Google ADK-orchestrated LLM reasoning,
adaptive text processing, real-time code evaluation, and
re- inforcement learning-based difficulty adaptation
within a production-grade Spring Boot and React.js web
applica- tion with PostgreSQL persistence. The system
simultane- ously addresses three critical decision-support
gaps in edu- cation—curriculum generation, algorithmic
feedback, and adaptive testing—within a single
authenticated platform.

The code evaluation module achieved an overall F1-
score of 91.0 percent across diverse algorithmic
challenges, successfully identifying logic errors and
providing Big-O complexity analysis. The text processing

© 2026, IJSREM | https://ijsrem.com

while maintain- ing system reliability.Empirical
Validation: Comprehensive evaluation in- cluding
accuracy metrics, latency benchmarks, and a
controlled educational study demonstrating real-
world effectiveness.

4. Interpretable Al: Use of linear models and explicit

feature engineering rather than black-box neural net-
works, enabling educators to understand and trust the
system’s decisions.

5.2 Limitations

Despite the promising results, several limitations should be
acknowledged:

* Language Coverage: The code evaluation module
currently supports only four programming languages
(Python, JavaScript, Java, C++). Expanding to ad-
ditional languages requires language-specific prompt
engineering.

* Domain Specificity: The system is optimized for
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computer science education. Adaptation to other do-
mains (mathematics, physics, etc.) would require
domain-specific feature engineering and reward func-
tion design.

* Cold Start Problem: New users with no histori- cal data
receive suboptimal difficulty recommenda- tions until
sufficient data accumulates (typically 5-10 lessons).

* LLM Dependency: The system’s effectiveness is tied to
the capabilities and availability of the Gemini 2.5 Flash
APIL. Changes to the underlying model could af- fect
performance.

* Evaluation Scope: The 8-week pilot study, while
promising, represents a limited timeframe. Longer- term
studies are needed to assess retention and transfer effects.

5.3 Future Work

The modular architecture allows individual components to be
upgraded independently. Several promising directions for
future development include:

5.3.1 Multi-Modal Learning

Integration of voice and video inputs for conversational mock

interviews and pair programming sessions. This would enable:

* Real-time speech-to-text transcription for verbal ex-
planations

* Screen recording analysis for debugging process eval-
uation

» Conversational Al for Socratic tutoring dialoguesSecure
Code Execution

Deployment of a containerized remote code execution
sandbox (using Docker or gVisor) to compile and execute
untrusted user code directly on the server. This would en-
able:

« Automated test case validation with actual execution

* Runtime performance profiling and optimization
sug- gestions

* Memory leak and resource usage detection

* Security vulnerability scanning

5.3.2 Advanced RL Extensions

While the current Contextual Bandit approach is effective,
several extensions could further improve adaptivity:

» Hierarchical Bandits: Separate bandits for topic se-
lection and difficulty selection, enabling curriculum-
level optimization

» Contextual Bandits with Non-Linear Models: Re-
place linear regression with kernel methods or neural
networks for more expressive value functions

e Multi-Armed Bandits for Content Selection: Opti-

mize not just difficulty but also problem types, expla-
nation styles, and hint strategies

+ Batch RL: Leverage offline data from thousands of
users to pre-train better initial policies
5.3.3 Spaced Repetition Integration

Explicit modeling of forgetting curves and optimal review
scheduling:

* Integration with SM-2 or FSRS algorithms for
flashcard-style review

* Predictive models of knowledge retention over time

* Automated scheduling of review sessions based on
forgetting predictions

* Interleaved practice recommendations

multiple topics

across

5.3.4 Collaborative Learning Features

Extension to support peer learning and collaborative
problem-solving:

e Peer code review with Al-assisted feedback

* Collaborative debugging sessions with shared

workspaces
* Discussion forums with Al-moderated Q&A

* Team project support with automated contribution
tracking

+ Explainable Al
Enhanced interpretability and transparency:

* Visualization of feature importance for each difficulty
decision

* Natural language explanations of why specific diffi-
culty levels were selected

* Counterfactual explanations (”If you had completed the
last lesson faster, difficulty would have increased”)

 Student-facing dashboards showing learning progress
and model predictions

5.4 Broader Impact

The system has potential applications beyond individual
learning:

* Institutional Adoption: Universities and coding
bootcamps could deploy the platform as a supplemen-
tary learning tool, reducing instructor workload while
improving student outcomes.

+ Corporate Training: Technology companies could use
the system for employee upskilling and onboard- ing,
with customized content for internal frameworks and
tools.

+ Accessibility: The adaptive difficulty and multi- modal
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support could make computer science educa- tion more
accessible to learners with diverse back- grounds and
learning needs.

Educational Research: The platform generates rich data
on learning processes, enabling researchers to study
questions about skill acquisition, transfer learn- ing, and
pedagogical effectiveness.

conclusion, the Al-Powered Personalized IT Skill

Development System demonstrates that modern Al tech-
niques—large language models, microservice architec- tures,
and reinforcement learning—can be effectively com- bined to
create practical, scalable educational tools. The system’s
success in improving learning outcomes while maintaining
computational efficiency and interpretability suggests a
promising path forward for Al-enhanced edu- cation.
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