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Abstract. The development of the Internet has led to information over-
load, and how to filter and sift information is a rigorous requirement in
all fields. In response to this challenge, recommendation systems have
emerged as a valuable tool, offering personalized content and services by
efficiently searching and processing dynamically generated information.
For students applying to grad schools, finding relevant information can
be time-consuming and unreliable from official websites or forums. In light
of these challenges, we present a novel solution in the form of an applica-
tion recommendation platform. Our proposed platform leverages specific
open-source datasets and real-time information from platform users using
KNN (K-Nearest Neighbor) and CF (Collaborative Filtering) techniques
to provide recommendations based on users’ individual backgrounds, we
aim to reduce the complexity inherent in information retrieval while simul-
taneously enhancing the relevance of the recommendations delivered to
users. Specifically, we first collect user behavior data, then we will con-
struct the data model and perform some preprocessing on it. Calculate
the user similarity, and find out the K-nearest neighbors and rate based
on K-nearest neighbors, finally, the recommendation engine is used to cal-
culate the highest-rated items to be recommended to the users.
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1 Introduction

The Internet’s rapid growth has led to an overwhelming amount of informa-
tion, causing information overload [11,27] for users. To address this, two main
approaches are used: controlling information generation and filtering informa-
tion access. However, controlling information generation has become ineffective
due to the Internet’s speed of development [8]. Thus, there is an urgent need
for robust filtering mechanisms to prioritize relevant content and enable efficient
communication to tackle information overload [14]. Dynamic faceted filters have
shown promise in alleviating information overload in previous studies [22]. Addi-
tionally, recommendation systems that filter based on specific requirements have
demonstrated their effectiveness in commercial applications [14,31].

Presently, college students encounter difficulties accessing and screening
information about graduate programs. The available channels, such as forums
and official school websites, are inefficient and require manual screening and
comparison. Recommendation systems offer a promising solution to this chal-
lenge, providing efficient and accurate information filtering, thus reducing the
time and effort required by students [28].

Our recommendation system employs KNN-based Collaborative Filtering
(CF) to create personalized recommendation lists for users with similar back-
grounds. CF is a highly effective and popular algorithm for recommendation sys-
tems, known for its robustness and efficiency [16]. By using KNN in Collaborative
Filtering, we address potential personalization issues and generate more reliable
recommendation lists by considering multiple similar cases together [5,23]. To
handle large volumes of data, we deploy KNN-based CF on Hadoop, significantly
improving the system’s performance for handling substantial data.

This paper proposes an intelligent fine-grained recommendation system for
grad-school application, the contributions are:

— Tanimoto Coeflicient Similarity is used in user similarity calculation to focus
the similarity on the correlation relationship between users and items, and
reduce the focus on specific ratings.

— A recommendation system that focuses on both users’ features and interest
preferences is proposed, which is more suitable for graduate school recom-
mendation scenarios than the past school recommendation system that only
focuses on interest preferences.

— The experimental results verify that the recommendation system focuses on
user features while also playing a sizable role in the recommendation of inter-
est preferences.
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Section 2 presents the related work on the recommendation systems, as well
as the fundamental principles of KNN (K-Nearest Neighbor) and CF (Collabo-
rative Filtering). In Sect. 3, we present our framework, which comprises essential
stages such as Information Collection, Model Construction, Similarity Calcu-
lation, k-Neighbors Identification, Recommendation Engine Development, and
Performance Enhancement using the Hadoop Cluster. The outcomes and findings
of our approach are outlined in Sect. 4. Finally, in Sect.5, we provide a concise
summary and conclusion, highlighting the key contributions and implications of
the research presented in this paper.

2 Related Works

This section is dedicated to a comprehensive exploration of existing recommenda-
tion systems, where we analyze various implementation methods and algorithms
in the context of their applicability (Sect.2.1). Subsequently, we delve into the
details of KNN (K-Nearest Neighbor) and its relevance and suitability for rec-
ommendation systems (Sect.2.2). Moving forward, we examine the distinctive
characteristics of collaborative filtering and assess the feasibility of incorporat-
ing KNN-based collaborative filtering (Sect. 2.3). Finally, we provide a succinct
overview of the current landscape of school recommendation systems (Sect. 2.4).

2.1 Technical Options for Recommendation Systems

The utilization of efficient and precise recommendation techniques holds
paramount significance for a system aiming to deliver valuable and relevant rec-
ommendations to its individual users. Figure 1 shows the anatomy of different
recommendation filtering techniques.

tem-based

Fig. 1. Recommendation filtering techniques

In general, recommendation systems are categorized according to the meth-
ods they use. These methods can be categorized into four main groups [14,21].
The different types of recommendation approaches or methods are briefly dis-
cussed below:
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— Collaborative Filtering (CF)
CF refers to recommending items to target users by identifying users with
similar interests. This method is designed to help users get appropriate rec-
ommendations through individuals or groups with the same preferences or
behaviors.

— Content-Based (CB)
The content-based method recommends products to users using their histori-
cal data. It analyzes the user’s past searches and purchases to suggest related
items. The method heavily relies on user ratings, making it especially valuable
in business, information, and education domains [26,37].

— Knowledge-based
Recommendation methods are employed to assist users in making informed
decisions while purchasing complex items with various attributes. Users often
seek items with specific features like car models, engine types, or house interior
designs. In certain business contexts, finding ratings for recommendations is
challenging due to expensive items and low purchase demand. These methods
are particularly useful in cold start situations where traditional rating-based
approaches may not be feasible [32].

— Hybrid
These approaches bring together the advantages of different types of rec-
ommendation systems. The aim is to create recommendation systems using
techniques that are more efficient and effective in terms of performance [3,9].

2.2 KNN Are Suitable for Recommendation System

The k-Nearest-Neighbours (kNN) is a non-parametric classification method,
which is simple but effective in many cases [12].

KNN stands out as one of the most effective neighboring algorithms. Given
its proven success, the KNN algorithm finds widespread application in numer-
ous recommendation systems, particularly for computing user similarities [1,3].
However, the KNN algorithm also has many drawbacks. Therefore, many special
KNNs for different circumstances have been proposed. Such as Adaptive KNN
[30], Improved KNN [18], and A hybrid action-related KNN [25].

2.3 The Characteristics of Collaborative Filtering

Collaborative filtering (CF) is a highly successful method for building recommen-
dation systems. It uses known user preferences to predict unknown preferences
[29]. CF can be categorized into three types: Memory-based, Model-based, and
Hybrid (see Fig.2). Memory-based CF calculates user similarities from inter-
action data to make recommendations. Model-based CF uses machine learning
algorithms to build predictive models. Hybrid CF combines both memory-based
and model-based techniques for improved and accurate recommendations [29].
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CF categories

Representative techniques

Main advantages

Main shortcomings

Memory-based CF

*Neighbor-based CF
(item-based/user-based CF
algorithms with Pearson/vector
cosine correlation)
*Item-based/user-based top-N
recommendations

*easy implementation

*new data can be added easily and
incrementally

*need not consider the content of
the items being recommended

*scale well with co-rated items

*are dependent on human ratings
*performance decrease when data
are sparse

* cannot recommend for new users
and items

*have limited scalability for large
datasets

Model-based CF

*Bayesian belief nets CF
*clustering CF
*MDP-based CF

“latent semantic CF
*sparse factor analysis
*CF using dimensionality

reduction techniques, for example,
SVD, PCA

*better address the sparsity,
scalability and other problems

*improve prediction performance

*give an intuitive rationale for
recommendations

*expensive model-building

*have trade-off between prediction
performance and scalability

*lose useful information for
dimensionality reduction
techniques

Hybrid recommenders

*content-based CF recommender,
for example, Fab

*content-boosted CF

“hybrid CF combining
memory-based and model-based
CF algorithms, for example,
Personality Diagnosis

*overcome limitations of CF and
content-based or other
recommenders

*improve prediction performance

*overcome CF problems such as
sparsity and gray sheep

*have increased complexity and
expense for implementation

*need external information that
usually not available

Fig. 2. Overview of collaborative filtering techniques [29].

The usual memory-based collaborative filtering techniques can be separated
into item-based, and user-based methods.

— item-based

The method calculates predictions based on product/item similarity rather
than user similarity [4].

— user-based
The method predicts user behavior by using a weighted sum based on average
ratings of users who rated the item in the past and the average user rating.

KNN models are highly accurate and widely used in collaborative filtering (CF)
recommendation systems. They have been popular since they were introduced
and are known for providing reasonable explanations for their recommendations.
Experiments have shown that CF with KNN-based methods significantly reduces
error rates [30].

2.4 Overview of Existing School Recommendation Systems

Previous studies on school recommendation systems have utilized cosine simi-
larity and TF-IDF vectorization for matching [28], as well as KNN and Support
Vector Machine for filtering decisions [7]. However, these former model may
bias recommendations towards popular schools, which might not be the best fit
for all students. Moreover, updating the latter model can be computationally
expensive.

In contrast, our recommendation system employs KNN-based collaborative
filtering, prioritizing successful admission results of students with similar back-
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grounds. To handle large data volumes efficiently, we utilize Hadoop for improved
performance.

3 Framework

In this section, we provide a comprehensive overview of our core recommen-
dation system, presenting its structure, workflow, and underlying motivation.
Additionally, we conduct a thorough performance analysis of the recommenda-
tion system, evaluating its Applicability, Stability, Efficiency, and Deployment
cost (Sect.3.1). Next, we introduce the overall architecture of our website, and
some work other than the recommendation system (Sect. 3.2). Lastly, we present
our implementation scheme for KNN-based Collaborative Filtering (CF) utiliz-
ing Hadoop to address the challenges posed by large data volumes and enhance
system performance (Sect. 3.3).

3.1 Recommendation System Architecture

We choose user-based collaborative filtering [38] to construct a data model based
on the user’s important background information, use Tanimoto Coefficient Sim-
ilarity [10,33] (as Eq. 1) to construct a similarity model by calculating the simi-
larity based on the background information, and find out K-Nearest-Neighbors
to construct a similarity model. Finally, all rated items in the neighborhood are
prioritized by the recommendation engine [6,39] and recommended to the user.
The selection of these technologies is guided by factors such as applicability, sta-
bility, efficiency, and deployment cost, ensuring the effectiveness and practicality
of our recommendation system for real-world applications.

n(ciﬂcj) _ n(Ciij)
n(c;Uc)  n(e)+n(e)—n(cnc)

s(i,j) = (1)

Applicability. In our specific situation, user-based collaborative filtering is the
suitable choice, matching user preferences with recommendations from similar
situations. KNN-based similarity modeling improves accuracy, leading to precise
recommendations. Our system prioritizes schools where successful application is
more likely for the user, and we compute similarity using the Tanimoto coefficient
[19,34].

Stability. Stability is a crucial factor to consider. Using KNN for similarity mod-
eling allows effective filtering of abnormal information based on the most similar
users. However, the presence of inauthentic data can impact the accuracy of
KNN-based similarity calculations, affecting the overall precision and reliability
of our recommendation system [2].
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Efficiency. Efficient data processing is crucial in our recommendation system.
While the utilization of Tanimoto Coefficient Similarity narrows down the results
to binary form, thus enhancing efficiency to some extent, collaborative filtering
efficiency still faces challenges, especially in scenarios involving large datasets.
To address this, we adopt Hadoop for distributed processing, implementing a
collaborative filtering recommendation algorithm on clustering. This approach
significantly enhances the system’s efficiency, allowing us to handle large volumes
of data more effectively, improving overall performance and scalability [35,36].

Deployment Cost. The KNN algorithm offers two key advantages in our recom-
mendation system. Firstly, it enables fast training, making processing of large
datasets efficient. Secondly, its flexibility allows easy expansion of the training
set. When users update their backgrounds and decisions, our recommendation
model can be promptly retrained with the updated data. This dynamic train-
ing process ensures that our system remains up-to-date and responsive to users’
changing preferences and needs. By leveraging the speed and adaptability of
KNN, we create a recommendation platform that can accommodate a growing
user base and continuously improve its performance over time.

The specific workflow of the recommendation system is shown in Fig. 3.

Step (1) user uploads personal background information to our website, Step
(2) constructs a data model based on the background information, Step (3)
calculates the similarity using Tanimoto Coefficient Similarity, finds K-Nearest-
Neighbor users and constructs a similarity model through Step (4). Step (5)
Calculate the score based on the weights of different items of all N neighboring
users by recommendation engine. Steps (6)—(7) select M highest rated items to
recommend to the user.

3.2 Website Architecture

Our website offers more than just a Recommendation System for master pro-
gram applications. Users can take virtual campus tours using 3D Rendering
and Google Earth API. They can compare multiple programs and universities
side by side. Additionally, the platform provides resources like application tips,
financial aid information, and career prospects. Users can communicate with
university representatives and current students through our Instant Messaging
(IM) service.

To enhance user experience, we focus on High Availability, Robustness, and
user-friendly design. We employ advanced front-end techniques like Vue.js, Boot-
strap, and Element UI. Our website is optimized for speed using caching, Content
Delivery Network (CDN), and static file compression. We perform rigorous test-
ing to catch and resolve bugs and regularly monitor the website’s performance
using Portainer and phpMyAdmin. We support Open Authorization (OAuth
2.0) [13] and OIDC [20] for easy login using third-party identity providers like
Google, Github, and WeChat, streamlining the authentication process.
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Fig. 3. Recommendation system workflow

3.3 How to Improve CF Performance with Hadoop

The Mahout library [24] provides implementations of paralleled versions of algo-
rithms in the field of machine learning for the Hadoop platform. It focuses
on classification, grouping, and collaborative filtering algorithms. The Mahout
library was used for creating a recommendation system based on the Apache
Hadoop technology. In the Mahout library, the two most important programs
which realize the paralleled CF algorithm based on items are RecommenderJob
(which calculates recommendations) and ItemSimilarityJob (which calculates
the similarity matrix (Eq.2)) [38]. A full implementation of the paralleled ver-
sion of the collaborative filtering algorithm based on items, according to the
MapReduce paradigm [15] (Fig.4), is realized in the form of nine consecutive

j()bS ]; .
a o X ra yb (2)
C d ItemSim. y UserPrefs. xe y UserRecs.

4 Result

Our platform offers a highly personalized and comprehensive experience, provid-
ing users with their top 10 best-matched colleges and programs. Unlike other sites
that rely solely on exam scores, we consider multiple selection parameters for
our college recommendations. Collaborative Filtering (CF) is utilized to curate
recommendations based on success stories from users with similar backgrounds.
Additionally, we enhance the user experience with 3D rendering and Google
Earth APIs, allowing virtual campus tours. Our platform also offers paperwork
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revisions and a user forum for communication and sharing. We aim to revolu-
tionize the college application process by providing comprehensive support and
resources for informed decision-making and academic success.

Personal Information. Users can edit their profiles including avatar, username,
personal information, password, etc. (1)—(3). They can also upload or update
their backgrounds to guide the recommendation system in generating matching
recommendations (4) (Fig.5).

Recommendation System. Figure6 illustrates the functionality of our recom-
mendation system. Leveraging the user’s basic information as input, our system
employs KNN-based Collaborative Filtering to generate a personalized recom-
mendation list.

To enhance the user experience and facilitate informed decision-making, our
website provides detailed views of recommended programs, offering compre-
hensive information about the school and specific programs. We also integrate
advanced virtual 3D campus technology for virtual campus exploration. Further-
more, our platform includes various functions and resources to enrich the user
experience and assist applicants in their college selection process.



KNN-Based CF for GS Recommendation System 503

Application Target @

Undergraduate Background

EFVow o =
s @ Overses ncergacuste v | ewr
— s . .

English Proficiency Tests

S Your Profie @ [vwss |

Graduate Record Examination (GRE)

Fig. 5. Personal Information

Programs Match Your Application Background  ~ -e-
Pt et
P
@
Master of Computational Data Science - MS -
Mot Add Your Background For Recommendation f p— @ |
)
aa © =
. e e
= ©O

Master of Science in Security Informatics - MS

Master of Computer Science - MS

Fig. 6. Recommendation System

Report Application. (Figure7) Users can upload and change their application
status. Only applications with offers will be recorded in our database. However,
the approach to guarantee the authenticity of users’ data is still a problem that
needs to be solved.

Comparison. Figure8 directs users to compare two different programs selected
from their programs list, which display the basic information and average back-
ground about this pair of programs.

By incorporating this comparative functionality, users gain deeper insights
into the programs of interest, enabling them to make more informed decisions
beyond solely relying on the recommendations provided by the system. This
interactive and user-driven comparison process empowers applicants to assess
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the programs based on their personal preferences and priorities, fostering a more
engaged and personalized decision-making experience. By offering this level of
control and transparency, our platform enhances the user’s understanding and
engagement in the college selection process, promoting greater satisfaction and
confidence in their final decisions.

Dicision Ezploration. Within our platform, applicants have access to an online
chat feature that facilitates communication with other applicants. Moreover,
applicants can explore detailed information about the schools they have applied
to, providing them with comprehensive insights into the institutions of inter-
est. Furthermore, applicants have the capability to review the application back-
ground of the decision report’s owner. This feature empowers applicants to gauge
the credibility and relevance of the decision report.

Dataset. The dataset used in our website was constructed through a two-fold
approach. Firstly, we collected relevant data from Open-Source Datasets, ensur-
ing a diverse and comprehensive pool of information. Additionally, we sourced
program-related data from OpenCS.app, further enriching our dataset.

Moreover, our platform encourages active user participation, enabling users
to contribute to the expansion of our dataset. Users have the option to upload
their admission status and application backgrounds, providing valuable real-
world data that enhances the accuracy and relevance of our system. This col-
laborative data-sharing approach ensures the dataset remains up-to-date and
reflective of real user experiences, ultimately contributing to the overall effec-
tiveness and reliability of our recommendation system.

Test of Accuracy. To evaluate the accuracy of our recommendation system,
we conduct 50 tests using the background of 50 students whose final choice is
known, which we simulate as input from website users. In each test, we evaluated
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the effectiveness of our recommendation system by examining whether the final
choices of these simulated users were adequately covered within our generated
recommendation list (Table 1).

Table 1. Test of accuracy

Hit Rate Level Number | Rate
In the first recommendation 7 14%
In the top three recommendations | 29 58%
In the top five recommendations |37 74%
In the top ten recommendations |44 88%

Our recommendation system achieved great results in accuracy tests. Specif-
ically, 58% of the actual final choices were successfully included within the top
three recommendation predictions, while 74% of the results were captured within
the top five recommendation predictions. Furthermore, the overall hit rate of our
recommendation list stood at an impressive 88%.

We speculate that the unsuccessful predictions may have been influenced by
other factors, such as economic conditions and region. These factors were not
taken into account in our recommendation system, but they could be important
factors affecting some students.

5 Conclusion

Our recommendation system efficiently filters internet information, saving users
time and addressing information overload. It generates a curated list of colleges
based on multiple factors, ensuring objectivity and high success rates. Users can
obtain recommended institutions without searching elsewhere, streamlining the
application process. Our website offers user-friendly services and comprehensive
information to empower applicants in making well-informed decisions for higher
education. It aims to be a holistic and effective tool catering to diverse user
needs.

We present a recommendation system using KNN-Based Collaborative Fil-
tering to predict suitable programs and universities for users. Our system uti-
lizes data from OpenCS as the foundational dataset and continually updates the
database with information from platform users for real-time relevance. To accom-
modate larger data volumes and further optimize the usability of our recommen-
dation system, we integrate Hadoop-based distributed clustering collaborative
filtering. This approach enables efficient and parallel processing of vast datasets,
leading to enhanced scalability and improved overall system performance.

Our recommendation system has shown positive outcomes in accuracy test-
ing experiments, proving its effectiveness and usefulness. The system provides
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relevant and precise recommendations, assisting both graduates and current uni-
versity students in their college selection process. It effectively addresses the
challenges and time costs caused by data overload on the Internet.

Despite the decent accuracy of our recommendation system, there are still
challenges to address. Ensuring the authenticity of user-uploaded results is cru-
cial, and we propose using big data techniques for initial identification and man-
ual processing of anomalous data. Additionally, economic costs and school loca-
tion were found to be significant factors in decision-making. Further research
and development are needed to incorporate these factors into our recommender
system to improve its comprehensiveness and accuracy.
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