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Abstract

This research paper has provided the methodology and design for imple-
menting the hybrid author recommender system using Azure Data Lake Ana-
lytics and Power BI. It offers a recommendation for the top 1000 Authors of
computer science in different fields of study. The technique used in this paper
is handling the inadequate Information for citation; it removes the problem
of cold start, which is encountered by very many other recommender systems.
In this paper, abstracts, the titles, and the Microsoft academic graphs have been
used in coming up with the recommendation list for every document, which is
used to combine the content-based approaches and the co-citations. Prioritiza-
tion and the blending of every technique have been allowed by the tuning
system parameters, allowing for the authority in results of recommendation
versus the paper novelty. In the end, we do observe that there is a direct cor-
relation between the similarity rankings that have been produced by the sys-
tem and the scores of the participant. The results coming from the associated
scrips of analysis and the user survey have been made available through the
recommendation system. Managers must gain the required expertise to fully
utilize the benefits that come with business intelligence systems [1]. Data
mining has become an important tool for managers that provides insights
about their daily operations and leverage the information provided by deci-
sion support systems to improve customer relationships [2]. Additionally,
managers require business intelligence systems that can rank the output in
the order of priority. Ranking algorithm can replace the traditional data mining
algorithms that will be discussed in-depth in the literature review [3].
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1. Introduction

Academic entities can be found by using Microsoft Academic as the search en-
gine. Some of the entities include the venues, journals, and conferences, affilia-
tions such as organizations and institutions, the authors, study fields or fields of
study, patents, and papers are some of the top-level entities of Microsoft Aca-
demic Graph. This study aims to present the paper similarity computation and
the recommender for the patents and the English papers in the Microsoft Aca-
demic Graph unless otherwise stated. The word paper in this context means pa-
tents and English papers in the Microsoft Academic Graph. The algorithms can
generate several relationships between data and another variable [4]. Most BI
systems utilize statistical techniques to analyse and create reports used by man-
agers to make decisions [5]. Companies such as Oracle, Microsoft dynamic, and
SAP ERP software have business intelligence functionality [6].

SAS, a statistical tool, currently has business intelligence functionalities. Addi-
tionally, SQL Server 2005/2008 also contains business intelligence functionality
to help users sieve specific information from the database server [7]. Business
intelligence systems offer more advanced reporting features than traditional sta-
tistical software; therefore, managers find it more intriguing to use data mining
tools that can provide reports in sequential order to support their decision-making
process [8]. As managers grapple with huge data that they use to make a deci-
sion, there is a need to rank the reports generated by BI systems based on their
significant impact on business processes [9].

To have a competitive advantage and effectively run a business, there is a need
to rely on automated data mining tools that can support their daily activities
[10]. Page rank algorithm is used by Google search engine to rank websites based
on their importance. Google scholar is the commonly used recommender system
for research papers. The increasing number of research papers makes it difficult
for novice academic researchers to obtain relevant scholarly articles with ease.
The current recommender system does not have scalable functionality to cater to
the increasing number of journals and articles published daily in the global are-
na. Other recommender systems such as Microsoft Academic, Web of Science,
and PubMed databases use the collaborative approach, hindered by data protec-
tion legislation. Additionally, the said academic search engines domicile in one
particular field of study. My research paper will focus on resolving this problem
by recommending a hybrid scalable search engine that will utilize a page rank
algorithm to determine the relevance of academic documents and display them
in the order of importance. It will combine content-based and co-citation rec-
ommendations to produce related documents, including the recently published
ones, without compromising the quality of recommendations.

The paper recommender systems in existence currently have a lot of limita-
tions. Apart from Science Web, Semantic Scholar, Microsoft Academic, Google
Scholar, and other key players, most of the paper search engines are meant only

for specific domains like Biology and Medicine, the IEEE Xplore for engineering

DOI: 10.4236/jdaip.2024.121005

77 Journal of Data Analysis and Information Processing


https://doi.org/10.4236/jdaip.2024.121005

D. Kalla et al.

fields. As a result, the recommender systems on the specific search engines can’t
come up with a suggestion of the cross-domain recommendations.

The platform of the Microsoft Academic paper recommender has an objective
of removing some of the limitations that have been mentioned through various
ways, which include deployment of the whole Microsoft academic graph citation
network and the interdisciplinary corpus of close to two hundred million papers,
utilization of the content embedding and the co-citation in optimizing the cov-
erage for a recommendation over the whole corpus as you maneuver the cold
start problem and finally coming up with the recommendations that are com-
puter-based to the engineering fraternity and the broader research, so that be
thoroughly improved through analysis by other research peers.

Microsoft Academic Recruiting Tool is Powerful Tool for Recruiting purpose
at Microsoft Al + R teams and it makes recruiting job easy and simple. It is sub
version of Microsoft Academic portal which contains the top 1000 authors for
every Computer Science Field of Study.

As of now it is limited to Computer Science and Information technologies re-
lated field of studies and the primary objective is to find out Top Authors based
on filters such as Field of Study and Career start year of Authors.

This tool contains the Author Page which is Main page, and it contains the
top 1000 authors and their papers, and citations for every computer science field
of study selected. Drill down page is Author details page which provides details
of each author for particular field of study selected including Top 3 papers, Af-
filiations, Top Conferences, Top Journals, Co-Authors and other related field of
studies. It also contains total papers and citations count of Author and counts
per Field of Study Selected. This tool has provided several URL icons which will
help to navigate it to Microsoft Academic portal directly to get details of partic-

ular Author, Paper, Journal, Conference and Affiliation respectively.

2. Literature Review

The complex issues that stem from coming up with a recommendation system
for the Microsoft Academic have requirements as follows; one is coverage which
means you need to optimize the coverage of recommendation compared to Mi-
crosoft Academic Graph corpus. The second one is scalability because the re-
commender generation should be done with storage and time requirements be-
cause the Microsoft academic graph crops hundreds of thousands of new papers
almost weekly. The third requirement is freshness. Any new papers brought
about by the Microsoft academic data pipeline have to be designated papers re-
lated to them. They can be termed as the related papers in the already existing
corpus. The fourth and final one is user satisfaction. This means that a balance
ought to be struck between the novel recommendations and the authoritative
recommendations. This will be good because it means that the new papers can
be discovered with zero compromises on recommendation quality.

In handling these requirements, the paper has come up with a recommender

system that applies the co-citation-based recommendations to produce the rec-
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ommendations list for each paper in the Microsoft academic graph and a hybrid
recommender system that applies a mapping function that can be tuned. As as-
serted in this particular technique or approach deploys the weighted mixed hy-
bridization approach. This content-based approach is the same as the previous
work which was done on the content embedding-based citation recommenda-
tion as put in. It, however, majorly differs in the fact that the paper applies the
clustering approaches for more speedup. Using the pure dual information em-
bedding common for the closest information search is not sustainable because it
is an complex problem compared to the whole paper collections. In this particu-
lar scenario, it can be 2.56 x 10'® computations that are similar.

Recommender systems have been applied in a variety of applications such as
Twitter and Netflix. For instance, Twitter uses PageRank to suggest new follow-
ers to its users. To generate this suggestion, the application is designed in such a
way it performs personalized PageRank by establishing two copies of each active
user; a content producer and a content consumer. In this sense, a user can post a
tweet or, in other cases, read a tweet by other users. A content produced by the
user can be retweeted, further-reaching a new audience. This developing net-
work can leverage on PageRank algorithm to suggest new followers.

Another application scenario is in movie rental sites such as Netflix, where a
user considers a movie to be relevant if other users like the movie. The second
approach to like a movie is when a mutual friend likes movies that we both have
interests. With these two approaches, Netflix can create a personalized ranking
for users on the film they want using the PageRank algorithm. The “behavior” of
other mutual users on the platform enables the system to determine what other
users might like.

Data mining systems also utilize a similar approach where user behaviors can
predict what products they might like [11]. In Business intelligence systems can
track user preferences and suggest new products to the user in priority. Data
mining is categorized into three groups, namely, web content mining, Web
usage mining, and web structure mining. Web structure mining uses the Page-
Rank concept to analyze and rank web pages in an internet search.

Also, a page ranking algorithm is applied to academic services such as e-libraries,
e-learning, online purchasing systems, and news synthesis. In this way, users are
provided a personalized recommendation based on their liking behavior of a
certain service or product. In this paper, I will focus on offering an alternative
solution to the problematic collaborative filtering (CF) by taking into account
the freshness of contents, scalability feature, improved user satisfaction, and

turnaround time (computational time ) to generate a search list.

3. Architecture of Author Recommendation System

Author recommendation system collects published papers from major journals
and conferences which is in the form of unstructured data and semi structured
data. The data is further moved to Microsoft Big Data Platform Azure Data Lake
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using Azure Data Factory. The data is further extracted from storage account
using Azure Databricks or Azure Data Lake Analytics where data pre-processing,
data transformation and ranking algorithm implemented. Microsoft Azure data
factory is further used for scheduling pipelines and transferring data from one
storage location to different big data storage location for keeping data up to date.
The transformed data is further pushed into Power BI to create dashboards for
the Recruiters. Figure 1 shows architecture where all the stages of author rec-
ommendation system implemented includes monitoring, ingesting, storing and
analyzing.

Azure Data Lake analytics extract data from the big data storage platform with
the help of U SQL script which is combination of SQL and C#. Entire transfor-
mations and implementation of ranking algorithm will be written with the help
of U-SQL scripts on Azure Data Lake Analytics platform. The structured and
transformed data will be further stored in Big data platforms like Azure data lake
storge, SQL and data warehouse. The pipeline scheduling and data movement to
maintain data up to date will be performed using Azure Data Factory. Figure 2
shows the U-SQL code for Author ranking based on number of paper and cita-

tion.

4. The Recommendation Generator

The recommender system applied the hybrid technique of CcB and the CB rec-
ommendations. The CcB recommendations are considered to be of high quality
because they show a large +ve correlation with generated scores of the user.

However, the paper citation information is at times hard to acquire, and thus the
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Figure 1. Architecture/flow diagram of author recommendation system.
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// Get author pagerank

authorPaperRanks =

SELECT authorsinFoS.PaperSeqld AS PaperSeqld, authorsinFoS.AuthorSeqld AS AuthorSeqld,
authorsinFoS.FieldOfStudySeqld AS FieldOfStudySeqld, Math.Exp(papers.HeteroRank / -1000) AS
PaperProb FROM authorsinFoS INNER JOIN papers ON papers.PaperSeqid == authorslnFoS.PaperSeqldj

authorPaperCount = SELECT AuthorSeqld, FieldOfStudySeqld, COUNT() AS PaperCount,
Math.Log(SUM(PaperProb)) AS LogProb FROM authorPaperRanks GROUP BY FieldOfStudySeqid,
AuthorSeqld HAVING PaperCount > 2;

authorNameRankData =select authors.AuthorSeqid AS AuthorSeqld, authorPaperCount.LogProb AS
LogProb, authors.AuthorName AS AuthorName, authorPaperCount.PaperCount AS PaperCount,
authorPaperCount.FieldOfStudySeqld AS FieldOfStudySeqld, authors.AuthorSeqid.ToString() + "+" +
authorPaperCount.FieldOfStudySeqld.ToString() AS JoinKey FROM author INNER JOIN authorPaperCount
ON authorPaperCount.AuthorSeqld == authors.AuthorSeqid;

authorData = SELECT authorNameRankData.FieldOfStudySeqld AS FieldOfStudySeqid,
authorNameRankData.AuthorSeqld AS AuthorSeqld, authorNameRankData.AuthorName AS
AuthorName, authorNameRankData.LogProb AS LogProb, authorNameRankData.PaperCount
AS  PaperCount, authorCitCountloinKey.AuthorCitationCount AS  CitationCount,
authorFirstPaperYearJoinKey.FirstPaperYear AS FirstPaperYear FROM authorNameRankData

INNER JOIN authorCitCountioinKey ON authorCitCountioinKey.JoinKey =
authorNameRankData.JoinKey INNER JOIN authorFirstPaperYearJoinKey ON
authorFirstPaperYearJoinKey.JoinKey == authorNameRankData.JoinKey;

authorsRanked = SELECT authorData.FieldOfStudySeqld  AS FieldOfStudySeqld, fos.DisplayName
AS FieldofStudyName, ROW_NUMBER () OVER (PARTITION BY authorData.FieldOfStudySeqlid ORDER BY
authorData.LogProb DESC, authorData.CitationCount DESC, authorData.PaperCount DESC ) AS Rank,
authorData.AuthorSeqld AS AuthorSeqld, authorData.AuthorName AS AuthorName,
authorData.PaperCount AS PaperCount, authorData.CitationCount AS CitationCount,
authorData.FirstPaperYear AS FirstPaperYear, authorData.LogProb AS LogProb FROM authorData
INNER JOIN fos ON fos.FieldOfStudySeqld == authorData.FieldOfStudySeqid

HAVING Rank <= @Param_AuthorTakeCount;

Figure 2. U-SQL code for ranking authors based on number of papers and citations.

CB technique suffers as a result of low coverage. This issue can be combated by
the use of information embedding similarity-based recommendations. The CB
recommendation system are obviously costly and of less quality as compared to
the CB recommendations, but they come with advantages of coverage and
freshness. It is just the metadata of the paper that includes keywords, abstracts
that are available, and titles that are required in the generation of such recom-
mendations. Because every paper in Microsoft academic graph must have a
headline, the research can find the content embedding for each pdf document in
the research paper collection as you depend on the heading if required.

4.1. Citation Based Recommendation

Citation based algorithm leverages the relation between authors based on cita-
tion patterns. It refers to the occurrence of two papers being cited together by
third research paper. Just factor a collection of papers, P= {p,, p,, ps» ---» P.}- The
paper used C;; = 1 to show that p; is citing P, or 0 otherwise. The co-citation
count between 7;and P, can be deduced by using the formula.

n
CC ;=2 CiCx (1)
When ¢ ;,; we call that 7 is co citation of 7, vice versa. Co-citation captures

implicit relationship between paper and can lead to serendipitous recommenda-

tions by suggesting paper that are not related to researcher current preferences.
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This method is often more robust in the face of sparse research data compared
to recommendation methods. Co-citation patterns can be utilized to identify
communities and focus areas of related papers. This pattern can reveal contex-
tual insights into the relationships between papers. Based on the paper citation

count authors are recommended as per specific field of study.

4.2. Heterogeneous Rank Based Recommendation

The Heterogeneous network comprises of three network nodes and the rank op-
erates based on the whole network retrieving information back and forth in iter-
ative pattern. Entire process combines the outcome from paper citation network
and two inter class network which is between article and author and also article
and journal bipartite graph. Let & be the vector of author rank by R* and vector
of journal rank by R. Eventually R” R* R’ corresponding topic vector of nx 7, m
x Tand ¢ x T'matrix. Here ¢ is number of journals, m is number of authors, nis
number of papers and 7'is number of topics. The author score will be calculated
based on the below algorithm

R*=M* «R" (2)

Here M* is the transpose of paper author adjacency matrix and R’ is topic
probability of individual paper for a particular field of study.

Above equation shows paper transfer author score to author and author rece-
ives authority scores from publication. Authors rank dependent on paper and
also journal rank dependent on published paper which makes paper is most de-
ciding factor or entity in the Author rank algorithm. Author rank is based on

paper citation network and bipartite author network.

4.3. Combined Recommendation

Eventually, both the Citation and the heterogenous rank sets for a Author are
joined up in the creation of a uniform last set of recommendations for the au-
thors. The Co-citation candidate sets have counts of co-citation that are related
to every paper recommended pair. The Co-citation counts are mapped to scores
of between the zero or one to enable it to relate them with Combined similarity.

The function is an altered log function as seen in the equation below;

1
O-(Cci’j ):l-l-eg(T_CCi'j) (3)

rand 6 are tunable parameters used in controlling the offset and slope of the
logistic sigmoid. In this research 7and J values to 5 and 0.4 is set based on the
factor of standard deviation and mean co-occurence count of research papers
[12] [13] [14]. In Equation (3) changing the tunable parameter permit one to
weigh content based versus co-citation based recommendations. Citation and
heterogeneous rank based methods can complement each other’s strengths and
compensate for each other’s weaknesses, leading to more robust and accurate
recommendations. While combining these approaches offers various advantages,

the implementation details and the success of the hybrid model depend on the

DOI: 10.4236/jdaip.2024.121005

82 Journal of Data Analysis and Information Processing


https://doi.org/10.4236/jdaip.2024.121005

D. Kalla et al.

specific characteristics of the dataset, the nature of the items being recommend-
ed, and the user interaction patterns. Experimentation and fine-tuning are often
required to achieve the best performance for a given recommendation scenario.
In this method author with more papers and author with more citations together
will be checked along with the journal quality. Based on journal quality, number
of papers, citations count and the paper which is citing authors paper Authors

rank is derived.

5. Results and Discussion

Recruiting Tool helps us get Top 1000 Research Authors based on the Filters of
Research area and Career Start year filter. Research area or Field of Study field
help us to find out authors related to that particular Focus area and Career Start
year Filter helps us to know the most recent active Authors on that particular
Focus Area. We have also provided additional Filter which contain List of Au-
thor Names which help us search author by using Author Name.

We have provided a profile link beside author’s name which will help to Na-
vigate to Microsoft Academic portal. Ranking of Author has done using page
rank algorithm by considering parameters like Citations, Number of Papers,
Field of Study Level and Hetero Rank of Microsoft Academic.

Figure 3 shows the main dashboard page of the author recommendation
dashboard containing filters like field of study, author name and year filters. The
field of study filter will contain all the major fields related to Major computer
science since it is portable system. Career Year filter divided into four parts pa-
pers published for 2016 year above, from 2013-2015, 2010-2012 and 2009 below
which will help hiring authors based on the years of Active. As recruiters try to
hire active authors who are recently publishing papers in the trending fields of
computer science and in those cases 2016 and above year button in career filter
will help in hiring authors who are currently active. Based on the filters final re-
sults of Top 100 authors will be displayed along with information included
number of papers published, total citations received. Field of study and career
start date.

We can also further Drill through to Author Details Page by right click on
Author Name -> Drill through - Author details page. Figure 4 shows how the
select the drill through options on the main dashboard. The Author Details page
contains details of Authors like Total Citations, Total Papers, Papers per Field of
Study and Citations per Field of Study. It also provides other features like au-
thors top 3 papers per Field of Study selected, Affiliations, Top Conferences, Top
Journals, Other Focus Area and also Top Co-Author Names. All details provided
have been tagged with URL icon in front of them which will help to Navigate to
Microsoft Academic Web Portal. From drill down page, we can go back to Main
page with the help of Arrow Sign displayed from the top of the page. This drill
down information will help to check further about the authors like their top 3
papers, most cited papers, current affiliation, top journal, top conferences, top
focus areas and co-authors of that particular author. The back button will help to
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navigate to the main page which is actual author recommendation main page.
The result of this page is displayed with the help of page rank algorithm and ci-
tation algorithm whereas paper and citation counts are calculated using the U
SQL scripts in Azure Data Lake Analytics.

Field of Study Career Start Year Filter
2 big
Ambiguity 2009 Below 2010 - 2012 2013 - 2015 2016 And Above

Ambiguity aversion
Ambiguity function

Ambiguity resolution -
. Field of Study Static Rank* Profile |Author Name Papers*  Citations* Career Start*
M Big data -

Herbig Ae/Be star

Big data 996 Zheng Yan 12 56 2016
Resource (disambiguation) Bia d - @  vanzh G E J—
Word-sense disambiguation g data anchang
Big data 680 @ Xinzhou Cheng 26 52 2016
Big data 646  “©  Xavier Serrapicamal 4 57 2016
Big data 633  ©  Wouter Spek 4 57 2016
Big data 736 ©  Wemer Muller 3 57 2016
Big data 669  ©  Vera Grimm 4 57 2016
Search by Author Name e Big data 666 “©  Tim Kievits 4 57 2016
P Search Big data 648 @  Tim Hubbard 4 57 2016
Aisha Siddi A
\s.a 1adiqa Big data 457 “©  Thomas Lengauer 5 58 2016
Amira S Ashour X _
Ana Conesa Big data 891 ‘@ Thomas Hartung 6 60 2016
Andreas Kremer Big data 636 @ Thierry Sengstag 4 57 2016
Andrew Futreal Big data 635 @  Theo F Meert 4 57 2016
Angel Honrado Big data 342 @  Thanos Papadopoulos 13 398 2016
Anwaar Al Big d 575 @ ™ 7 9 2016
Arjuna Sathiaseelan g data - enutt
Bertrand Pedersen Ria data A7h @ Susanna Del Sinnore 4 57 2016
Brent Mittelstadt
Brian D Kavanagh *Column valu ted Field of Study. To see global right click on an author name and select "Drillthrough -»
Chandu Thota Aumnar st

Figure 3. Main page of author recommendation system tool.

Field of Study Career Start Year Filter
2 big
Ambiguity 2009 Below 2010 - 2012 2013 - 2015 2016 And Above

Ambiguity aversion
Ambiguity function F

5 B2 Y
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M 5ig data Field of Study Static Rank* | Profile author Name Papers*  Citations* Career Start*
Herbig Ae/Be star Big data 575 @ T Mcnutt 7 9 2016
Resource Lcl\salmb\ngJat\crlw) Big data 676 @  Susanna Del Signore 4 57 2016
Word-sense disambiguation . _ .

Big data 389 2 Stephen) Childe 1 396 2016
Big data 654 @  Sophie Helen Janacek 4 57 2016
Big data 13 =& Shi Show 2t 5 12ble 9 287 2016
Big data 527 @ Shé pouce 4 121 2016
Big data 743 @  Shi  Exclude 5 2 2017
| |
Search by Author Name v Big data 815 @  sh; O Drillthrough ? 3 114 2016
O search Big data 671 @  she 4 57 2016
: e Copy >
Aisha Siddiga Big data 760 @  Shaneusuamronamsmrsans 5 95 2016
Amira & Ashour Big d 410 @ Rudi Balli 7 71 2016
Ana Conesa g data B uar satling
Andreas Kremer Big data 907 @  Riccardo Bruno 3 55 2016
Andrew Futreal Big data 562 @  Reinhard Schneider 5 68 2016
Angel Honrado Big data 935 @  Raihan Ur Rasool 4 32 2016
An‘waar Al . Big data 968 @  Qingchen Zhang 9 63 2018
Arjuna Sathiaseelan . .
- " Big data 787 Qiao Yan 3 95 2016
Bertrand Pedersen i — 4
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Chandu Thota
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Figure 4. Drill through functionality of author recommendation system tool.
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Link | Affiliation
-

@ South China University Of Technology

Link | PaperTitle

Link Top Conferences
A
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Link Journal
a
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‘@ |EEE Transactions on Industrial Informatics
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@  Chengliang Liu
@ Chunhua Zhang
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@ Jiafu Wan
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@ A Manufacturing Big Data Solution for Active Preventive Maintenance @ Cloud computing

‘& Industry 4.0

Figure 5. Drill down page of author recommendation system tool.

Figure 5 shoes Author drill down page which will help to obtain further in-
formation about the author like number of papers he published and number of
citations he received in general and also in specific to field of study selected. For
example, if we have to hire someone in robotics, we have to make sure Authors
has more papers and citation specific to that particular field of study. Affiliation
details will help to know which affiliation author belongs to. Sometimes recrui-
ters want to hire someone from a reputed university and organization. Other
focus area information will help recruiters to check all other interested focus
areas of the author in the field of computer science. Co Authors details will also
help recruiters because at this place recruiters may get information about Au-
thors related in that field of study. Top journal and conferences details will help
to check whether the specific author selected has published articles in major
journals and conference or low impact factor journals. Best author will have
more citation, better affiliations and papers in high impact factor journals and

conferences.

6. Conclusions

To conclude, this research paper has provided a portable hybrid author recom-
mender platform utilized by my application, a user content-based and co-citation
recommendations in optimizing freshness, user satisfaction, scalability, and cov-
erage. I have assessed the perfection of the result by the system through the user
study and demonstrated the correlation between the scores and the system com-

puted similarities for couple of research paper recommendations. Eventually, I
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have collated the user study results together with the real recommendation lists
used by Microsoft Academic made available to the full-time researchers to con-
duct analysis and assist future research in research author and paper recom-
mender systems. In this research, I have used quantitative measures to establish
which algorithms are used in various business intelligence systems and how ef-
fective they are in supporting managers’ decision-making. Face-to-face inter-
views will be conducted and questionnaires to managers of different organiza-
tions to ascertain their satisfaction and the general performance of the BI sys-
tems.

This research studied, compared, and analyzed different algorithms and their
effectiveness in the decision-making process. I propose to use a hybrid recom-
mender system that utilizes both content-based (CB)s and co-citation-based (CcB)
to generate a search of items. CcB is computationally time-consuming and ge-
nerates low-quality recommendations, whereas CB uses metadata, keywords, ar-
ticles, and abstracts to create fresh content and huge coverage. CcB uses refer-
ence information in a paper to make a recommendation. This empirically re-
sembles human behavior when it’s searching for related documents. The refer-
ence feature of CcB is a major drawback considering most old papers were pub-
lished in hard copies, and their reference is not available digitally.

On the other hand, CB resolves some of the inefficacies of CcB, i.e., complexi-
ty issues, privacy concerns, and cold start problems. CB uses information availa-
ble on the web pages, such as metadata, keywords, title, and abstract. Cluster
paper embedding and generating paper embedding shall be used to determine
the relevance of a paper in the search domains in larger data sets [15]. This aug-
ments well with my research that seeks to provide a scalable recommender sys-
tem that can utilize content-based and co-citation-based to improve on quality
and hierarchical clustering based on relevance. Combining both CB and CcB
generates unified search items by ordering related papers from both lists based

on congruency to the document in question.
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