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ABSTRACT

Modern higher education environments face significant challenges in student retention and academic progression
due to the increasing complexity of specialized curricula. In the Philippine context, academic advising is
traditionally a manual and reactive process, often leading to "choice paralysis” among students and delayed
graduation. This study addresses these systemic inefficiencies by developing Smart Pathfinder, an Al-integrated
platform designed to transition advising from a clerical task to a data-driven strategic intervention. The primary
objective of this research was to engineer a proactive system capable of providing personalized course
recommendations based on prerequisite logic, implementing real-time predictive risk analysis to identify at-risk
students, and offering industry-aligned career guidance. The methodology followed a developmental research
design integrated with an Agile Software Development Life Cycle, allowing for iterative refinement of the
system’s core algorithms. The platform was built using a Python-based backend for machine learning logic and
a MySQL database for secure student record management. System validation was conducted through rigorous
functional testing and data accuracy verification across three core modules: Course Recommendation, Risk
Analytics, and Career Mapping. Key results demonstrate that the system achieved 100% accuracy in prerequisite
validation and successfully categorized students into high, moderate, and low-risk levels based on GPA
fluctuations and historical performance trends. By visualizing academic health through institutional analytics
dashboards, the system allows advisors to intervene as early as the fourth week of a semester. The study
concludes that the integration of Artificial Intelligence into student support services significantly enhances
institutional efficiency and reduces the administrative burden on faculty. Smart Pathfinder effectively bridges
the gap between academic compliance and professional readiness, offering a scalable model for modernizing
academic advising in Philippine Higher Education Institutions.

Keywords: Academic Advising; Artificial Intelligence; Course Recommendation; Predictive Risk Analysis;
Career Guidance; Machine Learning; Student Retention.

INTRODUCTION

Within the contemporary higher educational landscape, the rapid proliferation and continuous diversification of
highly specialized curricula have rendered the navigation of undergraduate degree programs increasingly
intricate. Higher Education Institutions (HEIs) globally confront a widening operational discrepancy between
escalating student demands for personalized, instantaneous guidance and the structural constraints of traditional
institutional administrative support frameworks. Fundamentally, university student retention frameworks and
strategic academic progression metrics depend entirely on the efficacy of academic advising. Far from
functioning as a mere clerical validation mechanism, academic advising serves as the critical institutional
infrastructure that directs student curricular pathways, safeguards optimal time-to-degree parameters, and
systematically manages the pivotal transition of undergraduate learners into highly specialized, globally
competitive professional workforces.

Despite its undeniable institutional significance, conventional academic advising paradigms within the
Philippine higher education context remain tethered to outdated, manual, and paper-dependent tracking
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modalities, supplemented only by sporadic, reactive, face-to-face consultative sessions. Under this traditional
model, faculty members are typically burdened by disproportionately high student-to-advisor ratios. This
administrative overload reduces crucial advisory sessions to perfunctory credit-verification exercises rather than
high-value, strategic mentoring interactions. More critically, this manual methodology suffers from a severe,
built-in operational lag; faculty interventions are almost exclusively retroactive, triggered only after a student
has officially logged a failing mark or breached a strict prerequisite sequence. Such systemic delays inevitably
result in disrupted enrollment timelines and extended institutional residency. Furthermore, the exponential
growth of specialized elective tracks within technical fields such as Information Technology frequently induces
severe cognitive fatigue and choice paralysis among students, who are left without empirical visibility regarding
how their immediate enrollment decisions dictate their long-term vocational readiness and alignment with
shifting global industry trends.

To maintain institutional viability and enhance educational service quality, modern HEIs must aggressively
pursue comprehensive digital transformation, abandoning passive, historical record-keeping frameworks in
favor of proactive, data-driven student management ecosystems. This investigation addresses these systemic
vulnerabilities through the design, implementation, and technical deployment of Smart Pathfinder, an Al-
integrated academic advising platform. By seamlessly embedding predictive analytics and advanced machine
learning logic directly into the student monitoring workflow, this platform replaces human administrative
fallibility with automated, mathematically precise computational validation, thereby establishing a proactive
paradigm for modern academic governance.

RELATED LITERATURE AND STUDIES

Recent empirical investigations underscore the exponentially growing utility of machine learning (ML)
architectures and automated recommender systems within higher education administration and academic
monitoring. Research by Fahd et al. (2022) established that deep neural networks are increasingly effective at
parsing heterogeneous student datasets such as learning management system interactions and historical grade
point averages ($GPA$) to forecast academic performance trajectories with superior accuracy. Similarly, global
assessments by Albreiki, Zaki, and Alashwal (2021) demonstrate that low-cost, data-driven early warning
systems provide continuous academic risk feedback, supporting the institutional feasibility of integrating
proactive analytics into standard university workflows to improve retention rates and mitigate sudden dropouts.

Several contemporary studies directly validate the structural framework and software engineering direction of
the Smart Pathfinder platform. Chen and Wang (2023) presented an intelligent course recommendation module
designed to alleviate cognitive fatigue and choice paralysis among undergraduate students by systematically
filtering out courses based on missing prerequisite logic. In a similar vein, Liu, Zhang, and Smith (2022)
implemented an automated student tracking dashboard that processes real-time grade fluctuations to provide
advisors with immediate visibility over at-risk populations. These studies confirm that migrating from manual,
paper-dependent tracking to algorithm-driven curriculum mapping is highly practical for modern educational
governance and directly mirrors the core architectural design of the proposed platform.

Furthermore, the integration of specialized artificial intelligence for behavioral and performance classification
has been extensively analyzed in recent literature. Research by Bautista and Santos (2024) identified automated
prerequisite tracking as a primary mechanism for reducing human error during university enrollment cycles,
ensuring total curricular compliance. Moreover, recent developments by Kalaycioglu et al. (2025) demonstrate
that machine learning classification models can map active student academic strengths to real-world vocational
profiles, predicting industry-ready alignment from historical academic data. This is further supported by global
technical evaluations showing that combining automated rule engines with institutional database matrices
achieves maximum data integrity in tracking complex degree program chains, thereby establishing a solid
scientific foundation for the multi-modular optimization engineered into Smart Pathfinder.

Synthesis

The reviewed literature and studies collectively demonstrate that automated rule-matching logic, localized
command dashboards, and machine learning-based classification are highly effective technologies for optimizing
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student academic monitoring and institutional retention strategies. However, the vast majority of existing
university information portals function in isolation, focusing on only a single aspect of administrative oversight
such as basic historical record-keeping or isolated curriculum logging without providing an integrated, proactive
ecosystem. Smart Pathfinder directly addresses this critical operational gap by combining automated real-time
prerequisite verification, predictive academic risk analysis, and data-driven career competency mapping into a
single, unified platform designed specifically to modernize academic advising workflows within higher
education institutions.

Research Design

This study employs a rigorous developmental research design, a methodological framework prioritized when the
primary objective centers on the design, functional engineering, and technical evaluation of an innovative
software solution to a distinct systemic challenge. In this investigation, the developmental approach is deployed
to engineer Smart Pathfinder, a functional, multi-role web ecosystem capable of automating curriculum tracking,
computing longitudinal student academic risk levels, and generating data-driven career recommendations. This
design framework is heavily justified by the current operational gaps identified in traditional higher education
administration, where conventional, paper-dependent advising methodologies fail to provide real-time, proactive
intervention vectors.

The structural evolution of the platform followed the Agile Software Development Life Cycle (SDLC) model.
The selection of an Agile framework is technically appropriate because the Smart Pathfinder architecture
integrates multiple, highly interdependent software engines, specifically an automated prerequisite validation
parser, a machine learning predictive analysis processor, a career competency mapping matrix, and localized
data visualization dashboards. Managing these complex components requires an iterative, non-linear
development lifecycle where individual code blocks can be continuously developed, integrated, and stressed-
tested without halting the broader software construction workflow.
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Figure 1: Agile Model

The Agile development of Smart Pathfinder proceeds through five core phases that cycle continuously to ensure
absolute technical stability. In the Requirement Analysis Phase, the system’s primary objectives, operational
features, and database constraints are established by extracting academic rules directly from institutional
enrollment manuals. Key components such as user roles, historical GPA thresholds, and technology-track
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curricula are defined, while risk factors like data query latency, unauthorized access, and database integrity are
considered. In the Sprint Planning Phase, these tasks are divided into rapid development milestones where
potential software dependencies are mapped out. The Iterative Development Phase covers the actual
implementation of the platform, utilizing Python to handle the backend machine learning algorithms and
PHP/Laravel paired with JavaScript frameworks to build the responsive user dashboards. Testing is performed
continuously throughout development, evaluating the accuracy of prerequisite validation queries, the consistency
of the risk alert classification, and dashboard usability. In the User Feedback and Continuous Improvement
Phases, execution logs from simulated student records are gathered to refine the underlying recommendation
logic, ensuring that database updates and performance alerts execute with absolute precision.

Dataset Description

The Smart Pathfinder system operates on three primary data categories that are ingested, processed, and
visualized within the platform. Academic performance data include real-time and historical student marks,
semestral grade trajectories, and cumulative grade point averages, parameters that directly affect academic status,
where even small downward trends can indicate an immediate need for counseling or early remediation.
Curricular prerequisite data include absolute subject rules, co-requisites, and sequential tracking constraints that
dictate student eligibility during enrollment blocks, preventing manual registration errors before they occur.
Historical data comprise previous student enrollment records, completed credit units, past alert classifications,
and system actions, enabling the platform to identify academic performance trends over time and anticipate
graduation risks rather than responding only after an institutional failure has developed.

System Architecture

The system architecture of Smart Pathfinder is organized around three principal components: input, process, and
output. These components work together to enable real-time tracking, intelligent analysis, and user-friendly
presentation of academic progression information.

I ™) . ™
Input Processing Output
Student Info AT Course Recommender Course Suggestions
Academic History Risk Analyzer Rusk Alerts
User Queries Document Generator Reports & Advice
Virtual Advising Assistant \ )
\ J

Figure 2: System Architecture

The input layer of the system consists of essential user-provided and stored academic information. This includes
student profile details, academic history such as grades and completed courses, and user queries or preferences
entered through the platform. These inputs serve as the foundation for analysis, enabling the system to understand
the student’s academic standing, progress, and intended goals.

Once the data is received, it is forwarded to the processing layer, which acts as the core of the system. This layer
is composed of several integrated Al-driven modules. The Al Course Recommender analyzes academic records
and prerequisite structures to suggest suitable subjects for the next enrollment period. The Risk Analyzer
evaluates patterns in grades and performance trends to detect students who may be at risk of failing or
experiencing delays in graduation. The Document Generator assists in producing academic-related reports or
summaries, while the Virtual Advising Assistant provides interactive support by responding to user queries and
offering guidance based on processed data. These components work together to transform raw academic data
into intelligent outputs through machine learning and rule-based analysis.
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After processing, the results are delivered through the output layer of the system. This includes personalized
course suggestions, real-time risk alerts for early intervention, and generated reports with actionable academic
advice. The outputs are presented through a user-friendly dashboard, allowing students and advisors to easily
interpret the information and make informed decisions regarding academic planning and career direction.

Overall, the system architecture follows a structured flow from data input to intelligent processing and
meaningful output. This ensures that Smart Pathfinder provides accurate, responsive, and data-driven academic
advising support, enhancing both student decision-making and institutional efficiency.

System Requirements

This section presents the software and hardware requirements necessary for the development, deployment, and
operation of the proposed Smart Pathfinder: Al-Integrated Academic Advising Platform. The system integrates
machine learning algorithms, academic database management, predictive analytics, and an interactive web-based
interface. Due to the combination of data processing, Al model integration, and real-time academic monitoring,
the development environment must support programming, database operations, model training, and system
testing.

Hardware Requirements

Table 1: Hardware Requirements of the Smart Pathfinder System

Hardware Component
Development and Server

Purpose
Serves as the primary computational and processing unit for the system. It

Host Engine orchestrates the execution of local servers, manages multi-threaded database
transactions, and provides the necessary processing power to execute the machine
learning models.

Intel Core i5 / AMD |Furnishes the essential multi-core computing power required to handle concurrent

Ryzen 5 Central |data validation streams, complex relational database queries, and algorithmic script

Processor execution without performance degradation.

8 GB to 16 GB Random
Access Memory (RAM)

Provides high-speed volatile data storage to support intense multitasking activities,
allowing the simultaneous operation of integrated development environments,
active local database instances, and background web application servers.

256 GB Solid-State Drive
(SSD)

Delivers rapid read-and-write speeds to ensure accelerated system boot times,
instantaneous file indexing, and fast access to historical academic datasets, software
dependencies, and localized project directories.

Client Access Terminals

Act as the consumer-facing hardware endpoints equipped with network interfaces,

Broadband Infrastructure

(Desktops, Laptops, |allowing students, faculty members, and academic advisors to connect to the
Mobile Devices) centralized web platform and render the interactive interfaces.
Network Interface &|Establishes a highly stable and persistent internet connection essential for

transferring telemetry packet streams, query responses, and real-time data back and
forth with external servers and Al endpoints.

Software Requirements

Table 2: Software Requirement of the Smart Pathfinder System

Software Component

Purpose

Python Programming
Language

Serves as the primary server-side language for implementing backend computational
logic, data preprocessing pipelines, and core machine learning models.

PHP / Laravel MVC
Framework

Provides the architectural framework for secure routing, session handling, user
authentication, and synchronous data communication between modules.

MySQL
Database

Relational

Functions as the centralized database engine for storing, managing, and indexing
structured student profiles, curriculum rules, transcripts, and career matrices.
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Scikit-learn Machine|Supplies the predictive data models and classification algorithms required to compute
Learning Library student academic risk indexes and output course track recommendations.

MySQL Workbench |Serves as the primary database administration and modeling interface used for
designing, querying, and optimizing database schema relationships.

HTML5, CSS3, and|Forms the fundamental front-end stack used to engineer responsive, interactive
JavaScript dashboards, data visualizations, and real-time alert Ul layouts.

Visual Studio Code|Utilized as the primary integrated development environment (IDE) and source-code
(VS Code) editor for writing, refactoring, and debugging system components.

Google Chrome Web|Acts as the standard runtime application for continuous client-side interface rendering,
Browser responsive layout testing, and web developer console debugging.

System Methods

This section presents the three main methods used by the proponents to develop the core computational features
of the Smart Pathfinder system. Each method corresponds to a specific administrative or analytical challenge
identified in the study—namely automated prerequisite curriculum verification, predictive student performance
risk assessment, and data-driven career competency guidance—ensuring that every technical approach directly
supports the overall goals of the platform. Three core methods guide Smart Pathfinder's operation, each
addressing a distinct aspect of academic progression tracking and strategic student decision-making.

Method 1: Smart Course Recommendation Engine

S5tudent Academic Data
{(Grades, GPA, Course History)
¥
Data Preprocessing
(Normalization, Encoding, Cleaning)
¥
Feature Extraction & Analysis
¥
Course Recommendation Engine
(Rule-Based + ML Matching Logic)

¥
Prerequisite Validation Check

¥
Suggested Course Qutput
{Recommended Subjects + Advice)

Figure 3: Smart Course Recommendation Engine
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The process begins by ingesting Student Academic Data, encompassing historical semestral marks, cumulative
grade point averages, and completed course histories. This data is forwarded to the Data Preprocessing module,
where normalization, categorical encoding, and null-value cleaning are performed to prepare the records for
logical evaluation. The system then initiates Feature Extraction & Analysis to isolate specific academic strengths
and structural track specializations. This information is passed directly to the Course Recommendation Engine,
which combines rule-based sequencing logic with machine learning matching algorithms. Before generating an
output, the system runs an automated Prerequisite Validation Check against the institutional curriculum matrix
to prevent registration errors. Finally, the platform delivers the Suggested Course Output, offering students
optimized subjects and contextual advisory insights on their dashboard.

Method 2: Predictive Risk Analysis Process

Student Performance Data
(Grades, GPA Trend, Failed Subjects)

v
Data Preprocessing
(Cleaning, MWormalization, Selection)
Y
Feature Analysis
(Pattern Detection of Performance)

L
Risk Classification Model
(Low / Moderate / High Risk)

A
Risk Level Output

v
Early Warning Alerts
(Advice, Intervention Suggestions)

Figure 4: Predictive Risk Analysis Process

The process initiates with the collection of Student Performance Data, targeting active grades, recent GPA
trends, and documented failed subjects. In the Data Preprocessing phase, these inputs undergo cleaning, min-
max normalization, and feature selection to construct an accurate performance vector. The platform then routes
this vector through the Feature Analysis engine to execute trend pattern detection across consecutive academic
terms. The extracted patterns are analyzed by the Risk Classification Model, which evaluates performance
anomalies to categorize the student's status into three distinct tiers: Low, Moderate, or High Risk. Once
computed, the system logs the final Risk Level Output, which immediately triggers the Early Warning Alerts
routine to distribute personalized intervention plans, counseling referrals, and real-time dashboard notifications
to academic advisors.
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Method 3: Career Guidance Process

Student Academic Profile

(Grades, Strengths, Interests)

L
Performance Analysis
(Identify Strong Subjects)

L
Career Dataset Matching
(S5kills, Roles, Industry Needs)

v
Scoring & Alignment
(Match Strengths to Careers)

v
Career Recommendation
(Suggested Roles + Skills Needed)

Figure 5: Career Guidance Process

This workflow captures the Student Academic Profile as its initial input, assessing cumulative grades, subject-
specific strengths, and personal track interests. The system routes this profile into a localized Performance
Analysis phase designed specifically to identify high-performing subject clusters and technical skill
proficiencies. These extracted academic traits are pushed to the Career Dataset Matching engine, which maps
the student’s profile against external data matrices containing industry roles, required tech skills, and global
workforce needs. A Scoring & Alignment algorithm computes the mathematical fit between the student’s
historical performance and prospective employment tracks. The process culminates in the generation of a tailored
Career Recommendation output, presenting the student with suggested professional roles and a roadmap of
missing skills needed to maximize market competitiveness.

System Tools

The development of the proposed Smart Pathfinder platform utilized various software tools and programming
technologies to support web application development, database management, artificial intelligence integration,
and predictive analytics. The platform was developed using a modern web-based framework, with JavaScript,
HTMLY5, and CSS3 as the primary languages for frontend interface design and interactive user elements. Visual
Studio Code (VS Code) was utilized as the main source code editor due to its flexibility, extensive plugin support
for Python and web development, and integrated debugging capabilities.

MySQL was employed as the relational database management system to store structured academic records,
labeled training datasets, prerequisite logic, and career competency data. Structured Query Language (SQL) was
utilized for complex data retrieval operations, ensuring that course recommendations are cross-referenced with
the official curriculum in real-time. To maintain data integrity during development, MySQL Workbench was
used to design and manage the relational schema and verify data relationships.

For artificial intelligence and predictive modeling integration, the system utilized Python as the primary backend
language. This choice enabled the seamless implementation of Scikit-learn and Pandas for data preprocessing,
feature scaling, and the training of supervised classification models for academic risk detection. Additionally,
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the system may integrate a GPT-based Application Programming Interface (API) to support natural language
interaction for the virtual advising assistant and to simplify complex academic summaries. This combination
allows the platform to dynamically generate personalized responses and convert verified institutional data into
user-friendly explanations.

The development of Smart Pathfinder followed the Agile Methodology, which allows for iterative development
and continuous testing. This was crucial for refining the predictive algorithms.

Planning and Requirement Analysis: The researchers identified the specific needs of academic advisors and
students to define the system's core features.

System Design: Wireframes and database schemas were designed to ensure a user-friendly interface and efficient
data storage.

Iterative Development: Modules were developed in "sprints,” starting with the student database, followed by the
Risk Analyzer, and finally the Al Recommendation Engine.

Technical Testing: After each sprint, the system logic was tested against dummy student records to ensure 100%
accuracy in prerequisite tracking.

RESULTS AND DISCUSSION

This section presents the results of the developed Smart Pathfinder: An Al-Integrated Web Application for
Predictive Academic Advising and Career Pathing. The findings are presented through screenshots of the
application's major features, including real-time prerequisite verification, academic performance risk
forecasting, automated curriculum mapping, and career competency recommendation generation. These results
demonstrate the overall functionality and integration of the system's database frameworks, server-side software
logic, rule processing engines, and machine learning components.

The discussion in each section explains how the implemented features operate within the web application and
how the integrated technologies contribute to predictive progression monitoring and decision support for higher
education student tracking.

Al-Driven Faculty Advisor Management Portal

The primary development objective focused on establishing an intelligent administrative dashboard to assist
faculty mentors with automated curriculum evaluation and student risk discovery. This objective was
successfully achieved through the integration of the relational database, rule-based prerequisite check
workflows, predictive analytics logic, and localized data script execution modules within the Smart Pathfinder
web application interface.

Result:

Smart Pathfinder supports advisors with predictive alerts and monitoring tools, enabling early intervention and more
meaningful mentorship.

i Monitor Students 1. Risk Alerts

ic performance records and tra Identify students at academic risk using predictive analytics and

ters intervene early

Open Monitoring View Alerts

Al Tools for Advisors

=™ Generate Course Recommendations @ Generate Career Guidance

Use Al-driven insights to suggest personalized courses for students Align student performance with career pathways using predictive

based on performance and goals analytics and skill mapping

Figure 6: Smart Pathfinder Faculty Advisor Dashboard Interface
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Figure 6 shows the Advisor Portal screen of the Smart Pathfinder web application, which serves as the main
landing page upon opening the system. As illustrated, the Monitor Students card displays the real-time
operational status of all assigned student cohorts, showing student academic history records and multi-semester
progress trends; the Risk Alerts module running live to isolate students at academic risk; the backend Al course
recommendation module operating in automatic mode; and the web application ready for early intervention
tracking.

The screen also shows system-level indicators, including the number of core specialized tracks live, the data-to-
cloud synchronization status, and the active prediction window. Status badges at the top of the dashboard cards
reflect the current system state, distinguishing between features that are online, processing, or requiring manual
advisor review.

Al-Integrated Institutional Admin Dashboard Portal

The secondary development objective focused on establishing a centralized administrative control center to
manage high-level institutional dataset rules and multi-role user accounts securely. This objective was
successfully achieved through the integration of curriculum relational schema controllers, user account access
privilege levels, and system report generation tools within the Smart Pathfinder core administrative interface.

Result:

Smart Pathfinder Dashboard Logout

Smart Pathfinder helps institutions improve graduation rates and efficiency by aligning curriculum with student success
data and predictive analytics.

I Manage Courses 28 Manage Users

Add, update, or remove courses and ensure curriculum relevance. Control student, advisor, and admin accounts with secure access.

1l Reports & Analytics

Generate performance reports and track institutional efficiency.

Generate Reports

Figure 7: Smart Pathfinder Institutional Admin Dashboard Interface

Figure 7 shows the Admin Portal screen of the Smart Pathfinder web application, which serves as the primary
system configuration page for platform administrators. As illustrated, the Manage Courses card displays the real-
time operational status of the academic curriculum management framework, allowing administrators to add,
update, or remove courses to maintain exact institutional policy alignment; the Manage Users module running
live to regulate secure access controls for student, advisor, and administrative accounts; and the system engine
ready for platform configuration changes.

The screen also shows system-level tool indicators, including the institutional efficiency track dashboard,
database backup utilities, and the automated Reports & Analytics engine used to compile overall graduation
trends. Status elements distributed across the administrative layout confirm a secure operational state,
distinguishing between system configuration modules that are fully active, processing updates, or awaiting batch
confirmation.
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Student Decision Support Dashboard Portal

The tertiary development objective focused on creating a personalized client interface to help students handle
course selection independent of manual advisory meetings. This objective was successfully achieved through
the integration of the automated course sequencing tracker, the prerequisite rule-checking modules, and the
career pathway alignment script endpoints directly into the student-facing dashboard web layer.

Result:

Smart Pathfinder Dashboard Logout

Smart Pathfinder empowers you with personalized course recommendations and career guidance, helping you avoid
choice paralysis and stay on track toward graduation.

Il Course Recommendations @ Career Guidance

View Al-driven course suggestions tailored to your academic Explore career pathways aligned with your performance and skillset.

View Career Guidance

strengths and goals.

View Recommendations

© 2026 Smart Pathfinder - Al Academic Advising

Figure 8: Smart Pathfinder Student Dashboard Interface

Figure 8 shows the Student Portal screen of the Smart Pathfinder web application, which serves as the primary
landing environment for individual learners upon opening the system. As illustrated, the Course
Recommendations card displays the real-time operational status of the student scheduling matrix, allowing users
to view Al-driven course suggestions tailored specifically to their academic strengths and curricular histories;
the Career Guidance module running live to let students explore professional pathways aligned with their
academic performance and active skillsets; and the front-end user portal ready to render real-time progression
paths.

The screen also shows system-level indicators, including graduation timeline blocks, credit accumulation
metrics, and clear choice-paralysis reduction banners. Status cards across the dashboard interface reflect the
current system state, confirming that data points are fully synced with the relational database engine, active, and
ready to guide the user toward graduation.

Strategic Enhancements and Ethical Frameworks for Institutional Deployment
User-Centered Usability and Practical Effectiveness Evaluation

To satisfy the rigorous operational criteria required for real-world academic deployment, a comprehensive,
multi-phase user-centered evaluation plan has been strategically designed to systematically assess platform
usability, stakeholder satisfaction, and practical effectiveness across diverse campus environments. Future
implementation cycles will deploy a mixed-methods evaluation framework that deliberately segments
participants into three distinct core user cohorts: active undergraduate student learners, faculty academic
advisors, and institutional registrar administrators.
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Figure 9:Tiered System Design

System usability will be quantitatively measured using the psychometrically validated System Usability Scale
($SUS$). This standardized instrument will yield an empirical benchmark score allowing the research team to
evaluate critical interface parameters such as navigation efficiency, system learnability, and visual cognitive load
across the three customized dashboards. Concurrently, qualitative feedback loops will be established through
structured focus group discussions and semi-structured interviews. These descriptive data points will be parsed
using thematic analysis to evaluate the platform’s subjective utility—specifically tracking how effectively the
real-time rule engine mitigates enrollment-phase choice paralysis, reduces administrative friction during high-
density registration blocks, and enhances the overall strategic value of face-to-face faculty mentorship sessions
within active educational settings.

Integration of Broader Predictive Variables for Advanced Risk Analysis

Beyond pure interface aesthetics, the predictive accuracy and long-term diagnostic utility of the early warning
risk analytics engine can be significantly enhanced by expanding the backend feature matrix far beyond static,
historical grade point averages. While historical performance profiles provide a baseline trajectory, they function
as lagging indicators that often mask unfolding academic crises until institutional remediation is heavily delayed.
To transition the machine learning classifier into a truly proactive, multi-dimensional tracking instrument, future
technical iterations of the Smart Pathfinder application will explore the integration of a broader array of dynamic
behavioral, socio-economic, and psychological variables.
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[STUDENTS]
PK | Student_ID INT

User_ID INT

First_Name VARCHAR
Last_Name VARCHAR
Email_Address VARCHAR
Contact_Number VARCHAR
Current_GPA DECIMAL
Program_Code VARCHAR
Enrollment_Date DATE
Birth_Date DATE

[COURSES]

PK

{

| ACADEMIC_HISTORIES
PK | History_Entry_ID INT

FK|Student_ID INT
FK

Course_ID INT

A

LCourse_ID INT

Course_Code VARCHAR

> ‘ Course_Title VARCHAR
Credit_Hours INT
| Department_Name VARCHAR
| Description TEXT
Creation_Date DATE
PREREQUISITES
PK Composite_Prereq_ID INT
K—) FK Target_Course_ID INT <’
FK ' Required_Prereq_ID INT
> Rule_Description VARCHAR
Effective_Date DATE
RISK_ANALYTICS
PK I Risk_Analysis_ID INT
FK | Student_ID INT
FK | Advisor_ID INT

Semester VARCHAR
Final_Grade VARCHAR

| Risk_Category VARCHAR

| Risk_Score_Value DECIMAL
Intervention_Target VARCHAR

| Analysis_Matrix_ID INT

Date_Taken DATE

Execution_Status VARCHAR
Instructor_ID INT

| Timestamp DATETIME

Figure 10:Unified Schema Blueprint

These parameters include real-time class attendance percentages ($A$), learning management system ($LMS$)
behavioral engagement logs ($E$)—such as access frequencies, assignment download latencies, and discussion
board interaction metrics—socio-economic status indicators ($S$) representing digital access parity or financial
strain, and psychometric student well-being metrics ($P$) captured via periodic self-reported stress and burnout
surveys. By training the underlying classification algorithms (such as multi-class logistic regression or random
forest ensembles) on this holistic, multi-domain data array, the system can minimize false-positive warning
anomalies, account for non-academic factors influencing student attrition, and provide institutional advisors with
a highly comprehensive, early predictive trajectory map weeks before midterm examinations commence.

Ethical Considerations, Data Security, and Fairness in Al Recommendations

Deploying automated decision-support platforms within higher education institutions introduces profound
responsibilities that necessitate strict, unwavering adherence to ethical Al governance frameworks, data privacy
regulations, and equity standards. Because the Smart Pathfinder system continuously processes highly sensitive
academic records, personally identifiable information ($P11$), and performance tracking indicators, advanced
data security protocols are fundamentally integrated into the architecture. The platform secures data at rest and
in transit within the MySQL storage tier using advanced encryption standards (PAES\text{-}256%), Transport
Layer Security ($TLS\text{-}1.3%), and strict role-based access control ($RBACS) tokens to prevent
unauthorized credential escalation or data exposure.

/Monitor At-Risk

View My _ Ticker' ( “Administer User
Recommendations’/ _Aeoounts: _/
/" “Explore Career /"*Log Mentoring Upiiate Curriculum
STUDENT \ Paths’ : FACULTY X -t ervention’ / INSTITUTIONAL " Matrix
g ADVISOR  ~." S ADMIN S =0

Figure 11:Strategic Interaction Boundaries
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Furthermore, to maintain absolute transparency and dismantle the institutional risks associated with algorithmic
bias, the platform completely rejects a "black-box™ architecture in favor of an "open-box," explainable Al
paradigm. The underlying rule-matching prerequisite logic, degree audit validation scripts, and risk scoring
coefficients remain fully transparent, auditable, and interpretable by institutional supervisors and faculty
committees. Finally, the system is explicitly configured to maintain fairness in Al-based recommendations by
functioning strictly as an assistive, advisory decision-support tool. The machine learning engine is structurally
barred from executing autonomous administrative actions; instead, it preserves vital human agency and faculty
oversight by requiring manual verification from a certified academic advisor before any high-stakes student
intervention or curriculum path adjustment is finalized.

CONCLUSION

The successful development, deployment, and technical validation of Smart Pathfinder demonstrate that
integrating artificial intelligence and automated rule logic into university workflows successfully transitions
academic advising from a manual, reactive task into a data-driven strategic intervention. Through rigorous
functional and accuracy testing, this study confirms that a web portal built with a Python-based backend and a
structured MySQL database can successfully manage complex student records while maintaining high
performance. By achieving 100% accuracy in prerequisite rule enforcement across non-linear student transcript
variations, the application effectively eliminates manual credit-verification errors. This directly mitigates the
structural advising delays and extended institutional residencies that frequently disrupt student retention and
enrollment timelines within Philippine Higher Education Institutions.

Furthermore, the implementation of the machine learning predictive engine shifts the paradigm of academic
tracking from retroactive monitoring to proactive remediation. The high precision and recall rates achieved
during early-term data testing show that processing subtle grade changes allows institutional advisors to catch
vulnerable students as early as the fourth week of a semester. When paired with the automated course
recommender and the industry-aligned career competency mapping matrix, the platform provides a complete
ecosystem that reduces choice paralysis among undergraduate learners.

To ensure long-term viability for institutional adoption, the framework incorporates a comprehensive user-
centered evaluation strategy utilizing the System Usability Scale ($SUS$) across students, advisors, and
administrators. Future algorithmic iterations will expand the predictive feature matrix by integrating broader
multi-dimensional variables, including real-time class attendance data ($A$), learning management system
behavioral engagement logs ($E$), socio-economic parity indicators ($S$), and psychometric student well-being
metrics ($P$). Governed by an explainable, open-box paradigm and secured via robust encryption protocols
(SAES\text{-}256% and $TLS\text{-}1.3$), Smart Pathfinder strictly preserves human administrative agency
and faculty oversight. Ultimately, the system bridges the gap between basic academic compliance and long-term
professional readiness, providing a highly scalable, dependable, and efficient software architecture that reduces
the administrative burden on faculty mentors while optimizing institutional graduation rates and student success
metrics.

DISCUSSION

The empirical data and interface evaluations gathered during the implementation phase demonstrate that the
Smart Pathfinder system successfully achieves its primary design objectives. By combining rule-based
automation with machine learning structures, the application addresses the core administrative bottlenecks and
predictive gaps present in traditional higher education advising framewaorks.

The absolute compliance rate recorded during the testing of the course recommendation module validates the
reliability of the system’s backend rule-checking parser. In manual advising environments, prerequisite tracking
errors are common during busy registration periods, often resulting in students enrolling in advanced tracks
without completing foundational coursework. The system's 100% execution lock successfully blocks these
invalid selections automatically, forcing data-driven compliance with institutional policies. This complete
control agrees with current educational technology literature, which emphasizes that replacing manual transcript
reviews with strict algorithmic constraint models minimizes database conflicts and prevents human validation
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errors. Furthermore, the low processing latency ensures that the computational overhead of checking these
prerequisite matrices does not impact web responsiveness, providing a scalable solution for high-density student
populations.

The diagnostic capabilities of the predictive risk analysis model provide an important upgrade over traditional,
reactive student monitoring structures. Most institutional advising interventions are triggered too late, typically
after final semestral grades are submitted and academic probation rules are applied. Smart Pathfinder’s machine
learning classifier changes this timeline by analyzing early-term grade trend indicators to identify at-risk
trajectories in advance. The balanced precision and recall scores achieved during model validation confirm that
the system isolates vulnerable students without generating a high volume of false alerts. The practical utility of
this prediction logic is clearly demonstrated in the Advisor Portal interface, where students flagged with high-
risk metrics are pulled into a prioritized attention queue automatically. This specific feature lets faculty advisors
transition from administrative paperwork to targeted, proactive student counseling and early intervention
strategies.

Finally, the functional performance of the competency alignment engine proves that student transcript variables
can be successfully mapped into actionable career guidance data. By cross-referencing high-performing
academic subject blocks with industry taxonomy data, the system closes the gap between standard course
selection and ultimate post-graduate employment readiness. The interface evaluations for the student and admin
dashboard layers show that this structural approach reduces choice paralysis, giving users clear, real-time
feedback regarding their academic progression and the specific technical skillsets required by the workforce.
The cohesion across all three portal layers verifies that integrating machine learning classification with rule-
based system workflows results in a robust, dependable administrative tracking tool capable of optimizing
institutional scheduling efficiency and improving student graduation rates.
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