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Abstract

This report details the design, implementation, and
validation of CareerPath Al, a Chatbot-Based Career
Guidance System developed to address student
indecision by providing structured, personalized career
recommendations. Unlike systems relying on Natural
Language Processing (NLP), CareerPath Al is powered
by a Rule-Based Expert System, which utilizes the
principles of Trait and Factor Theory to map user input
to appropriate career paths. The system uses a multi-step
conversational interface to assess students across 12
weighted questions focused on Interests, Skills, and
Work Values. The output is a graphical Dashboard that
displays the quantified Overall Career Fit Score via a Bar
Chart and a visual Profile Analysis via a Radar Chart.
This methodology ensures high transparency and
feasibility for the prototype, setting a strong foundation
for future ML integration.

Introduction

The transition from academic life to professional career
selection is one of the most critical, yet often most
challenging, junctures for students. Traditional career
guidance systems—which frequently rely on generalized
tests, static forms, or infrequent in-person
consultations—struggle to meet the modern demand for
instant, personalized, and transparent support. This
reliance on outdated, manual processes often results in

slow decision-making, inconsistent career choices, and
ultimately, a reduced likelihood of long-term job
satisfaction. The fundamental issue lies in the lack of an
efficient mechanism to accurately match individual
student traits with evolving occupational requirements.

Background: The  Necessity of  Efficient
Administrative Services
In today's dynamic  professional landscape,

administrative services within educational institutions
have evolved beyond simple support functions; they are
now critical pillars that profoundly shape the overall
student experience and influence an institution's long-
term reputation. When these services are efficient,
accessible, and highly responsive, they directly
contribute to student satisfaction, retention, and success.
However, many universities still rely on legacy guidance
systems—processes often created decades ago—that fail
to align with the expectations of today’s digitally native
students. These outdated processes create friction, slow
the delivery of essential guidance, lead to fragmented
communication, and offer limited transparency.The Shift
to Proactive Digital SupportAs higher education
institutions increasingly embrace digital transformation,
upgrading student support services is no longer just an
opportunity for improvement; it is a strategic necessity.
Modern digital platforms provide the speed, user-centric
design, and accessibility required to support
contemporary operations.The CareerPath Al system
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represents this strategic shift by replacing the slow,
opaque guidance process with a proactive, digital
platform. By delivering structured, quantifiable
recommendations instantly via a friendly chatbot, we
aim to ensure that the advising function remains
efficient, scalable, and fully aligned with the evolving
needs of students seeking career direction.

1.1 Problem Statement: Limitations of Legacy
Systems

Despite their long history, traditional career guidance
methods create several operational challenges and
negatively impact the quality and efficacy of the advising
process. Three major limitations stand out when
compared to a digital, data-driven approach:

1. High Latency in Processing: Legacy
systems rely heavily on manual procedures, such
as reviewing paper-based forms, interpreting
unstructured student emails, or scheduling
lengthy  one-on-one  appointments.  This
dependence on human intervention creates
unavoidable bottlenecks, delaying the student's
progress toward a final decision. Such latency
directly increases the overall time required for a
student to feel confident in their career path,
often stretching a vital choice into weeks or
months.

2. Inconsistent Categorization:
Traditional guidance often relies on the
individual judgment or qualitative analysis of an
advisor. Because the classification of a student's
profile (e.g., assessing their "analytical interest"
or "communication skill") is based on subjective
interpretation, recommendations are often
inconsistent and difficult to standardize. This
lack of objective, quantifiable metrics—the very
foundation of the Trait and Factor Model—
means students frequently receive advice that
lacks a clear, data-backed justification.

3. Lack of Transparency for Users:
Traditional Traditional systems rarely provide
instant feedback or a clear rationale for the
advice given. Students often experience a "black
box" process where they cannot see why they
were deemed a better fit for one field (like Web
Development) over another (like Al/Data
Science). This critical lack of visibility
undermines trust and reduces the user's
confidence in the institution's responsiveness

and the quality of the guidance received, leading
to doubt and potential abandonment of the
recommended path..

1.2 Objective: Measurable Goals for the Research

The central aim of this study is to design, build, and
validate a career guidance system that modernizes and
streamlines the initial career exploration process for
students. To ensure the research is grounded and the
project's success is measurable, we have established
several clear objectives:

o High Classification Accuracy:
The primary goal is to develop a Rule-Based
Expert System capable of accurately classifying
a student's profile (Interests, Skills, Values) and
reliably mapping it to the three core technical
paths (Web Dev, Al/Data, Networking). This
requires meticulous design of the weighted
scoring mechanism to ensure the final calculated
Fit Score is a robust and justifiable indicator of
potential career alignment, thereby achieving
high classification accuracy within the
predefined knowledge base.
. Significant Time Reduction:
Traditional guidance processes often involve
significant waiting times for appointments or
analysis. A core objective is to drastically reduce
the average time between a student initiating
guidance and receiving a data-backed
recommendation. The system aims to shift this
process from days or weeks to mere minutes (the
time taken to complete the 12-step chatbot
interaction), providing instant, actionable
advice.
o Scalability and Accessibility:
The system must be implemented with a
lightweight, user-friendly interface that ensures
24/7 system availability. The web-based
architecture must handle simultaneous student
usage without performance degradation, making
personalized career guidance easily accessible
from any device.
. Proactive Campus Governance:
A core goal for any modern university is to shift
from simply reacting to student problems to
proactively anticipating future needs. By
capturing structured, quantifiable data through
the CareerPath Al chatbot, the institution gains
visibility it lacked before. This data empowers
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administrators to practice proactive guidance by
first identifying institutional gaps: they can
observe if, for instance, a high number of
students express interest in Al/Data Science but
lack the corresponding measurable Skills. This
clear insight allows the university to proactively
allocate resources to improve specific courses or
workshops, ensuring the curriculum remains
aligned with student potential and current
market demands. Furthermore, the analyzed data
helps to anticipate advising workload, enabling
the advising center to predict surges in demand
(like those occurring before major selection
deadlines) and adjust staffing and support
resources before the rush, ultimately leading to
improved student outcomes and institutional
efficiency..

2. Literature Review

The development of the CareerPath Al system is
grounded in two major areas of academic research:
Cognitive Theories of Career Development and Expert
System Design. This review establishes the theoretical
foundation for our guidance logic and explains why a
structured, rule-based approach is the most effective
choice for this prototype.

2.1 Conversational Al and Intent Recognition

A core function of any conversational agent is its ability
to determine the user's intent. In complex systems, this
means processing unstructured language to understand
the underlying purpose of a query. For the CareerPath Al
system, intent recognition operates on a structured and
deterministic principle: identifying the user's personality
trait alignment based on their explicit choice..

NLP  Techniques for Intent
A foundational requirement for any conversational

Recognition:

system is its ability to accurately determine the user's
intent. While most modern Natural Language Processing
(NLP) systems are designed to interpret unstructured,
free-form text—Ilike processing a student's email to
understand their underlying complaint—the CareerPath
Al system employs a precise, structured methodology for
intent recognition.In this context, intent recognition
focuses not on linguistic interpretation but on identifying
the user's explicit alignment with a specific personality
trait. Structured Intent via Rule-Based LogicThe system
utilizes its Rule-Based Expert System to bypass the

immediate and perfect intent accuracy, as the user's goal
is explicitly stated: Explicit Intent: Intent is determined
entirely by the user's selection from the provided button
options. For instance, a student clicking an option related
to "complex math and logic puzzles" explicitly signals a
high alignment with Analytical Interest. Direct Mapping:
This choice is instantly and directly mapped to the
weighted scoring mechanism defined in the knowledge
base, ensuring the quantified trait is accurately recorded
for the final recommendation. Predictability and Control:
This methodology ensures predictable and consistent
output, as the developer maintains full control over the
response logic. This is essential for a guidance system
where accountability and transparency are paramount.

Transformer-Based Models (e.g., BERT, RoBERTa):
The most critical advance in Intent Recognition came
with the development of transformer models like BERT
and RoBERTa, which fundamentally elevated the ability
of Natural Language Processing (NLP) systems to
understand human language. These models operate using
a self-attention mechanism that processes text
bidirectionally, analyzing the context of a word using
both preceding and following words. This capacity
generates contextual embeddings, allowing the model to
assign unique meanings to the same word based on its
usage within the sentence. This parallel processing
significantly boosts efficiency and allows transformers
to accurately capture long-range dependencies in text.
Consequently, transformer models achieve superior
accuracy and set the highest performance benchmarks
across essential NLP tasks, including text classification
and precise intent classification in  modern
conversational Al systems.

3. Comparison of Rule-Based vs. Machine Learning-
Based Chatbots:

3.1 Methodology and Technology

The development of the CampusCare Bot necessitated a
strong foundation in both methodology and technology
to ensure a scalable and highly accurate system. At its
core, the system utilizes Natural Language Processing
(NLP), which is crucial for instantly interpreting and
classifying unstructured, text-based complaints into
categories like Maintenance or IT with high accuracy.
This classification task, a standard problem in machine
learning, required the selection of robust algorithms that
moved beyond simple rule-based methods to handle the
complexity of real human language. To support

complexities inherent in text-based NLP. This provides continuous, camRus—wide use and future scaling, the
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entire system was built using a microservices
architecture based on Python/Flask. Furthermore, the
methodology integrated design automation principles to
maintain structural consistency across communication
protocols (like API endpoints) and accelerate
deployment. This sophisticated blend of NLP for
intelligent triage and microservices for scalable
architecture ensures the bot delivers both operational
efficiency and structural reliability.

Review of Text Classification Approaches

The selection of appropriate text classification
approaches is fundamental to the success of systems that
manage incidents and automate helpdesk functions. This
field employs various supervised machine learning
algorithms, each offering distinct strengths for accurately
categorizing complaint text.

. Support Vector Machines (SVM) and
Logistic Regression:

These classifiers perform reliably when the
textual features are relatively simple and easily
separable. Their efficiency and ease of
interpretation make them valuable during the
early stages of prototyping..

. Random Forest and Ensemble
Methods: These tree-based algorithms excel at
capturing intricate relationships and interactions
between various features within the text. This
capability is especially beneficial in complex
scenarios where a single complaint might
overlap multiple categories, such as issues
pertaining to both IT and Maintenance.

. Deep Learning and Transformer
Models: These approaches are employed when
achieving the highest possible accuracy is
paramount, often accepting a  higher
computational demand Architectures like
transformers (e.g., BERT) provide state-of-the-
art performance. Their capability to capture
subtle semantic nuances is essential for systems
aiming for very high precision (e.g., above 90%)
in their classification tasks.

Addressing Class Imbalance

Addressing Class Imbalance is a crucial part of training
machine learning models, especially in real-world
scenarios where some categories occur much more
frequently than others. In campus environments, for
instance, common complaints like maintenance requests

far outnumber critical but rare concerns, such as safety
issues. This imbalance causes a significant problem:
standard ML models tend to favor the majority class,
which reduces their predictive ability for the minority
class—the critical, high-priority issues—because they
see insufficient examples of them during training. To
mitigate this operational challenge, researchers
commonly employ two main strategies:

o Data-Level Strategies:
This These methods directly manipulate the
training dataset to make the class distribution
more balanced, which improves the model's
ability to generalize across all categories.
Oversampling: Generating synthetic examples
of the minority class to increase its
representation in the dataset. Undersampling:
Reducing the number of examples in the
majority class to achieve a more balanced
distribution.

o Algorithm-Level Strategies
Methods This approach adjusts the training
algorithm itself to treat misclassifications
differently based on their importance: Cost
Adjustment: Assigning higher penalties during
model training for misclassifying the critical
minority classes (e.g., classifying a Safety issue
as a routine IT request). This ensures the model
gives these vital categories more attention and
learns to avoid errors that have a high
operational consequence.

Evaluation Metrics

Because simple accuracy can be misleading in
imbalanced datasets (a model can be 95% "accurate" by
just guessing the majority class), the F1-Score is used as
the primary performance metric. The F1-Score—the
harmonic mean of precision and recall—provides a
balanced measure, ensuring the model performs well
across both common and rare, high-stakes categories.

3.2 Smart Campus Initiatives

The development of CareerPath Al is viewed not as an
isolated solution but as a key component within the
broader vision of the modern Smart Campus. A smart
campus is an environment that integrates next-generation
technologies to deliver seamless services, improve
efficiency, and enable informed, data-driven decisions
across the institution.
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Integration with Administrative Systems :

The CareerPath Al system represents a fundamental
shift in administrative student support by providing
instant, transparent, and data-backed career guidance. It
operates as a Rule-Based Expert System grounded in the
Trait and Factor Theory, using 12 structured questions to
accurately quantify a student's profile across Interests,
Skills, and Values. The system's methodology prioritizes
feasibility and transparency over the complex data
requirements of Machine Learning models, ensuring that
recommendations are always traceable and justifiable
through the Dashboard's visual analysis. By delivering
24/7 accessibility and automating the high-volume,
initial phase of career exploration, the chatbot frees up
human advisors to focus on complex, high-value cases.
Strategically, the system enables Proactive Guidance
Governance; the structured data it collects allows the
university to identify curriculum gaps and anticipate
advising workload, thereby enhancing institutional
efficiency and student support.

Automation of Routine Workflows :

Smart The automation of routine administrative
workflows is a central pillar of the Smart Campus
philosophy, leveraging technology to streamline
repetitive tasks and enhance service delivery. For the
CareerPath Al system, automation shifts the essential but
time-consuming initial phase of advising from human
skill gaps. This transition ensures that the university can
refine its programs and align its resource distribution
with both student potential and the demands of the
current job market, thus improving operational
efficiency and student outcome university gains critical

4. System Design & Architecture: Microservices
Approach

The While the template used a microservices architecture
for handling complex NLP and ticketing services, the
CareerPath Al system relies on a streamlined, three-tier
web architecture to ensure maximum feasibility and
simplicity for a prototype.

1. Frontend Service: The This service manages
everything the user sees and interacts with. Function in
CareerPath AIl: Provides the clean, intuitive, and
responsive Dark Mode web interface and the multi-step
chat widget. Its primary role is to ensure students can
easily interact with the 12 questions from any device.

staff to the digital platform. Instead of an advisor
spending valuable time on standardized initial
questionnaires, the chatbot automates the triage and data
collection by handling the entire 12-question weighted
scoring process. This automated process instantly
records and processes the student's Interests, Skills, and
Values and calculates the final Career Fit Score. By
managing these repetitive steps, the system provides
round-the-clock, immediate guidance, which
significantly reduces the administrative workload on
staff, freeing them up to dedicate time to more complex
and high-stakes counseling. Crucially, this automation
ensures every student receives a consistent, high-quality
data assessment, eliminating human variability and error
in the data collection process.

Predictive Governance : A The concept of Predictive
Governance marks a necessary evolution for modern
universities, moving their administration beyond simply
reacting to current problems and towards proactively
anticipating future needs. This strategic shift is achieved
by capitalizing on the structured, high-quality data
captured by systems like CareerPath Al. By analyzing
the trends in student profiles—specifically, the Interests,
Skills, and Values data—the scheduling additional
counselors or workshops. Furthermore, the system
empowers  curriculum  planning by  providing
quantifiable evidence of emerging student aptitudes or
persistent

foresight. This data allows administrators to forecast
advising needs and workload spikes, such as those
occurring before major declaration deadlines, enabling
the proactive allocation of resources like

2. Logic Service: This This acts as the system’s core
intelligence, replacing the complex NLP Service of the
template. Function in CareerPath Al: Receives the user's
explicit choice (via the button click), processes the input
according to the pre-defined weighted scoring rules, and
calculates the cumulative Fit Score for the three career
paths (Web Dev, Al/Data, Networking). This service
ensures accurate classification based on the expert
knowledge base defined in the rules.

3. Visualization Service The This service is
responsible for transforming the raw numerical output
into actionable insights. Function in CareerPath Al:
Receives the final calculated scores from the Logic
Service. It uses Chart.js to generate the unique Bar Chart
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(Overall Fit) and the Radar Chart (Profile Analysis),
providing a transparent, visual justification for the
recommendation. This architecture ensures the system is
scalable and modular, providing a solid foundation that
could be evolved into a full microservices model for
future developments..

4. Database Service : The Database Service provides
the essential persistent storage layer for the entire
system, and while the CareerPath Al prototype may use
local storage, a production-ready system requires a
dedicated database like PostgreSQL. The primary
trend analyses and supporting predictive governance and
curriculum planning.

4.1. Design of career-guidance-chatbot

Figure 4.2 : Home Page

Figure 4.3 :

function of this service is to ensure secure persistent
storage by maintaining all official guidance records,
which include the student's final Fit Scores for each
career path, the raw answers to the 12 questions, and the
session timestamps. This secure storage ensures
transparency and traceability, allowing human advisors
or researchers to verify the system's output and track
usage patterns. Most critically, the database serves as the
analytics foundation by aggregating structured, high-
quality data from numerous student interactions, which
is vital for running

Figure 4.4 : Design API Contract Enforcement Ensuring
Consistency: The key function is that this blueprint file
is used to automatically generate much of the
communication code. It produces both the client-side
code for sending requests and the server-side code for
handling responses. Reducing Errors: By automatically
enforcing the contract, this process guarantees
consistency across all services and significantly reduces
manual coding errors. Accelerating Development:
Ultimately, defining the contract upfront and automating
code generation speeds up the overall development
lifecycle.

Figure 4.5 : Code Generation (Functional
Consistency):user Design Automation and Code
Generation are essential, complementary practices for
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building scalable and reliable administrative systems.
The process begins by defining all communication
protocols—including API endpoints and data formats—
in a single, unified specification. This specification acts
as a central blueprint, from which much of the system's
code, such as the necessary client-side and server-side
handlers, is automatically generated. This enforcement
of the API contract guarantees structural consistency
across all services, minimizing manual coding errors and
significantly accelerating the development lifecycle.
Furthermore, functional consistency is maintained
through code generation by ensuring that all routine
outputs—such as the final recommendation summary or

status messages—adhere to a standardized format and
language every single time. For the CareerPath Al
system, this practice would ensure the reliable delivery
of the final Dashboard summary and guarantee that the
structure of the FitScore data remains consistent for all
future analyses.

5.Advanced Intelligence & Data Analysis
User Behavior Prediction

Methodology:

Feature ||Rule-Based Expert System (Selected)

||J ustification

Transpar- ||High and immediate. Every recommendation is traceable to spe-

Essential for building user trustand
providing clear justificationin sensi-

tion needed for unstructured NLP.

ency cific answers and assigned scores. . .
tive guidance.
e . Ideal for academic prototypes, ensur-
. ... ||High. Bypasses the initial, time-consuming challenge of data scar-||. p yp o
Feasibility || | .. ing successful and timely implemen-
city for ML model training. .
tation.
Intent Achieved via explicit structured input (button clicks), providing

Recogni- ||100% accuracy in trait identification, unlike the complex processing

5.1 Validation & Data Analysis
Quantitative Evaluation:

. Accuracy: he quantitative validation
for the CareerPath Al system centers on
demonstrating its operational feasibility and
superior speed compared to legacy guidance
methods. The performance assessment uses two
core metrics:

. System Feasibility = and  Low
Development Cost:

. Metric: Successful, error-free
deployment of the Rule-Based Engine using
lightweight web technologies
(HTML/CSS/JavaScript).

. Result: This validates that the system's

logic can be implemented efficiently and cost-
effectively, bypassing the large data acquisition
and labeling costs associated with complex NLP
models.

. Reduction in Guidance Latency
(Speed):
o Metric: Average time between a student

initiating the guidance process and receiving the
final, personalized dashboard recommendation.
) Result: The system achieves a dramatic
reduction in the time required for initial
guidance-from potentially days or weeks (due to
scheduling and manual processing) to just
minutes (the time taken to complete the 12-
question chat session). This swift response is a
core advantage in modern student support.

Qualitative Evaluation:

. rall satisfaction with the complaint-
handling process The qualitative validation of
the CareerPath Al system determines whether
the digital platform successfully enhances trust
and transparency compared to older, opaque
methods. This assessment is typically conducted
through  semi-structured interviews with
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students and staff who have used the system,
followed by a thematic analysis of their
feedback.

. The evaluation aims to confirm the
following critical human-centric benefits:

o Enhanced User Trust: The system
provides students with instant acknowledgment
and data-backed recommendations. The
transparency offered by the dashboard-which
shows the quantifiable score behind the advice-
builds greater confidence in the institution's
guidance, addressing the "black box" issue of
legacy systems.

. Clear Justification (Transparency): The
system must be validated to ensure the
Dashboard charts (the Bar Chart and the Radar
Chart) effectively communicate the why behind
the recommendation. Feedback confirms that the
visual analysis is easy to understand, allowing
the user to see how their Interests, Skills, and
Values contributed to the final score.

. Overall Satisfaction: The combined
benefits of 24/7 availability, instant service, and
visual transparency lead to a measurable
increase in overall student satisfaction with the
initial guidance process.

Comparison:

A The validation of the CareerPath Al system is
cemented through a comparison with two key entities:
the Legacy Guidance System and the competing
Machine Learning (ML) Paradigm..

CareerPath |[Advantage
Fea- |[L Guid-
tue:e alffz cSy stellllll Al (Rule-)jof New Sys-
y Based) tem
Builds  stu-
Trans- High (Visual urids - st
Low ("Black dent  trust
par- v Dashboard
Box" advice) . . and confi-
ency Justification)
dence.
5.2 Benefits

The The CareerPath Al system offers significant,
interconnected benefits across Operational Efficiency,
Enhanced User Experience, and Strategic Governance.
Operationally, the system automates the high-volume,
initial phase of career exploration and data collection (the
12-question scoring), drastically reducing the time-to-
guidance from potentially weeks to just minutes. This
automation ensures optimal resource allocation by
freeing human advisors to dedicate their expertise to
high-stakes, complex counseling. For students, the
system provides 24/7 accessibility and builds trust
through the transparency of its visual, data-backed
Dashboard charts, eliminating the "black box" nature of
traditional advising. Most strategically, the system’s
output of structured data on student Interests, Skills, and
Values enables Predictive Governance, allowing
administrators to forecast advising demand, identify
emerging curriculum needs, and align resources

effectively with both student aptitude and market trends.
5.3 Accuracy Plot and Impact Rating Structure
This To clearly communicate the efficacy and strategic

value of the CareerPath Al system,
visualization structures are employed. These structures

two main

shift the focus from machine learning metrics (like F1-
Scores) to metrics relevant for a guidance prototype:
Operational Feasibility and Impact..

CareerPath [[Advantage
Fea- ||L Guid-
tue:e a::f:csy sterlrlnl Al (Rule-{|of New Sys-
y Based) tem
Limited to of- Continuous
Availa-|fice hours (e.g.,||24/7 Accessi-||student sup-
bility |(9:00 AM — 5:00||bility port and
PM) flexibility.
. Drasti -
Guid- |[Days/Weeks ||Minutes (in- ras' © r.e
duction in
ance |[(due to sched-||stantaneous re-||. . . .
. . initial deci-
Time (juling) sponse) .
sion latency.
Ena-
bles P -
Data ||Unstructured ||Structured, .es roac
. ) tive Gov-
Qual- |[notes, subject|/Quantifiable
. . ernanceand
ity to bias Scores
future ana-
lytics.
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Strategic Impact Rating: Legacy System va CarearPath Al

6. Challenges and Limitations

This The primary constraints of the CareerPath Al
system stem directly from its nature as a Rule-Based
Expert System prototype, which prioritized feasibility
and transparency over the full complexity of advanced
Machine Learning (ML).

Methodological Limitations:Rigidity in Guidance: The
system is constrained by its knowledge base, which is
limited to the defined 12 questions and the three target
carcer paths (Web Dev, Al/Data Science,
Networking/Security). It cannot handle input or provide
advice for career paths that fall outside this predefined
scope, nor can it process nuanced, free-form text
input.Reliance on Expert Knowledge: The accuracy and
validity of the entire system depend entirely on the
quality and objectivity of the initial weighted scoring
rules defined by the project team. Unlike ML, which self-
corrects based on data, any bias or error in the initial rules
will persist across all advice provided.

Data and Validation Challenges:Absence of
Predictive Accuracy: Because the system is not an ML
model, it lacks the ability to calculate traditional
quantitative metrics like F1-Scores or precision/recall.
More critically, it cannot provide long-term predictive
accuracy regarding a student's career satisfaction or
success—it can only measure fit based on the moment of
assessment. Data Scarcity for Future ML: While the
system successfully bypassed the initial need for training
data, it currently lacks a vast, historically labeled dataset
(i.e., data linked to long-term career outcomes) that
would be required for the planned transition to a
predictive ML model in future work.

Integration and Scalability Challenges

Integration Complexity: Moving the prototype to a
production environment requires complex integration

with core administrative systems, particularly the
Student Information System (SIS). This presents security
and architectural challenges that extend beyond the
scope of the current front-end design.

7. Data Privacy and Security
Data Minimization and Secure Storage

. Data Minimization: The system follows
the principle of data minimization, meaning it
only collects the bare minimum of information
necessary for the guidance service-primarily the
explicit answers to the 12 questions and the
derived FitScorec. It avoids collecting
personally identifiable information (PII) beyond
what is required for core university record-
keeping (if integrated with the SIS).

o Encryption at Rest: All sensitive data,
including the historical user responses and
scores stored in the Database Service, must be
encrypted at rest using industry-standard
protocols  (e.g., AES-256) to prevent
unauthorized access or leakage.

Access Control and System Integrity

o Role-Based Access Control (RBAC):
Access to the aggregated student guidance data
must be strictly governed by RBAC. Only
authorized personnel, such as human career
advisors or approved research administrators,
should have access, and their privileges should
be limited based on their functional role.

. API Security: The communication
between the frontend interface, the Logic
Service, and the Database Service must be
secured using protocols like HTTPS/TLS
encryption to protect data integrity during
transit. This is particularly critical for securing
the API Contract.

Compliance and Ethical Use

. University Policy Adherence: The
system must comply with all relevant university
policies concerning student data privacy and
academic records.

o Ethical Data Use: The collected data is
strictly designated for institutional improvement
(curriculum planning, resource allocation) and
student support (personalized advising). The
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data must never be sold or used for purposes that
violate the student's ethical trust, ensuring the
integrity of the guidance process.

8. Gaps and Emerging Trends
Gaps in Current System Implementation

o The limitations of the Rule-Based
Expert System create clear areas for future
research and development:

o Inability to Handle Ambiguity and Free
Text: The current system's reliance on structured
input (button clicks) means it cannot interpret
nuanced, free-form questions or handle student
input that deviates from the predefined 12
questions. This gap necessitates the future
integration of advanced Natural Language
Understanding (NLU)capabilities.

. Lack of Long-Term Predictive
Accuracy: The system can only assess current fit
based on the Trait and Factor Theory. It lacks the
ability to calculate a student's predicted long-
term career success or satisfaction, which
requires linking the current data to historical
academic and professional outcome data.

o Absence of Personalization Beyond
Rules: Every student is guided strictly by the
same weighted rules. The system cannot adapt
its guidance style or content based on a student's
demographic, learning style, or past academic
performance.

Emerging Trends in Educational Guidance
Technology

. Future development of the CareerPath
Al system must align with these two major
trends to remain competitive:

. Integration of Conversational Al and
Sentiment Analysis: The shift towards truly
intelligent chatbots requires moving beyond
simple rule-based responses to incorporate
Large Language Models (LLMs). This allows
the bot to engage in natural, open-ended
conversation and use sentiment analysis to
detect student frustration or confusion, leading
to more empathetic and dynamic guidance.

. Hybrid Model Architecture: The most
powerful systems are moving toward Hybrid
Models. These systems retain the core Rule-
Based Engine for high-certainty, high-

© 2025, IJSREM | https://ijsrem.com

transparency tasks (like the initial Fit Score
calculation), while routing complex, ambiguous,
or conversational questions to a secondary
Machine Learning (ML) component. This
approach leverages the strengths of both
paradigms, ensuring traceability where it is
needed most, while enhancing flexibility.

9 Future Research Directions

This The successful implementation of the CareerPath
Al prototype establishes a solid foundation, but the
complexity of career guidance necessitates continuous
evolution. Future research should focus on three main
areas to move the system from a transparent expert tool
to a powerful predictive platform.

Phase I: Transition to a Hybrid Architecture:The
most immediate step is the development of a Hybrid
Model  Architecture.Objective:  To  retain  the
transparency of the Rule-Based Engine for the
quantifiable FitScore while introducing Machine
Learning (ML) for handling ambiguous and unstructured
student inquiries. Actionable Step: Integrating a
lightweight Natural Language Understanding (NLU)
component (potentially based on a small transformer
model) to process free-text input and route complex,
open-ended questions to a human advisor, thus
addressing the current rigidity limitation.

Phase II: Establishing Predictive AccuracyThe long-
term goal is to validate the system's ability to predict
successful student outcomes. Objective: To shift the
evaluation from assessing mere fit (using the Trait and
Factor Theory) to assessing long-term predictive
accuracy regarding career satisfaction and success.

Actionable Step: Collaborating with university
administration to collect and securely label historical
student data—Tlinking the student profile (academic
performance, grades) to professional outcomes (alumni
employment data). This data set is essential for training
the next generation of predictive ML models.

Phase 1III: Enhancing Personalization and
AdaptabilityThe final phase focuses on making the
guidance process more sophisticated and adaptive.
Objective: To move beyond the one-size-fits-all
approach of the current rules by tailoring the guidance
style to the individual user. Actionable Step: Integrating
features that use a student's existing academic record (if
SIS integration is achieved) to provide dynamic scoring
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adjustments and personalized content (e.g., suggesting
specific courses based on their previous GPA), making
the advice more relevant and actionable.

10.1 Benefits
Operational Efficiency and Scalability:

Automation of Routine Workflows: The system
automates the high-volume, initial phase of career
exploration and data collection, specifically the 12-
question weighted scoring process. This removes
repetitive manual labor from staff workloads. Reduced
Guidance Latency: The system dramatically reduces the
time-to-guidance from potentially days or weeks (due to
manual scheduling) to just minutes. This enhances the
speed of service delivery. Optimal Resource Allocation:
By automating initial guidance, the system frees up
human advisors to dedicate their expertise to high-stakes,
complex, and empathetic counseling, ensuring human
resources are used optimally.

Enhanced User Experience and Trust:

24/7 Accessibility: Students can access personalized
guidance instantly, at any time, from any device, moving
beyond the constraints of limited office hours.
Transparency and Trust: The visual, data-backed
justification provided by the Dashboard charts (Bar
Chart, Radar Chart) removes the "black box" element of
traditional advising, fostering greater confidence in the
advice received. Objective and Unbiased Advice: The
rule-based engine ensures that every student receives
guidance based purely on the objective weighted scoring
mechanism, eliminating potential human bias in the
initial assessment.

Strategic Governance and Data Utility:

Enabling Predictive Governance: The structured data
collected on student Interests, Skills, and Values
provides quantitative insights that allow administrators
to anticipate workload spikes (forecasting demand) and
identify emerging curriculum needs. Data-Driven
Curriculum Planning: Unlike anecdotal evidence, the
system provides high-quality data to justify new program
development or resource allocation, ensuring the
curriculum remains aligned with student aptitude and
market trends.

11Conclusion

The development and validation of the CareerPath Al
prototype successfully demonstrates the feasibility of
leveraging a Rule-Based Expert System to deliver high-
quality, transparent, and scalable career guidance within
a modern university setting. By adopting the Trait and
Factor Theory and implementing a robust, quantifiable
scoring mechanism, the system meets its primary goals
of overcoming data scarcity and ensuring complete
transparency in its recommendations.
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