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ABSTRACT Recommender systems are becoming crucial in academia, where the number of available
scientific resources is continuously increasing. One of the main challenges of such systems is a cold start
problem, which often occurs when new users have no preference for any items or recommend new items that
no community user has recommended yet. In the case of academic systems, where researchers are usually
reluctant to express their explicit feedback or scientific interests, the cold start problem has a considerable
and long–term impact on the recommendation algorithms. To alleviate this problem, this paper discusses
a graph–based recommendation approach extending the Page Rank algorithm by using a co–authorship
network. The proposed approach aims to enhance existing recommendation capabilities in the European
Open Science Cloud (EOSC). The first results of the evaluation indicate that the proposed recommendation
model is promising and reduces the cold start user–side problem in the academic domain.

INDEX TERMS Academia, cold start, graph–based recommendations, recommendation system, scholarly
data.

I. INTRODUCTION
Recommender systems (RSs) have recently become an
integral part of academic information systems, replacing
keyword-based search techniques [1]. Among all types of
academic recommenders, the most popular are those that
primarily recommend scientific papers [2]. Paper recom-
mender systems answer a researchers’ typical need to filter
a substantial number of academic articles in order to find
those relevant to their research [3], [4]. However, in recent
years, more and more researchers have also been interested in
other scientific information, such as finding other researchers
working in a similar field, searching for authors with a
significant citation index, or trawling information on shared
facilitated computing resources.

The associate editor coordinating the review of this manuscript and
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The European Open Science Cloud (EOSC) is an ongoing
effort to address, among other things, the above challenges.
For this purpose, the EOSC connects existing European e-
infrastructures, integrates cloud solutions and provides a
coherent point of access to various public and commercial
services and information systems in the field of academic
research [5].

As a result, EOSC resources comprise, among others,
massive amounts of research effort results, such as published
articles or datasets. As a primary dataset of scientific
resources for the EOSC [6], the OpenAIRE Research Graph
(OARG) dataset was used [7], [8], [9]. However, EOSC
also contains software and e–infrastructure services, such
as computational power, storage, and networks to support
scientific experiments [10], which distinguishes EOSC from
other environments.

To facilitate the findability and discoverability of
the available EOSC resources, various recommendation
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mechanisms for EOSC (EOSC–RS) have been proposed [11],
[12]. However, historical data on EOSC user (researcher)
activity and use of scientific resources reveal that most
visitors to the EOSC environment work as unauthenticated
users. Moreover, users who register with the EOSC rarely
provide information directly about their interests when
accessing scientific resources. As a consequence of the lack
of history of user interaction with the EOSC system, the
recommender approaches proposed for EOSC face a cold
start problem, which occurs when the recommender system
lacks sufficient information to form reliable predictions or
suggestions. This results in a reduced performance of the
EOSC solutions proposed so far. Another problem that occurs
in the EOSC is the so–called data sparsity problem. This
problem arises because the EOSC is an example of an
environment with many resources that significantly exceed
the number of users so far. [13].
Problems of cold start and data sparsity have been

extensively discussed in the existing literature [14], [15],
[16]. Both issues typically relate to the initial phase of
RS operation. The recommendation algorithms are expected
to start working correctly once the system has reached
a sufficient critical mass of active users for rating items,
commenting, or ordering resources. Unfortunately, the direct
use of the recommendation algorithms known from the
literature in the context of academic platforms, particularly
the EOSC, faces several problems stemming from their
specificity. They include the following determinants of a
cold start: a lack of information about user preferences,
a lack of active users, and incomplete or constantly changing
datasets. Moreover, they are most often present throughout
the life cycle of these platforms, not only in the early
phase of their operation. Consequently, to solve the cold
start problem in academic systems, existing recommendation
approaches must be specially tailored to the assumptions and
characteristics of these systems.

Therefore, in this paper, we propose a solution that
addresses the cold start problem in the EOSC environment.
The proposed approach takes into account assumptions
derived from the characteristics of the EOSC, assuming that
recommendations will be generated in an environment where
massive amounts of scholarly data are stored and, on the other
hand, information about user activity is limited [17].
Although some attempts have been made to address

the cold start and data sparsity problems in academic
recommender systems, the most commonly used approach is
the graph–based method, which uses various scientific and
social networks. Among these, some of the most important
and frequently used are citation networks (citation–citation
relations) or networks that consider social relationships.
Unfortunately, such information is not available in the
EOSC environment, so it cannot be directly applied to make
recommendations in the EOSC.

The contributions of this paper are fourfold:
• To deal with cold start in a scientific paper recommen-
dation for EOSC, this paper develops a model based on

a co–authorship network (i.e., author–author relation-
ships). The proposed solution extends the concept used
in the Page Rank (PR) algorithm, using the proposed
author-author relationship.

• To improve the recommendation quality, the paper
introduces a novel idea of personalization by modifying
the PR algorithm to use the user-selected papers as
starting nodes. Furthermore, following the results of the
existing research on PR [18], [19], [20], the proposed
solution adds the weights to the edges of the graph
(representing selected attributes of the article) utilised
by PR.

• In the context of big scholarly data in EOSC, the existing
records of publications were enriched to create more
credible data sources for recommendation algorithms.

• The experiments on existing, actual data collected
and discovered in EOSC were conducted to evalu-
ate the applicability of the proposed solution using
co–authorship relationships. The paper presents and
analyses the promising results.

The paper is structured as follows. Section II introduces
the general idea of the EOSC and describes various statistics
related to the use of this system. Next, related works
are discussed in Section III, which includes the existing
approaches addressing the recommendation methods used
in academia. The general idea of the basic Page Rank
algorithm is discussed in Section IV. Section V presents the
co–authorship graph considered in the paper, and Section VI
outlines the details of the proposed solution. The evaluation of
the proposed PR algorithm, using offline and online methods,
is presented in Section VII. The discussion of the proposed
solution is provided in Section VIII. Finally, the conclusions
and the future works are provided in Sections IX and X,
respectively.

II. EUROPEAN OPEN SCIENCE CLOUD
EOSC is a key acronym for various European R&D projects
related to Open Science at the national, regional, and
European levels [21], [22], [23], [24]. The EOSC Portal,
introduced as a universal hub for EOSC users, provides
access to 4M+ assets, including also datasets, publications,
software, trainings and more. The portal facilitates the
collaboration of 300+ content providers, which have exposed
400+ services, ensuring a diverse range of resources for
researchers and practitioners [25] The scientific resources are
available now as a part of the EU EOSC Node Hub.1

The EOSC users include researchers, resource providers,
technology enablers, trainers, and policymakers who provide
and exploit the EOSC resources. The estimated size of
the EOSC target population is approximately 2 million,
including 1.7 million researchers covering all major sci-
entific fields and levels of seniority [26]. The OpenAire
Research Graph (OARG) is the primary provider of Research
Products for the EOSC Platform, exposing publications,

1https://open-science-cloud.ec.europa.eu/resources
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datasets, research–supporting software, configurations, and
other products.

As of today, more than 4,000 users are registered on
the EOSC Portal. Their activity in the EOSC portal is
summarised in Table 1.

TABLE 1. Users’ activity in the EOSC portal, as of February 2024.

Unfortunately, only about 3% of EOSC users have
updated their profiles by stating their scientific interests
or categories or created at least one project using EOSC
resources [27]. There is no other way to derive, e.g., the
user’s research domain, scientific background, or resource
preferences. Additionally, EOSC users can add a resource
to their favourites, which could be seen as a positive
vote, or disliked a resource, which means a negative vote.
However, both options are visible only through a single EOSC
component, which is a user dashboard. Thus, the use of
explicit high–quality feedback, including detailed input on
user interests, is significantly limited.

Anonymous users are responsible for the vast majority
of interactions with the system, and they generate more
than 90% of the traffic, e.g. browsing EOSC resources [28].
Logged–in users are, on average, more active than non-
logged–in users, taking into account the interaction with the
system expressed in terms of the number of events generated.

Table 2 shows the number of actions performed by
logged–in and anonymous users (source: EOSC Preproces-
sor [11]). These values are related only to the publications.

TABLE 2. Users’ actions on publications, as of June 2023.

The analysed data of the EOSC system reveal that EOSC
users use the provided resources anonymously, in a single
session, searching for a few items, rather than using the EOSC
for more complex scientific activities. Such an approach is
not exceptional — it is common in publication catalogues
or search engines (such as Google Scholar), where scientists
reach out to find specific resources.

Therefore, the only way to determine user preferences in
the EOSC is to monitor their activity. A resource selection in
the EOSC portal is treated as if it interests the user. This is an
example of implicit feedback provided by the end user, which

the recommender system collects and processes to infer the
user’s preference [11].

III. RELATED WORK
Academic recommender systems use a wide range of
recommendation methods. A simple approach to calculating
usability can determine the relevance of an item based on
overall popularity (i.e. global relevance [29]). For example,
the system could recommend the most frequently down-
loaded scientific articles from the repository or those with
the highest average ratings. In another scenario, the system
could present the user with a list of datasets and software,
usually required with the selected articles, which is called a
co–occurrence recommendation. To indicate co–occurrence
recommendations, the recommended items are those that are
often found together with some source items [29].

Content–based filtering (CB) is one of the most
widely used and researched recommendation approaches in
academia [1], [29]. On the contrary, collaborative filtering
(CF) recommendation systems are limited in this field [3].
CF algorithms can work effectively when the number of users
is greater than or equal to the number of articles in the digital
library [29].
Both CB and CF are often combined in a single recom-

mendation engine. For example, a content–based method
can obtain a user profile based on the content of articles in
which users are interested. The profile of a researcher can
be enriched with information about his previous research
interests contained in his/her previous publications [3].
Collaborative filtering techniques can use global relevance
attributes to rank candidates and graph methods to expand
or restrict potential candidates for recommendation. These
approaches, called hybrid, consider various aspects of users,
items and the relationships between them.

Graph–based techniques are of great interest in the area of
academic RS [29]. They exploit the inherent connections that
commonly exist in academia through collaborative research.
In these methods, recommendations are translated into
graph–search tasks. The basic recommendation generation
algorithms are based solely on graph search and do not take
into account the content of the articles or the user profile
(except when combining different approaches).

Graph-based techniques are commonly used to model
social relationships between users. The so–called social
recommender systems (SRS) have been proposed to enhance
the capabilities of basic recommendation methods. They
are based on the user and his/her friend having similar
interests and tastes. Early approaches assumed the same
degree of friendship for all users in a friend group. More
recent approaches assume a variable degree of friendship to
adequately model that users live in groups of highly dispersed
people, such as family, neighbours, or classmates. Some of
these people share common interests, while others may even
disagree with the user [30].

Explicit social relationships are directly established by
users (through the use of social platform features), and
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they can directly enhance the collaborative filtering process.
In turn, implicit relationships among users can be inferred
on the basis of their historical ratings of items. These
inferred relationships can enhance the performance of social
recommendation systems, particularly when explicit social
connections between users have not been established [31].

In recent years, solutions offering different recommenda-
tion mechanisms have focused on applying machine learn-
ing/deep learning (ML/DL) techniques to recommend items.
In particular, deep neural networks (DNNs) are the most
commonly used approaches in recommendation systems.
These methods outperform state–of–the–art algorithms using
CB, CF, or graph–based methods in individual cases. They
also aim to overcome some known problems that the basic
methods solve only partially or with limitations [32]. For
example, a hybrid deep learning recommendation system [33]
has been proposed to fill the gaps in ensemble filtering
systems. The developed solution uses embedding to represent
users and items to learn non–linear latent factors. Another
solution uses collaborative filtering based on neural net-
works [34] to replace the internal product of the interaction
between the user and the element with a neural architecture.
In [35], the authors developed a collaborative deep learning
algorithm (CDL) that jointly performs deep learning of
the representation of content information and collaborative
filtering of the evaluation matrix (feedback). Furthermore,
reinforcement learning (RL) is a popular approach to
predict user behaviour by analysing browsing history on the
portal [36].

The recommendation methods based on artificial intelli-
gence have produced competitive results on known data sets
(such as MovieLens, NetFlix or BookCrossing). Contrary to
popular belief, it is not always the case that DNNs can handle
all fundamental problems in the recommender systems area.
Deep learning is known to be data intensive because it
requires enough data to support rich parameterization fully.
In many fields, including academia, no rich datasets enable
DL approaches to be used effectively [37]. Furthermore, the
working phase of DL algorithms usually requires substantial
computational resources, which can be problematic for
companies or researchers who do not have easy access to such
hardware.

Since this paper uses a graph–based approach to recom-
mend scientific papers, the following section will outline the
related work proposed so far using this method. To the best
of our knowledge, graph–based approaches have been widely
applied in the domain of e–science in two main scenarios: to
enhance the capabilities of hybrid systems and to overcome
the cold start and data sparsity problems.

A. GRAPH–BASED APPROACHES
The basic relations depicted in the graph are usually twofold:
user–item and item–item relations. The user–based methods
use the ratings of similar users on the same item to
make predictions. Although such methods were initially
quite popular, they are not easily scalable and sometimes

inaccurate. The subsequently proposed item–based methods
compute predicted ratings as a function of the ratings of the
same user on similar items. Item–based approaches provide
more accurate but less diverse recommendations [38].

In the academic field, item-item relationships translate
into a few types of scientific network [39], including
the most widely used: (1) co–authorship (network) to
model author–publication relationships, and (2) citation
network to model citation relationships (publication A cites
publication B).

Co–authorship is one of the most tangible and well–
documented forms of scientific collaboration through pub-
lished papers [40]. Co–author networks have been studied
extensively. In these networks, two scholars are normally
connected if they have co–authored one or more papers
together. Collaboration benefits the productivity of scientific
research and is positively correlated with the number of
articles written by an author and the number of times the given
article has been cited [41].

A method called CARE incorporates author relations and
historical preferences to recommend scholarly articles [42].
This method assumes that some researchers prefer to search
through articles published by the same authors to find articles
that interest them. As a result, in the CAREmethod, a graph is
built on the basis of the co–authors’ relatedness information.
Then, a random walk with a restart is employed to generate
a recommendation list. CARE is based on user preferences
and favourite documents, which cannot be applied to the
EOSC. Furthermore, the CARE algorithm does not consider
additional attributes that affect the reputation of an article.

Furthermore, the prediction of new collaboration oppor-
tunities with the use of a co–author network has been a
popular topic of scientific effort. A recommender system has
been proposed by scientists to find possible collaborators
with respect to their research interests to support novice
researchers and increase their publishing activity [43].
The recommendation problem was formulated as a link
prediction within the co–authorship network. The network
was derived from the bibliographic database and enriched
with information from research papers.

Another method named MVCWalker aims to recom-
mend potential collaborators based on a co–authorship
network [40]. To improve the quality and accuracy of the
recommendation, the authors defined the importance of the
link in the graph by exploiting a several additional factors,
such as the order of the co–authors or the latest collaboration
time.

Notwithstanding the promising results achieved by the two
cases mentioned above, these could be applied in EOSC only
when the number of active users increases considerably.

Regarding citation networks, they rely on citation–related
connections within the scientific literature. Recommendation
systems that are built upon these connections compute
relatedness among academic papers. During computation,
usually two factors (co–citation and bibliographic cou-
pling) are determined to measure relevance by focusing on
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neighbours [3], [39]. Some authors use bibliometrics to
improve the results of recommender systems in digital
libraries [44]. In addition, multilevel citation networks can
be used to recommend research, empirical and exploratory
papers [4].

Both types of scientific networks (citation and coauthor-
ship) can be combined and form a hybrid recommendation
system. An interesting example of a hybrid algorithm for
recommending research articles uses the citation network of
articles and the author Relationship Network (CNRN) [45].
To choose the best-matched papers published by key authors,
the algorithm assesses the importance of the papers. The most
relevant papers from the citation network are taken to create
the co–authorship network. On the edges between authors, the
frequencies of collaboration were listed. The author analysis
could also be deepened with the use of social networks [46].
In both cases, a citation count and centrality measures, such
as closeness centrality, betweenness centrality, or eigenvector
centrality, were incorporated to choose the key authors.
Setting additional weights for previously determined key
authors seems to be a promising approach for the future
development of the PR algorithm for EOSC. However, this
method could be applied in later stages of EOSC, that is,
to recommend papers for registered users who would have
a long history of clicked (visited) publications.

B. COLD START
The cold start problem can be considered in the context of
items and users [47]. The cold start of items occurs when
the number of ratings previously submitted for these items
prevents recommending them properly to users. In turn, the
cold start of users happens when a new user who has already
joined the online environment has no or a very poor record
of interaction with the system (e.g. only a few reviews).
In such a situation, there is no interaction between the new
user and others. Therefore, no similarity between them can
be measured. As a result, the recommender systems cannot
make reliable recommendations.

Academic RSs usually deal with a vast number of items
(e.g., millions of publications), yet users typically rate only a
small fraction of these items. In such an environment, data
sparsity significantly affects the accuracy of recommenda-
tions due to the scarcity of ratings. Various approaches have
been proposed to deal with data sparsity. They mostly rely
on different imputation methods to fill in the missing values
in the set of available ratings. In such a case, the reliability
of predictions often comes as an issue, which in turn can
affect the reliability of provided recommendations [48].
Researchers have proposed various approaches to increase
the reliability of recommender systems [48], [49], mainly by
increasing the system’s confidence in its recommendations—
the more reliable a prediction, the less likely it is to be
wrong [50].
In real-world applications, the collaborative filtering

method, which suffers the most from data sparsity, is used

only as a complementary technique to other approaches. It is
effective only when the system overcomes the cold start
problem and reaches a sufficient level of maturity represented
by a minimum number of users who rate items, interact with
resources, or provide comments. Importantly, in the EOSC
Portal, cold start persists throughout the entire operational
period, not just during the early-stages.

This problem can be mitigated to some extent by
content–based recommender algorithms that can predict an
item’s importance even without its previous evaluations.
On the other hand, CF approaches suffer from the cold start
of new users’ problems. They cannot recommend items to
new users without a history of previous user interactions with
the system. Interestingly, graph–based approaches, especially
those based on item relationships such as co–author networks
or citation networks, do not suffer from the aforementioned
cold start problem and can thus be applied to real academic
platforms.

In general, an operational recommender system takes
advantage of different basic recommender techniques, mainly
to overcome the typical drawbacks of a single approach
and to adapt the system to specific conditions (such as the
availability of datasets in actual implementations). Hybrid
solutions constitute the most common approach to dealing
with cold starts.

Hybrid RSs designed to address the cold start issues often
combine the outputs of single CF and BF methods [51],
[52], and others enhance the basic CF and BF algorithms
by incorporating social networks, for example [47]. Also,
the users’ demographic information (such as gender or
age) can be applied to enhance the rating profiles used by
CF [53]. The recommendation context, such as location,
time, or social information, not only helped alleviate cold
starts but can also significantly improve the recommendation
process [49], [54]. In [55], a hybrid recommender system for
research documents that replaced academic search engines
was introduced. The proposed solution is based on different
input sources such as citation networks, author analysis,
ratings, or text mining. In addition, the algorithm considers
the reputation of the article, represented by an impact factor
or an H-index. Although this solution has many advantages,
it is a standalone application that processes the full papers
uploaded by the user.

Implicit ratings are often utilised by hybrid solutions to
overcome the cold start. Implicit ratings can be extracted
from user–object interactions, for example the more pages
with a document they read, the more it is assumed that they
would like to get the documents. Some of the interactions
between the user and the resource, such as downloading the
paper, adding it to the researcher’s profile, editing the paper’s
details, and viewing its bibliography, can also be seen as
positive votes [29].

Another group of hybrid solutions dealing with cold
start problems takes advantage of DNNS, using ancil-
lary information such as item–content information [35].
Depending on the availability of data, additional information
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about users (e.g. age, occupation, location) and items
(e.g. year of publication, title) is passed to a deep neural
network [33].

Despite the popularity of hybrid approaches and their
effectiveness in alleviating cold start, it is still unclear which
of the proposed directions used in these solutions is the most
promising, mainly due to the reproducibility problem [29].
Many hybrid solutions combine information from one source
- for example, user profiles in the web portal with another
source, such as a dataset with publications. This feature
may not be applicable in a real-world environment due to
inconsistencies in the format or content of data, missing items
or incomplete descriptions, which is also true for EOSC.

Moreover, hybrid systems designed for commercial pur-
poses often include additional techniques when there is
insufficient information for generating recommendations.
The most popular ones include recommending: a) random
items to new users or new items to random users (random
strategy), b) popular items to new users or new items to the
majority of active users (maximum waiting strategy), and
c) a set of different items to new users or a new item to a
set of different users (exploratory strategy). These strategies
may not be effective in academia. The focus interviews
with EOSC users, which were conducted as part of the
EOSC project, revealed negative reactions of respondents
to recommendations based on the general population [26].
Many respondents declared that they would not use a
system that provided unreliable recommendations, and the
researchers frequently questioned popular objects.

IV. PAGE RANK ALGORITHM—THE GENERAL OVERVIEW
The PageRank (PR) algorithm was originally proposed to
determine the relevance of a given website based on outbound
and inbound links. The algorithm takes advantage of the link
structure on the Web to produce the ranking of every web
page.

The algorithm was formally formulated as a method for
assigning a universal rank to web pages based on weight
propagation [56]. A page obtains a high rank if the sum of
the ranks of its links is high. The PageRank of page p is given
as:

PR(p) =
(1 − d)
N

+ d
k∑
i=1

PR(pi)
C(pi)

whereN is the total number of pages on theweb, d is damping
factor, pi is the page that links to p, and C(pi) is the number
of outlinks of pi. PageRank of a page is conceived as the
probability of a web surfer visiting the page after clicking on
many links. Dumping factor d is the probability of a surfer
going to the net page, and (1 − d) is the probability of a
random jump [57].

PR has been successfully applied in RSs where a network
of related linked records occurs [58]. Google’s PageRank
is an example approach for recommending research papers
applied in Google Scholar. PageRank measures the authority

of a paper and ranks it based on the number of citations
it receives from other academic articles [59]. The weighted
PageRank for academic recommendations has gained sig-
nificant interest from researchers. For example, the version
of weighted PageRank from [60] gives more weight to
co–author ties with fewer co–authors than those with large
numbers of co–authors. The authors from [61] substituted the
C(p)−1 to the fraction of the journal’s PageRank transferred
to the journals it cites. Another approach integrates an
author’s community impact and academic impact with the
use of citation and co–authorship network topology [62].
Compared to other weighted PR algorithms, the authors
focused on the random surfing aspect (1−d)

N and developed
it into citation ratios. In the case of EOSC, these are
publications linked by a common author (or by references,
if such a graph can be created). Based on information on
the author of a publication, it is possible to create a graph
of related publications (co–authorship network), in which
the vertices denote publications and the edge between two
given vertices indicates a common author. The purpose of
the recommendation is to suggest a relevant publication of
interest to the user.

PR is the most typical random–walk algorithm in the
field of computer science. The procedure utilizes a so–called
‘‘Random Surfer Model’’ that traverses through links
between sites and once in a time jumps to a random
page chosen based on some probability distribution [63].
Researchers have developed a number of PR variants, such
as personalized PageRank (PPR). PPR is widely applied
to diverse domains, such as information retrieval, recom-
mendations, and knowledge discovery, due to its theoretical
simplicity and flexibility [64]. The PPR algorithm is often
used to recommend friends, using a method to assess the
importance of nodes in a graph with respect to a query node.
Researchers are also improving the original random walk
rules and proposing new algorithms, such as a random walk
with restart (RWR) [65] or lazy random walk [66], among
others.

PaperRank is an extension of the PR algorithm for
evaluating scientific documents, which considers the indi-
rect relationships between these documents [3]. Although
PaperRank is a suitable method to determine the importance
of an article, it tends to rank documents based primarily
on the number of citations. As a result, recent articles are
usually ranked low, even when the article is known to be
outstanding literature. This is an important limitation because
recent articles may be significant to researchers interested in
the latest scientific findings and the direction of scientific
research.

V. CO–AUTHORSHIP GRAPH IN THE EOSC
In order to model a co–authorship graph in EOSC, the subset
of OpenAIRE Research Graph resources was used (EOSC–
OARG). The subset is currently deployed as an operational
data source for the EOSC Portal [25]. It contains more than
2 million publications (source: EOSC–OARG 5.0, at the time
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of writing the paper, this particular dataset is not publicly
available, whereas only the full OARG is exposed). There are
approximately 1.57 million unique authors within the set of
publications. The average number of authors per publication
is 2.14, indicating that many authors are likely to contribute
more than one article.

Figure 1 presents a graph structure in EOSC–OARG, built
upon the co-authorship relations for a single publication. The
vertices of the graph represent publications, and the edges
connect the publications written by the same author(s). This
figure depicts the first (selected) publication as a blue node.
This node is connected with all other articles written by the
first, the second, or both authors of this publication (light
blue edges). This results in a relatively small but dense graph,
as many attached publications are interconnected.

FIGURE 1. Co-authorship graph for a selected EOSC publication created
with the NetworkX tool. A blue node represents a starting point, i.e., the
publication visited by a user. The rest of the graph nodes are publications
written by the same author(s). Edges indicate that two connected
publications are co-authored.

There are 23 vertices in total in the graph considered 1,
which means that the selected publication is associated with
22 other works that share the same author(s).

In some cases, the structure of vertices and edges
constitutes a complete graph, i.e. all nodes are connected
with one another. Such a situation occurs when a source
publication has only one author: then all other connected
publications have the same author. This assumption is correct
when connections are at a single depth, meaning that there are
only edges outgoing from the source publication. The graph
can be extended by connecting the found entities with other
items from the database, which indicates adding second, third
and next depth to the graph.

An alternative option to the co–authorship graph used
in the EOSC was the citation graph, where ‘‘cites’’, and

conversely ‘‘cited’’ relations are used. The main source of
information used to build the citation graph is references,
i.e., a list of cited articles appearing at the end of academic
papers. Unfortunately, in the present data set for EOSC,
only about 15% of the publications have information on
citations. It is often not fulfilled entirely, e.g., a publication
actually cites 10 other works, but only a single one is present.
Thus, proceeding with this method would result in many
missing connections and, consequently, an empty set of
recommendations for most of the publications.

VI. EXTENDED PAGE RANK ALGORITHM
The first step towards applying the PR algorithm in EOSC
was to determine the set of attributes that might be used as
weights for the co–authorship graph built on top of existing
EOSC–OARG records with publications. Unfortunately, the
EOSC–OARG data source contained missing or incomplete
metadata fields, and its use as a single dataset for recom-
mendation algorithms would require extensive improvement
effort to clean up the records [67]. Table 3 presents selected
fields available as publications metadata. As can be seen,
crucial information is absent in the majority of entities.

TABLE 3. Missing values in EOSC-OARG (publications), as of Feb 2024.

The most effective way to overcome this drawback was to
link the EOSC–OARG records with other scholarly graphs
to enrich its content. OpenAlex (OA) was selected as a
fully open catalogue of the global research system [68] and
eventually linked with OARG [67].
As a result, 813541 publications were retrieved from

OA and matched with EOSC–OARG, which constituted
more than 40% of the total available in the EOSC–OARG
dataset. Several metadata fields that may be useful in the
current recommendation approach were extracted. These
were, among others:

• Cited–By–Count indicating how many citations a publi-
cation has received, 237062 publications were enriched.

• Cited–Works representing a list of other works that refer
to the publication, 344067 publications were enriched.

• Related–Works presenting a list of similar publications,
384643 were enriched.

It is worth mentioning that a single publication might have
multiple references or related items. Moreover, during the
linking process, it turned out that OA had many publications
that were not present in the EOSC–OARG. Thus, only those
present in both datasets eventually remained.

A subset of rich records was created by combining
information from both scholarly datasets [69]. These records,
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which indicate a more credible data source than the original
EOSC–OARG, were assumed to be used primarily for the
recommendation algorithm. In other words, the usage of these
rich records would take precedence over the original records
to recommend publications of better quality.

Eventually, two selected attributes of a publication
were selected as weights in order to be assigned to the
(co–authorship) graph edges:

• Number of citations (by other publications) — the
number indicates how many times a publication has
been cited. Such information can be used to determine
the popularity of a publication by adding the popularity
value as weight/cost to vertices in a graph of connected
publications.

• Number of downloads/views— the number representing
the global popularity of a resource, is calculated as
the number of downloads/views of an article. This
information is present in 83.37% of OARG records (in
theory, downloads may be more important than views,
often indicating that the user was more interested in the
paper).

Other existing attributes, such as item references between
publications or item related work, were also considered
to be applied in the PR algorithm. However, they would
introduce an additional layer of information in the original
algorithm (such as content–based features), which would,
in turn, change the pure graph–based approach into a hybrid
one. The hybrid–based method remains a promising direction
for the future.

After weighting the graph edges, additional modifications
were applied to the algorithm’s parameters. In particular,
we aimed to introduce personalization into the original
algorithm by influencing its behaviour to be more aware of
publications the user had visited. In the context of EOSC, the
publications visited are treated as those that the user likes II.
However, it must be stated that such an assumption of positive
implicit feedback through visited (‘‘clicked’’) publications
might not always be true [70].

In the proposed algorithm, the ‘‘random surfer model’’
was incorporated with precisely stated jump destinations for
the surfer. The surfer does not teleport to a random vertex
selected from a uniform probability distribution but to the
vertex chosen from the ones that represent the previously
clicked user’s publications. These destinations do not have to
be equally probable; we can modify the probabilities based
on the order of the user’s actions (a publication visited more
recently will have a higher probability than the one clicked
many sessions ago).

A. ALGORITHM DETAILS
The input data for the algorithm have the form of a graph
defined as follows: G(V,E), where

• V = vertices indicating publications that were clicked
by the user or that were put into the graph by having
common author(s) with any of the clicked ones.

• E = edges representing connections between publica-
tions that have at least one common author.

It is a directed graph where there are always two edges
between the vertices, one in each direction. In the proposed
algorithm, we introduce the personalization concept. The
two mechanisms described below influence the algorithm’s
behaviour.

1. Assign weights to the edges. The weights are influenced
by:

• The number of downloads and views (i.e., publication’s
popularity). Although this number is linked to a
publication, weights are assigned to all edges entering
this vertex.

• The number of citations— also reflects the publication’s
popularity, and weights are assigned to the entering
edges.

2. Defining random jumps.
• Choosing the vertices to which the surfer might teleport.
• Defining vertices’ probabilities based on user clicks’
order.

Taking into account the previously adopted assumptions and
definitions, the next steps of the proposed PR algorithm are
as follows:

1) The algorithm starts at a random vertex selected from
the ones that reflect the user’s clicked publication.

2) With probability α, a neighbouring vertex is chosen.
3) With probability 1-α, a random jump is performed to an

independent vertex. The vertex is chosen from the set
of vertices that reflect the user’s clicks. The choice is
made based on the probability distribution among these
nodes.

4) The algorithm continues until it reaches the maximum
number of iterations. Each iteration terminates when
the algorithm reaches an error smaller than the given
tolerance.

The output of the proposed algorithm is vertices with
results obtained by running the algorithm. These vertices that
reflect the already-clicked publications were excluded. Then,
the resulting items were sorted in a descending order, and the
first n items were chosen as recommendations to the user.

Figure 2 presents the steps of the proposed recommenda-
tion approach.

As the graph is created based on co–author relationships,
the highest results are usually returned for publications
written by the same authors as in the user click. However,
it is also possible to recommend articles authored by other
people when a person is a co–author of a publication and this
co–author wrote the article clicked by the user. Longer chains
are also possible.

B. ALGORITHM’S EFFICIENCY
Although widely applied, recommendation algorithms based
on graph processing and random walk algorithms (such
as PR) have some well–known drawbacks [65]. The most
commonly motioned issues indicate that there is a need to
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FIGURE 2. Overview of the proposed recommendation PR approach:
(a) assigning weights to edges taking into account the number of
downloads and views and the number of citations; (b) defining random
jumps vertices of the PR algorithm; (c) running the personalized PR;
(d) excluding vertices indicating the already visited publications; and
(e) sorting the results and choosing the first n items to recommend.

generate ranking scores on all candidate items at each step
for each user, which might lead to low efficiency,

A state of the EOSC environment was simulated to
assess how the proposed algorithm would handle large–scale
systems. In the experiment, the presence of both active and
less active users was assumed in EOSC. A subset of the
events (user actions) was generated for each simulated user,
indicating that the user had selected or opened a random
publication.

The characteristics of the simulated EOSC users and their
activities were as follows:

• 400 active users

– Between 5 and 15 random publication visits per
user.

– Publications may be repeated between users.

• 2000 occasional users

– Between 1 and 5 random publication visits per user.
– Publications may be repeated between users.

For the simulated data, the co–authorship graph with
weights was created and the algorithm VI-A was applied.
The aim of this effort was to investigate time efficiency, i.e.,
how long it takes to deliver recommendations for selected
simulated users, and coverage, i.e., what percentage of users
will receive recommendations.

The results of the experiment showed coverage of 97.4%,
which indicates that the recommendations were produced
for almost all users. Users with fewer visits may face no
recommended items when an author of a visited publication
wrote only a single paper (Section VII-A provides a more
detailed analysis of this issue),

Regarding time efficiency, the time required to generate
recommendations for simulated users took less than a second.
This response time has an acceptable rate. Moreover, the
configuration of PR parameters may influence the operating
time. Changing the maximum number of iterations and a
criterion to stop an iteration affects the time needed to provide
the output of the algorithm. However, at the same time,
lowering the PR algorithm parameters may result in less
accurate and diverse outcomes. What is even more important,
compared to an algorithm for scoring Internet websites, the
recommendation algorithm does not need to traverse the
entire graph. The smaller number of connections and random
returns to starting vertices result in more centred activity.

VII. EVALUATION
The evaluation approaches for a recommendation system
utilise both online and offline methods [38]. The offline
testing of a RS typically incorporates the previously collected
datasets (such as ACM, DBLP or CiteSeer in the academic
context) as a standardised benchmark to compare algorithms
across various settings [1]. Given the EOSC constraints,
including the historical data about users activity (presented in
Table 2 and data quality issues (described in Table 3), there
was no direct way to benchmark the proposed algorithm or
determine its performance against other published models.

In the case of an online approach, the user reactions or
subjective assessments concerning the presented recommen-
dations are measured. Interactions with real users can provide
additional information about the system’s performance and
usability. A user study is conducted by recruiting a set of test
subjects and asking them to perform several tasks that require
an interaction with the recommendation system [71].

A. OFFLINE EVALUATION
The main goal of the offline testing was to determine if
the proposed algorithm achieved its primary purpose, i.e.,
whether it alleviated the cold start problem in EOSC by
generating recommendations for each user visiting the EOSC
Portal.

A sample of real data representing user activity was
taken in the EOSC portal to evaluate the proposed method.
This sample was processed, and only the user activities
(UA) that represented a specific action called ‘‘visiting
the paper summary page’’ were extracted. As a result,
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the 1963 users who had visited one or more papers were
determined. Data were sampled from a seven–month period
from January 2023 toAugust 2023. Among all extracted users
(representing both registered and anonymous users), there
were 1560 (79.47%) people with single visits, 192 (9.78%)
with two clicks, and 211 (10.75%) with three or more viewed
publications.

The general evaluation procedure was as follows: for a user
taken from the sample above (or sub–sample), every visited
paper of this user was taken to build the co–authorship graph.
The algorithm was then run for the built graph. Finally, the
number of recommended (similar) publications for the user
was calculated.

In the first iteration, the algorithm was run for the whole
sample regardless of the number of clicks by each user (1963
users). The recommendations were offered to 1,296 users,
which is more than 66%. The moderate result is mainly due to
the fact that the majority of users visited only one publication,
and for some of these publications, there were no other papers
in the EOSC-OARG dataset written by the same author(s).

Next, we ran an algorithm on the subsamples for the
users categorised by the number of visited resources: single
publication visits, two publication visits, and three or more
visits. The detailed results are presented in the Table 4.

We also show the number of generated recommendations
to analyse the algorithm’s potential and present that usually,
more than a single recommendation is created. The results
indicate that more active users (the ones who viewed more
articles) are more likely to receive more recommendations.
This is because more clicks result in more authors and a
bigger co–authorship graph. Therefore, the probability of
the presence of the author(s) of the visited publication(s) is
higher.

TABLE 4. Evaluation details.

B. EXPERT EVALUATION
Two selected research communities from the fields of
medicine and computer science were invited to participate in
the evaluation of generated recommendations. They received
an evaluation survey.2 with a detailed description of the whole
evaluation process.

In the first step, a researcher (expert in a given field)
who decided to participate in the evaluation was asked
to provide a several selected publications from the EOSC
Portal concerning his/her research interests. Based on this,
the top 5 recommendations for similar publications were
generated using the PR algorithm described in the paper.

2https://forms.office.com/e/y30RqWawEe

In the second step, the 5 recommended papers were sent back
to the expert, who was asked to evaluate their relevance. The
scores were binary, which means that a ‘‘1’’ was given if
the recommended publication was adequate and a ‘‘0’’ if it
was not. This simple approach for assessing a publication’s
relevance followed a well-known pattern (i.e. like/dislike of
a resource), and it was also consistent with the EOSC portal
feature. In the future, a 5-rating scale is going to be introduced
to assess the level of experts’ feelings about the recommended
paper in a more nuanced way.

Eventually, the answers from 7 SMEs were used to
aggregate the scores and calculate the Average Precision@K
(AP@K) for K=1, K=3 and K=5 for each expert and
the Mean Average Precision@K (MAP@K) together for all
7 evaluations for K=3 and K=5. The AP@K measurements
are presented in table 5. MAP@3 is equal to 0.68 and
MAP@5 to 0.69.

TABLE 5. Evaluation metrics.

The results of the experts’ evaluation highlight a number
of conclusions. Firstly, the algorithm generated at least five
recommendations for each expert based only on their single
action. Furthermore, the top recommendation presented to
experts was satisfactory in five out of seven cases, which is a
very promising observation. The problemwas recommending
a single item that would meet the user’s requirements. Most
of the further recommendations were also relevant, as most
experts scored two out of three recommendations as accurate.
The experts originate from two distinctive research areas, and
even for less common scientific domains, the algorithm was
able to generate recommendations.

VIII. DISCUSSION
As the graph is created based on co–authorship, the publi-
cations with the highest results will usually be those where
the author is the same as in the clicked publications. For a
user whose clicked publications do not have a connection,
we cannot recommend another publication based on the
co–author network. In this case a user may receive general
recommendations, e.g., frequently clicked items, or based on
another feature, such as publications in the same field (if they
exist and if the field can be identified). It is assumed that there
should not be many such users in a real application because
a user usually clicks on more than one publication, and most
authors have another article in the dataset.

We can minimise the likelihood of the situation described
above by extending the original co–authorship graph with all
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publications recorded for each author presented in the graph
(that means we create an additional layer of the graph).

Adding weights affects the results of recommendations but
not as much as the distance from the initial vertices; in other
words, even if you add a very large weight to a node much
farther away from the algorithm’s restart locations, close
publications are usually still more likely to be recommended.
However, the weights allow you to influence the performance
of the algorithm and may contribute to favouring more
popular publications.

If a small number of publications appear on the graph,
there may be a situation where a specific publication visited
by a user is not connected by an edge with any other
publication. In this case, this publication is not considered
in the construction of the graph, thus the PR algorithm does
not return any recommendations. The evaluation conducted
indicates that such a situation occurs for about 34% of cases
where a user has visited only one paper so far.

In some cases, a separate subgraph may be created using
one of the clicked publications — publications in this small
subgraph may be more likely to get a recommendation.

In Figure 3, the black nodes are the starting points (visited
by the user) of the publications. The darker the green, the
higher the probability of a recommendation. In the small
subgraph (3 nodes), the connected nodes have a higher
probability than those in the larger part of the graph (even

FIGURE 3. Separate subgraphs based on co-authorship relations. Nodes
A and B are starting points; they represent publications selected by a
user. Nodes Ax have a higher recommendation probability than Bx, as Ax
belong to the smaller subgraph.

though they are at the same distance from the clicked
publication, for example, one edge). Those in the small
subgraph got a recommendation probability of 0.14, and
those in the large subgraph got 0.02.

Finally, unambiguous identification of the author is
problematic — there are often authors with the same name
and surname. There is an identifier called ORCID (‘‘ORCID
provides a persistent digital identifier (an ORCID ID) that
you own and control and that distinguishes you from all
other researchers’’), which can be used as an author ID.
Unfortunately, in a used dataset, authors rarely have an
ORCID assigned, or it is not present in the metadata of a
publication. Also, a problem occurs when a single author
has ORCID entered in some publications but not in others.
As a result, such an author can be classified as two different
people.

In the EOSC-OARG dump (version 4.2), there are
194762 authors with ORCID; the total number of authors
is approximately 1.52 million (approximately 12.8%). In the
EOSC, only for about 13% of the authors, the ORCID is
stated.When analysing theORCIDs assigned to the authors in
the dataset, it turned out that some values occur surprisingly
often. Table 6 shows the most common ones.

TABLE 6. ORCID Occurrences.

The first author is a suspicious case. ORCID refers to
Josiah Carberry, described as follows: ‘‘Josiah Stinkney
Carberry is a fictional professor, created as a joke in 1929.
He is said to still teach at Brown University and is known
for his work in ‘‘psychoceramics’’, the supposed study of
‘‘cracked pots’’.’’ [72].

Other authors are well-known researchers and scientists.
The second ORCID refers to David Nielsen from Arizona
State University, the third to Milton Love from the University
of California, the fourth to Jonathan Prag from the University
of Oxford and the fifth to Richard Robbins from Walter
Reed Army Institute of Research. These four individuals have
authored and co-authored numerous publications and boast
many citations.

IX. CONCLUSION
Notwithstanding this high use of RS, its proper design, devel-
opment, and operation remain challenging. The concepts and
approaches of the recommendations strongly depend on their
application [2], and certain challenges can have different
impacts in different domains [44].

As far as the academic world is concerned, the reasons
for such challenges in applying common recommendations,
methods, and techniques are twofold. Firstly, open academic
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datasets (such as OAG, Oarg, Aminer and DBLP) with
millions of author records, documents, citations, figures,
or tables are the basis for providing recommendation services
on academic platforms, including EOSC. These datasets
may often contain incomplete, inaccurate, or unsubstantiated
data [67]. Secondly, on academic platforms, information
about user activity and, therefore, user preferences can often
be obtained only from an analysis of user behaviour —
academics are reluctant to provide their interests, preferences,
or academic domain, especially when they do not see the
benefit of doing so.

Recommendation algorithms proposed for academia usu-
ally consider the researcher’s scientific field, activities, and
connections, such as co–author relationships or citation
results suggesting relevant items. However, these methods
rarely take into account the quality of the data. For example,
the use of a citation network, a common approach to increas-
ing academic RS capacity, is often limited by incomplete
information on references between articles. Social networks,
which are used to resolve more accurate links between users,
have been widely proposed to improve RS performance.
However, its use to deal with cold starts is questionable.
Firstly, building trust between the new platform and users will
attract their attention and activity. Secondly, matching a user’s
activity on one platform with their activity on another, such
as a social academic network, requires explicit user consent.

To conclude, we argue that in the case of cold start and
data sparsity scenarios, where the availability and quality
of information are the key factors, using the co–authorship
network is a promising solution, despite some issues with
proper author identification. The extended PR is an example
of such an algorithm to generate item–based recommenda-
tions. These recommendations can be shown along with the
item (publication) that a user visits.

The method proposed in this paper uses relationships
between the authors of the publications. In addition, it utilises
other available attributes of the articles that improve the
recommendations. These are citations, downloads, and view
numbers that, among others, indicate the popularity of the
publication. The initial evaluation of our algorithm indicates
that it considerably alleviates the problem of cold start
in EOSC.

X. SUMMARY AND FUTURE WORKS
The recommendation algorithm proposed in this article
will further enhance the intelligent recommendation features
currently available in EOSC–RS and may facilitate the
introduction of new capabilities, such as suggesting research
collaborations.

This paper presents the extended Page Rank algorithm to
alleviate the cold start and data sparsity problems in EOSC.
A cold start is a situation in which the recommendation
system cannot provide suggestions for users who have just
joined it or cannot recommend a resource that has been added.

We implemented an extended Page Rank algorithm based
on common author relationships. The evaluation results

confirmed its applicability to recommend papers on academic
platforms for various scientific communities, with users
occasionally using available resources. Furthermore, the
method proposed in this article can be adapted to other
domains that struggle with the number of active users, have
frequent data updates, and do not have the option to collect
rich information to recommend items apart from tracking user
behaviour (representing implicit feedback).

Future work will include combining the co–authorship
graph with additional information derived from publication
records (such as the similarity between papers) to offer
recommendations in case of missing authorship connections
in the graph. In parallel, we will conduct an in-depth usability
evaluation of the recommendation algorithms with real users.
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