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Abstract —With the rapid growth of mobile learning
applications, students often face difficulty selecting the
most relevant educational apps that suit their academic
needs. This research proposes an intelligent
recommendation system that optimizes mobile app
suggestions using crowdsourced educational data. The
system analyses application usage patterns and textual
descriptions to recommend suitable apps for
Undergraduate (UG), Postgraduate (PG), and Graduate
students. Natural Language Processing (NLP) techniques
such as text cleaning, tokenization, and feature extraction
are applied to preprocess app metadata and user
interaction data. A Random Forest Classifier is employed
as the primary machine learning model due to its
robustness, scalability, and strong performance in
classification tasks. The model analyses behavioural
patterns and content features to generate personalized
recommendations. Experimental evaluation using metrics
such as accuracy, precision, recall, and Fl-score
demonstrates that the proposed model produces reliable
and interpretable results compared with traditional
recommendation approaches. The system enhances
personalization, reduces irrelevant suggestions, and
improves user engagement in educational environments.
This research contributes to the development of
intelligent, Al-driven educational recommendation
systems that support effective digital learning.
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1.INTRODUCTION

With the rapid advancement of mobile technology,
educational applications have become an important tool
for students to enhance their learning experience.
Smartphones provide easy access to a wide range of
educational apps that support activities such as online
learning, exam preparation, and skill development. The
large number of available applications makes it difficult
for students to identify the most suitable apps for their
academic needs.

Traditional app selection methods based on popularity or
ratings often fail to provide personalized
recommendations. To address this issue, intelligent
recommendation systems can analyse user behaviour and
application data to suggest relevant apps. This research
focuses on developing a mobile app recommendation
system using crowdsourced educational data.

The proposed system applies Natural Language
Processing (NLP) techniques to preprocess app
descriptions and extract useful features. A Random Forest
Classifier is used to analyse the data and recommend
suitable educational apps for Undergraduate (UQG),
Postgraduate (PG), and Graduate students. The system
aims to improve personalization, enhance learning
efficiency, and help students discover relevant educational
applications more effectively.

2. LITERATURE REVIEW

Several studies have explored the use of recommendation
systems to assist users in discovering relevant mobile
applications and educational resources. With the rapid
growth of digital learning platforms, researchers have
focused on applying machine learning and data analysis
techniques to improve the accuracy and personalization of
app recommendations.

Magbool et al. (2023) introduced MobileRec, a large-scale
dataset designed for mobile application recommendation
research. The dataset contains extensive user—app
interaction records along with app metadata such as
descriptions, categories, and ratings. Their study
demonstrated that combining textual features from app
descriptions with user interaction data significantly
improves recommendation performance and helps
generate more personalized suggestions.

Dave et al. (2023) proposed SAppKG, a knowledge
graph—based recommendation framework that integrates
app attributes, permissions, and user-side information to
provide secure and accurate recommendations. The
system uses additional contextual information to enhance
prediction  quality and ensures privacy-aware
recommendation mechanisms. Their results showed that
incorporating side information improves the precision and
recall of recommendation systems compared to traditional
collaborative filtering methods.
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Badier et al. (2023) developed a recommendation model
for an after-school e-learning mobile application. Their
system analyses user interaction logs and educational
content descriptions using Natural Language Processing
(NLP) techniques. The study found that personalized
recommendations  significantly  increase  student
engagement and learning efficiency compared to generic
resource suggestions.

Barnes (2024) explored the application of the Random
Forest Classifier in higher education for predicting
academic outcomes and providing personalized
recommendations. The research highlighted the
advantages of Random Forest, including its ability to
handle mixed data types, manage missing values, and
provide interpretable feature importance. The study
demonstrated that ensemble learning models can achieve
higher prediction accuracy and reliability in educational
data analysis.

Islam (2025) proposed a multi-model machine learning
framework for academic course recommendation systems.
The research combined behavioural data and textual
features extracted using NLP techniques to generate
personalized suggestions. The study concluded that hybrid
machine learning models improve recommendation
accuracy and help overcome challenges such as data
sparsity and cold-start problems.

These studies highlight the growing importance of
machine learning and NLP techniques in developing
intelligent recommendation systems. However, there is
still a need for scalable and interpretable models that
effectively combine crowdsourced educational data with
application metadata. The proposed system addresses this
need by utilizing NLP-based feature extraction and a
Random Forest Classifier to provide personalized
educational app recommendations for university students.

3. RELATED WORK

Recommendation systems have become an essential tool
for helping users discover relevant information in large
digital environments. In recent years, many researchers
have explored different techniques to improve the
accuracy and personalization of mobile application
recommendations, particularly in educational contexts.
One significant contribution in this field is the MobileRec
dataset, introduced by Magbool et al. (2023). This dataset
contains millions of user—app interactions and rich
metadata collected from the Google Play Store, including
app descriptions, categories, ratings, and user activity. The
dataset supports research in mobile app recommendation
systems by enabling models to analyze user behavior and
app characteristics for more accurate predictions.
Another notable work is SAppKG, a knowledge graph—
based mobile app recommendation framework proposed
by Dave et al. (2023). This model integrates app attributes,
permissions, and interaction data to generate personalized
recommendations while maintaining user privacy. The
study demonstrated that using knowledge graphs and side

information  improves recommendation
compared with traditional methods.
Educational recommender systems have also been widely
studied. These systems use machine learning and
information filtering techniques to guide students toward
suitable learning resources such as courses, exercises, or
digital learning tools. Studies show that such systems help
improve learning outcomes and assist students in finding
relevant educational content more efficiently.
Researchers have also explored conversational and
sequential recommendation models. For example, the
MobileConvRec dataset supports conversational mobile
app recommendation systems that analyze user
interactions and dialogues to understand user needs more
effectively. These approaches combine sequential user
behavior with natural language processing to generate
more context-aware recommendations.

Despite  these  advancements, many  existing
recommendation systems rely on complex deep learning
architectures or require very large datasets, making them
difficult to interpret and computationally expensive.
Therefore, machine learning algorithms such as Random
Forest provide a practical alternative due to their
robustness, interpretability, and ability to handle high-
dimensional data efficiently. Based on these observations,
the proposed system utilizes NLP techniques and a
Random Forest Classifier to generate personalized
educational app recommendations using crowdsourced
data.

accuracy

4. PROPOSED METHODOLOGY

Our Project focuses on developing an intelligent
recommendation system that suggests suitable educational
mobile applications to students using crowdsourced
educational data. The system combines Natural Language
Processing (NLP) techniques and machine learning
algorithms to analyse application information and user
interaction patterns. The goal of the system is to generate
personalized app recommendations that match the
academic level and learning preferences of students.

The first stage of the methodology is data collection. In
this stage, data related to educational mobile applications
and user interactions is gathered from various sources such
as mobile app platforms, surveys, and usage logs. The
collected dataset includes information such as application
names, categories, textual descriptions, ratings, download
counts, and user interaction data. Additionally, student
information such as academic level (Undergraduate,
Postgraduate, or Graduate) is included to help the model
understand the type of applications suitable for each
category of learners. The crowdsourced nature of the data
ensures that the system reflects real user experiences and
preferences.

After collecting the data, the next stage is data
preprocessing. Raw datasets usually contain noise,
irrelevant information, and inconsistent data formats that
can negatively affect model performance. Therefore,
preprocessing techniques are applied to clean and organize
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the data. For textual information such as app descriptions
and reviews, Natural Language Processing techniques are
used. These include text cleaning, removal of special
characters, tokenization, stop-word removal, and
normalization. These steps help in transforming
unstructured textual information into a format that can be
processed by machine learning algorithms.

The system performs feature extraction and
representation. Feature extraction is an important step
because it converts the processed textual data into
numerical values that can be used for model training.
Techniques such as Term Frequency—Inverse Document
Frequency (TF-IDF) or vectorization are used to represent
the importance of words in application descriptions. In
addition to textual features, other attributes such as
application category, ratings, and usage frequency are also
included as input features. These combined features
provide a comprehensive representation of both
application characteristics and user preferences.

The next stage is model selection and training. In the
proposed system, the Random Forest Classifier is selected
as the primary machine learning model. Random Forest is
an ensemble learning algorithm that builds multiple
decision trees during training and combines their
predictions to produce a final result. Each tree in the forest
analyzes different subsets of the dataset, which helps
reduce overfitting and improves prediction accuracy. The
model learns patterns from the training data and identifies
relationships between application features and student
categories. Hyperparameters such as the number of trees
and tree depth can be adjusted to optimize the model's
performance.

Once the model is trained, the system proceeds to the
prediction and recommendation stage. When new user
data is provided, the trained model analyzes the features
extracted from the input data and predicts the most
suitable educational applications for that particular
student. The system then generates a list of recommended
apps that align with the student's academic level and
learning requirements. This personalized approach helps
students quickly identify useful applications without
spending excessive time searching through thousands of
options.

The performance evaluation stage is conducted to measure
the effectiveness of the recommendation system. Several
evaluation metrics are used, including accuracy, precision,
recall, and Fl-score. These metrics help determine how
well the model predicts suitable applications and how
reliable the recommendations are. The results are also
compared with other baseline models such as decision
trees or logistic regression to verify the advantages of the
Random Forest approach.

The proposed methodology integrates crowdsourced
educational data, Natural Language Processing
techniques, and machine learning algorithms to build a
robust recommendation system. By combining behavioral
data and textual information, the system can provide
accurate and personalized mobile app recommendations

for students across different academic levels. This
approach enhances learning efficiency, improves user
experience, and contributes to the development of
intelligent educational technologies.

5. RESULTS AND DISCUSSION

Mobile app recommendation system was implemented
and evaluated using a dataset consisting of educational
mobile application information and user interaction data
collected from crowdsourced sources. The dataset
included various features such as application name,
category, textual description, ratings, download statistics,
and user engagement patterns. These features helped the
system understand both the characteristics of the
applications and the preferences of students from different
academic levels. Before training the model, the dataset
underwent a comprehensive preprocessing phase in which
Natural Language Processing (NLP) techniques were
applied to the textual data. This preprocessing included
text cleaning, tokenization, removal of stop words, and
vectorization to convert the unstructured textual data into
structured numerical features that could be used by
machine learning algorithms.

After preprocessing, the dataset was divided into two
subsets: a training dataset and a testing dataset. The
training dataset was used to train the machine learning
model, while the testing dataset was used to evaluate the
performance of the system on unseen data. The Random
Forest Classifier was selected as the core algorithm for this
recommendation system because of its strong ability to
handle high-dimensional data and its robustness in
classification tasks. Random Forest works by constructing
multiple decision trees during the training process and
combining their outputs to produce a final prediction. This
ensemble learning approach helps improve prediction
accuracy and reduces the risk of overfitting.

During the training phase, the Random Forest model
learned the relationship between application features and
the academic level of students, including Undergraduate
(UG), Postgraduate (PG), and Graduate levels. Each
decision tree in the forest analyzed different subsets of the
data and features, allowing the model to capture diverse
patterns in the dataset. Once the training process was
completed, the model was tested using the testing dataset
to determine its effectiveness in recommending suitable
educational applications.

To evaluate the performance of the recommendation
system, several standard evaluation metrics were used.
These included accuracy, precision, recall, and F1-score.
Accuracy measures the overall correctness of the model’s
predictions, while precision indicates how many of the
recommended applications were actually relevant to the
user. Recall measures the system’s ability to identify all
relevant applications, and the Fl-score provides a
balanced measure of both precision and recall. The
experimental results demonstrated that the Random Forest
Classifier achieved a high level of accuracy in predicting
suitable educational apps compared with traditional
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classification methods such as Decision Trees and
Logistic Regression.

The results also showed that incorporating NLP-based
feature extraction significantly improved the model’s
ability to wunderstand application descriptions and
categorize them effectively. By analyzing textual
information along with other features such as ratings and
usage patterns, the system was able to capture deeper
insights into the relevance of different applications for
specific academic levels. This combination of behavioral
data and content-based features enabled the
recommendation system to generate more personalized
and context-aware suggestions.

Another important observation from the experimental
analysis was the ability of the Random Forest model to
handle complex and high-dimensional datasets efficiently.
Since the dataset contained both textual and numerical
attributes, the ensemble nature of the algorithm helped
balance the influence of different features during
prediction. And the feature importance analysis provided
by the Random Forest model helped identify which
attributes had the greatest impact on the recommendation
process. Features such as app category, textual description
keywords, and user engagement patterns were found to be
among the most influential factors in determining the
suitability of an application.

Fig 1: Mobile App Recommendation Sign up page

Fig 2: Login page

Mobile App Recommaendation

=

-

Fig 3: filling app recommendation details

Predictbon Result

Fig 4: Prediction result

The discussion of the results highlights that the proposed
recommendation system successfully addresses the
challenge of identifying relevant educational applications
from a large pool of available apps. Students often face
difficulty in selecting appropriate learning tools due to the
overwhelming number of options in mobile app stores. By
providing personalized recommendations based on data-
driven analysis, the system helps wusers discover
applications that match their academic needs and learning
preferences.

The scalability of the system suggests that it can be applied
to larger datasets and integrated into real-world
educational platforms. With additional data and
continuous learning, the system could further improve its
prediction accuracy and recommendation quality. The
results also suggest that integrating additional contextual
features such as user feedback, learning outcomes, and
time-based interaction data could further enhance the
performance of the system.

The experimental results confirm that the proposed
approach effectively combines crowdsourced educational
data, Natural Language Processing techniques, and
machine learning algorithms to develop an intelligent
mobile app recommendation system. The use of the
Random Forest Classifier enables the system to generate
accurate, reliable, and interpretable recommendations for
students across different academic levels. This study
demonstrates the potential of artificial intelligence in

improving educational technology and supporting
personalized digital learning environments.
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SYSTEM ARCHITECTURE:

Fig 5: System Architecture

The system architecture of the proposed mobile app
recommendation system consists of several modules that
work together to provide personalized educational app
suggestions. The Data Collection Module gathers
information about educational applications and user
interaction data such as app descriptions, categories,
ratings, and usage patterns.

Then the Data Preprocessing Module cleans and processes
the collected data using Natural Language Processing
techniques such as text cleaning, tokenization, and stop-
word removal. After preprocessing, the Feature
Extraction Module converts the textual data into
numerical features using techniques like TF-IDF or
vectorization.

These features are then used to train a Random Forest
Classifier, which acts as the core machine learning model.
The model analyses patterns in the dataset and predicts
suitable applications for different student levels such as
Undergraduate, Postgraduate, and Graduate. Then
Recommendation Module generates personalized
educational app suggestions for users based on the trained
model’s predictions.

6.CONCLUSION

This research presents a mobile application
recommendation system designed to assist students in
identifying suitable educational apps based on their
learning needs. By utilizing crowdsourced educational
data, the system analyzes application usage patterns and
textual app descriptions to understand user preferences.
Natural Language Processing techniques are applied to

preprocess and extract meaningful features from the data.

The Random Forest Classifier is used as the core machine
learning model due to its robustness, accuracy, and ability
to handle high-dimensional data. The model successfully
classifies and recommends educational applications for
students at different academic levels, including
Undergraduate, Postgraduate, and Graduate students.
Experimental evaluation demonstrates that the proposed
system provides accurate and reliable recommendations.

The system improves the process of discovering
educational applications by offering personalized

suggestions that support effective learning. The proposed
approach highlights the potential of combining machine
learning and NLP techniques to enhance digital learning
environments and assist students in selecting the most
relevant educational tools.

7. FUTURE SCOPE

Our mobile app recommendation system can be further
improved by incorporating advanced machine learning
and deep learning techniques such as BERT, LSTM, and
transformer-based models to enhance recommendation
accuracy. Future work may also include integrating real-
time user interaction data, such as app usage time and user
engagement patterns, to generate more dynamic and
personalized recommendations. Additionally,
implementing hybrid recommendation approaches that
combine collaborative filtering and content-based
methods can help overcome challenges like cold-start and
data sparsity. The system can also be expanded to support
multilingual applications and integrated with university
Learning Management Systems (LMS) to provide course-
related app recommendations. These enhancements can
make the system more efficient, scalable, and useful for
improving personalized digital learning experiences.
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