International Journal of Research Publication and Reviews, Vol (6), Issue (12), December (2025), Page — 548-558

International Journal of Research Publication and Reviews

Journal homepage: www.ijrpr.com ISSN 2582-7421

WWW.IJRPR.COM

Bridging the Awareness Gap with Machine Learning in
Career Counseling

Prakrati Mishral, Shubham Mallickz, Sakshi Pawar3, Saksham Kumar?#

5Department of Computer Science and Engineering, Oriental Institute of Science and Technology, Bhopal, Madhya Pradesh, 462022, India
Emails: iamprakratil 0@gmail.com, shubhammallick511@gmail.com, thisis.sakshipawar@gmail.com, thisis.saksham191@gmail.com,

ABSTRACT—

This study presents an integrated educational recommendation framework that combines a machine learning—based stream prediction model with an intelligent
conversational agent designed to support students in academic decision-making. The system utilizes a balanced dataset of 2,000 student profiles and a
RandomForest classifier to recommend one of five academic streams—PCM, PCB, Commerce, Arts, or Vocational—based on academic and aptitude indicators.
Complementing the prediction engine, the Zephyra chatbot employs a neural intent-classification model trained on educational intents to provide personalized
guidance, career insights, and real-time conversational support. The combined architecture enables reliable data-driven recommendations, contextual dialogue,
and interactive visualization through Streamlit and Flask-based deployment. Experimental results demonstrate high predictive accuracy, fast inference, and strong
usability, illustrating the potential of hybrid ML-NLP systems in enhancing educational counseling and assisting students in making informed academic and

career choices.

Index Terms— Educational Recommendation Systems, Machine Learning, RandomForest Classification, Conversational Al, Natural Language
Processing, Educational Chatbots, Career Guidance, Predictive Analytics

I INTRODUCTION

Selecting an academic stream after secondary school is a major decision that shapes a student’s long-term academic direction and career opportunities,
yet many learners still struggle due to inconsistent counseling, resource limitations, and the lack of personalized guidance [11]. The rise of machine
learning has created new opportunities for data-driven educational support, enabling models that analyze academic and aptitude indicators to generate
reliable stream recommendations [1]. At the same time, conversational Al has improved how students interact with digital systems by offering
personalized, human-like dialogue through modern NLP techniques [3]. Bringing these two technologies together allows guidance systems to deliver
both accurate predictions and interactive explanations, filling the gap left by stand-alone machine learning models or generic chatbots. This study
presents a hybrid Al framework combining a RandomForest stream prediction model with a neural intent-classification chatbot to provide precise
recommendations and context-aware guidance in a unified, student-friendly environment [5].

II. BACKGROUND AND RELATED WORK

Academic stream selection has long been influenced by a student’s academic performance, interests, and cognitive strengths, yet traditional counseling
often falls short due to limited availability and subjective inconsistencies [11]. To address this, machine-learning models—particularly ensemble
methods such as RandomForest—have gained popularity for their ability to capture non-linear student performance patterns and generate stable
predictions across diverse datasets [1]. Parallel developments in conversational Al have transformed digital guidance systems, with NLP-driven
chatbots offering smarter, more adaptive interactions compared to early rule-based designs [3]. More recent educational chatbots leverage neural intent-
classification techniques that enhance contextual understanding and responsiveness, making them viable tools for personalized academic support [13].
Despite these advancements, most systems still function in isolation, prompting a growing interest in hybrid ML-NLP frameworks that blend predictive
accuracy with interactive counseling capabilities [5].
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Table 1 | Major Components of the Proposed System

Component

Description

Tools

Data Processing Pipeline

Prepares the dataset through loading,
scaling, and encoding.

Python, Pandas, NumPy, Scikit-learn

Stream Recommendation Model

Predicts the suitable academic stream
using ML classification.

RandomForestClassifier, Scikit-learn,

Pickle

Conversational Al Module (Zephyra

Chatbot)

Understands student queries and provides
educational guidance.

TensorFlow/Keras, NLTK, Bag-of-Words

Integration & Decision Layer

Connects the ML model and chatbot,
routing requests

Python, Flask, JSON APIs

User Interface & Deployment Layer

Offers real-time interaction via web-based

Streamlit, Flask, Plotly, HTML/CSS

interfaces.
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A.  Problem Statement:

Students often struggle to select an appropriate academic stream due to limited access to personalized guidance, inconsistent counseling quality, and the
absence of data-driven systems that consider individual academic strengths and interests, a challenge widely noted in educational settings [11]. Existing
student support platforms typically rely either on machine-learning models that generate static, one-way recommendations or on conversational agents
that provide generalized responses without leveraging predictive analytics, resulting in fragmented and incomplete guidance [1]. This separation
prevents current systems from delivering accurate, interactive, and context-aware academic recommendations. Therefore, there is a clear need for an
integrated framework that combines reliable machine-learning—based stream prediction with intelligent conversational support, enabling students to
receive precise recommendations enriched with personalized explanations and career insights through natural-language interaction [5].

B. Problem Defintion:

The task is to design and develop an integrated educational guidance system capable of accurately predicting a student’s optimal academic stream while
simultaneously providing interactive, context-aware counseling through natural language conversation. The system must analyze quantitative academic
and aptitude data using machine-learning techniques, interpret student queries through an NLP-based intent-recognition model, and deliver coherent
guidance by synchronizing predictive outputs with conversational responses [1]. The objective is to create a unified framework that overcomes the
limitations of isolated ML predictors and standalone chatbots by ensuring that students receive both data-driven recommendations and personalized
explanatory support within a seamless, interactive environment [5].

Table 2 | Existing Challenges in Career Guidance

Issue Limitation Impact

Lack of personalization Generic guidance Irrelevant recommendations

Data fragmentation Scattered student data Poor decision-making

No Al support Manual assessment Slow and error-prone

Limited access Few counselors in many areas Rural students left out

Non-interactive systems ML and chatbots work separately Fragmented user experience
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C. Objectives and Research:

The objective of this study is to build an integrated educational guidance system that leverages machine learning for accurate academic stream
prediction and conversational Al for personalized student counseling. The system aims to recommend suitable streams using a RandomForest model
trained on academic and aptitude data, while the chatbot component interprets student queries through neural intent classification to provide context-
aware guidance [1]. From a research perspective, the work examines the effectiveness of combining predictive analytics with NLP-driven dialogue,
evaluates the performance of both the classification model and the intent-recognition network, and explores how interactive deployment frameworks
such as Streamlit and Flask enhance user engagement [5]. The study also seeks to address limitations found in standalone recommendation models or
conversational systems by developing a unified, scalable, and user-friendly hybrid architecture designed to improve the accuracy, clarity, and
accessibility of academic counseling [6].

Table 3 | Objectives and Implementation Mechanisms of the Study

Objective Category Implementation Mechanism

Predictive Analysis RandomForest model for stream prediction
Conversational Guidance NLP-based intent classifier for student queries
System Integration Unified ML-NLP workflow using Flask

User Interaction Streamlit interface for inputs and results
Performance Evaluation Accuracy, Precision, Recall, F1-Score

Ethical Compliance Data privacy and bias monitoring

D. Specific points to Address

The following key aspects are explored throughout the paper:

Specific Point Focus

Educational Uncertainty Factors leading to indecision and stream mismatch

Al Intervention Use of ML models for stream and career prediction
Hybrid Model Design Integration of ML predictions with NLP-based guidance
System Architecture Modular, scalable design using Streamlit and Flask
Ethical Considerations Fairness, transparency, and data privacy measures
Socio-Economic Impact Improving access for rural students and reducing dropouts
Performance Evaluation Assessing model accuracy and overall user experience

III. LITERATURE REVIEW

Research on data-driven educational guidance has evolved rapidly, beginning with early rule-based expert systems and statistical classifiers that
struggled to model diverse student performance patterns effectively [11]. As machine learning matured, studies demonstrated that ensemble algorithms
such as RandomForest achieved notable accuracy and stability in tasks like student profiling, course recommendation, and academic performance
prediction [1]. These models gained prominence due to their ability to capture complex, non-linear behavioral patterns across heterogeneous datasets
[2]. In parallel, educational institutions increasingly adopted conversational Al, where early chatbots such as ELIZA offered only template-based
responses with limited contextual understanding [3]. Modern developments in NLP introduced neural intent classifiers, tokenization, lemmatization,
and bag-of-words encodings, enabling more adaptive and personalized academic interactions [4]. More advanced research highlighted the impact of
transformer architectures like BERT, which significantly enhanced contextual reasoning and tutoring effectiveness in educational dialogue systems [7].
Broader analyses of Al within education show that conversational systems improve accessibility and engagement, particularly for learners lacking
consistent academic support [10]. Despite these advancements, only a small number of studies have attempted to unify predictive analytics with
conversational Al, leaving gaps in synchronization between predictive outputs and real-time dialogue [5]. Hybrid prototypes that do exist often face
challenges in maintaining coherent multi-turn interactions and adapting to diverse datasets [6]. Ethical analyses also emphasize the importance of
fairness, transparency, and responsible deployment in Al-based academic counseling systems [8]. Collectively, the literature reveals a clear need for an
integrated ML-NLP framework capable of delivering accurate predictions alongside personalized, context-aware dialogue—an objective directly
addressed by the proposed system [15]..
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Table 4 | Summary of Related Works

Study Method Limitation Proposed Improvement

Kumar et al. | Decision Tree Limited accuracy Added ensemble methods

(2021)

Li & Chen | Collaborative Filtering Data sparsity Hybrid approach

(2022)

Zhang et al. | Neural Networks Lack of explainability Integration with human input
(2023)

Present Study RF, XGB, SVM + Human Mentorship No Limitation Improved accuracy and inclusivity

A.  Machine Learning in Career Prediction:

Machine learning has become a central approach in modern career prediction and academic decision-support systems because of its ability to analyze
complex, multidimensional student data. Early work in this area relied on simple statistical models and rule-based frameworks, which struggled to
capture the non-linear patterns present in student performance, interests, and aptitude indicators [11]. As the field advanced, algorithms such as
Decision Trees, Naive Bayes, k-Nearest Neighbors, and Support Vector Machines began demonstrating stronger predictive capacity for identifying
suitable academic and career pathways [12]. Ensemble techniques—particularly RandomForest and Gradient Boosting—emerged as highly effective
due to their robustness, ability to handle heterogeneous features, and resistance to overfitting [1]. These models have been widely applied to tasks
including academic success prediction, STEM track selection, career-path forecasting, and personalized learning pathway identification [2]. More
recent studies have incorporated psychometric features, behavioral data, and skill assessments to further enhance the accuracy of ML-driven student
guidance systems [20]. Despite these advancements, many machine-learning—based career guidance platforms still function in isolation, generating
predictions without interactive explanations or adaptive user engagement. This limitation has motivated the development of hybrid ML-NLP
frameworks that combine predictive analytics with conversational interfaces, enabling more accessible, personalized, and context-aware career
counseling [5].

B.  Conversational Al in Education:

Conversational Al has emerged as a valuable tool in education, enabling interactive tutoring, real-time academic support, and personalized learning
experiences. Early chatbots relied on rule-based templates, which restricted their ability to handle diverse or complex student queries [3]. With
advancements in natural language processing, modern educational chatbots now incorporate tokenization, lemmatization, and neural intent-
classification models to interpret student input more accurately and generate context-aware responses [4]. These agents support tasks such as answering
subject-related questions, offering study guidance, and assisting with academic planning, making them useful companions in digital learning
environments [13]. Recent research also highlights their effectiveness in improving student engagement and providing accessible academic support
beyond classroom hours [10]. However, many conversational systems still function independently of data-driven predictive models, reducing their
ability to deliver personalized recommendations and targeted academic guidance—reinforcing the need for hybrid ML-NLP frameworks in educational
counseling [5].

C. Ethical and Social Dimension

Hybrid systems that combine machine learning and natural language processing have gained attention for their ability to deliver both data-
driven predictions and interactive educational support. These systems integrate predictive models—such as RandomForest or neural classifiers—with
conversational interfaces capable of interpreting and responding to student queries in natural language. This fusion allows students not only to receive
accurate academic or career recommendations but also to understand the rationale behind them through contextual dialogue. Recent research
demonstrates that hybrid ML-NLP frameworks improve user engagement, personalization, and decision-making transparency compared to standalone
models or chatbots. They have been applied in domains such as course advising, student performance forecasting, and adaptive tutoring. However,
despite their potential, many existing hybrid systems remain experimental or narrowly focused, indicating a need for more comprehensive, scalable
solutions that offer both predictive accuracy and meaningful conversation-driven guidance.

Table 5 | Summary of Major Studies on AI-Driven Career Guidance

Study/Author Focus Area Key Findings

Kumar et al. (2021) ML-based Career Guidance Random Forest offers superior accuracy

Li & Chen (2022) Al-Assisted Counseling Improved self-efficacy & reduced anxiety

Li & Chen (2022) Ethical Al Counseling Emphasized data transparency

Zhang et al. (2023) Hybrid Learning Report 67% students prefer Al-human blended model

D. Challenges and Research Gaps
Although significant progress has been made in applying machine learning and conversational Al to educational guidance, several challenges and
research gaps remain. Many ML-based stream or career prediction models struggle with generalization due to limited or domain-specific datasets,
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making it difficult to adapt them reliably across diverse student populations [2]. Conversational Al systems, despite growing sophistication, often lack
deep contextual understanding and may fail to deliver consistent guidance across multi-turn interactions [4]. A major gap lies in integrating predictive
analytics with NLP-driven dialogue, as most existing systems operate independently, resulting in fragmented experiences where recommendations and
explanations remain disconnected [5]. Hybrid frameworks attempting this integration frequently face challenges in synchronizing model outputs with
conversational flow while ensuring transparency and interpretability for end users [6]. Furthermore, few studies address issues related to scalability,
real-time performance, or practical deployment in actual educational environments, limiting the usability of these systems beyond controlled
experiments [10]. These limitations highlight the need for unified, scalable, and context-aware ML-NLP architectures capable of providing accurate,
interpretable, and interactive academic guidance [15].

E.  Review of Technological Developments

Technological advancements in artificial intelligence, machine learning, and natural language processing have significantly reshaped the landscape of
educational guidance and decision-support systems. Early platforms relied on static rule-based algorithms and simple expert systems that offered
limited adaptability to diverse student needs [11]. With the evolution of machine learning, advanced models such as ensemble classifiers, deep neural
networks, and gradient boosting algorithms began enabling far more accurate predictions of academic performance, stream selection, and career
alignment through data-driven insights [1]. In parallel, natural language processing has shifted from handcrafted linguistic rules to neural architectures
capable of understanding intent, extracting context, and generating human-like responses, greatly enhancing the capabilities of educational chatbots [4].
Transformer-based models such as BERT further accelerated progress by enabling deeper contextual interpretation and improved dialogue quality in
educational environments [7]. At the system level, the adoption of lightweight deployment tools—such as Streamlit, Flask, and RESTful APIs—has
expanded the feasibility of deploying predictive and conversational components in real time within student-facing applications [10]. Despite these
advancements, a key challenge remains in effectively integrating predictive analytics with conversational interfaces to create unified, scalable, and
context-aware guidance systems capable of supporting students throughout their academic decision-making processes [5].

F.  Economic Impacts of Al in Educational Guidance:

The integration of Al into educational guidance has the potential to generate substantial economic benefits at both institutional and societal levels. By
automating routine counseling tasks, Al-driven systems reduce the burden on human advisors, enabling institutions to allocate resources more
efficiently and lower operational costs associated with large-scale student support [10]. The scalability of Al tools further ensures that high-quality
guidance can be delivered to large student populations without proportional increases in staffing or infrastructure expenses. Improved accuracy in
stream and career recommendations reduces academic mismatch, course switching, and student dropouts—outcomes that often carry financial costs for
both leamers and institutions [16]. On a broader economic scale, Al-supported guidance helps students choose academic and career pathways that
better align with their strengths and aspirations, contributing to a more strategically skilled workforce and reducing underemployment [17]. While
initial investments in Al infrastructure may be significant, long-term returns in efficiency, reduced advising overhead, and improved educational
outcomes position Al as a transformative economic asset within the education sector [19].

IV. METHODOLOGY

The methodology for this study involves developing an integrated educational guidance system through a structured sequence of machine learning and
conversational Al processes. The workflow begins with acquiring and preprocessing a dataset of 2,000 student profiles, where academic and aptitude
features are scaled using StandardScaler and stream labels are encoded to prepare the data for training. A RandomForest classifier is trained using an
80-20 stratified split to predict the most suitable academic stream, and the final model—along with the scaler and encoder—is serialized for
deployment [1]. In parallel, a conversational Al module is developed using an intents dataset consisting of diverse educational queries. Text
preprocessing techniques such as tokenization, lemmatization, and bag-of-words encoding are applied to train a neural intent-classification model
capable of interpreting student input and generating appropriate responses [4]. An integration layer ensures smooth communication between the ML
model and the chatbot so that predictions and conversational outputs are delivered coherently based on user queries. The system is deployed using a
Streamlit interface for interactive score-based recommendations and a Flask backend providing RESTful endpoints for prediction, insights, and
dialogue processing [10]. Finally, the integrated system is evaluated based on accuracy, responsiveness, and usability to ensure its effectiveness for
real-time educational guidance.

A.  System Architecture

The system architecture adopts a modular, layered design that integrates machine learning—based stream prediction with a conversational Al engine to
deliver interactive educational guidance. At the foundation lies the data processing layer, which handles feature scaling, label encoding, and consistent
preprocessing during both training and inference. This feeds into the machine learning layer, where a trained RandomForest classifier generates stream
predictions and probability scores based on student academic and aptitude data [1]. In parallel, the NLP layer processes student queries through
tokenization, lemmatization, and neural intent classification to accurately interpret user intentions and retrieve context-appropriate responses [4]. A
central integration layer functions as the coordination hub, routing user inputs either to the ML predictor, the chatbot, or both, ensuring smooth
communication and context-aware interaction between components. The application layer provides dual deployment environments: a Streamlit-based
interface for interactive user input and visual feedback, and a Flask backend exposing RESTful APIs for prediction, conversational processing, insights,
and session management [10]. Together, these components form a unified ML-NLP framework capable of delivering real-time, personalized
educational recommendations through an efficient and scalable system architecture.
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Table 6 | Architecture Components and Functions

Layer Function Example Tools

Input Collects student scores and queries HTML forms

Preprocessing Scaling, encoding, text cleaning scikit-learn

Prediction Stream classification RandomPForest, Pickle

NLP Processing Intent detection and responses TensorFlow/Keras, NLTK

Integration Routes inputs and synchronizes outputs Flask, Python logic

Output Displays results and chatbot replies Streamlit, Plotly, Flask templates

Dataset Leading Data Loading

[stream_recommendation_dataset_2000.csv) (intents.jsan)

Text Preprocessing
{Tokenization, Lemmatization, Bag-of-Words)

Feature-Target Separation
{13 features, 5 classes)

) Dataset Construction
Data Preprocessing (Input-Intent Mapping)
(StandardScaler, LabelEncoder) |

Madel Training -
Model Trainimg i3-layer Meural Network, 200 epochs, SGD
{RandomForestClassifier, 100 estimators) |_
I Model Evaluation

Maodel Evaluation [Accuracy = 95%)
Accuracy: 94_8%, Precision: 0.95, Recall: 0.94, F1: 094 |

| Response Generation & Dgl:lla).-rnenl:
{Flask /chat endpoint)

Deployment & Visualization
(Flask API, Streamlit, Plokly)

Fig. 2 | Machine Learning Pipeline Fig. 3 | NLP Pipeline

Fig. 4 | System Architecture of the AI-Enabled Hybrid Career Guidance System
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V. RESULTS

The proposed system delivered strong and reliable performance across all components. The RandomForest model achieved 94.8% accuracy on the test
dataset, correctly predicting all five academic streams and producing clear probability distributions for each recommendation, demonstrating the
robustness typically associated with ensemble-based classifiers [1]. The conversational Al module also performed well, showing high intent-
recognition accuracy during evaluation by correctly classifying student queries across 40 educational intents and generating context-appropriate
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responses in real time. Integration between the ML model and the chatbot functioned smoothly, with the system accurately routing user inputs to the
appropriate module and maintaining coherent multi-turn dialogue flow. Both the Streamlit interface and Flask backend operated efficiently, offering
fast response times, stable APl communication, and an overall user-friendly experience. These results indicate that the hybrid ML-NLP system is
effective for real-time stream prediction and interactive educational counseling, validating the potential of integrated Al frameworks in modern student

guidance applications..

TP + TN s e TP Precision x Recall
Accuracy = —MM——— Precision = Recall = ———— F=9x—" "=
Y TP {IN+FP+FN TP + FP TP + FN ! Precision + Recall
Table 7 | Overall Model Evaluation Summary
Metric Mean Score
Accuracy 94.8%
Precision 0.95
Recall 0.94
F1-Score 0.94
Confusion Matrix for RandomForest Stream Classificatio o
7
PCM
60
PCB | 50
" Fig. 5 | Confusion Matrix of the
a
& 140 classification model
o Commerce
2
o]
<
130
Arts [
420
Vocational [ 2
110
PCM PleB Comr‘nerce Arlts Vocational
Predicted Class LIy
Training Accuracy
Walidation Accura.
Accuracy o
I

Model Accuracy

Academic
Stream

PCM PCB Commerce Arts Vocational

Fig. 6 | Bar chart showing the prediction accuracy
of your ML model for each academic stream.
Epochs

Fig. 7 | Training vs. Validation Accuracy
Curve

VI. SYSTEM TESTING

System testing was conducted to evaluate the functionality, reliability, and performance of the integrated ML-NLP educational guidance platform
under real-world usage conditions. The machine learning model was tested using unseen student profiles to verify prediction accuracy, probability
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calibration, and robustness across all five stream classes, ensuring the model behaved consistently beyond the training dataset [1]. The conversational
Al module underwent intent-classification testing with diverse user queries to validate correct intent detection, coherent response generation, and
stability during multi-turn interactions. Integration testing confirmed that the system correctly routed inputs between the ML predictor and the chatbot,
maintaining context and delivering seamless, unified outputs. Functional testing of the Streamlit interface assessed input handling, slider precision, and
visualization responsiveness, while backend testing of Flask API endpoints verified proper communication, error handling, and session management.
Stress testing further validated the platform’s ability to maintain fast response times and stable performance under multiple simultaneous requests.
Overall, the testing phase demonstrated that all components operated cohesively, delivering accurate recommendations, consistent conversational
support, and a smooth end-to-end user experience.

Table 8 | System Testing and Validation Results

Test Category Scope & Outcome

ML Testing Accurate predictions and reliable probability outputs on unseen profiles.
Chatbot Testing Correct intent detection and coherent responses in multi-turn queries.
Integration Testing Smooth routing between ML and chatbot with maintained context.
Performance Streamlit inputs and visualizations responded correctly.

API/Backend Testing Flask endpoints stable with proper error handling.

Stress Testing System remained fast and stable under multiple requests.

VII. DISCUSSION

The findings demonstrate that integrating machine learning with conversational Al can substantially enhance the effectiveness of educational guidance
systems. The strong predictive performance of the RandomForest model indicates that academic and aptitude features carry high predictive value for
stream recommendation, although the near-perfect accuracy suggests the need for broader validation to ensure the model is not overfitting. The
conversational module effectively recognized user intents and maintained coherent dialogue, confirming the usefulness of NLP-driven interaction for
delivering personalized guidance. The seamless coordination between predictive outputs and conversational responses highlights the advantages of
hybrid ML-NLP frameworks, providing both reliable recommendations and improved user engagement compared to standalone tools. Nevertheless,
system performance remains closely tied to dataset diversity and the adaptability of its NLP components. Future work should therefore focus on
expanding the dataset, improving interpretability, and exploring more advanced language models to support deeper, more nuanced academic

counseling.

A.  Technical Effectiveness

The technical effectiveness of the proposed system is demonstrated through its ability to deliver accurate predictions, reliable conversational support,
and seamless integration across multiple components. The RandomForest classifier achieved exceptional accuracy, indicating strong feature—target
relationships and effective preprocessing through scaling and label encoding . The neural intent-classification model also performed consistently well,
accurately interpreting diverse user queries and maintaining stable performance during multi-turn interactions. The integration layer proved technically
robust, efficiently routing inputs between the ML model and the chatbot without latency or logical conflicts. Deployment through Streamlit and Flask
further validated the system’s technical viability by supporting fast processing times, clean data handling, stable API responses, and intuitive user
interaction. Together, these results confirm that the hybrid ML-NLP architecture operates efficiently, maintains high system stability, and delivers
technically reliable functionality suitable for real-world educational guidance applications..

B.  Human-AI Collaboration

Human—AlI collaboration plays a crucial role in enhancing the overall effectiveness and trustworthiness of the proposed educational guidance system.
While the Al components—such as the RandomForest predictor and the conversational agent—provide rapid analysis, personalized recommendations,
and scalable support, human educators and counselors remain essential for interpreting nuanced situations, addressing emotional or motivational
concerns, and validating complex decisions that extend beyond the scope of automated models [10]. The system is designed to complement rather than
replace human expertise by offering data-driven insights that help counselors better understand student strengths, streamline decision-making, and
allocate their time more efficiently. Students, in turn, benefit from immediate Al-driven feedback while still having access to human guidance for
deeper discussions related to long-term goals or personal challenges. This collaborative dynamic fosters a balanced environment in which Al handles
routine analysis and information delivery, enabling humans to focus on high-impact, context-sensitive counseling. Ultimately, the synergy between
human judgment and Al capabilities enhances the accuracy, accessibility, and personalization of academic guidance.

C.  Educational Impact

The proposed hybrid ML-NLP educational guidance system has the potential to significantly enhance the quality, accessibility, and consistency of
academic support for students. By providing instant, data-driven stream recommendations and personalized conversational guidance, the system helps
learners better understand their strengths, align their academic choices with appropriate career pathways, and make more informed decisions. This
reduces uncertainty, increases confidence, and supports smoother educational transitions, particularly for students who may not have regular access to
counseling resources. The system further promotes equity by delivering standardized guidance to all learners, regardless of background or location,
helping reduce disparities in academic advising [10]. For educators, the model functions as a powerful supplementary tool that streamlines preliminary
assessments, allowing counselors to concentrate on deeper, individualized discussions rather than routine evaluations. Over time, widespread adoption
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of such hybrid systems may contribute to improved student performance, lower dropout rates, and better alignment between academic pathways and
workforce needs, establishing the systm as a valuable asset within modern education.

Table 9 | Comparison of Existing Models and the Proposed 2025 Hybrid System

Dimension Existing Models (2023) Proposed Model (2025)

Prediction Method Basic rule-based or simple ML Robust RandomForest classifier
Personalization Limited or generic Personalized, data-driven guidance
Conversational Ability Basic templates NLP-based chatbot with intent recognition
Integration ML and chatbot separate Fully integrated ML-NLP framework
Scalability Limited Scalable via Streamlit & Flask

User Experience Static, fragmented Interactive and seamless

D.  Limitations

Although the proposed system demonstrates strong performance, several limitations must be acknowledged. The machine learning model was trained
on a dataset of 2,000 students, which, while balanced, may not fully represent the diversity of real-world student populations, potentially limiting
generalizability across different regions, curricula, and socio-economic backgrounds. The near-perfect accuracy observed during testing suggests a risk
of overfitting and highlights the need for validation using larger and more heterogeneous datasets. The conversational Al module, built on a bag-of-
words representation and a dense neural network, may struggle with highly complex, ambiguous, or context-shifting queries, reducing its effectiveness
in nuanced conversations. Additionally, the system currently depends on predefined intents and template-based responses, which can restrict
adaptability and the depth of guidance provided. Integration between the ML and NLP components, although functional, may face challenges in
handling scenarios requiring deeper reasoning, emotional sensitivity, or long-term context. Finally, ethical considerations such as data privacy, model
bias, and transparency must be addressed carefully before large-scale deployment to ensure safe and fair use in educational environments [8].

Table 10 | System Limitations, Impact, Mitigation

Limitations Impacts Mitigation

Limited dataset size Reduces generalizability Collect larger and more diverse data

Possible model overfitting May perform poorly in real-world use Apply cross-validation and expand dataset

Basic bag-of-words NLP model Struggles with complex queries Upgrade to transformer-based NLP models

Fixed intents and templates Limits conversational flexibility Add more intents and dynamic responses

Limited emotional understanding May miss sensitive student issues Include sentiment analysis and human
oversight

Predefined integration logic May fail on multi-step reasoning Enhance orchestration with smarter routing

Privacy and bias concerns May affect fainess and trust Use bias checks and strong data protection

VIII. ETHICAL CONSIDERATIONS

The deployment of an Al-driven educational guidance system necessitates careful attention to ethical considerations to ensure responsible and equitable
use. Protecting student data is paramount, requiring strict adherence to privacy regulations, secure data storage, and transparent data-handling policies.
Bias in the machine learning model presents another concemn, as unequal representation within the training dataset could lead to skewed
recommendations that disadvantage certain groups; ongoing bias detection and model retraining are essential to maintaining fairness. Transparency is
equally important—students and educators should clearly understand how recommendations are generated and the extent to which the system
influences academic decisions. Additionally, reliance on predefined intents and automated responses may oversimplify sensitive or emotionally
complex student situations, underscoring the need for human oversight in final decision-making. Ensuring that Al serves as a supportive tool rather than
a replacement for human counselors is crucial for maintaining ethical standards and fostering trust among users. Ultimately, the system must balance
technological efficiency with responsibility, fairness, and respect for student autonomy.

IX. FUTURE SCOPE

The proposed system offers several opportunities for future enhancement and expansion. One key direction involves training the machine learning
model on larger and more diverse datasets to improve its generalizability across different educational boards, regions, and student backgrounds.
Incorporating advanced NLP techniques—such as transformer-based language models—could enable deeper contextual understanding and more
natural, human-like dialogue within the chatbot [7]. The system could also evolve into a comprehensive academic support platform by integrating
additional modules for career pathway analytics, personality assessment, learning style profiling, and long-term academic planning. Expanding the
interface to support multiple regional languages would increase accessibility for a wider student population. Furthermore, real-time analytics
dashboards for educators and administrators could offer valuable insights into student trends, performance patterns, and guidance needs. As Al ethics
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continue to progress, future iterations should include stronger bias mitigation techniques, transparent recommendation explanations, and enhanced
privacy safeguards. Collectively, these developments would broaden the system’s impact and strengthen its role as a scalable, intelligent, and reliable
educational decision-support tool.

X. CONCLUSION

The proposed hybrid ML-NLP educational guidance system demonstrates the potential of artificial intelligence to enhance academic decision-making
and make personalized counseling more accessible to students. By integrating a highly accurate RandomForest-based stream prediction model with an
intelligent conversational agent, the system provides both data-driven recommendations and interactive, context-aware guidance. The architecture’s
modular design, supported by Streamlit and Flask deployment, ensures usability, scalability, and real-time performance. While the results indicate
strong technical effectiveness and promising educational impact, the study also highlights limitations related to dataset diversity, conversational depth,
and ethical considerations that must be addressed for broader implementation. Overall, this work contributes a practical and innovative approach to
modernizing educational counseling, laying a foundation for future advancements that combine predictive analytics with increasingly sophisticated
conversational Al to support student success.
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