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ABSTRACT: Thesis/Objective – Google Scholar is a  tool that is widely used 
not only to search the scientific literature, but also to obtain information on 
researchers’ scientometric measures. In this article, we will verify whether, based 
on GS data, users with the highest measures will be identified as associated with 
the best universities in Poland, called IDUBs. Methodology – Stepwise logistic 
regression models with cross-validation were used to find variables significantly 
influencing the correct automatic classification. Findings and conclusions – 
The best models in terms of predictive quality were obtained using the h-index, 
the type of university, the annual number of publications and the year of the 
first publication as predictors. Student’s t-tests showed statistically significant 
differences in the mean values of the h-index, the i10 index and the number of 
publications (p<0.001, p<0.001 and p=0.013, respectively) between researchers 
from the best 10 universities in Poland (associated as IDUBs) and scientists from 
other academies. The scholars characterized by high scientometric measures 
were affiliated to IDUB schools – this relationship is observed within the scope of 
universities, not technical or medical schools. Due to the free and open nature of 
the GS, the data obtained from it are heterogeneous and often incomplete, making 
automatic processing and analysis difficult. These complications are particularly 
evident when aggregated rather than individual data being analysed. Despite 
these limitations, the results obtained make it possible to cope with the rapid 
growth of scientometric data and may lead to the creation of new measures for 
assessing the scientific output of scientists. 

1. Introduction

In many cases, Google Scholar (GS) is the first source of bibliographic 
data on a  given topic, because access to its resources does not require 
special search skills. GS also offers functionalities that allow to build one’s 
own information space, including the ability to follow a topic. Researchers’ 
profiles provide a  list of individual works and information about the 
popularity of those works (e.g., the number of times they have been cited), 
along with personal bibliometric indicators. Given the prominence of 
this information, it can be considered significant in a particular research 
scope. GS, itself, suggests top studies and scholars for both individuals 
and research fields more generally. GS, the free academic search engine, is 
only one option in the search for scientific literature, and its metrics yield 
only indicative data (Harzing, 2017; Gusenbauer & Haddaway, 2020). 
However, the data is becoming an increasingly significant element in the 
evaluation of the achievements of individual scientists. 

The majority of records in the GS database, at least relating to researcher 
profiles, is driven by the user or generated automatically, where the ease 
of use and functionality of the platform may encourage the researcher to 
keep a profile updated. This is important, because if the individual does 
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not create a profile, their citations are not collated, whereas in the imposed 
or official metrics, these are done by the companies to the best of their 
abilities (Google Scholar Profiles, 2021). Taking this into account, we can 
say that GS data is highly dependent not only on scholar activity in terms 
of publishing but also on a  scholar’s willingness to create and curate 
own GS accounts. Curation refers to tracking and monitoring updates, 
checking the correctness of bibliographies, searching for researchers with 
similar interests, and subscribing to recently indexed articles. In this sense, 
the GS database is mainly oriented towards previewing a  researcher’s 
achievements, not institutions. This leads to the conclusion that, in the 
context of institutions, statistics combined from aggregated GS data for 
each institution may differ. 

It was already observed that GS indicators such as citations and the 
h-index remain the most-used metrics of a  scholar’s impact because of 
their ease of access (López-Cózar et al., 2012; Google Scholar Metrics, 
2021). However, their applicability is questioned, especially at a national 
level, and essential differences exist from values obtained using the Web 
of Science or Scopus (Bar-Ilan, 2008; Moed et al., 2016; Martin et al., 2021). 
Nevertheless, countries, such as the UK and Australia, use GS, and citation 
data it collects serve as an additional metric for performance evaluation 
and building rankings for 130 universities (Mingers et al., 2017). Scientists’ 
data available in GS have become one of the elements of the assessment of 
scientific units and their employees, who apply for promotion or further 
employment (Harzing & Alakangas, 2016; Bornmann et al, 2016; Prins et 
al., 2016; Jensenius et al. 2018). In Poland, GS citation counts have been 
taken into account when considering national grant applications. 

The Selection of IDUBs

In 2019, the Polish Ministry of Science and Higher Education conducted 
the first “Initiative of Excellence – Research University” (IDUB) program in 
the context of the new Constitution for Science (IDUB, 2019). It aims to select 
and support universities that will strive to achieve the status of a research 
university and be able to effectively compete with the best academic 
centres in the world. The universities participating in the competition 
were evaluated according to established rules. The methodology is based 
on the assessments of a  series of predefined parameters and weighted 
accordingly. This is, first of all, the scientific efficiency of the institution, and 
its internationalisation, innovativeness and prestige. Graduates’ success in 
the labour market, as well as the condition of education, were also taken 
into account (Prawo, 2021). Thus, this ranking selected IDUB institutions in 
Poland for the period 2020–2026, where both quantitative and qualitative 
indicators were considered (Komunikat 2018; IDUB 2019). For reference, 
the years for the calculation of scientometric indicators from the period 
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2013–2017 were taken into consideration, but the selection of data sources 
(Web of Science or Scopus) was dependent on a particular university. 

Since 2020, ten Polish academic institutions have been qualified to 
IDUB. Among them, there are five universities (according to the traditional 
Latin meaning, “universitas magistrorum et scholarium”), four universities of 
technology and one medical academy. Table 1 presents these institutions, 
their full names, short forms which will be used in the next sections and 
their rankings from 2021: Scopus and Leiden rankings. Scopus measures 
relate to various combinations of scientometric indicators of particular 
researchers indexed in the database, whereas the Leiden Ranking 
ranks universities worldwide between 2016 and 2019 by the number of 
academic publications according to the volume and citation impact of the 
publications at those institutions (Methodology, 2014; Waltman et al., 2012; 
Waltman & van Eck, 2013). It is important to note that Leiden rankings are 
based on data derived from the Web of Science. Thus, the composition of 
Table 1 is intended to be an initial characterisation of the selected top ten 
universities using the two main global databases.

Table 1. The ten best Universities in Poland according to the 2021 ranking of Polish universities 

No University Scopus rank1 Leiden rank2

1 Warsaw University (UW) 2 2
2 Gdańsk University of Technology (PG) 10 12
3 AGH University of Science and Technology 

(AGH)
3 3

4 Warsaw University of Technology (PW) 4 5
5 Adam Mickiewicz University (UAM) 7 4
6 Jagiellonian University (UJ) 1 1
7 Gdańsk Medical University (GUM) 21 23
8 The Silesian University of Technology (PS) 6 11
9 Nicolaus Copernicus University (UMK) 8 8
10 Wrocław University (UWr) 9 13

1According to scholarly output – citation count dated 5 September 2021.
2 at 2021. 

The selection was performed based on both the general achievements 
of scholars and the visibility of these institutions’ research in global 
science. However, this evaluation was developed only on the basis of  
scientometric databases such as the Web of Science or Scopus, which 
were more focused on an institution’s achievements. In the context of the 
aforementioned popularity and accessibility of GS, it seems reasonable 
to check whether the data it contains allows similar ratings to be given 
to academic institutions, as well as the relationship between official 
institutional statistics and individual scholar data on GS. What is more, by 
examining scholar visibility on GS under their institutional domains, we 
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seek to shed light on the reliability of GS metrics in representing academic 
communities. 

By analysing the above data and that obtained from the GS platform, 
the authors formulate several hypotheses:

H1: GS data in the context of individual scholar achievements 
corresponds with the official ranking of IDUBs in relation to other national 
scientific institutions. 

Analogous to IDUB items, the whole database was grouped into three 
types of universities. The final comparison of items between and within 
the groups seems to be more reasonable and easier to draw conclusions 
from. Therefore, a second hypothesis is proposed as follows:

H2: There are significant differences among the representation of active 
scholars on GS in relation to the different types of institutions, universities, 
technical and medical.

It should be noted that GS procures an overview of citations in each 
indexed publication. Such important bibliometric information is missing 
from Polish bibliographic databases, and is expected to continue to be 
so. GS remains a general and easily accessible source of citation scores as 
a basic and quick parameter of an article’s popularity and related authors’ 
recognition within the community. Indeed, the GS database contains more 
bibliometric indicators, and they will all be used in the current study. 
However, citation rankings can also be analysed through the modification 
of the collected database; for example, by reducing selected records. The 
next hypothesis concerning this approach is thus:

H3: Removing records with extreme values from the GS dataset 
(scholars with either very low or very high citation counts) should neither 
change discovered dependencies nor effect conclusions.

From the perspective of the sociology of science, it is interesting 
to identify the groups with no or low impact. Therefore, an auxiliary 
hypothesis will be:

H3A: The mentioned records of low citation impact being removed 
from the GS dataset mainly refer to students or randomly created accounts.

2. Google Scholar platform

GS gives us access to the greatest scientific resources in the world 
(Gudenbauer & Haddaway, 2020). In January 2018, its resources were 
estimated to contain references to 389  million documents (ibid). The 
available scientific materials include journals and books, conference 
papers, theses and dissertations, preprints, abstracts, technical reports, 
and other scholarly literature, including court opinions and patents, as 
well as grey literature and full texts. 
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From the very beginning, the authors undertook a comparison of the 
number of available publications and their citations between such giants 
as the Web of Science and Scopus with GS, and first was Peter Jacsó (2008, 
2012). Kiduk Yang and Lokman I. Meho (2007) also analysed the number 
of citations and access to more publications. A search for alternatives to 
the Web of Science was also undertaken to find more articles in the field 
of social sciences. GS was also indicated as an alternative, although, in 
the end, it was not treated seriously as competition for WoS (Norris & 
Oppernheim, 2007).

Michael Gusenbauer undertook a  complete comparison of scientific 
search engines, initially comparing the sizes of 12 academic search engines, 
and proved that GS has no competition in this field (2019a). In another 
study, he compared 23 search engines (2019b), and in collaboration with 
Neal R. Haddaway, they put together 28 sources in which scientific 
publications were catalogued. The list of sources, among others, included 
GS, PubMed, WoS, EbscoHost, Microsoft Academic, Scopus and Springer 
Link. Most of the proven brands were considered to be the main sources of 
publications, while GS was found to be effective only for supplementing 
bibliographic searches. The skills a researcher should have to efficiently 
navigate in very different systems were also emphasized (Gusenbauer & 
Haddaway, 2020). The GS number of citations and the h-index became 
a pretext to think about the index itself and search for influential scientists 
from selected fields or the presence of representatives of individual 
universities. Erroneous h-index indications were reported by Jaime A. 
Teixeira da Silva (2018).

There is a  clear interest in GS from medical scientists, who initially 
compared PubMed and GS resources (Shultz, 2007). Then, the resources of 
PubMed/MEDLINE, ScienceDirect, Scopus, and GS were analysed in terms 
of publications on laser medicine, and the discussed search engine was the 
most effective (Tober, 2011). Recently, it has been hypothesized that GS 
is one of the main resources to search for the latest medical publications 
(Anders & Evans, 2010; Bramer et al., 2013). One of the hot topics in 
scientometrics concerns analyses of resources on academic platforms (so-
called social media for scientists), such as Academia.eu and ResearchGate 
(Thelwall &Kousha, 2017). The authors answered the question of which 
platform found more early citations. Upon analysis, it was found that RG 
is not yet able to compete with the indexing capabilities of GS.

Metadata from GS describing individual scientific publications are 
burdened with numerous errors, which has been noted in a recent article 
of a  researcher from France – Romy Sauvayre (2022). However, it still 
gives a real possibility of recognizing research, especially representatives 
of the humanities and social sciences, on the international arena. The 
lack of publications in the field of humanities and social sciences in WoS 
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and Scopus was noticed very quickly. Anne-Wil Harzing, the founder of 
Publish or Perish, published her observations in a blog, Google Scholar is 
a serious alternative to Web of Science (2017). Her conclusion was that: “Google 
Scholar and Publish or Perish have democratised citation analysis”.

One of the greatest achievements of GS creators was the introduction of 
the possibility to build your brand by setting up a private profile in Scholar 
Citations Profiles. The benefits of creating a profile include the ability to 
group publications in one place under an appropriate name and increase 
the visibility of scientific achievements. GS has also become important for 
universities, and on practically every university website you can find tips 
on how to increase your visibility in the Web space, including creating 
a  GS profile (Bogajczyk, 2019). In 2013, in Poland, Emanuel Kulczycki 
(2013) prepared a guide for scientists on how to create a GS profile and 
add new publications to it.

Polish researchers began examining the activity of scientists in self-
representing in alternative channels to official national bibliographies, 
institutional bases of publications and sometimes very young repositories. 
The group which was the most frequently analysed were representators 
of communication science and media, especially scientists of information 
science (Świgon et al. 2022). Among them, the most popular place to 
mark your presence in the world of science was Google Scholar Profiles. 
Further places were taken by Academia.edu and ResearchGate. Five years 
earlier, Hołowiecki (2017) noticed the opposite proportions, indicating 
that Poles were more interested in the Academia.edu portal. In turn, in 
2015 Pulikowski tested whether Polish articles are visible in Google and 
Google Scholar, Bing and Base. Publications from Polish repositors and 
digital libraries are well recognized by Google search engines (2015).

In the presented study, it is important not only to obtain information on 
the number of citations, but also increase the recognition of Polish research 
and its visibility in the network space. In the previous research studies 
on the rapid dissemination of scientific texts, comparisons included, 
apart from WoS, Scopus or PubMED, primarily GS and social media for 
scientists. Such a  comparison was made many times showing that GS 
is one of the strongest medium to present latest works (Dorsch, 2017). 
Recently, one of the most important elements in scientific communication 
is the promotion of articles and other works (D’Alessandro, 2020). This 
article, for the first time, will present all Polish scientists who decided to 
create a profile in Google Scholar – an academic search engine and not 
only contrast this with the national list of schools of excellence but also 
show their contribution at present in this noble list.
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3. Data and methods

3.1. Basic characteristics of the dataset

The data for this study were collected using the Python scraping library 
BeautifulSoup from the GS platform over the first quartile of 2021. The final 
dataset consisted of 28,375 records. Using the collected dataset as a basis, 
we next used the R environment to build the final database. The ScholaR 
package was used to scrape the profile of an individual scientist based on 
previously collected Google Scholar IDs (Yu et al., 2021). The procedure 
makes available the individual’s name, affiliation, the total number of 
citations, the h-index, the i10 index, the field of work, and any link to their 
homepage. In the next step, using the same R package, additional data 
such as the overall number of articles and the earliest publication year 
were collected and processed. After removing duplicates and performing 
data cleaning, the number of records analysed was N = 20,751.

Ten schools of excellence (IDUB) represent three types of academic 
institutions in Poland: universities, the largest teaching profile, polytechnics 
(technical universities) and medical universities. Data was gathered from 
the GS institutional accounts of each of the three types of schools. Only 
those schools that were able to be found by scraping the GS space were 
considered, resulting in a  collection consisting of 18 universities, 17 
polytechnics and 9 medical universities. Thus, 44 institutions were chosen 
and compared in terms of GS individual profiles. For clarity of future 
results, short forms of institutions’ names were created. For universities 
and universities of technology short forms were prefixed with U and P, 
respectively (with the exception of the AGH University of Technology and 
Science, where the commonly used AGH short form was used). The rest of 
the short forms were built from the name of institution. By analogy short 
forms were created for medical universities, but instead of the prefix, -UM, 
suffixes were added. The table with full names and short forms is available 
in the appendix. 

Another data source was required to receive information about the 
number of hired researchers in the aforementioned institutions. There 
are several databases relevant to Polish science. Nauka Polska (“Polish  
Science”) is the oldest database of the National Information Processing In-
stitute, having been developed since 1990. The dedicated platform (http://
nauka-polska.pl) stores and maintains resources relating to scientific and 
R&D publications, doctoral dissertations, habilitation theses and expert 
reports. However, another academic database, Radon, has been gaining 
importance in recent years. This is a knowledge-based platform (http://ra-
don.gov.pl) providing the most reliable data on Polish science, and built-
-in tools for reporting and visualising. It relies on the modern system of 
scientific information management, which imports data from multi-dis-



95SCIENTISTS’ CONTRIBUTION TO THE IDUB RANKINGS...

tributed sources, among others conducted by the National Information 
Processing Institute (OPI-PIB). Due to more current data, the Radon data-
base was selected to reach the number of academic teachers employed at 
a particular university.

By composing the two main quantities collected from GS and the Ra-
don database, we can estimate the ratio of scholars from every university 
knowing about and engaging in the GS network. Table 2 presents the data 
sorted in descending order according to the percentage of researchers with 
an account on GS from each university. Therein, a large discrepancy in the 
number of scholars’ accounts is seen, ranging from 17 (Jan Kochanowski 
University in Kielce) to 2187 (Warsaw University). However, these dis-
parities may be overestimated. It is common practice to combine work in 
multiple research centres. Thus, smaller (and implicitly less prestigious) 
universities may be left out of the introduced affiliations.

Table 2. The quantities of researchers and GS accounts registered to the universities. IDUB  
universities are bolded. For full names of universities, see Appendix
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1 US 1188 1921 0.62 19 PW 1602 2502 0.64 36 WUM 220 1845 0.12
2 UG 1079 1810 0.60 20 AGH 1178 2191 0.54 37 GUM 142 1148 0.12
3 UW 2187 3959 0.55 21 PP 714 1335 0.53 38 LoUM 137 1598 0.09
4 UMK 1137 2362 0.48 22 PWr 1082 2141 0.51 39 PUM 121 1574 0.08
5 UWr 810 1955 0.41 23 PB 301 631 0.48 40 SUM 115 1421 0.08
6 UJ 1588 4467 0.36 24 PS 767 1638 0.47 41 WrUM 90 1345 0.07
7 UWM 598 1778 0.34 25 PCz 298 666 0.45 42 BUM 62 887 0.07
8 USz 346 1017 0.34 26 PSz 342 830 0.41 43 SzUM 48 696 0.07
9 UL 664 2248 0.30 27 PL 208 585 0.36 44 LUM 68 1394 0.05

10 UB 241 793 0.30 28 PLO 430 1212 0.35
11 UKW 174 635 0.27 29 PK 388 1099 0.35
12 UKSW 192 793 0.24 30 Pkie 144 428 0.34
13 UO 206 890 0.23 31 PRz 280 930 0.30
14 UAM 603 2939 0.21 32 PG 405 1430 0.28
15 UMCS 314 1582 0.20 33 PO 112 450 0.25
16 UZ 171 1046 0.16 34 PBB 82 347 0.24
17 URz 101 1328 0.08 35 PR 72 354 0.20
18 UKie 17 961 0.02
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A similarly large discrepancy was registered in the percentile coverage 
of GS in the researchers’ community comparing the universities with each 
other. As many as 64% of scholars employed at Warsaw University of 
Technology have accounts on GS. Similarly, almost half of the scholars 
of UMK, UW, the University of Silesia (US) and Poznań University of 
Technology (PP) are visible in the GS space. On the contrary, there are 
also universities, mainly medical, that have 6 percent or less of GS users. 
It can be quickly observed from Table 2 that IDUB institutions are also 
represented on GS space unequally, with ratios between 0.12 and 0.64.

3.2. Data collection and processing

The GS table consists of the following fields:
•• the name of researcher,
•• a link to a picture,
•• a link to a profile,
•• an email address,
•• a citation count,
•• a description (depending on the schools’ template),
•• keywords (depending on the schools’ template).

Some of these fields remain unfilled, but the researcher’s name and 
link to his or her profile are obligatory on the GS platform. The link to 
a profile is constructed in such a way that it enables the extraction of the 
researcher’s ID from the GS database.

The authors collected data in two phases: (1) filtering scholars’ IDs 
and (2) scraping scholars’ data from their profiles. During this process 
data many problems have been dealt with. Early searching and filtering 
data by a university domain revealed several unexpected difficulties due 
to changing university domains in Poland in 2010. Thus, the first step in 
searching was conducted separately for current and previous domains 
and the different language versions of university names. Another issue 
arose in connection with the number of co-authors, because the Scholar 
library does not deliver data about all co-authors if a researcher does not 
accept their list in the GS environment. It was misleading to see prominent 
scientists with high citation rates having not a  single co-author, whose 
names should appear in a separate, righthand panel. It is also unclear how 
and whether the individual threshold for the co-authors number was set 
up by the R package. Thus, the number of collaborators will be treated 
as an uncertain variable. What is more, the collected years for the oldest 
article were not reliable for the whole dataset, as two- and three-digit 
numbers occur, as well as the range 1700-2021. The reason for this is that 
some individuals do not care about providing correct metadata and, for 
example, enter “80” instead “1980”. Therefore, the minimal threshold for 
credible years for our analysis was established on 1960. There were also 
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plenty of individual problems to solve, such as encoding, using external 
mail addresses or ones with a European domain, adding a scientific degree 
to the name field or multiple combinations of the name for each scientific 
institution.

Using the collected dataset (has been uploaded it into open ICM 
repository at address:   https://doi.org/10.18150/PGS2H8) as a  basis, we 
next used the R environment to scrape data. The data was scraped from GS 
using the ScholaR package in R. This package, which may be downloaded 
from https://cran.r-project.org/web/packages/scholar/scholar.pdf, makes 
a wide variety of functions available that plug into Google API, including 
functions to obtain the citation history of a paper or person, their profile, 
to create a plot of co-authors and many more functions (Yu et al., 2021). 
To clean the university variable, the data was cleaned using the greps and 
gsubs functions, which essentially identify a  character string and then 
replace it with another. The first steps involved removing any indication 
of (e.g.) “dr”, “prof” and “adjunct”, which are often splitters. Next, the 
data was examined to identify common ways of expressing the university 
name. 

Regarding the representativeness of GS data, as the data was scraped 
from a website, we also took into consideration inactive users (e.g., sham or 
unused accounts). For example, retired researchers and staff or graduated 
students might keep their profiles, rendering data out of date. But exact 
data about how many accounts were unused was difficult to obtain, if not 
impossible. However, the authors can claim that by estimating the set of 
UMK accounts, the calculated ratio should be reduced by roughly 15–25 
percent.

The detected unreliability of data is implied by internet origin, which 
influences the deviation from a  known distribution such as normal, 
or log normal (Thelwall, 2013; Buttliere & Buder, 2017). Based on the 
assumption that errors occur evenly or close to evenly across institutions, 
this predisposes the conducting of further comparative studies between 
academic schools.

As one of the results, the 20 most-cited scholars are presented in the 
Annex Table. Examining this table in detail demonstrates the potential 
downsides of GS data, as it is significantly less clean than other data. 
For instance, “Bartek Lipinski” is rated the fourth-most-cited scholar in 
Poland, but his email address points to student status at UMK and he is 
not on any of the top papers he has attributed to him. This is problematic, 
as GS does not sometimes properly index documents due to the incorrect 
identification of names/surnames of authors. Another problem is the 
presence of misleading or no institutional names of schools, such as in 
the two cases (shaded background) in the Annex. We tracked the entire 
data table manually and specified 11 records that can be qualified as 
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uncertain in relation to the name of the scholar, their affiliation or email 
address. It should be mentioned that institutional email addresses are 
a  reliable qualifier of the analysed values. If the email address belongs 
to an educational institution, the table returns the status “verified email 
at …”; in other cases, “no verified email”.

Still, the Annex is interesting in other ways: one might expect that the 
top researchers would be the main drivers of the effect between IDUB 
universities and the rest of schools. However, only eight of the top 20 
researchers are affiliated with IDUB universities.

3.3 Statistical analyses

Data from researchers affiliated to IDUB and non-IDUB scientific 
institutions were compared. Basic descriptive statistics were made to 
summarize the characteristics of selected subsets. Variables that were 
studied should, of course, directly relate to scholars’ achievements. Thus, 
we focused on the citation count, standardized citation, the h-index and 
i10-index (own GS indicator with a  similar principle as the h-index, 
measuring the number of publications with at least 10 citations) by GS. 
A comparison of the means of selected variables concerning the two groups 
were performed with Student -tests. Distribution was analysed using 
both histograms and Q-Q plots. Additionally, the original dataset was 
grouped by university type, and the basic statistics were accomplished. If 
the aggregation level provides a macro view of the dataset, the particular 
records-based pattern can reveal essential details about both individuals 
and new groups of data. 

In the current research, we referenced Bornmann’s studies (2016), which 
described how adding new variables to explain the differentiation of the 
schools can improve each model. They used a  logistic regression model 
for institutional bibliometric evaluation. Their purpose was focused on the 
question of whether it is possible to predict excellent schools based on 
citations or citation-based indicators. Therefore, for institutional compa
risons, one needs to construct an appropriate model that relies on various 
sets of working variables determining the scientific impact. Thus, stepwise 
logistic regression models with cross-validation were used to find varia-
bles significantly influencing the correct classification. 

For logistic regression modelling, model performance estimation we 
used the PS Imago PRO 7 (based on the IBM SPSS Statistics 27 analytical 
engine). Statistical tests, descriptive analysis, visualizations and insights 
were performed in Python (version 3.8.10) with additional libraries: 
pandas (1.4.3), matplotlib (3.1.3), scipy (1.10.1), and seaborn (0.11.2). 
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4. Analysis of results

4.1. Aggregation level

According to the initial assumption, GS data allows the viewing, as 
well as analysing, of individual accounts. However, statistical properties 
of aggregated groups are required to select the characteristics that 
distinguish them most. The basic statistics of GS accounts (as obtained in 
the initial step of the analysis) regarding the type of analysed institution – 
medical, technical and general university – are shown in Table 3.

Table 3. Basic statistical indicators of Polish universities according to the type of institution
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Medical 9 985 109.44 1,403.65 1,382,592 10.82 18.17 273 5.15
Technical 17 8,338 490.47 409.33 3,413,032 7.43 8.68 3,412 5.30
Universities 18 11,428 634.89 396.27 4,528,581 6.56 7.74 3,739 8.03

Despite basic descriptive statistics, such as mean values or sums, we 
computed average institution size by dividing the number of individual 
scholar accounts by the number of institutions of a particular type. With such 
a variable it is clearly seen that Polish universities are better represented in 
GS (634.89 accounts, the average for an institution) than technical (490.47) 
and, especially, medical ones (109.44), what is consistent with previously 
obtained ratios (compare Table 2) However, in spite of the disparity in 
citation totals to the detriment of medical schools, there is a  noticeably 
higher average citation value for scientists in this group of universities. It 
is caused by the fact that they have many more publications with at least 
10 citations (i10 index) than scientists from other types of universities. An 
inverse relationship is observed for co-authorship statistics. A  common 
pattern in global science is that the number of co-authors on average is 
highest in medical science teams and lowest in the humanities and social 
sciences (Wang & Barabási, 2021). However, this is not evident from Table 
3, where the highest average value is observed for the group of universities. 
This is undoubtedly influenced by the observed lower proportion of 
medical school researchers with GS accounts, which prevents the full 
identification of co-authors. Other reasons for the disproportion are non-
complementariness (a  small number of authors with co-author lists) or 
unreliability (counting the threshold in the R library) of GS data.
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Another important factor which needs to be considered is the represen
tativeness of the total population of Polish researchers by university type. 
A comparison of the frequencies in two databases, GS and Nauka Polska, 
is presented in Table 4. The quantitative proportions between these three 
categories are 1: 2.6: 5.8 in the case of available databases () and 1: 8.4 : 11.6 
from the GS data (experiment). If we combine these numbers, one can note 
that medical schools are largely under-represented by scholars on GS.

Table 4. The number of registered employees reached from Nauka Polska and GS

Type of institution Values from Nauka Polska Values from GS
Medical 17,321 985
Technical 44,541 8,338
Universities 100,808 11,428

To better present the differences between citation measures, data was 
standardized by subtracting the mean value of each variable and dividing 
it by its standard deviation. Thus, transformed variables have a  mean 
value equal to zero and a  standard deviation equal to 1, whereas their 
original distribution remains. Such a modification is informative in terms 
of interpretation in separated types of institutions, which is shown in 
Table 5. Positive values are interpreted as greater than the mean value of 
all researchers, whereas negative – smaller. 

Table 5. Standardized basic GS indicators
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Medical 9 985 0.303 0.50 0.45 273 −0.24
technical 17 8,338 −0.013 0.04 0.00 3,412 −0.21
Universities 18 11,428 −0.017 −0.07 −0.04 3,739 0.21

For standardized data resemblance of mean values for all researchers 
and those affiliated to technical universities is observed. Additionally, 
we obtained a  significant positive deviation for measures in medical 
universities. Standardized average numbers of collaborators for technical 
schools and universities are arranged equally around the mean, at −0.21 
and 0.21.

Apart from the type of university, data can be grouped by IDUB as-
signment. For such division we compare, by analogy, descriptive statistics 
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placed in Table 6. Even though the IDUB group only includes 10 institu-
tions, almost half of the GS community collected in the dataset is affiliated 
to its constituent universities. This allows us to assume significant net-
work activity in terms of the scholarship communication of IDUB scho
lars. What is more, using statistical tests, we can verify if the differences 
in scientometric variables observed in the data can be generalized to the 
whole population. Due to a large sample size, we can test variables with 
the t-Student’s test without verifying normality assumptions (Elliott & 
Woodward, 2007).

Table 6. Descriptive statistics and results of the Student’s t-test for the basic scientometric variables 
grouped by IBUD membership 

Variables

IDUB UNIVERSITIES NON-IDUB UNIVERSITIES Student’s 
t-test
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TOTAL 
CITES 10280 485,26 25,00 103 314 10471 414,07 35,85 95 270 0,104
H INDEX 10280 7,32 0,08 5 6,25 10471 6,90 0,07 5 6 <0,001
I10 INDEX 10280 9,12 0,21 3 9,25 10471 8,12 0,20 3 8 <0,001
NUMBER 
OF PUBLI-
CATIONS 10276 49,78 0,66 31 50 10470 52,07 0,65 35 48 0,013

As the results show (Table 6) in the breakdown of data according to 
status, there are statistically significant differences in the means of the 
variables describing the h-index, the i10 index and the number of author 
publications. The lack of a statistically significant difference in the mean 
number of citations may be counterintuitive to the values observed in Table 
5. However, test results depend on the value of the standard deviation of 
the variable, which is large due to the presence of outliers in the sample.

Executed statistical tests together with descriptive statistics proved 
that IDUB universities receive higher rates of, the h-index and i10-index 
(p<0.001 in both cases). We observe higher values of mean citation, but the 
statistical significance (p=0.104) of the test does not allow the generalisation 
of this observance. On the other hand, the number of publications is greater 
for non-IDUB institutions (p=0.013). Combining all this information can 
lead to the conclusion that researchers from IDUB institutions are leading 
in qualitive research and their publications are more influential. Thus, the 
main research question – do the best universities in Poland employ the 
best scholars – may have a positive answer.
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4.2. Individual level

Scientometric measures distribution
The first step in analysing row data and matching statistical tests is 

usually to check the behaviour of data (i.e., how it is distributed). As befits 
statistical data derived from the internet and related to user behaviour, it 
is characterized by significant skewness: citation counts vary from zero to 
several hundred thousand (Thelwall & Wilson, 2014). It is commonly used 
to apply the logarithmisation of variables (citation count, h-index and i10-
index) in the case of a strong skew profile (Buttliere & Buder, 2017).

By visual analysis of histograms of logarithmised variables (Fig. 1 A, B), 
it is possible to estimate how much the distribution deviates from normal. 
Another approach makes use of two numerical measures: skewness 
and kurtosis. (Orcan, 2020; Altman & Bland, 1995, 1996). To evaluate 
the distribution, the variables were scaled by increasing by 1, and then 
logarithmised.

The records with zero citations constitute only 3.4 percent of the entire 
dataset, which corresponds to the left bar on the histogram. From our 
observations, it can be assumed that these records are assigned to young 
researchers (PhD, students or assistants who are just starting their careers). 
However, based on autopsy, we can observe that the output of young 

Fig. 1. The distribution of the logarithm of variables: h-, i10-indexes and citations (A) accordingly 
and Q-Q curves (B)

A

B
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researchers depends strongly on the domain in which they work. For 
example, second year PhD students of physics can reach as many as 100 
citations because of co-authorships with supervisors who may collaborate 
with prominent researchers. Conversely, some senior researchers in the 
humanities have only 20–40 citations on GS, which may be as a  result 
of their printed works not being indexed. One of the hypotheses (H3) of 
the current research was to confirm that no differences occur by cutting 
the long tail, which probably constitutes negligible citations overall. It 
was difficult, if not impossible, to establish seniority status according to 
citations or the h-index count; therefore, more detailed studies should be 
undertaken to test the last hypothesis.

The h-index versus i10 index
GS implemented its own author-level metric, the i10-index, based on 

the same principle as the h-index (Teixeira da Silva, 2021) and defined as 
the number of publications with at least 10 citations. Thus, a minimum 
number of citations is predefined instead of the number resulting from 
quantitative relationships between publications and their citations. This 
measure of researcher productivity is more selective than the h-index, as 
evidenced in that the h-index can be higher than the i10-index, whereas 

Fig. 2. h-index and i10 index dependence in log-log scale. The plot makes it possible to see that 
anything under 10 is very regulated. Note that the h-index can be higher than the i10-index, whereas 
the i10 cannot be high without the h-index also being high. This indicates that the i10-index is more 

selective in nature
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the i10 cannot be high without the h-index also being high. The collected 
data allows us to track the relationships between these two indexes across 
all authors in the dataset. The resulting log-log scale chart is presented in 
Fig. 2.

These two variables reveal a strong linear correlation (R2 = 0.892) caused 
by their similar definitions. Log-log presentation makes 10 the critical 
point in terms of seriality. This means that below the value 10, there are 
single cases of distributed points, and that for the above values, the series 
of i10-index data can be observed. Seriality can be noted in the range of the 
h-index [10, 50] from the chart in Fig. 2. Quantitative proportions reveal 
the reverse state: for i10-index data below and over 10 values constitute 
approximately 77 percent and 23 percent of observations, respectively. The 
size and colour of markers allows the tracking of frequency dependences 
between indexes, revealing the most frequent pairs of variables for both 
values below 10.

Academic age of researchers – a pilot study
As previously mentioned, the variable ‘earliest article year’ consisted 

of two- or three-digit values in 87 cases, which have been excluded. The 
time elapsed from that year up to now is called the academic age taken 
into account during academic career studies (Milojević, 2012; Costas et 
al., 2015; Simoes & Crespo, 2020). The year 1960 was chosen as the cut-
off year below which data was truncated. We assumed that the academic 
year of scholars presented on GS cannot exceed 60, taking into account 
(from autopsy) an experience of senior researchers with an electronic 
platform such as GS or RG. This assumption was justified, as only 266 
records (1.3%) were excluded from the dataset. Only biological age data 
can confirm the correctness of this procedure, but access to such data is 
much more problematic (Kwiek & Roszka, 2022). Global-scale research 
requires substituting biological age with academic age or analysing 
their dependences. Kwiek and Roszka show that based on Scopus and 
administrative data, Polish researchers (N = 20,500) start their careers much 
later, in particular within no STEMM domains, than their colleagues from 
‘Western’ countries. The histogram of the oldest article year is presented 
in Figure 3A. The distribution reveals three maxima at points: (I)1980, (II) 
2002 and (III) 2012, which should be further studied in terms of seniority 
level. This need can be read particularly by binding a  year with other 
variables, such as status or type. If we split the dataset into two status 
groups, we can see the differences in the distribution of year (Figure 3B).

It can be noted that young scholars with no more than a 10-year career 
(III) contributed most to IDUB universities, while non-IDUB scholars of 
academic age between 10 and 20 years are distributed equally (III and 
II groups, respectively). If Kwiek and Roszka (2022) found that there is 
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a  stronger correlation between biological and academic age in IDUBs 
(0.74) than in non-IDUBs (0.67), our observation can only give additional 
insight into the structure of the scientific community in Poland.

Fig. 3. The histogram of the earliest article year for the whole dataset (A) and split according  
to status variables (B)

4.3. Logistic regression models

The large-scale data derived from the network services is exposed to 
the randomness of errors to a greater or lesser extent. The results need 
to be more tangible (Williams, 2012); therefore, computing predicted or 
expected values and statistical hypotheses testing follow all processing 
phases. According to the initial aim of distinguishing two main groups in 
the working dataset, IDUB and non-IDUB, it can be determined whether 
or not the collected records belong to researchers from the school of 
excellence or not. A logistic regression model using the above-mentioned 
coding should answer such a question. Bornmann and Williams’s research 
(2013), which concentrated on Leiden University rankings, used a logistic 

A

B
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regression model for citation distribution. This approach was applied for 
institutional bibliometric evaluation. In logistic regression, the probability 
of an effect to be is non-linear (Ibidem). The response variable should be 
dichotomous in logistic regression-based models. In our case, university 
membership of the IDUB group is given a  value of 1 for the response 
variable, which means the scholar belongs to an IDUB university, and zero 
if not.

Identifying differences in the impact of citation among universities can 
be performed by estimating a  series of multivariate logistic regression 
models (Hosmer & Lemeshov, 2000; Bornmann & Williams, 2013). Thus, 
logistic regression models with tenfold cross-validation were created and 
evaluated. To select the best explanatory variables, a stepwise variable ad-
dition regression model was used. The criteria for including each variable 
were its statistical significance in the model. They were built based on the 
variables h-index, earliest article year, type, i10-index, as well as the newly 
created predictors below:

•• papers per year containing an average number of publications yearly 
by counting from the year of the first publication to 2021 inclusively;

•• citations per paper containing the average number of citations of the 
author’s publication;

•• yearly citations per paper containing the average number of cita-
tions for the publication in a year.

These new variables replaced the original ones “number of publications” 
and “citation count”. The models were applied to the entire data set and 
served only for the selection of variables for the ultimate set. Finally, two 
models were selected to the evaluation: Model  1, based on predictors 
such as the h-index, the earliest article year, the type of university, and 
the number of papers per year; and Model 2, based on the h-index, the 
earliest article year, the type of university, the number of papers per year 
and the citation count. The latter was included in Model 2 despite a lack 
of statistical significance having been shown at the earlier stage because of 
potential improvement of the model’s quality.

The cross-validation method was used to compare the models. The 
data was split into the training and test set ten times, such that in each 
sample, 10 percent of the observations remained in the test set, and each 
observation was in the test set only once. Then, a logistic regression model 
was created on the training set, and further, the classification on the test 
set was predicted and verified against actual values. In each model, for 
the elements of the test sets, the probability of being assigned to status 
= 1 (IDUB membership) was determined. Next, the probabilities of 
classification from the test sets were aggregated into a separate variable, 
and an ROC curve was generated (Figure 3A, B). Classifiers that give 
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ROC curves closer to the top-left corner indicate better performance. The 
closer the curve is to a 45-degree diagonal, the less accurate the model was 
performed. The AUC (area under the curve) is equal to 0.601 and 0.600 
for Models 1 and 2, respectively. These values are the best for the tested 
models by using variables combined from GS data.

Fig. 4. The ROC curves for Model 1 (A) and Model 2(B). Sensitivity vs. specificity

To obtain validity and fitting coefficients between models, the logistic 
regression model was performed again for all data. Due to the similar 
values of the AUC of models, we considered Model 1, due to its smaller 
number of predictors. The quality assessment parameters obtained from 
the model are as follows: 55.3% of data was classified correctly (R² (Cox and 
Snell) = 0.038 and R²(Nagelkerke) = 0.05) with the statistical significance 
(p < 0.001).

To improve the performance of the model, the optimal cut-off was 
determined using cross-validation for the ROC curve. Then, the mean 
value of these points was determined, obtaining the cut-off point for the 
ROC curve constructed for the entire sample. The value of 0.53423 was 
adopted as the cut-off point. Due to the fact that the point value is higher 
than 0.5, fewer observations will be in class 1, which implies an increase 
in specificity (measures of correctly classified zeros) and a  decrease in 
sensitivity (measures of correctly classified ones). For the model used, the 
choice of the cut-off point increases the accuracy from 55% to 57% (Table 
7). This means that the model predicts a correct fit more precisely than 
before the cut-off point was applied.

B A
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Table 7. Classification matrix of the model applying the cut-off approach

Predicted classification
Observed 1 0

1 4340 6095
0 2935 7673

Accuracy of model: 57%, sensitivity: 42%, specificity: 72%.

To determine performance differences between two universities, 
Bornmann and Williams (2013) proposed a  logistic regression model to 
compare the predicted probabilities and predictive margins by averaging 
row values. Finally, it is necessary to study how the adjusted predictions 
for University 1 differ from those of University 2. According to the above-
mentioned paper’s approach in institutional evaluations, we can apply the 
average of predictive values returned by the logistic regression method.

By using the above-described model, the authors created a university 
ranking based on the average probability of assigning a scientist from this 
university to Status = 1. Three approaches to the calculations were used.

The first (4th column in Table 8) is based on averaging the probabi
lity of assigning a researcher to status = 1 if we group the whole dataset 
by university. The next two approaches use the concept of “average re-
searcher” in a given university and the probability of being assigned to 
status = 1, understood as a record with average values of predictive varia-
bles calculated for scientists from the selected group. The third calculation 
(6th column, Table 8) is further modified by removing for each university 
the 5 percent of observations with the lowest number of citations and the 
5 percent of observations with the highest number of citations.

Table 8. The ten best Universities in Poland according to the 2021 ranking of GS data and calculated 
from proposed models 

No  University
  GS 

citations 
sum rank

Aggregated 
scientist 

classification

Average 
scientist

Average cut 
5% scientists

1 Warsaw University 
(UW) 1 2 3 2

2 Gdańsk University of 
Technology(PG) 19 27 30 32

3 AGH University 
of Science and 
Technology (AGH)

4 21 22 25

4 Warsaw University of 
Technology (PW) 3 23 25 26

5 Adam Mickiewicz 
University (UAM) 10 1 1 1

6 Jagiellonian University 
(UJ) 2 5 8 9
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7 Gdańsk Medical 
University (MUG) 24 37 36 38

8 Silesian University of 
Technology (PS) 14 28 28 27

9 Nicolaus Copernicus 
University (NCU) 5 6 5 4

10 Wrocław University 
(UWr) 9 3 2 3

To qualify an institution to join the set of excellence, the specified 
rankings were created. Table 8 presents the series of ranks for the top 10 
Polish institutions based on input bibliometric data (sum of GS citations) 
and the used models.

As shown in Table 9, a statistically significant correlation is observed 
between total university citations and the variables used in the proposed 
models. Furthermore, the largest Spearman coefficients (r = 0.996, p < 0.05; 
and r = 0.99, p < 0.05) confirm the observations that the three approaches 
to calculating the probability of assigning the school to the IDUB category 
generate almost identical rankings.

Table 9. Spearman correlation matrix of variables which has been defined in Table 8

 

5. Discussion

The selection of IDUB had to support the implementation of a  new 
science policy. It should be noted that in the presented analyses we used 
data collected over a long period: even up to 60 years. However, during 
the 2013–2017-time window, as well as the overall, multifaceted potential 
and development plans decided about IDUB selection (see Ch.1.1). 
Furthermore, the GS data interface provides analyses of scientific output 
based on totals collected throughout the entire careers of individual 
citations and other measures; to obtain more detailed “hidden for user” 
information requires additional technical effort with an uncertain effect.
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Official rankings of IDUB institutions illustrated in Table 1 show very 
high concordance by using Pearson correlation tests: r = 0.946, p < 0.0001. 
However, there is no observed statistically significant correlation between 
Scopus/Leiden rankings and those generated by the models in relation to 
IDUB items.

For a  visual representation IDUBs positions in university rankings 
from Table 9, it is appropriate to use a parallel coordinates plot (Fig. 5). 
All three models stream to differentiate universities and polytechnics. The 
proportional dominance of overall university scholars within all IDUB 
records explains the favourable rankings of universities. Classification 
works better based on predictors built on the variables normalized to time 
unit and number of scholars employed in institutions.

A bigger and better representation of university researchers within all 
IDUB institutions in GS space can be combined with former recommenda-
tions made by an authority of a particular unit since 2011 (Kulczycki, 2011) 
as well as long-term, extensive information action organized by academic 
libraries (Lewandowski, 2014, 2017; Bogajczyk, 2019).

The logistic regression models illustrate which correlation effects 
are statistically significant and the direction of the effects (Bornmann 
& Williams, 2013). Adding new variables into models, we can track the 
strength of an effect, and this way control the model’s performance. The 
first model of logistic regression used four explanatory variables: the 
h-index, the type, the oldest paper year and the number of articles yearly. 
The next model additionally included the number of citations. Both reveal 
almost the same performance. Measures based solely on citations do not 
necessarily indicate an IDUB university, whereas joint measures based on 
citations, publications count and period of publishing do indicate this.

It may turn out that the use of a logistic regression model is insufficient 
to understand the distribution of GS citations. The reason could be the 
uncertain, undetermined nature of internet-derived data.

GS offers citation patterns that are difficult or impossible to down-
load from other national databases. Besides the individual level, valuable 
knowledge about data can come from the aggregation level. Aggrega-
tion-level analysis is facilitated by numerous possibilities of observation 
(scholars’ profiles) grouping. Groups can be predefined by users arbitrar-
ily, with an emphasis on deliberate goals. For example, grouping can be 
by gender, IDUB/non-IDUB schools or type of university. Thus, averaging 
the important bibliometric parameters according to groups can both pro-
vide insight into GS patterns and lead to incorrect conclusions. Therefore, 
we need to perform non-parametric and parametric statistical tests to con-
firm the differences in groups. These are statistically significant between 
medians and means for the two groups, IDUB schools and non-IDUB 
schools, if we consider the main scientometric measures. This observation 
is magnified by almost equal populations of these groups.
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Fig. 5. IDUBs rankings according GS data and proposed models.

The distribution of the number of scholars according to type of univer-
sity resembles the proportions in the official statistics, excluding medical 
schools, which are definitively under-represented. What we can say for 
certain is that medical scientists do not care about their visibility in GS 
space. Also, they do not manage the information in their accounts, which 
needs to be systematically updated. The empty lists of collaborators of 
many scholars with large numbers of citations demonstrate this neglect 
(Table 3).

6. Conclusion and limitations

GS data relating to Polish scientists has been processed and analysed 
in terms of citation distribution. Besides citations, other citation-based 
bibliometric indicators are taken into account to investigate any correlation 
of data with whether or not they belong to institutions of HE in Poland. 
Three years ago, ten universities of excellence (IDUBs) were officially 
selected within the framework of the new national science policy. The main 
aim of the current research was to examine whether scholars characterized 
by high scientometric measures were affiliated to IDUB schools. The 
hypothesis that individual scientists’ indicators contribute to IDUBs 
ranking is confirmed within the scope of universities. For organizational 
reasons and according to their own specific policies, universities are 
represented best in GS space. This irregularity influences the modelling 
results, which favour universities over other types. The challenge may 
be to construct a model that is independent of the type of school. When 
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truncating the extremes of the distribution in one of the models, the final 
rankings change little; therefore, the H3 hypothesis is confirmed.

Through a thorough data collection process, we found that GS data is 
highly dependent on scholars’ willingness to create and curate profiles, 
in addition to their publishing activity. Furthermore, the study revealed 
a correlation between official institutional statistics and individual scholar 
data on GS, highlighting the usefulness of the platform in previewing 
researcher achievements.

According to the typology of the IDUB set, we collected data relating to 
different types of universities that are accessible on the GS platform (i.e., 
general universities, and medically and technically oriented universities). 
The most active in GS space are mainly university scholars (634.89 per 
institution), the least, medical university scholars (109.44 scholars per 
institution). Technical universities are located in the middle of this ranking 
(490.47 scholars per institution). A small representation of medical schools 
determines the highest averages of both citation count and the h-index. 
It should be noted that Polish universities overall are not satisfactorily 
represented on the GS platform. The percentual ratio of scholars existing 
on GS varies from a vague 6 percent to more than half (64%) (Table 2). 
Therefore, averaging the basic bibliometric parameters according to 
predefined groups using GS data can lead to incorrect conclusions. For 
example, the highest average citation count for medical schools of 1403.65 
(Table 3) reached this value due to both a small number of these schools 
and scholars in the database.

However, by aggregating the data by university status originating from 
whether or not the university belongs to the IDUB group one can observe 
important relationships. The number of scholars is distributed almost 
equally between the subgroups IDUB and non-IDUB, despite the big 
variance of institution numbers of 10 and 34, respectively. All statistical 
averages per scholar and per institution of indexes are higher in the case of 
IDUBs (Table 5). Statistically significant differences between medians and 
means of basic scientometric measures (without favouring any) of these 
groups were found.

A parallel approach to the university metrics approach applied in the 
current study is to consider scholar achievements described by a particular 
row in the GS database. This way, it is possible to track essential correlations 
between variables, as well as build models to predict changes. By applying 
logistic regression models, the following essential observations can be 
made. Among the main scientometric indicators available on the GS 
platform, citations do not play a  dominant role. Statistically significant 
relationships can be revealed using variables constructed from several 
essential characteristics of scholar overall activity across time: citations, 
oldest article year and number of publications. If we take all these variables 



113SCIENTISTS’ CONTRIBUTION TO THE IDUB RANKINGS...

into account, the first hypothesis will be confirmed, and we can answer the 
main research question in the affirmative. The low level of accuracy of 
logistic regression models (0.601 in the best case, with machine learning 
and cross-validation) might be explained by the low quality of GS data.

Another important observation is that GS data gives different re
presentation for all types of universities in Poland. In particular, medical 
universities are under-represented in the GS environment, which inter-
feres with the final confirmation of hypothesis H2 concerning the essential 
differences in the dataset according to the type of school.

At the scale of the entire GS data, dataset modelling allows only 
universities to fit into the first 10 (compare Table 1 and Table 9). Despite the 
common awareness that GS data is far from an ideal scientific database, it 
is worth listing its limitations. The disadvantages of GS data influencing 
decisions about emphasis on analysing groups instead of individuals are 
as follows:

•• It is difficult to identify profiles clearly (fake or incorrect personal 
data profiles).

•• It is difficult to verify if relevance to the institution is genuine or not, 
as retired scholars, postdocs, and visiting academics all leave a foot-
print on GS.

•• It is difficult to identify student profiles.

It is unclear how up to date scientists keep their profiles and how 
often they check if the data therein is correct. There are likely more over-
inclusion errors, as people are more willing to accept too many citations 
rather than too few.

The following conclusions concerning data collection on the GS 
platform can be made:

1. GS does not cover the bibliometric characteristics of all Polish scholars 
and cannot be considered a representative bibliographic database.

2. The GS platform delivers no qualitative data, which means the 
traditional statistical methods using this data cannot explain all effect–
causal correlations generated by scientific activity with high precision.

3. The GS citations count is not a  sufficient characteristic of scholar 
activity in the context of statistical modelling and prediction. Row 
classification into IDUB and non-IDUB cannot be explained based only 
on the citation’s variable; additional metrics such as the number of 
publications and academic age should also be considered.

4. Despite its relationships with both citations and number of (sorted) 
articles, the common scientometric measure h-index turned out to be an 
insufficient variable for modelling and further prediction.

5. Not all Polish scholars care about their visibility and information 
updating on the GS platform. In particular, this objection can be applied 
to researchers in the medical field.
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Taking imperfections of the GS data into account, it is worth starting to 
talk about the GS platform that depends tightly on a scholar’s activity in 
terms not only of the evaluation of researcher achievements but also their 
willingness to curate their own profiles. This finding can also indicate 
how to complement and repopulate existing scientometric data from the 
ground up by applying process automation such as machine learning 
algorithms. This experience can be used for the creation of scientometric 
indexes as close to scholar needs as possible.

We acknowledge that this study has limitations, and further research 
is necessary to validate the findings. The results have implications for 
policymakers, academic institutions, and individual researchers, and 
underscore the need for a  more comprehensive approach to evaluating 
academic excellence. Current research may also be helpful in further 
comparative studies of the bibliographic measures of existing databases 
against those of GS. 

Summarizing our efforts to obtain final patterns, we can identify 
several areas where more attention can be paid. The individual rankings 
of GS metrics need to perform more detailed research, placing particular 
emphasis on extracting other available characteristics such as example 
yearly changes of indexes or citation networks. GS data is worth studying 
in terms of relationships between the h-index and i10-index, as the latter 
is a  metric giving unique knowledge. Gender correlations have great 
informative potential, and such research needs more attention on future 
authors’ plans.

Preliminary research was performed into the distribution of scholar 
academic age. This needs more detailed and longitudinal studies, which, 
in combination with an analysis of citations’ “long tails”, would help 
identify ways of determining the seniority level based on non-qualitative, 
semi-structured data such as GS. It would then also be possible to test the 
last hypothesis.
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ANNEX

School Full name 
AGH AGH University of Science and Technology
BUM Medical University in Białystok
GUM Gdańsk Medical University
LoUM Medical University in Łódź
LUM Lublin Medical University
PB Białystok University of Technology
PBB University of Bielsko-Biała

PCz Częstochowa University of Technology

PG Gdańsk University of Technology

PK Tadeusz Kościuszko University of Technology
Pkie Kielce University of Technology
PL Lublin University of Technology
PLO Łódź University of Technology
PO Opole University of Technology
PP Poznań University of Technology
PR Rzeszów University of Technology
PRz University of Technology
PS Silesian University of Technology
PSz University of Technology
PUM Medical University in Poznań
PW Warsaw University of Technology
PWr Wrocław University of Science and Technology
SUM Silesian Medical University
SzUM Pomeranian Medical University
UAM Adam Mickiewicz University
UB University of Białystok
UG University of Gdańsk
UJ Jagiellonian University
UKie Jan Kochanowski University
UKSW Cardinal Stefan Wyszyński University
UKW Casimir the Great University
UL University of Łódź
UMCS Maria Curie-Skłodowska University
UMK Nicolaus Copernicus University
UO Opole University
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URz University of Rzeszów
US University of Silesia
USz University of Szczecin
UW University of Warsaw
UWM University of Warmia and Mazury
UWr University of Wrocław
UZ University of Zielona Góra
WrUM Wrocław Medical University
WUM Warsaw Medical University

The 20 highest cited researchers on Google Scholar affiliated by Polish universities  
(uncertain scholars are shaded)

N Name Affiliation IDUB 
or not

total_
cites h_index i10_index

1 Ponikowski P WrUM 0 274848 168 822
2 Michal Tendera SUM 0 210474 106 291
3 Michal Dwuznik AGH 1 102117 125 235
4 Bartek Lipinski UMK 1 93668 141 391

5 naomi breslau
Michigan 

State 
University

0 64450 124 251

6 Roman Topor-Madry UJ 1 61252 69 131

7 Piotr Jaranowski UBu 0 59264 90 210

8 Malgorzata Janik PW 1 50941 116 320

9 Jan Lubinski SzUM 0 42433 99 373

10 Jacek Namiesnik PG 1 35623 88 623

11 Hania Szajewska WUM 0 32535 90 250

12 Agnieszka 
Zagozdzinska WP 1 31656 85 185

13 Tomasz Fiutowski AGH 1 30655 85 312

14 Roman Slowinski PP 0 29572 86 291
15 Oded Stark UW 1 29414 54 126
16 Andrzej Skowron UW 1 27112 64 272

17 Marian P. 
Kazmierkowski

 Power 
Electronics 
and Drives

0 24702 50 115

18 Jacek Gronwald SzUM 0 23668 70 234

19 Tomasz Guzik UJ 1 23589 68 143
20 Francois Beguin PP 0 23358 56 139
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WKŁAD NAUKOWCÓW W RANKING IDUB (INICJATYWA 
DOSKONAŁOŚCI – UCZELNIA BADAWCZA). POLSCY 

BADACZE W GOOGLE SCHOLAR

SŁOWA KLUCZOWE: Google Scholar. Literatura naukowa. IDUB (Inicjatywa Doskonałoś-
ci – Uczelnia Badawcza)

ABSTRAKT:  Teza/cel – Google Scholar jest narzędziem szeroko wykorzystywanym nie 
tylko do wyszukiwania publikacji naukowych, ale także do uzyskiwania informacji na 
temat miar naukometrycznych dla poszczególnych badaczy. Autorzy artykułu weryfiku-
ją, czy na podstawie danych pozyskanych z Google Scholar użytkownicy z najwyższymi 
miarami zostaną zidentyfikowani jako badacze związani z najlepszymi uniwersytetami 
w Polsce (określanymi jako IDUB). Metody badań – Zastosowano modele krokowej re-
gresji logistycznej z walidacją krzyżową, aby odszukać zmienne wpływające w znaczący 
sposób na poprawną klasyfikację automatyczną. Wyniki i wnioski – Jeśli chodzi o jakość 
przewidywania, najlepsze modele uzyskano przy użyciu następujących predyktorów: in-
deksu Hirscha (h-index), typu uniwersytetu, rocznej liczby publikacji oraz roku wydania 
pierwszej publikacji. Testy t-Studenta wykazały statystycznie znaczące różnice w średnich 
wartościach indeksu Hirscha, indeksu i10 oraz liczby publikacji (odpowiednio p<0.001, 
p<0.001 i p=0.013) pomiędzy naukowcami z 10 najlepszych uczelni w Polsce (IDUB) i ba-
daczami z innych instytucji. Naukowcy charakteryzujący się wysokimi miarami nauko
metrycznymi są związani z uczelniami IDUB – związek ten obserwuje się w obrębie uniwer
sytetów, nie politechnik czy szkół medycznych. Swobodny i otwarty charakter Google 
Scholar sprawia, że pozyskiwane za jego pomocą dane są heterogeniczne i często niekom-
pletne, co utrudnia ich automatyczne przetwarzanie i analizę. Utrudnienia te są szczegól-
nie widoczne w przypadku agregacji danych. Pomimo tych ograniczeń pozyskane wyniki 
pozwalają jednak na zapanowanie nad szybkim przyrostem danych naukometrycznych  
i mogą prowadzić do powstania nowych miar oceny dorobku naukowego badaczy.


