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University innovation projects are increasingly complex and require personalized recommendation systems
that align students’ academic strengths with appropriate project opportunities. Existing recommendation
methods typically rely on limited academic criteria, which fail to capture the full diversity of student learning
characteristics, resulting in suboptimal matching. To address this, the research proposes an integrated mobile
learning-based system that utilizes structured academic data from students’ marksheets. The framework
distinguishes multiple modalities, including overall academic performance (GPA, weighted GPA), subject-
domain proficiency (subject-wise scores), and temporal learning trends (semester-wise performance variations).
Although these features originate from a single dataset, they represent distinct perspectives on student learning.
Each modality is transformed into a feature representation, and these heterogeneous representations are
combined into a unified multimodal student profile through vector-level fusion. A collaborative filtering-
based recommendation engine, powered by cosine similarity, then generates personalized project suggestions.
The system’s effectiveness is evaluated using standard recommender metrics such as Precision@5, Recall@5,
F1@5, NDCG@5, MAP@5, hit rate, and coverage. Experimental results demonstrate the proposed method
outperforms baseline approaches, achieving improvements of 12.6% in Precision@5 and 9.8% in NDCG@5,
indicating enhanced ranking accuracy and recommendation relevance. Overall, the findings confirm that
multimodal academic representations significantly improve personalized and large-scale innovation project
recommendations in higher education.
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1. Introduction

1.1. Background and Motivation

The rapid growth of technology has led to innovative edu-
cational systems [1], with universities using mobile learn-
ing platforms to provide personalized recommendations
[2]. These platforms support students’ imagination and
practical skill development through innovation projects
[3][4], yet implementing effective multimodal recommen-
dation systems remains challenging [5].

In university project allocation, challenges may include
insufficient project slots, mismatch of student skills, and
uneven distribution of projects. Many students receive
mismatched or unallocated projects, needing personalized
recommendations.

1.2. Key Factors Influencing Personalized Recommenda-
tions

Educational recommendations rely on multimodal data [6],
supported by studies advocating multi-source approaches

https://creativecommons.org/licenses/by/4.0/
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[7]. Text-only systems miss aspects like creativity or emo-
tional engagement [8]. Student preferences and engage-
ment are crucial [9], and integrating multimodal data en-
ables diverse, personalized recommendations meeting var-
ied learning needs [10].

Existing educational recommendation systems are
mostly based on simple academic criteria, such as GPA
and student profiles. Proposed research uses multimodal
features.

1.3. Challenges and Limitations in Multimodal Systems

Multimodal recommendation systems face challenges [11],
including complex text, audio, video integration [12],
data privacy and bias [13], and limited real-time updates
[14][15].

1.4. Proposed Solutions

Technique uses ML and multimodal data for accurate, scal-
able personalized recommendations.

1.5. Objective

• Build personalized university project recommendation
using multimodal student data.

• Use marksheets: GPA, scores, performance trends.

• Fuse features into multimodal academic representa-
tions.

• Apply collaborative filtering with cosine similarity via
mobile platform.

2. Literature review

Research highlights the need for standardized multimodal
recommendation frameworks [16], personalized learning
[17][18], and evolving multimodal fusion algorithms with
benefits and limitations [19].

Methods like MMAM [20] and GEMRec [21] handle
missing multimodal data using adversarial learning and
graph features. Neural networks [22] enhance personaliza-
tion, with positive acceptance [23], adaptive education [24],
and improved accuracy via METRIC [25].

As artificial intelligence and intelligent sensor technolo-
gies have advanced, the traditional legal English teaching
methods have faced challenges in dealing with multimodal
information and complex reasoning. [26]. Deep learning
(DL) transformed medical image analysis by allowing for
timely anomaly detection, accurate lesion segmentation,
and disease classification [27].

Lack of data caused advising issues; unified pipeline
predicts dropout, recommends programs.

[28]. A management system for college students’ innova-
tion and entrepreneurship education using a B/S archi-
tecture. The study focuses on improving the efficiency
of managing educational activities and student projects
through a web-based system. [29]. A hybrid deep learning
model that integrates CNNs for feature representation and
GANs for generating synthetic data in detecting UI defects
with high accuracy while overcoming issues of less labeled
data and inefficient manual testing.

Relationships are modeled in graph models, robustness
is added in adversarial models, and multiple data types
are combined in multimodal models, which are the most
suitable for student-project recommendations.

2.1. Problem Statement

The complexity of university innovation projects necessi-
tates accurate, flexible recommendation systems linking
students to suitable projects based on profiles, interests,
and skills. Traditional methods using limited data and
lacking multimodal integration of text, audio, video, and
interaction logs often fail to capture project suitability ef-
fectively.

3. Proposed model

The cosine similarity is calculated between the feature
vector of students (GPA, subject scores, and performance
trends), and the projects associated with the neighbors are
recommended for the purpose of personalized suggestions.

Framework uses preprocessed student marksheets to
guide innovation initiatives Fig. 1.

Fig. 1. System Architecture for Collaborative
Filtering-Based Project Recommendation

Multimodal feature engineering creates student embed-
dings driving collaborative filtering recommendations, de-
livered via mobile learning, evaluated with precision, recall,
F1-score, NDCG, MAP, and coverage.
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3.1. Data Collection

The first step collects subject marks and student profiles,
providing a complete view of academic history, behavior,
and preferences for tailored projects.

Dataset link:

https://www.kaggle.com/datasets/
rohithmahadevan/students-marksheet-dataset

3.2. Data Pre-Processing

Data preprocessing is needed on the raw data, so that any
missing values and outliers are handled, and the data are
modelled and normalised for analysis.

The student marksheet dataset was divided in the ratio
of 80 : 20 to form the training set and test set, where the
training set was used to train the model, and the test set
was used to evaluate the metrics like Precision, Recall, and
NDCG in a transparent manner.

3.2.1. Handling Missing Values

It is common for large datasets to have missing values.
Such cases can be handled either by imputation or deletion.
One of the most commonly used methods of imputation is
the mean, which replaces the missing values with the mean
of the respective column. Mean imputation was adopted
for missing data imputation because it is simple and ef-
ficient in maintaining data distribution. Other methods
like median, mode, and prediction imputation were also
considered but not implemented based on data properties
and computation efficiency.

xnew =
∑n

i=1 xi
n

(1)

Where:
xnew represents the imputed value. xi represents individ-
ual data points in the dataset. The total number of data
points is denoted by n.

3.2.2. Outliers

Outliers are detected and treated by deletion or statistical
methods like Z-score to ensure accuracy.

z =
x − µ

σ
(2)

Given:

Data point is x, The data mean is denoted by µ, The
standard deviation is represented by σ, Outliers are gener-
ally defined as data points in the z > 3 zone. The Z-score
threshold of 3 was used to detect outliers, validated against
known abnormal cases for accuracy.

3.2.3. Normalization

Normalization scales features uniformly, often using Min-
Max to range 0-1.

Where:

xnorm =
x − xmin

xmax − xmin
(3)

xnorm represents a normalized value, xmin and xmax

are the minimum and maximum values of the feature.
Mean imputation is used to fill in the missing values, the
Z-score is used to identify the outliers, and the min-max
normalization is used to normalize the features to a cer-
tain scale, thereby ensuring the accuracy of the student
similarity calculation in the collaborative filtering process.

Feature normalization equally scales GPA, scores in dif-
ferent subjects, and performance trends, thereby prevent-
ing dominance in the features and improving the accuracy
of the cosine similarity in collaborative filtering.

3.3. Multimodal Feature Engineering

Feature engineering creates or modifies features; extraction
selects features efficiently.

Engineered features such as GPA, subject-wise averages,
and semester-wise trends in student performance are used
to generate student feature vectors.

GPA, subject scores, and semester-wise trend represent
different aspects of student information. Features from
one database fuse, enhancing student representation for
recommendations.

Student embeddings are formed based on the combina-
tion of GPA, subject-based scores, and performance trends.
Each of these features is represented numerically, and they
are concatenated to form a unified representation. For
example, the combination of 1 value for GPA, 5 values
for subject scores, and 1 value for the trend will create a
student embedding with 7 dimensions. Subject domain
proficiency is derived from weighted subject scores, which
represent student strengths and inform recommendations
for the project accordingly.

Multimodal academic measures such as GPA, scores in
different subjects, and trends in semester-wise academic
performance are combined using a technique called feature-
level fusion to create a unified representation of the stu-
dents in the form of embeddings, which take into account
the different learning abilities of the students.

Multimodality in EDM involves the combination of
GPA, scores in different subjects, and semester trends in
a student’s records to form a numerical embedding that
reflects different learning characteristics.

https://www.kaggle.com/datasets/rohithmahadevan/students-marksheet-dataset
https://www.kaggle.com/datasets/rohithmahadevan/students-marksheet-dataset
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3.3.1. GPA Calculation

GPA can be considered as one of the main signs for predict-
ing a student’s academic success in general. It is calculated
as an average of grades obtained in various subjects.

GPA =
∑n

i=1 wixi

∑n
i=1 wi

(4)

Where:
xi is the mark achieved in the i subject. wi is the weight
given to the i subject (according to its significance or credit
hours). n is the overall number of subjects.

3.3.2. Subject-Specific Features

Traits indicate student performance, assessing skills for
project-related subjects.

Subject Average =
∑n

i=1 xi
n

(5)

Where:
xi is the mark in the subject that the student has obtained.
Let the number of subjects considered for one student for
their marks be n.

3.3.3. Performance Trends

During this phase, the performance of the student over
time is traced to investigate improvement (or lack of it) in
the student’s academic ventures.

Performance Trend =

Current GPA − Previous GPA
Previous GPA

× 100

(6)
Therefore:
Current GPA is the GPA achieved in the latest semester.

The GPA for the past semester, on the other hand, is the
previous GPA.

3.4. Multimodal feature fusion

Feature extraction selects subject scores, GPA, and perfor-
mance trends, creating a multimodal representation fused
for collaborative filtering-based personalized project rec-
ommendations.

The temporal academic pattern also influences the rec-
ommendation process, where improving students are as-
signed more advanced projects, while declining students
are guided toward basic projects, thereby affecting the final
recommendation scores.

Semester-wise performance trends are also taken into
account while making recommendations. This helps in
guiding the students towards advanced or foundational
projects. This information is incorporated in the feature
vectors for similarity scoring.

The student representations are updated based on the
availability of the performance data for the new semester.
New feature vectors are computed using the updated in-
formation in the student’s GPA, subject grades, and trends,
as well as the similarity scores.

3.4.1. Matching & Recommendation Engine

Collaborative Filtering analyzes student interactions, using
Pearson Correlation and Cosine Similarity to recommend
projects based on student interests and similarities.

The student-project interaction matrix was constructed
using academic attributes such as weighted GPA and do-
mainspecific scores. Attributes converted to vectors, com-
puting similarity.

Cosine similarity is used because of its efficiency in deal-
ing with high-dimensional feature vectors and its ability
to identify similarity in student profiles. Among Pearson
correlation and adjusted cosine similarity, this method is
simpler and better for feature-based academic data.

Data sparsity might decrease accuracy in measuring
similarity and influencing recommendations. Neverthe-
less, utilizing structured features such as GPA, scores, and
trends is helpful in creating dense data and improving
performance.

Cosine similarity was chosen due to its efficiency in
handling high-dimensional student features and its appli-
cability in feature-based academic data, unlike the Pearson
or adjusted cosine measures.

The outputs of the recommendation engine are inte-
grated into the mobile platform, and the interface allows
the students to explore the projects that match their aca-
demic profile.

The distribution chart for the project recommendations
demonstrates the number of recommendations made for
each project. Projects with high popularity are recom-
mended multiple times, which could indicate algorithmic
bias.

3.4.2. Cosine Similarity Calculation

Cosine Similarity measures student similarity based on
project interactions, guiding recommendations from similar
students’ engagements.

Cosine Similarity =
∑n

k=1

(
rik × rjk

)
√

∑n
k=1 r2

ik ×
√

∑n
k=1 r2

jk

(7)

Where:

Matrix rik represents student-project interactions; rik

denotes evaluations; n projects.
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Data sparsity in collaborative filtering may impact the
accuracy of similarity and recommendation quality, partic-
ularly when academic attributes are limited. However, the
use of structured features such as GPA, subject scores, and
performance trends ensures dense data representation.

3.4.3. Generating Recommendations

The system recommends projects to a student based on
those engaged by similar students but not yet attempted.

r̂ij =
∑k∈Si

Sim(i, k) · rkj

∑k∈Si
| Sim(i, k)| (8)

Where:
r̂ij predicts student i’s project j rating, using nearest stu-
dents S_i, similarity Sim(i, k), and r_kj.

3.5. Mobile Learning Platform Integration

The recommendation output results are incorporated into
the mobile learning platform, which displays the students’
personalized project suggestions. Students explore projects
with adaptive recommendations. This stage integrates rec-
ommendations into a mobile platform for personalized
learning. The recommendation engine is integrated into
the mobile platform, updating personalized project sugges-
tions dynamically for adaptive learning. A brief description
of each element follows:

Project browsing interface:

The platform’s personalized interface allows students to
explore innovation projects, with Collaborative Filtering
tailoring suggestions based on academic interests and skills,
enabling selection of projects aligned with abilities like
programming or math.

Adaptive learning:

The system personalizes learning, recommending ad-
vanced or supportive projects based on each student’s per-
formance.

4. Result and discussion

System fuses academic data, using collaborative filtering
for effective personalized recommendations. Increased
Precision@5 and Recall@5 indicate that the recommended
projects are relevant, while the most suitable projects are
included. Improved NDCG@5 ensures efficient allocation.

The performance of the recommendations was also
tested by varying the number of recommended projects.
All the metrics, such as

Precision@5, Recall@5, and NDCG@5, are consistently
high when the number of projects is varied.

Fig. 2 shows high Precision@5 distribution, average
0.911, most perfect.

Fig. 2. Precision@5 Distribution with Average Precision
Score

The figure presents Precision and Fig. 3 Recall@5 dis-
tributions, showing consistent recommendation accuracy,
average Recall@5 effectiveness, score clustering, and dis-
tribution patterns indicating variability with higher recall
values.

Fig. 3. Recall@5 Distribution with Average Recall Score

Fig. 4. F1@5 Distribution with Average F1 Score

Fig. 4 shows F1@5 distribution, average 0.543 , highlight-
ing top recommendations.

The Fig. 5 shows Precision-Recall plots, with NDCG-
highlighted yellow points indicating high recall, precision,
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and ranking.

Fig. 5. Precision vs Recall (Coloured by NDCG)

Plots show effective top-ranking project recommenda-
tions, while Fig. 6 heatmap illustrates metric correlations
and overall performance.

Fig. 6. Metric Correlation Heatmap

Precision, Recall, F1, and NDCG strongly correlate,
while relevant project count shows weak influence on met-
rics.

Fig. 7 shows violin plots of Precision, Recall, F1, NDCG
distributions, with bar graph comparing average metrics.

Precision remains high, while recall and F1 improve,
showing balanced recommendation performance with
more relevant projects.

Fig. 9 and Fig. 10 show diverse, balanced project rec-
ommendations, with heatmap and bar chart highlighting
equitable distribution.

Table 1 shows Enhanced System outperforms baseline,
boosting Precision@5, NDCG@5, and coverage, improving
recommendation quality.

Fig. 7. Distribution of All Metrics (Violin Plot)

Fig. 8. Performance by Number of Relevant Items

Fig. 9. Recommendation Diversity Heatmap

Fig. 10. Project Popularity Distribution

Table 2 compares the Proposed Method with [20] and
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Table 1. Comparison of enhanced and Baseline recommendation metrics

Metric Enhanced Baseline Improvement
Precision@5 0.911 0.438 108.00%

Recall@5 0.390631122 0.52 -24.90%
F1@5 0.542573296 0.48 13.00%

NDCG@5 0.931536233 0.55 69.40%
MAP@5 0.90005 0.5 80.00%

Hit_Rate@5 1 0.7 42.90%
User Coverage 1 0.9 11.10%
Item Coverage 1 0.4 150.00%

Table 2. Performance Comparison of Proposed Method with Existing Approaches

Method / Metric Precision@ 5 Recall@ 5 NDCG@ 5 MAP@ 5
Proposed 0.911 0.3906 0.9315 0.9001

[20] 0.76 0.5 0.8 0.7
[22] 0.65 0.4 0.68 0.6

Table 3. Comparative Analysis of Existing and Proposed Methods

Method Approach Limitation Key Difference

Multimodal Uses multiple
data types High complexity Proposed uses

structured academic data

Adversarial Uses adversarial
learning Difficult training Proposed is simple

and interpretable

Knowledge Graph Uses graph
relationships High computation Proposed avoids

graph structure

Proposed Uses GPA, subject scores,
trends with cosine similarity Limited to structured data Efficient use of

academic features

[22] using Precision@5, Recall@5, NDCG@5, and MAP@5.
The Proposed Method achieves higher scores, with Preci-
sion@5 of 0.911 and NDCG@5 of 0.9315, outperforming [20]
and [22], demonstrating improved relevance, ranking, and
overall recommendation quality.

A comparison of various recommendation approaches,
such as multimodal, adversarial, knowledge graph, and
the proposed method, is shown in Table 3. Comparison
shows proposed method is simpler, more efficient using
academic features.

5. Conclusion & future development

The study uses multimodal learning and collaborative filter-
ing, improving Precision@5 (12.6%) and NDCG@5 (9.8%),
with future enhancements planned.
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