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Unsupervised Machine Learning Approach to
Exploit University Partnership

Rooney R. A. Coelho, Roberto Lobo Silva Filho and José Roberto Cardoso

Abstract—This paper presents a novel approach to classify
higher education institutions based on unsupervised machine
learning. The paper classifies groups trough hierarchical clus-
tering, a data mining approach, where a tool for such analytics
is developed. The data are obtained from institutions rankings
analytics and then classified based on multiple similarity levels
without the need to specify previously the number of groups or
to label objects. The present paper suggests a novel approach
to exploit the cooperation between institutions, particularly for
international cooperation, such as research and student exchange,
to facilitate the discovery of potential partners. The authors
use as criteria for cooperation between universities the most
related objects according to the classification output. Such an
approach has keen applicability to exploit international cooper-
ation between universities, which is related to papers’ quality
and also improves an institution’s place in the ranking. The
paper also performs an example of an application, where an
Ibero-American research ranking is used to exploit universities
similar to authors’ university. There is also a correlation study
for every performance indicator used for the clustering step and
an overview Ibero-American higher education, that confirm the
obtained results. The authors believe such an approach reduces
institution managers’ efforts and time spent on this task, besides
maximizing the collaboration benefits.

Index Terms—Higher Education, Clustering, Performance An-
alytics, Institutions ranking, International cooperation.

I. INTRODUCTION

MANY higher education institutions (HEIs) have es-
tablished exchange programs with other institutions

around the world. International initiatives are risky and can
be costly not just financially but also in terms of time spent to
create connections and links to potential partners around the
world [1]. For many institutions, this exercise diverts attention
and resources away from pressing home-based issues [2].

Data mining is an effective tool for education and HEIs’
managers. Educational Data Mining (EDM) refers to the set
of techniques specialized in analyzing and extracting useful
knowledge from students’ data sourced in repositories of
distinct types. According to [3], some general applications
of EDM are the analysis of students’ activities and man-
agement of online courses, generate recommendations for
specific students, predict students’ grades, identify dropouts,
and model students. HEIs’ managers also use EDM to enhance
the institution indicators, maximizing funds, and improving
their overall performance.
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The work of [4] identified particular types of students based
on their progress in a learning platform over time through
clustering algorithms. The paper of [3] also uses clustering
to model student actions and then predict their actions based
on other students’ behavior, aiming to provide customized
tutoring for each student. Such authors claim such a model
can avoid students from making common mistakes. The work
of [5] uses EDM to maximize institutions’ rate of success,
i.e. the ratio between the number of students that start a
particular course of studies and the number of students that
complete it, making possible to avoid dropouts and use the
most appropriate strategy for such a student.

The present paper suggests a novel approach to exploit
the cooperation between institutions, particularly for interna-
tional cooperation, such as research and student exchange,
to facilitate the discovery of potential partners. The authors
use data mining applied to students’ learning analytics at the
institution’s level. For such, the authors developed an unsuper-
vised machine learning tool, where multiple similarity groups
are extracted from data, based on institutions’ performance
analytics. The authors believe such an approach reduces the
efforts and time spent on this task, besides maximizing the
collaboration benefits.

Empirical evidence on the role of homophily (the tendency
of individuals to associate and connect with similar others)
has been provided by sociological and economic literature,
showing how people prefer to connect, work, build relation-
ships and play with similar individuals [6]. According to [7],
the reciprocity (to give each other help and advantages) is
also a substantial factor for cooperation among non-relatives.
Desirable cooperation is when both individuals get benefits
from such cooperation, i.e. a bilateral (reciprocal) cooperation.
For instance, two hard-working individuals will support and
encourage each other in a group, leading to an outcome even
higher than the sum of the two effort levels combined [6].
As claimed by [2], dealing with difference is difficult and
time-consuming, people work most comfortably with similar
others, and so university staff may choose to team up with
those who have similar systems, viewpoints, and/or perspec-
tives to themselves. Cooperation between universities can also
be unilateral when both have highly discrepant performance
indicators. This paper intends to exploit promising university
partnerships based on the institutions’ similarity to achieve the
best bilateral cooperation.

Internationalization in HEIs is defined as the process of
integrating an international and intercultural dimension into
the teaching, research, and service functions of the institutions
to improve the quality of education and research for students,
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faculty and the society in its whole. In other words, the
internationalization of HEIs is explained as the process of inte-
grating the institution and its key stakeholders, such as students
and staff, into a rapidly changing and globalizing world. The
benefits of international collaboration may depend upon the
nation with which it collaborates. On average, countries with
lower citation’s impact profits more from collaboration that
higher impact countries [8]. This shows a certain imbalance
for collaboration and leads to lower impact countries to get a
citation impact greater than their genuine capabilities by the
collaboration with higher impact countries. The collaboration
with disapproved countries can also cause a loss of citation
impact [9]. Despite the complexity, the internationalization
of HEIs attract the most talented student body and enhance
the competitiveness, increasing the international prestige of
the institution. International alliances are also an efficient
strategy for acquiring funds [10]. According to [11], one
way of accelerating the transformation into a world-class
university is to use internationalization strategies effectively.
The timing is appropriate, since, with the ease of mobility and
communications, international collaboration is gaining new
dimensions and can be carried out efficiently at lower costs
than for those that focused on this activity in the last century.

Ibero-America is a region in the Americas involving coun-
tries or territories where Spanish or Portuguese are predom-
inant languages, usually former territories of Portugal or
Spain. This paper used the following countries as the Ibero-
America: Andorra, Argentina, Bolivia, Brazil, Chile, Colom-
bia, Costa Rica, Cuba, Dominican Republic, Ecuador, El
Salvador, Guatemala, Honduras, Mexico, Nicaragua, Panama,
Paraguay, Peru, Portugal, Puerto Rico, Spain, Uruguay, and
Venezuela. The authors did not consider Equatorial Guinea
for the paper’s results, which is an African country usually
included in Ibero-American political groups.

Analyzing the international exchange programs in the Ibero-
American HEIs, it is already verified that they show a level of
collaboration with each other with greater intensity than with
other regions of the world, except for the exchange with coun-
tries scientifically on the frontier of knowledge. Because of the
cultural and linguistic similarity, the increase in international
exchange between Ibero-American countries can generate not
only greater integration between them, but also make them
more competitive scientifically and technologically with the
reality of the leading countries. For this reason, we raise in
this work the affinities between institutions in these regions of
the world with the intuition of being a guide and a reference
to facilitate the identification of possible partners among HEIs
in these countries. Increasing international collaboration is an
important strategic step to strengthen the presence of Ibero-
American HEIs on the international stage and to encourage
some of them to participate in the select group of world-class
universities.

II. EXPLOITING DATA TROUGH UNSUPERVISED MACHINE
LEARNING

Clustering is a machine learning method for partitioning a
data set into groups. It is an unsupervised learning approach,

which needs no supervision of the model to achieve the
result; it reveals information from unlabeled data. There are
partitioning and hierarchical clustering.

Figure 1 illustrates the fundamental concept of clustering
methods, which is to identify groups in a multidimensional
space where observations, or samples, have similar features
inside groups and dissimilar between each group [12].

Cluster

Between-cluster
variation

Within-cluster
variation

Fig. 1. The fundamental concept of clustering methods.

Partitioning clustering, such as k-means, is a clustering
method used to classify observations, within a data set into
distinct groups based on their similarity. It classifies objects
into multiple groups or clusters, such that objects within the
same cluster are as similar as possible, whereas objects from
different clusters are as dissimilar as possible [13]. Such a
method orders the analyst to provide the instruction about the
total of clusters as preceding information.

Hierarchical clustering is an alternative approach for group-
ing objects based on their similarity. In contrast to partitioning
clustering, it does not require pre-specifying the resulting
number of clusters. According to [14], there are two funda-
mental types, the Agglomerative and Divise clusterings. For
the Agglomerative clustering, one considers each observation
as a particular cluster, or leaf, being the most similar clusters
merged until there is just one main cluster or root. The
literature refers to such a method as AGNES (Agglomerative
Nesting). The Divise clustering is an inverse procedure of the
former; it starts at the root where it incorporates all objects in
the same cluster, being the most heterogeneous clusters then
divided until all observations are in their own cluster. The
literature refers to this method as DIANA (Divise Analysis).
Agglomerative clustering is desirable to identify small clusters
and Divisive clustering to large clusters [13].

According to [15], the advantages of hierarchical clustering
are the visualization of the structure of similarities in a
convenient form, the capability to model taxonomic classi-
fications, and the bunch of interpretation tools at the level of
entities, variables, and variable covariances. As a disadvantage,
the model requires massive computations related to finding
minimum distances at each step.

This paper uses AGNES to a data set composed of 1695
samples of 15-dimensional space. Each sample is an Ibero-
American university, and each dimension is a performance
indicator extracted from [16], the SCImago Ibero-American
Ranking (SIR Iber). Such an approach produced better detail
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about groups when contrasted to a partitioning cluster. The
following subsections detail the method configuration.

A. Preparing the data

The cluster method uses distance measures between sam-
ples, thus the scale of each variable affects its accuracy. One
needs to scale variables before the computation of dissimi-
larities between samples. When the variables have different
scales, the lack of scaling results in an altered dissimilarity
measure, which does not describe accurately the distance
between samples. Summarizing, the purpose of scaling is to
make variables comparable, such a procedure often results in
every variable of the data set with mean zero and standard
deviation one. This paper standardized the data set before
clustering.

Some data entries can be missing because of various reasons
such as difficulties in obtaining data, or because of inaccuracy
in data collecting or maintaining, or because of deficiencies
in data-producing devices [15]. The analyzed data set has no
missing values, and it requires no special treatment.

B. Computing dissimilarity information

Computing the similarity of vectors is a common opera-
tion in machine learning, with many choices available. The
common choices are cosine similarity, the Pearson correla-
tion coefficient, and Euclidean distance (transformed into a
similarity measure by subtraction) [17]. To classify objects,
one computes the distance or the dissimilarity between each
pair, known as dissimilarity or distance matrix. The choice
for distance measures has remarkable importance and a deep
influence on clustering results. According to [13], the most
common measure is the Euclidean distance, but when one
seeks overall profiles regardless of their magnitudes, the
favored choice is correlation-based dissimilarity measures.
Measures based on Euclidean distance gathers objects with
prominent value features, where correlation-based measures
gather objects which have correlated features, despite their
magnitudes. An example of correlation-based distance is the
Pearson distance.

The results when applying correlation-based distances pro-
duced large clusters, as this paper intends to exploit smaller
clusters, the authors used the Euclidean distance for dissimi-
larity measures.

C. Linkage function

The linkage function applies the distance between objects
and groups them in pairs based on their similarity. Therefore,
this function links those initial clusters to generate bigger
clusters. Such procedure repeats until the function links every
object of the data set jointly on a hierarchical tree. There are
several linking methods, this paper adopts Ward’s minimum
variance method, which minimizes the total within-cluster
variance [13].
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Fig. 2. Dendrogram example.

D. Interpretation of the data

A Dendrogram is a visual representation of a cluster hier-
archy as a tree diagram where nodes correspond to clusters,
positioned along a vertical axis where the height of a parent
node is always greater than its child nodes. Leaves of the
hierarchical tree are data set objects and their branches com-
bine similar objects. Such structure fuses branches at a higher
vertical axis high, which illustrates the dissimilarity between
objects or clusters. The higher the height of the fusion, the
less similar the objects are, where the root of the tree is on
the top of the structure and represents the greater dissimilarity
between nodes. The horizontal distance between objects or
clusters has no relationship with the similarity of objects, only
the height where branches are first fused.

Figure 2 illustrates a Dendrogram to classify 8 objects into
a hierarchical structure. Objects merged at a lower high are
more similar, e.g., objects 1 and 2 are similar, this cluster
is less similar than object 3 and the left-hand side cluster
has no similarity with the right-hand side objects of the tree.
As illustrated in the figure, there are several clusters with
a hierarchical correlation, i.e. different levels of similarity
between objects. The vertical axis uses a scale for a height
expression (dissimilarity), which is a function of the distance
measure.

It is hard to visualize a dendrogram with a massive volume
of data, as this paper case study. Therefore, one can aim at an
interest region and make a dendrogram of part of the structure.
In this paper, the authors analyzed the universities most
related to our university to exploit partners for international
cooperation. Every cluster of the tree has a centroid that
expresses the profile of the gathered objects. For this paper’s
case study, the centroids inform the profile of the university
group similar to our university.

III. SCIMAGO IBERO-AMERICAN INSTITUTIONS RANKING

The SCImago Institutions Rankings is a classification of
academic and research-related institutions, based on a com-
posite calculation factor that combines three distinct indicators
sets based on research performance, innovation outputs, and
societal impact. This paper uses essentially the SCImago
Ibero-American Ranking (SIR Iber) [16], but it also employs
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the SCImago World Ranking (SIR World) [18] to describe
the Ibero-America higher education at a world context. Such
rankings intend to contribute to decision-making processes and
for strategies elaboration, aiming to consolidate the research of
HEIs. SCImago is a research ranking, but there are alternative
rankings that consider other aspects for the institutions’ com-
parison, such as teaching indicators, professors qualification,
graduate employability, industry income, and even Nobel Prize
awards.

The 2019 SIR Iber report offers a classification of in-
stitutions according to the number of published works in
Scopus in the five years between 2013-2017 and analyzes
HEIs performance based on three major factors: Research,
Innovation, and Social Impact. SIR Iber [16] is the metric used
in this paper for comparing distinct institutions and categorize
them through their similar qualities. The following subsections
describe such performance indicators.

A. Research

1) Output (O): The total number of documents published
in academic journals indexed in Scopus. Figures 6a and 6b
illustrate countries’ performance for such indicator.

2) International Collaboration (IC): Percentage of insti-
tution’s output produced in collaboration with foreign insti-
tutions. The values are computed by analyzing an institu-
tion’s output whose affiliations include more than one country
address. It does not depend on the size of the institution.
Figure 6e, calculated as Oi · ICi/

∑
k Ok, where i and k and

institution’s index for the same country, illustrates countries’
percentage papers with IC.

3) Normalized Impact (NIwL): The relationship between an
institution’s average scientific impact and the world average.
It is a normalized metric for citations of an institution based
on its leadership output. It does not depend on the size of the
institution.

4) High-Quality Publications (Q1): The number of pub-
lications that an institution publishes in the most influential
academic journals of the world.

5) Excellence (Exc): Shows the amount of an institution’s
scientific output that is included in the top 10% of the most
cited papers in their respective scientific fields.

6) Scientific Leadership (L): The percentage of an institu-
tion’s output as the main contributor, i.e., the number of papers
in which the corresponding author belongs to the institution.

7) Excellence with Leadership (EwL): The percentage of
documents in excellence in which the institution is the main
contributor. It does not depend on the size of the institution.
Figure 6f, calculated as Oi ·EwLi/

∑
k Ok, where i and k and

institution’s index for the same country, illustrates countries’
percentage papers in excellence and as the main contributor.

8) Scientific Talent Pool (STP): The total number of differ-
ent authors from an institution in the total publication output
of that institution during a particular period.

9) Open Access (OA): The percentage of documents pub-
lished in Open Access journals with or without a publication
fee.

10) Not Own Journals Output (NotOJ): The number of
documents not published in the institution’s own journals.

11) Own Journals (OJ): The number of journal papers
published by the institution publishing services.

B. Innovation

1) Innovative Knowledge (IK): Total scientific publication
output from an institution cited in patents.

2) Technological Impact (TI): Percentage of the scientific
publication output cited in patents. It does not depend on the
size of the institution.

3) Patents (PT): The number of patent applications. Figures
6c and 6d illustrate countries’ performance for such indicator.

C. Societal impact

The SIR Iber report does not exhibit numbers for this
category. There are three societal impacts variables, that ex-
amines the patterns of the published scientific information
over the internet. This category describes an institution’s
scientific production visibility and its reputation, measuring
the repercussion based on citations in Twitter, Facebook,
blogs, news, and also comments in Reddit, Slideshare, Vimeo,
YouTube [16]. This category also uses the institution’s network
technical information, as the number of pages associated with
its URL. To include this category as a parameter for the
machine learning procedure, the authors used the institution
ranking in its own country, which is calculated based on such
factors and is available at the report.

D. Ibero-America at a world context

This section explains the Ibero-American countries’ profile
and also contextualizes in a world context. The comprehension
of such characteristics is important because the paper uses
Ibero-American institutions for the case study, thus the reader
will be able to completely understand the proposed results.

SIR World (HE)

Fig. 3. Percentage of the world’s noteworthy institutions per region according
to the SCImago World Ranking.

Ibero-America is composed of Latin America, Spain, and
Portugal. Latin America has a higher number of institutions
with a distributed academic production, in contrast, Spain and
Portugal concentrate their production in fewer institutions. In
the Higher Education sector, Latin America is the fourth region
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according to the number of institutions positioned in SIR
World, behind Asia, Western Europe, and North America. SIR
World is concentrated only in the most notable institutions.

Figure 3 expresses the SIR World ranking [18] for HEIs per-
centage distribution for each world region. Aiming to the top
of the ranking, one can observe the world’s best institutions.
Figure 4 describes the Top 100 institutions by the world region
for such a ranking. There are 106 universities, where six of
them have the same position at the ranking. Note there is no
university from Africa, Eastern Europe, and the Middle East
at the top of the ranking. The only Ibero-American university
at the top of the ranking is the University of São Paulo (BRA),
also representing Latin America (countries are referred to in
this paper trough ALPHA-3 ISO 3166 [19]). The Figure also
illustrates the most significant countries in each world region.

Western
Europe

      26.42%

Latin
America

AUS
4.72%CHN

16.98%

GBR
6.60%

NLD
5.66%

FRA
2.83%

CHE
2.83%

BRA
0.94%

North
America
45.28%

USA
41.51%

Asia
22.64%

Pacific

SIR World (HE)
Top 100

Fig. 4. The SCImago World Ranking Top 100 HEIs.

The world’s top HEIs according to SCImago is Harvard
University (USA), followed by the Massachusetts Institute
of Technology (USA), Stanford University (USA), Tsinghua
University (CHN), and the University of Oxford (GBR).
Research institutions like the Chinese Academy of Sciences
(CHN) and the Centre National de la Recherche Scientifique
(FRA) have even higher performance indicators, but are not
Higher Education Institutions, thus they are not used as a
comparison basis in this paper. The University of São Paulo
(BRA) is ranked in the first place in SIR Iber and 31st at
the global ranking for higher education institutions. The next
Ibero-American institution at the SIR World is the Universitat
de Barcelona (ESP) at the 119th place.

Figure 5 compares the world’s top-ranked institution, i.e.,
Harvard University, with the Ibero-Americas top-ranked in-
stitution, i.e., University of São Paulo. The performance
indicators are graded between 0–100% to ease comparison,
those indicators also consider research institutions for the
normalization. As one observes, the Ibero-America has a great
challenge to match the world’s top universities, especially in

Fig. 5. Comparison between the Ibero-America’s top-ranked institution with
the world’s top-ranked institution (higher education).

terms of innovation factors like patents.
The Ibero-American countries where the total HEIs pro-

duction exceeds 50,000 papers in the five-year period are
composed of Brazil, Spain, Portugal, Mexico, Chile, Ar-
gentina, and Colombia. The countries with higher publication
density are Spain, Portugal, and Chile with the publication
concentrated in fewer institutions. Brazil and Mexico have the
highest proportion of institutions, ranking first and fourth place
respectively for the number of documents published in Latin
America. Argentina and Colombia have similar participation
in terms of production, although in Colombia there is a
considerably higher number of institutions.

Figure 6 and Tab. I describe countries’ profiles for several
performance indicators. The country with higher Output is
Brazil, followed by Spain and Portugal. Concerning the coun-
try size, the higher publication per capita is from Portugal,
succeeded by Spain and Chile. The country with a higher
number of Patents is Spain, followed by Brazil and Mexico.
For a per capita analysis for the patents, Spain is again
the best rated, followed by Portugal and Chile. Brazil is the
Ibero-American country that less publishes with International
Cooperation, followed by Mexico and Argentina; the coun-
tries which publish more with international cooperation are
Andorra, Bolivia, and the Dominican Republic. Proportionally,
the countries with the most notable leadership in world-class
articles are Spain and Portugal; Latin America’s most relevant
countries have a similar profile.

The language similarity is a factor that supports interna-
tional cooperation, the great part of Ibero-America is a Spanish
speaker, except Brazil and Portugal. It is also reasonable to
consider international collaborations occur mainly between
neighbors. Thus, a country that belongs to a low impact region,
such as Latin America, has fewer benefits from international
collaboration and would aim at a national level collaboration
instead, as Brazil usually performs. According to [9], this
neighborhood effect can be overcome by collaborating with
countries farther away and thus increasing the gains in citation
impact.

E. Correlation between SIR Iber indicators

When data have two or more variables, it is convenient to
describe how they vary jointly as a measure of its relationship
[20]. When higher values of one variable correspond to higher
values of the other variable, and the same holds for the
minor values, (i.e., variables show analogous behavior), the
correlation is positive. For an opposite behavior, such as the
higher values of one variable corresponds to lesser values for
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(a) Total countries’ journal papers. (b) Countries’ journal papers per capita.

(c) Total countries’ patents. (d) Countries’ patents per capita.

(e) Countries’ percentage output with international collaboration. (f) Countries’ percentage of excelent paper leading research.

Fig. 6. Ibero-American countries’ analysis for the 2019 SIR Iber.
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TABLE I
COUNTRIES’ INDICATORS COMPARATIVE BOARD

Country O O (PC) PT PT (PC) IC EwL

AND 19 2.47E-4 0 0 94.74% 5.26%
ARG 63100 1.43E-3 159 3.59E-6 41.00% 3.64%
BOL 1015 9.19E-5 0 0 90.05% 1.67%
BRA 486095 2.32E-3 2209 1.06E-5 26.82% 3.55%
CHL 72067 3.99E-3 499 2.76E-5 55.30% 4.32%
COL 53563 1.09E-3 232 4.73E-6 42.89% 2.58%
CRI 3815 7.78E-4 17 3.47E-6 69.33% 4.25%
CUB 5777 5.03E-4 20 1.74E-6 56.64% 1.64%
DOM 333 3.09E-5 0 0 88.29% 1.50%
ECU 9398 5.65E-4 6 3.61E-7 71.75% 4.12%
SLV 208 3.26E-5 0 0 76.44% 1.44%
GTM 664 3.93E-5 0 0 81.78% 0.90%
HND 318 3.43E-5 0 0 81.76% 0.00%
MEX 114209 8.84E-4 1074 8.31E-6 36.78% 2.89%
NIC 267 4.29E-5 0 0 87.64% 1.87%
PAN 558 1.36E-4 0 0 75.99% 1.25%
PRY 783 1.15E-4 0 0 64.24% 1.66%
PER 9145 2.84E-4 189 5.88E-6 57.10% 2.22%
PRT 140107 1.36E-2 486 4.72E-5 47.25% 7.03%
PRI 5681 1.78E-3 11 3.44E-6 69.76% 4.05%
ESP 408731 8.76E-3 2957 6.34E-5 44.95% 7.46%
URY 5843 1.69E-3 7 2.02E-6 62.90% 4.48%
VEN 8122 2.54E-4 0 0 50.62% 1.72%

PC is an abbreviation for per capita and “E” represents a
scientific notation.

the second variable, thus the correlation is negative. A null
correlation shows that there is no linear relationship between
variables. The values of the correlation coefficient can range
from [-1,1] and the closer from its limits, the more related are
the two variables.

A correlation matrix is a table presenting the correlation
coefficients between variables. Each cell on the table exhibits
the correlation between the two variables. It has the advantage
to summarize a massive amount of data and reveal its patterns.
The correlation matrix is symmetrical and its diagonal is equal
to 1, so a better representation of it is to display only a
triangular matrix without its main diagonal. It is also common
to display the correlation between variables together with a
diverging color map, a strong color intensity for the magnitude,
and a distinct color for negative values.

Figure 7 presents the correlation between SCImago Iber per-
formance indicators. For [21], every quality indicator makes
up particular views of quality that might complement one
another, significant correlations between indicators from dis-
tinct categories support such interpretation. The performance
indicator that enhances more indicators is O, thus to an HEI
get a better position in SIR Iber it has to publish more. The
amount of patents (PT) does not depend on IC but on internal
cooperation (STP) and overall publications indicators such as
O and IK. This paper aims at international cooperation (IC)
influence on the other performance indicators. The IC does
not influence the number of papers, but its overall quality
(Q1) and its relevance in a world level context, measured
as the excellence indicator (Exc). The more the universities

have international cooperation, the better is the quality of its
papers. A higher IC also boosts other indicators, improving
the institution’s position at the ranking.

Fig. 7. The correlation matrix for SIR Iber.

IV. CASE STUDY

This section applies a hierarchical clustering to the SCImago
Ibero-American universities ranking (SIR Iber) [16]. Thus,
the authors intend to classify trough unsupervised machine
learning the institutions with a similar profile to our university
with several similarity levels, and apply such classification as
criteria for exploiting universities partnership in special the
international collaboration between institutions. The authors
used USP and SIR Iber merely as an example. Such an
approach is valid for every institution and every kind of
ranking to exploit partnerships between institutions, not only
international cooperation.

The following subsection describes our university to a better
comprehension of its position at the Ibero-America.

A. Description of Our University

The University of São Paulo (USP) is a public university,
maintained by the Brazilian State of São Paulo and affili-
ated with the State Secretariat of Economic, Scientific and
Technological Development. Various world rankings, created
to measure the quality of universities according to various
criteria, in special those related to scientific productivity, have
recognized USP as the most important university in Latin
America. The university has about 100,000 students (40%
graduate students) and over 5,600 professors distributed on
8 campuses in the State of São Paulo.

Since its foundation in 1934, USP has a major position
in supporting country research, whether in the scientific,
technological, or social field. The university contributes over
20% of all scientific production in Brazil. USP, as the major
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institution of higher learning and research in Brazil, educates
a vast part of Brazilian Masters and Ph.D.’s. The university
has an International Cooperation Office whose aim is to pro-
mote students, faculty, and researchers’ mobility by enhancing
cooperation and helping with mobility logistics. Nowadays,
USP has over 1,000 international agreements with several
institutions all over the world. Students and faculty members
enjoy a multicultural environment with people of different
cultural backgrounds.

USP is at the top of SIR Iber and 31st place at SIR World
Ranking for Higher Education, being the only Ibero-American
HEI at the Top 100 institutions.

B. General considerations

The authors achieved paper’s results through the R pro-
gramming language, which is an environment for statistical
computing and graphics [22]. Such a language provides a wide
variety of statistical and graphical techniques and has several
packages with specialized functionalities. The R packages
factoextra, FactoMineR and cluster aided this section results.

For the data input, the authors first converted the SIR Iber,
which is a report available as a “pdf” file, to a spreadsheet
format. For the data input, the file text is processed, formatted,
and then converted. An R script reads the spreadsheet as an
input. The data is then scaled, such that distinct variables
are comparable. The authors used the agnes function of the
R cluster package to calculate the Euclidean distances and
perform the Hierarchical Clustering, using the Ward method
as the linkage function.

TABLE II
THE L1 SIMILARITY GROUP OF FIG. 8.

Index Country Organization

2 PRT Universidade de Lisboa
6 PRT Universidade do Porto
4 ESP Universitat de Barcelona
8 ESP Universitat Autonoma de Barcelona
5 BRA Univ. Estadual Paulista Julio de Mesquita Filho

10 BRA Universidade Federal do Rio de Janeiro
11 BRA Universidade Federal do Rio Grande do Sul
7 BRA Universidade Estadual de Campinas

13 BRA Universidade Federal de Minas Gerais
16 ESP Universitat Politecnica de Catalunya
21 ESP Universitat Politecnica de Valencia
19 ESP Universidad de Sevilla
23 ESP Universidad Politecnica de Madrid
3 MEX Universidad Nacional Autonoma de Mexico
9 ESP Universidad Complutense de Madrid

C. Results

According to section IV-A, our university is very big and
with a large number of students and professors at several cities
of the State of São Paulo. Part of its unique performance
features when compared to other institutions is because of its
size, but not limited to it.

A Dendrogram illustrates a hierarchical tree, the resulting
data structure of the hierarchical cluster. To visualize results,

the tree is cut such that only clusters related to our university
are concerned. Figure 8 shows a section of the tree’s Dendro-
gram concentrated on universities related to USP (object 1),
where the entire right-hand side of the tree is neglected. Two
clusters represent distinct similarity levels and the other branch
of the tree, for universities with an insignificant correlation.
The tree’s left-hand side branch has 96 objects and the other
branch has 1599 objects. Each object of the Dendrogram is
an Ibero-American HEI. As Fig. 8 illustrates, this branch
has 3 subgroups, USP, L1 Similarity, and L2 Similarity, that
concerns to the similarity level. The group L1 has 15 and
L2 has 80 universities. Table II identifies each object of the
L1 Similarity group, which represents USP’s most related
universities for SIR Iber. The Index column is the label of
Fig. 8 and its values are ordered based on SIR Iber. Table III
identifies each object of the L2 Similarity group through the
same mode as the former.

The totality of international institutions of the L1 Sim-
ilarity group already collaborates with our university and
60.4% of the L2 Similarity. Such a study reveals that L1
universities’ collaboration could be enhanced with the most
appropriate bilateral exchange and scholarship policies, being
L2 universities candidates for the strengthening of relations
or novel candidates for collaboration. The dominant part of
international institutions exploited in the study is from Spain
(55%), followed by Mexico (12%) and Portugal (9%).

The Euclidean distance is the measure for the distance
between objects, which is dimensionless for a scaled data
set. Concerning to Fig. 8 objects, the Euclidean distance
between 16 and 21 is 1.8; between 16 and 19 such a distance
is 2.8, i.e. 16 is more similar to 21 than 19. Through the
former example, it is clear that the hierarchical tree classifies
objects based on their similarity, the height expression of
the Dendrogram depends on the Euclidean distance. Another
important observation is that a clustering method explores
similar universities not merely based on a ranking, but through
a deeper investigation of their features. Each index of Fig.
8 is ordered according to the Ibero-American ranking of a
university, and most similar universities are not successive
indexes.

It is not possible to visualize a scatter plot, such as a
cluster plot, for over three dimensions. Our problem has 15-
dimensional and such a visualization is prohibitive. Principal
Component Analysis (PCA) considers that the directions with
the largest variances are the most relevant, then it reduces
the original number of variables into principal components
through reducing redundant variables [13]. Such an analysis
makes it possible to plot a multivariable space in terms of two
dimensions according to the first two principal components
coordinates. For example, the 15-dimensional space of the
current problem turns into 5 principal components (over 70%
accumulated variance criteria) and the two components with
the higher variance are the plot axis coordinates

Figure 9 shows a cluster plot for the data set in terms of
the two most relevant principal components, that explain most
of the variance, the first component (Dim 1) has 37.1% of the
total variance and the second component (Dim 2) has 14.7%
of the total variance, which is over 50% of total variance for a



9

USP

To main branch

L1 Similarity L2 Similarity

Fig. 8. The case study resulting Dendrogram.

TABLE III
THE L2 SIMILARITY GROUP OF FIG. 8.

Index Country Organization Index Country Organization

12 ESP Universitat de Valencia 37 BRA Universidade Federal de Pernambuco
15 ESP Universidad Autonoma de Madrid 46 BRA Universidade Federal do Ceara
17 ESP Universidad del Pais Vasco 54 BRA Universidade Federal do Rio Grande do Norte
22 PRT Universidade de Coimbra 40 BRA Universidade Federal de Sao Carlos
26 ESP Universidad de Zaragoza 43 BRA Universidade Federal de Santa Maria
18 ARG Universidad de Buenos Aires 44 BRA Universidade Federal de Vicosa
24 BRA Universidade Federal de Sao Paulo 63 ESP Universidad de Cantabria
27 BRA Universidade Federal de Santa Catarina 71 ESP Universidad de Alcala
34 BRA Universidade de Brasilia 73 ESP Universidad de Extremadura
25 PRT Universidade do Minho 80 ESP Universidad Rey Juan Carlos
29 PRT Universidade de Aveiro 85 ESP Universidade da Coruna
31 PRT Universidade Nova de Lisboa 98 ESP Universidad de Cadiz
38 ESP Universidad de Oviedo 96 ESP Universidad de Jaen
42 ESP Universitat Pompeu Fabra 89 MEX Universidad Autonoma de Nuevo Leon
56 ESP Universitat Rovira i Virgili 95 MEX Benemerita Universidad Autonoma de Puebla
14 ESP Universidad de Granada 94 MEX Instituto Tecnologico y de Estudios Superiores de Monterrey
20 CHL Universidad de Chile 102 CHL Universidad de Santiago de Chile
30 BRA Universidade Federal do Parana 444 PER Universidad Nacional de Ingenieria, Peru
28 CHL Pontificia Universidad Catolica de Chile 39 BRA Universidade Federal Fluminense
32 COL Universidad Nacional de Colombia 51 BRA Universidade do Estado do Rio de Janeiro
45 ESP Universidad de Salamanca 55 BRA Universidade Federal da Bahia
47 ESP Universidad de Murcia 41 ARG Universidad Nacional de La Plata
53 ESP Universidad de Navarra 57 ESP Universidad de La Laguna
66 BRA Universidade Estadual de Maringa 68 ARG Universidad Nacional de Cordoba
70 COL Universidad de Antioquia 91 BRA Pontificia Universidade Catolica do Rio Grande do Sul
82 COL Universidad de los Andes, Colombia 69 URY Universidad de la Republica
92 ESP Universidad Nacional de Educacion a Distancia 74 PRI Universidad de Puerto Rico
113 VEN Pontificia Universidad Javeriana 59 BRA Universidade Federal de Goias
210 ESP Universidad del Zulia 65 MEX Universidad Autonoma Metropolitana
33 ESP Universidade de Santiago de Compostela 77 BRA Universidade Federal de Lavras
48 ESP Universidad Carlos III de Madrid 99 BRA Universidade Federal Rural de Pernambuco
50 ESP Universidad de Malaga 60 BRA Universidade Federal da Paraiba
52 ESP Universidade de Vigo 67 BRA Universidade Federal de Pelotas
49 ESP Universidad de Castilla-La Mancha 76 BRA Universidade Federal do Espirito Santo
62 ESP Universidad de Cordoba 78 BRA Universidade Federal do Para
64 ESP Universidad de Valladolid 72 BRA Universidade Federal de Uberlandia
58 ESP Universitat d’Alacant 81 BRA Universidade Estadual de Londrina
61 CHL Universidad de Concepcion 90 MEX Universidad de Guadalajara
35 MEX Cent. de Inv.n y de Estud. Avanzados del IPN 79 BRA Universidade Tecnologica Federal do Parana
36 MEX Instituto Politecnico Nacional 104 BRA Universidade Federal de Sergipe

15 variables space. The authors used PCA only for the cluster
plot, where the cluster’s computation does not involve such
an approach. The figure illustrates two main clusters where

the first is divided into three groups, USP, L1 Similarity, and
L2 Similarity, which are the objects of the left-hand side of
the hierarchical tree. The other group represents objects of the
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TABLE IV
COMPARATIVE BOARD FOR CLUSTERS CENTROIDS REFERRED TO USP.

Cluster

O IC NIwL Q1 Exc L EwL STP IK TI PT OA Not OJ OJ

QT QL QL QT QT QL QL QT QT QL QT QL QT QT

USP 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
L1 -68,03% 17,94% 18,96% 8,82% 24,19% 1,60% 36,02% -73,67% -56,00% 39,80% -40,00% -12,19% -67,07% -65,29%
L2 -88,94% 10,94% -0,23% -1,98% 8,94% 0,21% 7,93% -90,25% -87,51% 4,72% -77,93% -9,89% -88,65% -86,73%

Other -99,59% 8,50% -48,44% -42,05% -48,12% -20,93% -65,33% -99,62% -99,76% -58,92% -99,47% 4,26% -99,58% -99,58%

Fig. 9. Cluster plot of Fig. 8 groups and the remaining branch.

right-hand side, which is the other branch of the tree. By the
analysis of such a figure, one notes the L1 Similarity cluster
is closer to USP than L2 Similarity, being the similarity of the
right-hand side of the tree insignificant.

As performed in [23], the analysis of a centroid expresses
the cluster objects profile since the within-cluster variation
is minimal. Our university leads SIR Iber, thus a compari-
son of centroids is also a comparison with the top of the
ranking. Such analysis is an important tool to understand
the relationship between groups in an unsupervised machine
learning approach. Table IV illustrates the centroids’ behavior
when contrasted to USP, the table expresses the deviation of
clusters’ centroids and our university indicators. The “L1”
and “L2” rows mean the L1 and L2 similarity clusters’
centroids and “Other” means the other branch of the tree.
There are quantitative (QT) and qualitative (QT) variables for
SIR Iber, where QT depends on the institution size and QL
does not, merely 6 of 14 table’s variables are independent of
the institution size.

Some significant conclusions of such investigation, the L1
group has higher international collaboration, citations number,
quality and excellence (including as the primary author), and
technology impact. L2 shares similar features with L1 in a
lower grade, but without papers at the most cited in a scientific
field. The L2 group has a weaker innovation capacity when
compared to L1, maybe because of their institutions’ size, but
has a remarkable percentage of papers cited in patents. The

Other group has inexpressive performance indicators but is the
group that more publishes in Open Access Journals with an
expressive international collaboration, without leading, i.e. as
a paper collaborator. The former case shows that the major
part of the Ibero-American institution performs a unilateral
international collaboration, without leading researches, and is
not aimed at patents and technological innovation.

V. CONCLUSION

This work presented a novel approach to explore coopera-
tion between institutions. Thus, the authors applied hierarchi-
cal clustering to group institutions with similar qualities. This
approach, which is based on unsupervised machine learning,
extracts characteristics from the data set itself, without the
need to specify previously the number of clusters or to label
objects.

As an example, the authors applied the procedure to SIR
Iber, which is a research ranking, to exploit institutions
similar to USP, our university. The procedure is also valid
for every kind of ranking and institution. As a result, the
paper proposes several institutions with distinct similarity
levels as candidates for partnership. The procedure discovers
the university’s potential cooperation partners. If universities
deriving from the procedure are already partners, they could
have an improvement of the bilateral interchange of students
and scholarship policies. Thus, this paper suggests a valuable
tool for HEIs managers, reducing the efforts and time spent
on this task, besides maximizing the collaboration benefits.

International collaboration enhances citation impact and
collaborating with other countries increment the citations
received from it [24]. Moreover, it attracts the most talented
student body and enhance the competitiveness, increases the
international prestige of the institution, is an efficient strategy
for acquiring funds [10], and a way of accelerating the
transformation of an HEI into world-class [11]. The performed
correlation study confirms that such collaboration improves
the quality of publications and their relevance in a world-
class context. Furthermore, it also boosts other performance
indicators, improving the institution’s position at the ranking
beyond other benefits.

The authors believe the proposed tool is also of great
value for general university rankings websites, as an aid for
students. A classification with our approach could use the most
diverse university qualities and achieve multiple similarity
levels. Therefore, the student would decide which university
to apply for based on other similar universities.
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“Quantifying the benefits of international scientific collaboration,”
Journal of the American Society for Information Science and
Technology, vol. 64, no. 2, pp. 392–404, 2013. [Online]. Available:
https://onlinelibrary.wiley.com/doi/abs/10.1002/asi.22754

[10] M. A. Khan, A. Omrane, and D. Bank, “The role of internationalization
in the higher education industry: An exploratory study,” International
Journal of Economics & Strategic Manegemnet of Business Process
(ESMB), pp. 86–99, 2016, iSSN: 2356-5608.

[11] J. Salmi, The Challenge of Establishing World-Class Universities, ser.
Directions in Development; human development. The World Bank,
2009. [Online]. Available: https://openknowledge.worldbank.org/handle/
10986/2600

[12] C. D. Larose and D. T. Larose, Data Science Using Python and R. John
Wiley & Sons, 2019.

[13] A. Kassambara, Practical guide to principal component methods in R:
PCA, M (CA), FAMD, MFA, HCPC, factoextra. STHDA, 2017, vol. 2.

[14] E. D. Kolaczyk and G. Csárdi, Statistical analysis of network data with
R. Springer, 2014, vol. 65.

[15] B. Mirkin, Clustering: a data recovery approach. CRC Press, 2012.
[16] De-Moya-Anegón, Félix, Herrán-Páez, Estefanı́a, Bustos-González,
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