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Abstract
In this paper, we examine whether and how the research performance of advisors is associ-
ated with that of their PhD students. We analyze the entire population of PhD students in 
Slovenia who successfully defended their theses, along with their advisors, between 1988 
and 2022. For each individual, we compute five bibliometric indicators (covering the pub-
lication activities, collaboration patterns, and research independence) within a five-year 
interval around the PhD defense and use these values to classify students and advisors into 
six performance classes. Our results show that while students mirror their advisors’ col-
laboration patterns, their productivity and independence exhibit weak and negative cor-
relations, respectively, although significant differences are observed across scientific dis-
ciplines. Additionally, over the past 35  years, student–advisor dynamics have generally 
shifted from independent relationships to more collaborative ones. Today’s students are 
more integrated into their advisors’ research networks and have more coauthors, while 
their productivity shows a downward trend. Our findings highlight the uneven distribution 
of mentorship effects and suggest practical implications for doctoral programs, including 
the need to strengthen support mechanisms that help students to select suitable advisors.

Keywords  Mentorship · Research performance · Academic advisor · PhD student · 
Student–advisor association

Introduction

Mentorship is typically defined as a developmental relationship in which a more expe-
rienced individual supports a less experienced protégé in navigating career-related chal-
lenges (Haggard et al., 2011; Jacobi, 1991). The role of mentorship has been extensively 
studied across diverse domains (Azarbad et  al., 2024; Debray et  al., 2024), with most 
research demonstrating its positive effects on professional development and career trajec-
tories of protégés (Boeder et al., 2021; Eby et al., 2008; Paglis et al., 2006). On the other 
hand, there is also some evidence indicating that effects on objective outcomes for proté-
gés, such as salary or promotion, may be smaller (Allen et al., 2004; O’Brien & Woody, 
2025).
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The positive influence is particularly evident in academia, where mentoring often serves 
as a critical determinant of both early-stage academic development and long-term research 
success of protégés (Debray et  al., 2024; Hoover & Lucas, 2023; Jacobi, 1991; Liénard 
et al., 2018; Ma et al., 2020). Doctoral education represents a formative stage in a research-
er’s career, during which advisors assume roles that extend beyond research supervision 
(Bastalich, 2015). They function as intellectual guides, professional mentors, and institu-
tional navigators, providing assistance in scholarly publishing, methodological training, 
professional networking, and navigating academic structures and expectations (Azarbad 
et al., 2024; Debray et al., 2024; Jacobi, 1991).

Mentoring influences various aspects of PhD students’ academic development, includ-
ing research productivity and career commitment (Paglis et al., 2006), publication impact 
(Liu et al., 2018), and collaboration patterns (Chen et al., 2025b). Conversely, mentoring 
PhD students can also benefit advisors by enhancing their research performance and over-
all career standing (Boeder et al., 2021). The degree of influence may depend on various 
factors, such as the number of advisors’ students (Malmgren et al., 2010), the number of 
mentors per student (O’Brien & Woody, 2025), the research performance of advisors (Xing 
et al., 2025), or the overall structure of the research group (Feldon et al., 2019). However, 
these findings are typically based on relatively small datasets of PhD students, often lim-
ited to specific scientific fields or time periods, and thus do not allow for a comprehensive 
comparison of the influence of different factors.

In this paper, we address this gap by conducting a quantitative analysis of the com-
plete population of PhD students and their advisors in Slovenia, covering a 35-year period 
(1988–2022), supported by 39 years of bibliometric data. Our aim is to test whether advi-
sors’ research performance is associated with that of their students, using bibliometric indi-
cators that capture publication activity, collaboration patterns, and research independence. 
To this end, we conduct analyses at three levels: the overall doctoral population, scientific 
fields (UDC categories), and successive five-year intervals.

Literature review and aims of the study

Research on doctoral mentorship can be grouped into three areas: advisor characteristics, 
mentorship structures, and reciprocal effects.

Advisor characteristics

A wide range of advisor attributes has been associated with student success. For exam-
ple, advisors with higher academic rank or prestige are more likely to supervise successful 
students (Liu et al., 2018; Ma et al., 2020). Similarly, advisors with higher research pro-
ductivity or fecundity (i.e., the number of students that they mentored) tend to foster more 
successful academic outcomes among their students (e.g., Bulian et al., 2022; Chen et al., 
2025a). Moreover, there is also an association between the fecundity of advisors and the 
fecundity of their students later in their careers (Malmgren et al., 2010).

Mentorship structures

The structure of the mentoring relationship also shapes students’ development. Having 
multiple mentors or being part of a well-organized research group increases opportunities 
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for learning and collaboration (Feldon et  al., 2019; Larivière, 2012; O’Brien & Woody, 
2025). Beyond formal supervision, students also benefit from informal mentoring, such as 
collaboration with other senior researchers, which provides additional sources of guidance 
and networks (Qi et al., 2017).

Reciprocal effects

Mentorship is not a one-sided relationship: protégés can also benefit their advisors (Jacobi, 
1991). Successful students may contribute to advisors’ performance through coauthorships 
and collaborations (Kyvik & Smeby, 1994; Larivière, 2012). Similarly, advisors who suc-
cessfully mentor many students exhibit higher research performance and career standing 
(Boeder et al., 2021).

Among the above-listed areas, to investigate if and how the research performance of 
PhD students is associated with the research performance of their advisors, we primar-
ily address advisor characteristics but also take into consideration mentorship structures 
and reciprocal effects. To assess research performance, we focus particularly on three per-
spectives of research performance: publishing output, collaboration patterns, and research 
independence.

From the perspective of publishing output, Horta & Santos (2016) found that PhD stu-
dents who publish more during their studies are more productive in their careers. This 
aligns with the findings of Haunschild & Bornmann (2023), who analyzed different com-
binations of bibliometric indicators and concluded that a combination of total publica-
tion output and the number of papers published in prestigious journals serves as one of 
the best predictors of long-term success for emerging scientists. Similarly, Lindahl et al. 
(2020) emphasized that merely having a high publication volume is not enough; only those 
PhD students who exhibited both high productivity and publishing quality during their 
PhD studies had a significant competitive advantage. Based on this, we may conclude that 
the dual role of mentorship in enhancing productivity and helping PhD students develop 
responsible publishing practices.

From the perspective of collaboration activities, studies show that research is increas-
ingly done in teams and that it is more impactful than research done by solo authors 
(Wuchty et al., 2007). In the case of Slovenia, Rojko & Lužar (2022) confirmed that the 
number of coauthors per paper and the number of distinct collaborators have been increas-
ing for decades. Having a wide collaboration network, especially in the early career stage 
when collaborators act as informal advisors, is important (Chen et al., 2025b). In terms of 
the impact of advisors, Bulian et al. (2022) showed that the average number of publications 
of PhD students who coauthored papers with their advisors is approximately twice that of 
those who do not, as advisors serve as bridges for protégés to easily find coauthors.

The third perspective we consider is the extent to which PhD students conduct research 
independently of their advisors. Research independence is a multifaceted concept with a 
rich body of literature exploring its various dimensions. For instance, van den Besselaar 
& Sandström (2019) highlight that independence encompasses multiple aspects, such as 
developing an independent collaboration network and achieving thematic independence. 
In this paper, we focus only on measuring the independence of PhD students from their 
advisors. This is relevant, as Patsali et al. (2024) found that independence is significantly 
associated with the characteristics of both PhD students and their advisors. Furthermore, 
Rosenfeld & Maksimov (2022) found that PhD students who ceased collaborating with 
their advisors after graduation tended to achieve higher h-index values, greater citation 



	 Scientometrics

counts, and longer academic careers, whereas ongoing collaboration was correlated with 
lower success metrics. This trend toward decreased independence is interpreted through 
the lens of team science. With growing research teams, the division of labor often becomes 
highly specialized and subdivided, shifting the doctoral experience from a holistic appren-
ticeship to a task-oriented labor model (Milojević et  al., 2018). In such an environment, 
PhD students may become replaceable components of a larger research machine, prioritiz-
ing team efficiency over individual autonomy. Furthermore, the rising knowledge burden in 
many fields requires narrower specialization, which reduces the likelihood of students pro-
ducing independent or disruptive papers (Park et al., 2023). Under these conditions, high-
performing advisors—who often lead the largest and most complex teams—may uninten-
tionally constrain the independence of their students by assigning them highly specialized 
roles.

In terms of combining collaboration and independence, recent large-scale evidence from 
Slovenia also sheds light on this dynamics. Cugmas et al. (2024) identified six distinct lon-
gitudinal patterns of mentor–mentee collaboration, grouped into three categories: born and 
raised, where students gradually integrate into scientific networks and become productive 
researchers; already established, where collaboration predates the PhD; and study-limited, 
where collaboration is confined to the doctoral period. The last type is increasingly preva-
lent in the natural and technical sciences. Their findings suggest that coadvisorship rarely 
leads to enduring collaboration and that disciplinary contexts strongly shape collabora-
tion trajectories. For example, humanities students often develop independently of their 
advisors, while PhD students in medicine tend to collaborate intensively with advisors and 
broader research teams.

The dynamics of student–advisor collaboration can also be influenced by various 
external systemic and disciplinary elements. For example, Rojko et  al. (2020) examined 
PhD graduates in Slovenia and discovered that the Bologna reform has led to observable 
changes in publication trends. While no significant distinctions were found in produc-
tivity levels between pre- and post-reform graduates, both groups have shown a gradual 
decrease in this indicator over time. Post-Bologna graduates exhibited lower independence 
from advisors than pre-Bologna graduates, which may be due to the weaker prior academic 
background of doctoral students; namely, after the implementation of the Bologna reform, 
the students can enroll with one or two years of prior study less. Students can now enroll 
with a professional master’s degree or a pre-Bologna university degree, while those with 
a pre-Bologna scientific master’s degree can enroll directly into the second year of doc-
toral studies. Taking this a step further, Rojko & Lužar (2022) analyzed the research per-
formance of PhD graduates across all research disciplines in Slovenia since the country’s 
independence and identified major trends: a reduction in dependence on advisors and an 
increase in international collaboration and citation impact. Disciplines such as mathemat-
ics, natural sciences, medicine and technology demonstrated above-average productivity 
and collaboration, emphasizing how specific disciplinary norms shape the nature of stu-
dent–advisor collaborations.

Research shows that advisors’ productivity and bibliometric performance vary strongly 
across disciplines and depend on factors such as collaboration networks, funding, and 
teaching loads (van den Besselaar & Sandström, 2019). The productivity of PhD students 
is likewise shaped by the frequency of student–advisor interaction (Li & Fernandez, 2025) 
and disciplinary publication practices (Korytkowski & Kulczycki, 2019). These differences 
highlight the need for normalized bibliometric indicators (Medo & Cimini, 2016) and more 
nuanced measures in fields where traditional publication counts are inadequate, such as the 
social sciences and humanities (Yang & Zheng, 2019). These findings suggest that both 
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effects of mentoring and their measurements are discipline-specific, reinforcing the value 
of population-level, cross-disciplinary analyses.

Namely, most prior studies examined advisor influence within particular scientific 
fields (e.g., biomedicine, physics, or engineering) or in restricted institutional contexts, 
which limits the generalizability of their findings (e.g., Chen et al., 2025a; Liu et al., 2018; 
Malmgren et  al., 2010). While recent longitudinal studies have successfully expanded 
the scope to cover entire sectors—such as the analysis of STEM fields across the French 
national system by Corsini et al. (2022)—systematic evidence encompassing all research 
disciplines, including the social sciences and humanities, remains scarce. The recent 
research of Bulian et al. (2022) in the case of Croatia is one of the few examples. Conse-
quently, we still lack systematic evidence on whether the observed relationships between 
advisors’ characteristics and students’ performance persist across an entire national doc-
toral system. Addressing this gap provides an opportunity to evaluate the consistency of 
advisor effects across disciplines and to identify broader patterns in doctoral mentorship.

Building on this, the present study investigates whether and how advisors’ research 
performance is associated with that of their PhD students in Slovenia between 1988 and 
2022. We analyze the complete doctoral population and assess differences across disci-
plines (UDC categories) and across time (five-year intervals). This design allows us to test 
not only whether associations exist, but also whether they vary by disciplinary context or 
change over time.

In particular, our analysis answers the following research questions:

1.	 Is there an association between the research performance of advisors and that of their 
PhD students?

2.	 Does the strength of this association vary across scientific fields?
3.	 Do the dynamics of associations between advisors and PhD students change over time?

In line with the above-mentioned prior research, suggesting positive mentorship effects, 
we expect to find that advisors’ performance is positively related to that of their students. 
However, given disciplinary and systemic differences, we anticipate variation across fields 
and temporal shifts reflecting broader changes in doctoral education.

Data and methodology

Data preparation

For the purpose of this paper, data on students, their publications, and their advisors were 
obtained from the Cooperative Online Bibliographic System & Services1 (COBISS) and 
the Slovenian Current Research Information System2 (SiCRIS). COBISS and SiCRIS are 
national bibliographic and research information systems in Slovenia. COBISS contains 
comprehensive metadata records on Slovenian scientific output, including books, journal 
papers, conference proceedings, monographs, and academic theses (bachelor’s, master’s, 
and doctoral). SiCRIS contains detailed information on research organizations, projects, 

1  http://​www.​cobiss.​si.
2  https://​www.​sicris.​si/​public/​jqm/​cris.​aspx?​lang=​slv&​opdes​cr=​home&​opt=1

http://www.cobiss.si
https://www.sicris.si/public/jqm/cris.aspx?lang=slv&opdescr=home&opt=1
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and individual researchers in Slovenia. It is integrated with COBISS, enabling the tracking 
of researchers’ publication activities. We compiled the dataset for our analysis based on 
students’ publication records and followed the data preparation methodology described by 
Rojko & Lužar (2022).

We analyzed data on all individuals who defended their doctoral theses in Slovenia 
between 1988 and 2022. For each individual (from here on, we refer to them as “students”), 
we collected data on the year of doctoral thesis defense, the research field (as categorized 
in the official doctoral records), and the respective advisor(s). Where applicable, data on 
coadvisors are also included. To compute bibliometric indicators, we additionally compile 
publication records for both the students and their advisors. Students for whom advisor 
metadata are unavailable are excluded from the analysis. In cases where a student had mul-
tiple advisors (i.e., the data did not contain information about the main advisor), we retain 
data for the advisor with the highest productivity. If a student earned more than one doc-
toral degree, the data from the first doctorate were considered.

We observe students’ publication activity within a five-year interval, spanning from two 
years prior to two years following the year of their doctoral thesis defense. We refer to this 
period as the observation interval. Consequently, the full range of publication data used in 
our analysis extends from 1986 to 2024. To compute the advisors’ bibliometric indicators, 
we apply the same five-year observation interval as for the corresponding student—that is, 
from two years before to two years after the student’s thesis defense. This approach ensures 
that the advisors’ research activity is assessed within the same temporal context as the 
students’. Note also that although there are many fewer individual advisors than students, 
every student is paired with a special instance of an advisor, and thus in our data, e.g., for 
two students with the same advisor, who both defended their thesis in the same year, we 
use two copies of the same advisor’s data.

Since authors3 often publish unevenly across the observation intervals, we use activity 
intervals for each student and their respective advisors. The activity interval of a student 
begins two years prior to the student’s thesis defense, and it ends in the last year of the 
observation interval, in which the student has at least one scientific publication. If a student 
has no publications during the entire observation interval (aside from the doctoral thesis), 
the activity interval is considered to have a length of zero.

The advisor’s activity interval is similarly defined within the same five-year observa-
tion window: it begins two years prior to the student’s thesis defense, and it ends in the last 
year of the observation interval in which the advisor has a publication. Note that for each 
student, we compute the advisors’ data separately, although most advisors advised multiple 
students, and many of them even advised those students at the same time. We chose this 
approach to ensure the balance between the sets of students and advisors.

Following the approach of Rojko & Lužar (2022), we determine each student’s and advi-
sor’s research field based on the classification of their doctoral thesis, as most researchers 
continue working in the area of their doctoral research. Specifically, the Universal Decimal 
Classification4 (UDC) scheme is used to define the student’s research field. The UDC is 
one of the most widely adopted classifications for categorizing research fields, grouping 
them into nine primary categories listed in Table 1.

3  The author/individual refers to both the student and his advisor when describing the process of computing 
values of bibliometric indicators.
4  https://​udcc.​org/

https://udcc.org/
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The Slovenian Research and Innovation Agency5 (ARIS) is the national authority 
responsible for evaluating researchers, research institutions, and projects in Slovenia. Its 
evaluation procedures are based on data from SiCRIS and rely on bibliometric indicators, 
which play an important role in decisions concerning research funding, project grants, and 
academic promotions (habilitations). This is also one of the main reasons for the high reli-
ability of data in COBISS and SiCRIS, as researchers are strongly motivated to ensure that 
their achievements are accurately and consistently recorded in these systems.

We consider only the publications of types listed in Table 2. For each publication, we 
extract information on its type, publication year, and list of authors. Following ARIS’s 
approach of assigning weights to various publication types to assess research output, we 
adopt a simplified weighting model proposed by Rojko & Lužar (2022), as outlined in 
Table 2. These weights enable standardized comparisons across different publication types 
in the context of research evaluation. It is important to note that in our analysis, all scien-
tific papers are assigned the same weight, regardless of the ranks of journals in which they 
are published.

Table 1   UDC categories and 
their descriptions

UDC primary 
field

Description

0 Science and knowledge, organization, computer 
science, information, documentation, librarianship, 
institutions, publications

1 Philosophy, psychology
2 Religion, theology
3 Social sciences
5 Mathematics, natural sciences
6 Applied sciences, medicine, technology
7 The arts, recreation, entertainment, sport
8 Language, linguistics, literature
9 Geography, biography, history

Table 2   Publication types and 
the corresponding weights

Publication type Publication type 
code

Weight

Scientific article 1.01 1.000
Review article 1.02 1.000
Short article 1.03 0.800
Invited conference contribution 1.06 0.384
Conference contribution 1.08 0.384
Invited conference abstract 1.10 0.035
Conference abstract 1.12 0.035
Book chapter 1.16 0.569
Monograph 2.01 0.919

5  https://​www.​aris-​rs.​si/​en/​index.​asp

https://www.aris-rs.si/en/index.asp
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For the purposes of our analysis, we consider five bibliometric indicators. Specifically, 
for each student, we compute indicator values over the corresponding observation interval 
that capture the student’s productivity, collaboration, number of publications, number of 
coauthors, and independence from their advisors.

Similarly, we compute the same set of indicators for each student’s advisor using the 
student’s observation interval. However, we exclude the independence indicator for advi-
sors, as it is defined with respect to an advisor. Computing this indicator for advisors would 
require publication data from their own PhD studies, which are missing for a significant 
subset of advisors.

We now describe each of the bibliometric indicators in detail. We denote an individual’s 
activity interval by Iact and the set of active years, that is, the years within the observation 
interval in which the individual has at least one publication, by Tact . For year t let Pt be 
the set of the individual’s publications and nt = ||Pt

|| be the number of individual’s pub-
lications. We consider only publications of the types listed in Table 2 that the individual 
coauthored.

•	 Productivity measures an individual’s scientific output over the entire observation 
interval. Specifically, for individual’s publication i , the productivity value is deter-
mined by assigning a weight wi based on its type (see Table 2) and dividing this weight 
by the number of authors ai . For each year t within the individual’s observation inter-
val, the yearly productivity Pt is defined as the sum of the productivity values of all 
publications the individual (co)authored in that year:

	   If no publications are recorded for a given year, the yearly productivity Pt value for 
that year is set to 0. The overall productivity P is computed as the arithmetic mean of 
yearly productivity values across the activity interval:

	   If no publications are recorded throughout the entire observation interval, the aver-
age productivity is set to 0. This indicator, often referred to as fractional productivity, 
was first considered by Lindsey (1980) and later, in a similar manner, by Abramo & 
D’Angelo (2014).

•	 Collaboration assesses the level of collaboration per individual’s publications over 
their observation interval. For each year t within the individual’s observation interval, 
the number of distinct coauthors Dt across all individual’s publications in that year is 
computed. If no publications are recorded in year t , the value for that year is excluded 
from the computation. The overall average collaboration C is then computed as the 
arithmetic mean of yearly collaborations across all active years:

	   If no publications are recorded throughout the entire observation interval, the aver-
age collaboration value is set to − 1, to distinguish between authors who have no col-
laboration and those with no publication activity at all.

Pt =

∑

i∈Pt

wi

ai

P =
1

||Iact||

∑

t∈Iact

Pt

C =
1

||Tact||

∑

t∈Iact

Dt
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•	 Publication count measures the average number of scientific publications an individ-
ual (co)authored per year over their observation interval. Specifically, for each year t 
within the observation interval, the number of publications nt is collected. If no publi-
cations exist for a given year, the publication count is 0. The overall publication count 
is computed as the arithmetic mean of the yearly publication counts across the activity 
interval:

	   If no active years are recorded, the publication count is set to 0.
•	 Coauthor count measures the average number of coauthors per publication throughout 

an individual’s observation interval. For each year t within the individual’s observation 
interval, the coauthor count across publications in that year is computed:

	   If the individual has no publications recorded for a given year, the value for that year 
is excluded from the computation. The overall coauthors count is then computed as the 
arithmetic mean of yearly coauthor counts across all active years:

	   If no publications are recorded throughout the entire observation interval (meaning 
no active years are recorded), the coauthor count is set to − 1.

•	 Independence of a student from advisors represents the proportion of publications 
authored without the involvement of the student’s advisors. A publication is consid-
ered independent if no advisor (including coadvisors) is listed among its authors. For 
each year t within the individual’s observation interval, an annual independence ratio is 
computed as the number of independent publications nind,t divided by the number of all 
student’s publications nt for that year:

	   If the student has no publications recorded for a given year, the value for that year is 
excluded from the computation. The overall value of the independence indicator is then 
computed as the arithmetic mean of yearly independence values across all active years:

	   If no publications are recorded throughout the entire observation interval, the indica-
tor is set to − 1.

	   While some of the indicators seem correlated, we treat them as distinct dimensions of 
research behavior. We distinguish between the publication count (total volume) and the 
productivity (output rate), as our data show that volume remains stable while produc-
tivity declines, signaling changes in research efficiency. Furthermore, we distinguish 
between collaboration (the breadth of the distinct coauthor network) and the coauthors 

N =
1

||Iact||

∑

t∈Iact

nt

At =
1

nt

∑

i∈Pt

ai

A =
1

||Tact||

∑

t∈Tact

At

It =
nind,t

nt

I =
1

||Tact
||

∑

t∈Tact

It
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count (team size per paper). This allows us to identify different networking strategies: 
for example, a researcher may maintain a high team size within a closed, stable group, 
whereas another may have a wider network breadth with fewer publications. The valid-
ity of this multi-dimensional approach is further supported by our regression models 
(Sect.  "Multiple regression analysis"), where distinct sets of variables proved signifi-
cant for different indicators, confirming that they capture unique facets of the doctoral 
research process.

Data processing

As described in Sect. "Data preparation", indicator values are assigned to each student and 
their corresponding advisor. To evaluate the performance of students and advisors, and to 
explore the influence advisors have on their students, a structured classification method on 
the values of indicators is applied. Each individual—a student or an advisor—is placed 
into one of six distinct classes based on their specific indicator value. This classification 
method is conducted for each indicator, separately for students and advisors, ensuring that 
each group is assessed independently according to its respective indicator values.

The classification process for each indicator begins by identifying individuals with no 
publications during their observation interval. These individuals are assigned to class 0. 
For example, if a student has no recorded publications, they are assigned to class 0 among 
students. Likewise, an advisor with no publications within their observation interval (recall 
that an advisor’s observation interval depends on the currently considered student) is also 
assigned to class 0 among advisors. These individuals are temporarily excluded from the 
dataset for the subsequent steps in the classification process.

The remaining individuals (those with at least one publication) undergo further pro-
cessing. Individuals identified as outliers based on indicator values and the interquartile 
range are temporarily excluded to prevent extreme values from distorting the classification 
process.

Once outliers are filtered out, the Jenks Natural Breaks algorithm (Jenks, 1967) is 
applied to divide the remaining individuals into five classes based on indicator values. This 
method optimally divides individuals into classes in which the values within each class are 
as similar as possible and the differences between the classes are as significant as possible. 
Class 1 represents individuals with the lowest indicator values (e.g., the least productive, 
the least collaborative, …), and class 5 represents individuals with the highest indicator 
values (e.g., the most productive, the most collaborative, …). After establishing the clas-
sification boundaries for classes, the individuals identified as outliers are reintroduced into 
the dataset. Namely, those individuals are assigned to class 5, as their indicator values are 
always high. We finally add the individuals assigned to class 0. The descriptive statistics of 
the indicator values across the classes are presented in Table 4.

To evaluate the association between the performance of advisors and their students, we 
analyze the distribution of student–advisor pairs based on their respective classification 
outcomes. Each student and advisor is assigned independently to one of six classes based 
on a specific indicator value. We then examine the alignment between the advisor’s and the 
student’s classes.

To better visualize these connections, we use heatmaps providing an intuitive represen-
tation of the frequency of student–advisor class pairs. In a heatmap, advisor classes are 
always displayed along the x-axis, while student classes are positioned along y-axis. A 
color scale is used to indicate the frequency with which each class pair occurs.
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Heatmaps are primarily descriptive and do not allow for statistical inference. To address 
this limitation, we complement visual analysis with a series of multiple regression models. 
We prepared five models (presented in Table 5) with the five student indicators being the 
dependent variables. All models include a comprehensive set of independent variables cov-
ering advisor and students’ peer characteristics, which we were able to infer from our data. 
We also use variance inflation factors (VIF) for testing multicollinearity.

Results

Our dataset comprises records on 13,040 students who defended their doctoral the-
ses between 1988 and 2022 in the doctoral study programs in Slovenia. The number of 
defended theses per year experienced a more or less constant growth until 2016 (see 
Fig. 1), when it reached its peak due to the necessary completion of pre-Bologna doctoral 
studies; namely, 2016 was the last year in which students could complete a pre-Bologna 
degree program. In addition, 2016 marked the eighth year in which students could com-
plete a Bologna doctoral program (Rojko et al., 2020). Interestingly, the number of distinct 
advisors followed this trend, while the average number of students per advisor remained 
relatively constant at around 1.5 throughout the entire observation period.

Some doctoral study programs do not require publishing scientific papers to obtain a 
doctoral degree; they allow publishing doctoral research within the doctoral thesis. Conse-
quently, 995 (7.6%) of the students and 203 (1.6%) of their advisors had no publications of 
the types considered here, apart from the doctoral thesis, during their observation intervals. 
Thus, their bibliographic indicators cannot be computed; these students and advisors are 
always assigned to class 0 (see Fig. 2).

Before presenting the results of our main analysis, we briefly compare the research per-
formance of students with a single advisor and that of students who also have coadvisors. 
The two groups consist of 7693 and 5347 students, respectively. Only minor differences are 
observed when examining the groups within UDC categories (see Table 3), with the largest 
proportional difference in UDC 6 (5.6%).

Fig. 1   The number of students, advisors, and the average number of students per advisor per year
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The heatmaps in Fig.  3 compare the distributions of student–advisor productivity 
classes for students with a single advisor (left) and those who also have coadvisors (right). 
Recall that for classification, we only use the advisor’s performance. There are essentially 
no observable differences in the distributions, either between the heatmaps representing 
counts of class pairs or in the column-normalized heatmaps, presenting the relative distri-
bution of student productivity classes within each advisor class.

Our main analysis consists of three parts. First, we compare students and their advisors 
across the entire doctoral population using the five above-described bibliometric indica-
tors. Second, we examine associations within the nine primary UDC categories to capture 
disciplinary variation. Third, we analyze successive five-year intervals to assess how stu-
dent–advisor relationships have evolved over time.

General analysis

We begin by examining the relationship between students’ and advisors’ bibliometric indi-
cators using the Spearman correlation coefficient (Fig.  4); several patterns emerge: stu-
dents’ productivity is only weakly correlated with advisors’ indicators, with the strongest 
positive correlation observed for advisors’ productivity. This result is consistent with previ-
ous findings by Bulian et al. (2022), who reported a positive correlation between advisor 
and student productivity, particularly among highly productive advisors. However, when 
restricting the analysis to advisors in the top productivity classes (classes 4 and 5), the cor-
relations substantially decrease to 0.08 and 0.02, respectively. This suggests that, despite 

Fig. 2   The number of students and advisors with no publications in their observation intervals

Table 3   Students and their field of research grouped by number of advisors

UDC 0 1 2 3 5 6 7 8 9 Total

One advisor 576 285 59 1262 1994 2665 292 344 216 7693
Multiple advisors 413 171 30 755 1219 2147 252 218 142 5347
One advisor (in %) 7.5% 3.7% 0.8% 16.4% 25.9% 34.6% 3.8% 4.5% 2.8%
Multiple advisors (in %) 7.7% 3.2% 0.6% 14.1% 22.8% 40.2% 4.7% 4.1% 2.7%



Scientometrics	

their high output, the most productive advisors do not necessarily supervise students who 
achieve high productivity levels.

Fig. 3   The number and the column-normalized proportion of student–advisor productivity pairs for stu-
dents with a single advisor (left) and those who also have coadvisors (right)

Fig. 4   Correlation matrix of 
Spearman coefficients for stu-
dents’ and advisors’ bibliometric 
indicators
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Students’ collaboration and the number of coauthors are strongly correlated with those 
of their advisors, highlighting the potential influence of the advisor’s collaborative network 
on the student’s research practices. In contrast, students’ independence is negatively corre-
lated with all advisors’ indicators, particularly with collaboration, the number of coauthors, 
and the number of publications. This suggests that students of highly collaborative advisors 

Table 4   Descriptive statistics of the indicator values across the Jenks Natural Breaks algorithm classes

Students Advisors

n Mean SD Min–Max n Mean SD Min–Max

Indicator Class

Productivity
0 995 203
1 3647 0.16 0.07 0.00–0.28 3152 0.54 0.23 0.00–0.88
2 3254 0.40 0.07 0.28–0.53 3461 1.21 0.19 0.88–1.56
3 2124 0.67 0.08 0.53–0.83 2699 1.90 0.22 1.56–2.31
4 1384 1.00 0.11 0.83–1.21 1825 2.73 0.27 2.31–3.26
5 1636 1.99 0.85 1.21–9.79 1700 4.78 2.34 3.26–37.96

Collaboration
0 995 203
1 3957 0.57 0.49 0.00–1.50 4881 2.29 1.75 0.00–5.75
2 3058 2.56 0.63 1.60–3.75 3031 9.10 2.08 5.80–12.80
3 2079 4.95 0.79 3.80–6.40 1940 16.61 2.32 13.00–21.00
4 1386 7.93 0.93 6.50–9.75 1330 25.62 2.97 21.20–31.60
5 1565 16.53 15.75 9.80–366.60 1655 54.31 30.42 31.80–437.00

Publication count
0 995 203
1 3486 0.76 0.31 0.20–1.25 4062 2.47 1.10 0.20–4.33
2 3034 1.85 0.33 1.33–2.40 3545 6.27 1.18 4.40–8.40
3 2236 3.06 0.35 2.50–3.75 2261 10.65 1.35 8.50–13.20
4 1841 4.58 0.56 3.80–5.60 1403 15.90 1.67 13.25–19.00
5 1448 9.04 6.21 5.67–94.20 1566 29.85 12.72 19.20–128.00

Coauthors count
0 995 203
1 2674 0.25 0.28 0.00–0.87 3022 0.41 0.34 0.00–1.08
2 3419 1.49 0.38 0.87–2.10 3493 1.73 0.33 1.08–2.26
3 2801 2.72 0.36 2.10–3.38 3078 2.78 0.32 2.26–3.38
4 1881 4.04 0.42 3.38–4.91 1933 3.97 0.38 3.38–4.71
5 1270 6.54 2.42 4.91–46.50 1311 5.99 1.88 4.71–43.00

Independence
0 995
1 3968 0.02 0.04 0.00–0.12
2 1916 0.24 0.06 0.13–0.35
3 1442 0.47 0.06 0.36–0.59
4 1285 0.72 0.07 0.60–0.84
5 3434 0.98 0.04 0.85–1.00
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tend to exhibit lower levels of independence, potentially due to stronger integration into the 
advisor’s research agenda or team-based publishing strategies.

Before we proceed with the analysis of student–advisor associations for each indicator 
separately, in Table  4, we give descriptive statistics for the values of the five indicators 
within the six classes obtained by Jenks Natural Breaks algorithm.

As discussed in Sect. "Data processing", individuals in classes 0 have no publications, 
making it impossible to compute collaboration, coauthor count, or independence. Since 
these cases are assigned − 1 for identification purposes, they are excluded from the descrip-
tive statistics.

Productivity

Figure 5 shows two heatmaps presenting the distribution of student–advisor productivity 
class pairings across the complete dataset, spanning from 1988 to 2022. The left heatmap 
displays the absolute counts of student–advisor pairs for each pair of productivity classes. 
In contrast, the right heatmap shows the column-normalized heatmap, presenting the rela-
tive distribution of student productivity classes within each advisor class. The data reveal 
that approximately 70% of all student–advisor pairs lie on or below the secondary diagonal 
of the heatmap, suggesting that the majority of students are classified into the same or 
lower productivity classes than their advisors.

Considering advisors in classes 0 or 1, around 50% of their students also belong to 
classes 0 or 1. Similarly, advisors in classes 2 through 4 tend to advise students predomi-
nantly from classes 1 and 2, indicating that having a productive advisor does not neces-
sarily translate to higher productivity of the student. This observation is supported by the 
relatively weak positive correlation between the productivity of the students and that of 
their advisors (see Fig.  4). However, we can observe an exception for class 5 advisors, 
who demonstrate a much higher proportion of class 5 students compared to other advisor 
classes. This pattern is consistent with Bulian et al. (2022), who found that students of star 
advisors (top 20% most productive advisors) exhibit significantly higher productivity.

There are several plausible reasons that could explain this phenomenon. First, Green 
& Bauer (1995) report that advisors tend to prioritize mentoring students they perceive as 
having the greatest potential. These perceptions are based on factors such as aptitude, com-
mitment, prior experience, and alignment with the advisor’s area of expertise. As a result, 

Fig. 5   The number (left) and the column-normalized proportion (right) of student–advisor pairs by the pro-
ductivity class
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these students tend to gain their initial productivity. Furthermore, highly productive and 
respected advisors tend to attract ambitious and prospective students, who are more likely 
to be ambitious and motivated. Second, highly productive advisors tend to be part of better-
funded groups that have access to strong research infrastructure, equipment and datasets. 
In line with this, Liu et al. (2022) showed that advisors with higher academic status can 
provide more and better resources for their students. This enables multiple parallel projects 
and facilitates the faster conversion of research work into publishable papers.

Collaboration

The heatmaps in Fig. 6 present the distribution of student–advisor collaboration class pair-
ings. The heatmap on the left shows the absolute number of student–advisor pairs. Pairs 
concentrate along the secondary diagonal, with the largest concentration of pairs for advi-
sors in classes 1 and 2 and students in classes 1 and 2. A notably high concentration of 
pairs is also evident in the class 5 advisor and the class 5 student cell.

The heatmap on the right shows the column-normalized relative distribution of student 
classes within each advisor class. The diagonal structure observed in the right heatmap is 
consistent with the positive correlation of 0.67 observed between the collaboration indica-
tors (see Fig. 4). This means that students often reflect their advisor’s collaboration behav-
ior, with the most expressed proportions aligning along the secondary diagonal. For exam-
ple, 56% of students mentored by class 1 advisors are also classified in class 1, while 45% 
of students with class 5 advisors fall into class 5. Advisors in classes 2, 3, and 4 exhibit 
more heterogeneous distributions, with students spread more evenly across the middle col-
laboration classes.

The results thus show that advisors’ collaborative engagement shapes students’ collabo-
rative behavior and consequently their collaboration network. Several factors may contrib-
ute to this pattern. Advisors typically integrate students into their own research groups and 
projects, thereby extending students’ collaborative networks (Wang et al., 2021). Advisors 
who are highly collaborative are more likely to provide access to diverse and extensive 
collaborative opportunities. Conversely, less collaborative advisors expose students to nar-
rower networks, constraining the growth of students’ collaboration networks. This directly 
explains the diagonal structure and the mirroring of collaboration levels. Additionally, stu-
dents often conduct research that aligns with their advisor’s interests, which further consol-
idates shared collaboration pathways. Advisors in the middle classes may have less precise 

Fig. 6   The number (left) and the proportion (right) of student–advisor pairs by the collaboration class
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or consistent collaboration expectations than those at the highest levels, and consequently, 
their students have more freedom to define their own collaboration behavior.

Publication count

The heatmaps in Fig.  7 present the distribution of student–advisor pairs by publication 
count classes. Both the left and right heatmaps show that students’ publication output is 
moderately aligned with their advisors’, although this association appears less pronounced 
than the pattern observed for collaboration. Compared to the productivity heatmap, the 
publication count heatmap shows a slightly more evident diagonal pattern and an upward 
spread among students. In contrast, the productivity of students is more concentrated in the 
lower classes and shows weaker alignment with advisors in classes 4 and 5.

In the left heatmap, most student–advisor pairs are concentrated in the lower and mid-
dle publication count classes, particularly among advisors in classes 1 and 2 paired with 
students in classes 1 and 2. The column-normalized heatmap reveals that students of highly 
publishing advisors (classes 4 and 5) are more evenly distributed across classes. For exam-
ple, students in advisor’s class 5 are spread across all publication classes, with the highest 
proportion in class 5, but also with notable representation in classes 3 and 4. A similar 
heterogeneous pattern is observed for advisors in class 3. On the other hand, advisors in 
classes 0 or 1 tend to mentor students predominantly concentrated in the lower publication 
classes.

Regarding the students and advisors with no publications, we observe that there are 69 
pairs in the (0,0) cell. This suggests that a notable number of advisors with no publications 
mentor students who also have no publications. Advisors with zero publications mentor a 
total of 203 students. Several reasons can contribute to this. Some advisors are primarily 
focused on teaching, perform supervisory roles without active research during the student’s 
five-year observation timeframe (e.g., clinical or industry affiliates) or near retirement. 
Conversely, some students remain in class 0 even when mentored by higher-output advi-
sors. This implies that an advisor’s publication count is not the sole determinant of student 
publication success.

These findings suggest a weak to moderate association between advisors’ and students’ 
publication output, consistent with the Spearman correlation coefficient of 0.41 reported in 
the correlation matrix above. While high publication output by the advisor does not guar-
antee a similar level of publication output by the student, students of prolific advisors do 

Fig. 7   The number (left) and the proportion (right) of student–advisor pairs by the publication count class
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exhibit some upward spread across publication classes. This is consistent with findings 
from Bulian et al. (2022), who showed that students of star advisors (top 20% of the most 
productive advisors) publish significantly more than other examined groups.

Coauthorship

The heatmaps in Fig. 8 present the distribution of student–advisor pairs by classes based 
on the number of coauthors. Both heatmaps reveal a clear diagonal pattern, indicating a 
positive association between advisor and student coauthorship class. In the left heatmap, 
the highest concentration appears in the cell where both advisor and student belong to class 
2, followed closely by alignments of advisors and students in classes 1 and 3. This diagonal 
trend is further supported by the column-normalized heatmap, which shows that the high-
est proportion of students tends to fall within the same coauthorship class as their respec-
tive advisors. Importantly, advisors with the most coauthors (class 5) stand out with 55% of 
their students also being in class 5, indicating strong upward alignment at the highest levels 
of coauthorship.

These findings suggest that students’ publishing habits, as reflected in the typical team 
size (i.e., number of coauthors per paper), are closely tied to those of their advisor. This 
aligns with prior reports that advisors facilitate access to research projects and collabo-
ration networks (Bulian et  al., 2022; Larivière, 2012), thereby inheriting both team size 
and collaboration habits. Advisors leading large-scale or team-oriented projects expose stu-
dents to papers with more coauthors, whereas those working in smaller or more independ-
ent settings typically involve fewer coauthors per publication.

Complementing these observations, recent research by Cugmas et al. (2024) shows that 
new coauthorship ties often form during the doctorate period and also underscores the 
common embeddedness of students in advisor-led teams and socialized into their collabo-
ration practices. Additionally, since coauthorship norms vary across fields, students and 
advisors working within the same field tend to exhibit similar coauthorship patterns that 
reflect the conventions of their discipline.

Independence

The heatmaps in Fig. 9 present the distribution of student–advisor pairs by advisor produc-
tivity class and student independence class. Advisor productivity, rather than independence, 

Fig. 8   The number (left) and the proportion (right) of student–advisor pairs by the coauthors count class
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is used as the comparison variable because an advisor’s independence would need to be 
measured at a much earlier stage in their career to serve as a meaningful counterpart to the 
student’s independence.

There is no strong correlation between a student’s level of independence and an advi-
sor’s productivity level. However, two notable concentrations emerge in both heatmaps. 
First, there is a pronounced accumulation of students in independence class 1, spanning 
advisors from productivity classes 1 through 5. This suggests that a significant proportion 
of students, regardless of their advisor’s productivity, exhibit low levels of independence 
from advisors. This result differs from the findings of Rosenfeld & Maksimov (2022), who 
report that less-independent researchers are more often supervised by highly successful 
advisors (those with high h-index and i10-index).

Several factors may explain these findings. First, many doctoral students operate within 
established research projects led by their advisors (Bulian et  al., 2022; Larivière, 2012). 
In such cases, students contribute to ongoing work rather than developing independent 
research. Second, disciplinary norms in certain fields (e.g., biomedical sciences, experi-
mental physics) favor team-based research, where student autonomy is limited. Third, 
some advisors may prefer to maintain tight oversight of the research process.

Another clear concentration is observed within student independence class 5, again 
across advisors from multiple productivity levels. These students can be interpreted as 
highly independent, possibly conducting research with minimal reliance on their advisors. 
In such cases, independence may arise from deliberate mentoring strategies that foster 
autonomy.

Overall, student independence is negatively associated with all four of the advisor’s 
research performance indicators (see Fig.  4). This suggests that students of highly col-
laborative and/or productive advisors tend to exhibit lower levels of independence, likely 
reflecting tighter integration into the advisor’s ongoing work and group projects. This 
aligns with Patsali et al. (2024), who found that students were less independent when their 
advisors had larger collaboration networks. Similarly, Rosenfeld & Maksimov (2022) 
report that intensive student–advisor collaboration can hinder early independence, with 
only a minority achieving autonomy. Heavy embedding in advisor-led teams boosts col-
laboration but can reduce opportunities for the student to publish independently.

Fig. 9   The number (left) and the proportion (right) of student–advisor pairs by the independence class for 
students and the productivity class for advisors
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Discussion

Using the entire population of Slovenian PhD students and their advisors, our results sug-
gest that the research performance of advisors is associated with that of their PhD students; 
however, the association and its strength vary depending on the perspective of research 
performance. Students’ productivity and number of publications show only a modest asso-
ciation with those of their advisors, while their collaboration patterns closely mirror the 
styles and research team sizes of their advisors in terms of both collaboration and the num-
ber of coauthors per paper. In contrast, students’ independence is negatively associated 
with all advisors’ indicators of research performance.

Results from the analysis of the Slovenian research community (Kastrin et  al., 2017) 
show a strong and sustained association between productivity and collaboration. Building 
on this, advisors with strong collaboration can potentially increase their students’ produc-
tivity and number of publications by embedding them into larger research teams and wider 
collaboration networks.

Studies also confirm the benefits of student–advisor coauthorship. Bulian et al. (2022) 
found that student–advisor coauthorship is linked to higher student productivity both 
before and after obtaining their PhD degree. Furthermore, higher academic rank, longer 
student–advisor relationships, and greater advisor academic standing are associated with 
enhanced student performance (Hilmer & Hilmer, 2007; Liu et  al., 2018; Tuesta et  al, 
2015). Tuesta et  al. (2015) also detected a positive and significant correlation between 
the duration of the student–advisor relationship and the number of students’ publica-
tions. Lastly, Lindahl et al. (2020) found that differences in the extent to which doctoral 
students coauthored with their main advisor, as well as the overall size of their network, 
could account for significant productivity gaps. However, there are also disadvantages; 
relying too much on student–advisor coauthorship can limit the development of student 
independence.

Ma et al. (2020) report that while mentorship strongly predicts students’ success, stu-
dents perform best when they demonstrate intellectual independence by studying topics 
different from those of their advisors and coauthoring only a small fraction of their papers 
with them. Relatedly, students who display independence during their PhD studies tend 
to achieve higher publication productivity later, but they may experience a disadvantage 
in receiving fewer citations in the short run compared to those who follow their advi-
sors’ established research lines and leverage the advisor’s reputation (Patsali et al., 2024). 
Additionally, high embeddedness in collaboration networks may reduce short-term inde-
pendence (van den Besselaar & Sandström, 2019; Ma et  al., 2020). Taken together, this 
highlights the inherent trade-offs in doctoral training: students must balance the immediate 
benefits of network integration against the long-term research independence. This dual-
ity is not a contradiction, but rather a reflection of choices students make to navigate their 
research environments. However, with increasing team science (Milojević et al., 2018), this 
might not be easy for them.

Our results, together with the existing literature, underscore that advisors influence how 
students perform and engage in research. They primarily do this by establishing access to 
collaboration networks, teams and collaborative practices. However, the quantity and inde-
pendence of students’ publications appear to depend more on their own capabilities, pub-
lishing choices, and field-specific norms than solely on their advisors’ publication output. 
This helps understand the strong alignment observed in collaboration and the number of 
coauthors, with the weaker correlation observed in productivity and independence.
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Multiple regression analysis

To complement our descriptive findings, we also present the results of a multiple regres-
sion analysis. This framework allows us to simultaneously evaluate the impact of multiple 
factors inferred from advisor characteristics and, due to the possible effects of team sci-
ence, students’ peer characteristics to student research performance. The coefficients for 
the five models, each with one student indicator as a dependent variable, are presented in 
Table 5. Definitions of independent variables are given in Appendix A, while descriptive 
statistics for independent variables are in Appendix B.

The multiple regression results confirm that academic performance is multidimen-
sional and shaped by distinct mechanisms. The advisor-student publishing rate consistently 
emerges as a key factor across all models, while a number of advisor and peer character-
istics play a prominent role for various subsets of indicators. Below, we provide a more 
detailed interpretation of the results presented in Table 5.

Model 1 shows that student productivity is primarily driven by joint research with the 
advisor rather than the advisor’s general collaboration network size or publication counts. 
The advisor-student publishing rate emerged as the strongest predictor, while other advisor 
metrics (such as collaboration intensity and total output) were not significant. Notably, a 
higher number of common coauthors is associated with lower productivity, suggesting that 
excessive integration into advisor’s established network may constrain student’s output. 
Peer effects further underscore the role of the local environment: while productive peers 
exert a positive influence, highly collaborative or senior-heavy environments correlate with 
lower individual productivity. This likely indicates that in such settings, research output 
is either shared across a larger group or led primarily by more experienced researchers, 
potentially limiting the student’s individual contribution.

From Model  2 we infer that student collaboration is driven by the advisor’s produc-
tivity, collaboration, coauthor count, and the advisor-student publishing rate. The signifi-
cant impact of the advisor-student publishing rate indicates that active joint research acts 
as a catalyst for networking. Furthermore, students mentored by collaborative and well-
connected advisors tend to exhibit similar patterns, suggesting a direct transmission of col-
laborative behavior from mentor to protégé. Conversely, higher advisor publication output 
and a greater overlap in coauthors are associated with lower student collaboration. Peer 
effects are comparatively weaker to effects of advisor’s characteristics; while proximity to 
peers with high publication count slightly increases collaboration, senior-heavy or highly 
collaborative peer environments are linked to lower individual network breadth. Overall, 
student collaboration is predominantly shaped by advisor-specific factors, with the peer 
environment playing a secondary role.

From Model  3, we deduce that student publications counts are primarily driven by 
degree of collaboration. Similarly to Model  1, the advisor-student publishing rate is the 
strongest predictor, highlighting the central role of joint research. However, unlike pro-
ductivity, broader advisor characteristics matter significantly here: students supervised 
by advisors with high publication counts and large coauthorship networks achieve higher 
output. Conversely, higher advisor collaboration intensity is associated with lower student 
publication counts. Peer effects also display a nuanced pattern: while being surrounded by 
peers with high publication counts is beneficial, environments characterized by highly pro-
ductive, collaborative, or senior peers correlate with lower individual output. This suggests 
that in dense or senior-led networks, credit is either shared across larger teams or driven 
primarily by experienced researchers.
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Model 4 shows that the number of student’s coauthors is primarily shaped by the col-
laboration patterns of their advisors and peers. Students supervised by advisors with 
expansive collaboration networks, and those embedded in collaborative peer environments, 
tend to develop larger networks themselves. This suggests that students largely build their 
professional circles through their advisors’ connections, a finding further supported by the 
significant positive effect of the advisor-student publishing rate. In contrast, higher advi-
sor and peer productivity, as well as peer seniority, are associated with smaller number 
of coauthors. This may indicate that in highly productive or senior-led environments, col-
laboration on a paper becomes more selective or is driven by a smaller core of experienced 
researchers. Overall, these results highlight that coauthorship patterns depend more on the 
surrounding research structure than on individual performance.

Model  5 shows that student independence is primarily determined by the degree of 
integration into the advisor’s research network. Strong negative effects from common 
coauthors and high advisor-student publishing rates indicate that intensive joint research 
inherently limits autonomy. Advisor characteristics also play a role: while students of high-
output advisors tend to be less independent, those mentored by advisors with broad coau-
thorship networks show slightly higher independence, likely benefiting from more diverse 
networking opportunities. Peer effects are mixed; productive peer environments correlate 
with higher independence, whereas highly collaborative peer settings lead to lower inde-
pendence. The results highlight a fundamental trade-off: structural integration into estab-
lished networks provides support and output but it significantly constrains a student’s 
research autonomy.

As robustness checks, we also estimated the models by excluding the advisor-student 
publishing rate and, separately, excluding peer-related variables. Across specifications, 
the main patterns remain qualitatively similar, particularly with respect to advisor-related 
effects.

The multiple regression analysis may be subject to endogeneity concerns, particularly 
due to potential selection effects in advisor-student relationships. Advisors may allocate 
more time and collaboration opportunities to students with higher perceived potential. 
While the inclusion of a rich set of control variables helps mitigate this concern, unob-
served factors may still influence both advisor behavior and student performance. There-
fore, the results should be interpreted as associations rather than causal effects.

Analysis by UDC categories

In this section, we analyze the relationship between students’ bibliometric indicator values 
and those of their advisors across the nine primary UDC categories assigned to their doc-
toral theses, addressing the second research question.

Table 6 shows significant differences in the representation of all students and their advi-
sors (all classes) across individual UDCs, with UDCs 6, 5, and 3 being the most repre-
sented. In addition, Table 6 shows the uneven distribution of individuals without publica-
tions (class 0) in their observation intervals across individual UDCs, and it also reveals 
different proportions of students and advisors within each UDC compared to students and 
advisors from all classes. For example, 36.9% of all students are in UDC  6, but “only” 
14.7% of them are in class 0. On the other hand, the proportion of advisors without publi-
cations in UDC 7 is significantly higher in class 0.

Figure 10 shows differences in bibliometric indicators between 1988 and 2022 across 
individual UDCs. The smallest difference is observed in the productivity indicator, while 
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the largest occurs in collaboration. Clear but expected differences are evident between stu-
dents and advisors; however, the observed changes remain consistent across UDCs.

In the following subsections, we present heatmaps illustrating the distribution of stu-
dent–advisor class pairings from 1988 to 2022, for all nine primary UDC categories. 
In each heatmap, the data are column-normalized: for each advisor class, each cell rep-
resents the relative proportion of students in a given class, showing how student classes 
are distributed within each advisor class (heatmaps with absolute counts can be found in 
Appendix C). The classification of students and advisors into six classes remains the same 
as defined in Sect.  "Data processing". Class pairs that have no representatives in certain 
UDCs are marked in gray.

Table 6   Students and advisors per UDC category

UDC 0 1 2 3 5 6 7 8 9 Total

All classes Students 989 456 89 2017 3213 4812 544 562 358 13,040
Advisors 435 155 53 790 1097 1753 271 203 134 4891
Students (in %) 7.6% 3.5% 0.7% 15.5% 24.6% 36.9% 4.2% 4.3% 2.7%
Advisors (in %) 8.9% 3.2% 1.1% 16.2% 22.4% 35.8% 5.5% 4.2% 2.7%

Class 0 Students 57 101 25 326 78 146 121 88 53 995
Advisors 13 13 2 44 31 49 40 10 1 203
Students (in %) 5.7% 10.2% 2.5% 32.8% 7.8% 14.7% 12.2% 8.8% 5.3%
Advisors (in %) 6.4% 6.4% 1.0% 21.7% 15.3% 24.1% 19.7% 4.9% 0.5%

Fig. 10   Average values of indicators for students (right) and advisors (left) by UDCs
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Productivity

Figure  11 shows the distribution of student–advisor pairs by productivity classes. The 
secondary diagonal, indicating a positive association between advisor and student, is 
expressed only in the heatmaps for UDCs 5 and 6. These two categories also show low 
representation in student classes 3 to 5 for all advisor classes, except class 5. In the other 
UDCs, no clear diagonal pattern is visible, suggesting that advisors do not significantly 
influence student productivity. This observation is not consistent with the general results 
presented in Fig. 5 (right) and indicates significant differences in student–advisor associa-
tions across UDCs. Moreover, UDCs 1, 3, and 9 even exhibit high values in student class 5 
across most advisor classes.

Fig. 11   The column-normalized proportion of student–advisor pairs by the productivity class per UDC
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Collaboration

The heatmaps in Fig. 12 present the distribution of student–advisor pairs by collaboration 
classes. The secondary diagonal pattern observed in several UDCs (0, 5, 6, and 7) reflects 
a positive association between advisors’ and students’ collaboration levels. This pattern is 
consistent with the general results presented in Fig.  6 (right) and indicates that students 
often mirror their advisor’s collaboration behavior. Especially in UDCs 5 and 6, advisors 
typically integrate students more strongly into their research groups and projects, as the 
nature of work in these disciplines traditionally involves larger groups. On the other hand, 
other UDCs (1, 2, 8, and 9) do not exhibit a clear diagonal pattern, but still reveal several 
notable associations, such as between class 2 students and advisors (UDCs 1, 2, and 8) and 
between class 5 students and advisors (UDC 9). Additionally, UDC 3 generally displays a 
pattern below the secondary diagonal, indicating that students are rarely in a higher col-
laboration class than their advisor.

Fig. 12   The column-normalized proportion of student–advisor pairs by the collaboration class per UDC
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Publication count

Regarding the publication count, heatmaps in Fig. 13 primarily reveal an unclear relation-
ship between advisors and students. A diagonal pattern, reflecting a positive association 
between students and advisors, is visible only in UDCs 5 and 6. In all other UDCs, no clear 
diagonal pattern is apparent, suggesting that advisors do not significantly influence student 
publication counts. Additionally, in UDCs 1, 2, and 3, the majority of students fall into 
class 1 regardless of their advisor’s classes. This finding, however, does not align with the 
overall pattern presented in Fig. 7 (right). It suggests that UDCs 5 and 6 primarily contrib-
ute to the prevailing weak to moderate association between student and advisor publishing 
performance.

Fig. 13   The column-normalized proportion of student–advisor pairs by the publication count class per UDC
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Coauthorship

Figure 14 presents the distribution of student–advisor pairs by coauthorship count classes. 
A clear diagonal pattern illustrates distinct relationships between students and advisors in 
UDCs 0, 5, and 6. This trend is particularly evident in UDCs 5 and 6, where the tradi-
tional publishing practice of listing nearly all participating researchers in a group or project 
as coauthors strongly influences the observed pattern. The coauthorship trends observed 
in these UDCs are consistent with the overall pattern shown in Fig. 8 (right), which pre-
sents the proportion of student–advisor pairs by coauthorship count class. In contrast, other 
UDCs do not exhibit a clear diagonal pattern. However, some noteworthy patterns emerge. 
For example, in UDC 2, nearly all students fall into class 1, regardless of their advisors’ 
classes. Additionally, UDC 1 shows the strongest association between class 5 advisors and 
class 5 students across all UDCs.

Fig. 14   The column-normalized proportion of student–advisor pairs by the coauthors class per UDC
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Independence

Figure 15 presents heatmaps with column-normalized distribution of student–advisor pairs 
by student independence class and advisor productivity class. The patterns observed across 
individual UDCs are consistent with the overall trend presented in Fig.  9 (right), which 
displays the distribution of student–advisor pairs by these classes. In general, students tend 
to fall into either class 1 or class 5, regardless of their advisor’s productivity levels. How-
ever, when examining individual UDCs, a more nuanced picture emerges. In UDCs 1, 2, 
3, 7, 8, and 9, students are predominantly classified in class 5, indicating higher levels of 
independence from advisors. In contrast, students in UDCs 0, 5, and 6 are more frequently 
found in class 1, suggesting that a majority of their research is conducted in collaboration 
with their advisors. Observing this stark variance in student independence across different 
disciplines may lead to the conclusion that inherent disciplinary norms are a primary driver 
of early-career autonomy. Specifically, the pronounced lack of independence in UDCs 0, 
5, and 6 suggests that structural practices within these disciplines (such as large-scale, 

Fig. 15   The column-normalized proportion of student–advisor pairs by the independence class for students 
and the productivity class for advisors per UDC
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team-based research) constrain a student’s capacity to publish independently, thus super-
seding the influence of the advisor’s productivity.

Discussion

UDCs exhibit significant differences in numbers of PhD students, with the most rep-
resented categories being 6, 5, and 3, which together account for 77.0% of all students. 
Notable differences also exist in the nature of publishing, as observed in previous studies 
(van den Besselaar & Sandström, 2019; Korytkowski & Kulczycki, 2019; Yang & Zheng, 
2019). In addition, our analysis reveals clear differences in the strength of student–advisor 
associations across the considered bibliometric indicators.

In terms of productivity, a diagonal pattern—reflecting a positive association between 
student and advisor classes—is visible only in UDCs 5 and 6, which is not aligned with 
the overall results for all UDCs. Similarly, for the publication count, the diagonal pattern 
is apparent only in UDCs 5 and 6, whereas no clear positive association is observed in 
the other UDCs, suggesting that advisors do not significantly influence student publication 
counts outside these two categories.

In contrast, collaboration exhibits a stronger association. A diagonal line is observed 
in several UDCs (0, 5, 6, and 7), which is consistent with the overall results and indicates 
that students often mirror their advisors’ level of collaboration. Other UDCs (1, 2, 8, and 9) 
do not show a clear diagonal pattern but still reveal notable associations, such as students 
and advisors in classes 2 and 5. A similar trend is observed in coauthorship counts, where 
UDCs 0, 5, and 6 display a clear diagonal pattern, aligning with the overall results. Other 
UDCs do not exhibit a strong positive association; however, UDC 1 stands out, showing 
the strongest alignment between class 5 advisors and class 5 students across all UDCs.

Regarding student independence relative to advisor productivity, no diagonal pattern is 
evident in any UDC. Students across all UDCs tend to fall into either class 1 or class 5, 
regardless of their advisors’ productivity. In UDCs 1, 2, 3, 7, 8, and 9, students are predom-
inantly in class 5, indicating higher independence, whereas students in UDCs 0, 5, and 6 
are more frequently in class 1. While this could suggest lower independence from advisors, 
it also likely reflects the structural requirements of these three categories, in which students 
often rely on laboratory infrastructure (including datasets) and advisor-led funding, making 
common authorship with advisors a necessity (Yoshioka-Kobayashi & Shibayama, 2021). 
The above results are consistent with Rojko & Lužar (2022) and Cugmas et  al. (2024), 
and they further indicate that disciplinary norms largely determine student independence 
regardless of advisor productivity.

To summarize, the most prevalent UDCs—5 (mathematics and natural sciences) and 
6 (applied sciences, medicine, and technology)—and to a lesser extent UDC 0 (science 
and knowledge, organization, computer science, information, documentation, librarianship, 
institutions, and publications), exhibit exceptional patterns. In these UDCs, students often 
reflect their advisors’ classes in terms of productivity, collaboration, publication count, and 
coauthorship count. However, when considering all UDCs together, this alignment is only 
evident for collaboration and publication count; therefore, an analysis by individual disci-
plines is also necessary.
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Analysis across time intervals

In this section, we examine how the associations between PhD students and their advi-
sors have evolved over time. We partition the observation period from 1988 to 2022 into 
seven five-year intervals. For individuals in each interval and for each of the five bibliomet-
ric indicators, we separately apply the Jenks Natural Breaks algorithm to classify students 
and advisors into six performance classes (as described in Sect. "Data processing") based 
on the indicator values. This enables us to identify long-term trends in student–advisor 
associations and to assess whether substantial shifts have occurred over the past 35 years. 
Since the average values of bibliometric indicators have changed notably during this period 
(Rojko & Lužar, 2022), we contextualize the results by including charts that display the 
yearly averages of each indicator for both students and advisors. The temporal perspec-
tive allows us to assess not only whether associations exist, but whether their strength or 

Fig. 16   The average values of productivity of students and advisors across the seven five-year intervals 
(top-left) and heatmaps with column-normalized student–advisor pairs by the productivity classes for each 
of the five-year intervals
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patterns have changed in response to broader developments in research and supervision 
practices.

Productivity

The chart in the top-left part of Fig. 16 presents the average productivity values for stu-
dents and advisors. Except for the first five-year interval, the average productivity of stu-
dents decreases steadily over the entire period, whereas for advisors a substantial decline is 
visible only in the final two intervals. This decline has already been observed several times 
(Kastrin et  al., 2017; Rojko & Lužar, 2022) and reflects the increasing coauthor count, 
despite the moderate growth in publication count per author.

Figure  16 also presents heatmaps with the column-normalized distributions of stu-
dent–advisor productivity class pairings across the seven five-year intervals. Across 
all intervals, the largest values tend to cluster on or just below the secondary diagonal; 
in particular, the pair (5,5) always accounts for at least 20%, although the percentage of 
class 5 students for class 5 advisors shows a slightly decreasing trend. On the other hand, 
the percentage of class 0 students for class 5 advisors is increasing, reaching 12% in the 
final interval. However, in all intervals, we observe the general pattern that more produc-
tive advisors tend to mentor more productive students, while less productive advisors more 
often mentor less productive students, even though the distributions across other student 
classes are far from negligible. Another notable pattern is the growing concentration of the 
pair (0,0) in the last three intervals, which coincides with the implementation of the Bolo-
gna reform (the first Bologna doctoral thesis was defended in 2009). This suggests that 
further investigation of potential institutional or other factors is required.

Despite the consistent tendency toward student–advisor productivity alignment, sub-
stantial variance remains: the correlation between advisor and student productivity remains 
relatively low throughout the entire period (Spearman’s coefficient ranges between 0.15 
and 0.25) and declines slightly over time. This indicates that student and advisor productiv-
ity are only weakly associated.

Collaboration

As shown in the top-left chart of Fig. 17, the average number of unique collaborators per 
year has increased steadily for both advisors and students over the entire period. This trend 
suggests a progressively stronger emphasis on collaborative research practices within the 
academic environment. Advancements in communication technologies have significantly 
facilitated long-distance collaboration, while institutional and funding policies have pro-
gressively favored project-based and team-oriented research. The growing discrepancy 
between advisors and students is consistent with the fact that advisors typically have ongo-
ing collaboration and are working on multiple projects, whereas the students typically have 
narrower focus and primarily perform research relevant to their thesis.

The column-normalized heatmaps in Fig. 17 show that the majority of student–advisor 
class pairings occur near the secondary diagonal across all intervals, with pronounced pro-
portions for the pairs (5,5) and (1,1). This suggests that students are more likely to belong 
to the same collaboration class as their advisors; in other words, a student’s level of col-
laboration tends to reflect that of their advisor. Interestingly, this strong alignment in col-
laborative behavior is evident across all intervals.
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Publication count

The top-left chart in Fig. 18 shows that while advisors exhibit an upward trend in publica-
tion count over the entire period, the average publication count of students shows a slight 
decline since the 1998–2002 interval. To the best of our knowledge, this phenomenon has 
not been observed before. Its emergence is particularly interesting given the growing col-
laboration observed in Sect. "Collaboration", the increasing number of scientific journals, 
and the publish-or-perish phenomenon. Contrary to the expectations of increased students’ 
output, the opposite appears to be the case.

The rest of Fig.  18 presents column-normalized heatmaps showing the distribution 
of student–advisor pairs across publication count classes for each of the seven five-year 
intervals. Again, we can observe higher proportions near the secondary diagonal, with pair 
(5,5) remaining prominent across all intervals and becoming particularly pronounced in 
the last three. The results also show that students rarely outperform advisors in terms of 

Fig. 17   The average values of collaboration of students and advisors across the seven five-year intervals 
(top-left) and heatmaps with column-normalized student–advisor pairs by the collaboration classes for each 
of the five-year intervals
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publication output classification: class 0 advisors almost never have highly productive stu-
dents. A notable pattern is the strong prominence of the pair (0, 0) in the last two intervals, 
whereas earlier intervals display a more pronounced (1, 0) combination. This shift is likely 
linked to the relaxation of the doctoral study requirements at some faculties mandating at 
least one publication prior to defense of doctoral thesis.

Coauthorship

The top-left chart in Fig. 19 shows a steady increase in the coauthor count for both students 
and advisors across all observed intervals. The coauthor count more than doubled for both 
groups, rising from approximately 1.2 to 3.3 for advisors and from about 1.1 to 2.9 for stu-
dents. Although advisors consistently maintain a higher average, the gap between students 
and advisors remains relatively narrow and stable over time.

Fig. 18   The average values of publication count of students and advisors across the seven five-year intervals 
(top-left) and heatmaps with column-normalized student–advisor pairs by the publication count classes for 
each of the five-year intervals
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The heatmaps in Fig. 19 exhibit pronounced diagonal patterns over time: diagonal pairs 
consistently have the highest proportions in each interval. The pairs (1,1) and (5,5) have the 
highest values in all intervals, with the pair (0,0) joining them in the last two intervals. This 
pattern likely reflects a broader cultural shift in academia toward more collective modes 
of research and publishing. As collaborative norms become more embedded, students are 
increasingly integrated into their advisors’ research networks and adopt similar publishing 
practices.

Independence

The top-left chart in Fig.  20 shows a consistent decline in students’ independence from 
their advisors. In the first interval, students authored roughly half of their publications 
without their advisor, with this proportion peaking at nearly 60% in the second interval. 

Fig. 19   The average values of the number of coauthor for students and advisors across the seven five-year 
intervals (top-left) and heatmaps with column-normalized student–advisor pairs by the coauthor count 
classes for each of the five-year intervals
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From that point on, a steady downward trend emerges, with the average independence 
score falling to just over 20% in the final interval.

The heatmaps in Fig.  20 corroborate this downward trend and highlight evolving 
dynamics in student–advisor relationships, reflecting collaboration networks and the cul-
ture of publishing. In earlier intervals, higher independence is evident in the top row of 
the heatmaps (class 5 students). From 2003 onward, independence became more evenly 
distributed and gradually shifted toward class 1, with the last two intervals showing the 
highest densities for class 1 students, indicating a reversal of the earlier pattern. This shift 
underscores a systemic change in the nature of student research—from relatively autono-
mous projects to integrating work with an advisor—and reflects broader transformations in 
academic publishing.

Fig. 20   The average values of independence of students across the seven five-year intervals (top-left) and 
heatmaps with column-normalized student–advisor pairs by the independence classes of students and the 
productivity classes of advisors for each of the five-year intervals
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Discussion

The long-term view of our study shows that the dynamics of associations between advi-
sors and their PhD students did not experience significant changes over the past 35 years. 
Although in recent years, there has been a noticeable shift: today’s students seem to be less 
productive, less independent, and more integrated into their advisors’ collaboration net-
works, the pairs (1,1) and (5,5) remain constantly expressed.

The most noticeable shifts relate to how productive and independent students have 
become. Back in the early 1990 s, a significant number of students were actually more pro-
ductive than their advisors. In recent years (2013–2022), it appears that most students now 
find themselves in the lowest productivity categories, even when they have highly produc-
tive advisors guiding them. This trend aligns with the national bibliometric study by Rojko 
& Lužar (2022), which also highlights a decline in productivity among recent PhD gradu-
ates. There are a few reasons that might explain this trend. First, since the introduction 
of the Bologna reform, we have recorded a significant increase in the number of enrol-
ments in doctoral programs (with a compound annual growth rate 8.1% and an average 
annual growth rate 6.9%—from the year 2005, in which enrolment in the Bologna reform 
study programs was first possible, through 2024). Additionally, the academic selection pro-
cess has become less rigorous, and a growing proportion of PhD candidates are choosing 
non-academic career paths. Together, these factors may help explain the observed decline 
in doctoral research productivity, reflecting a shift in motivation and long-term research 
engagement among PhD candidates.

In recent years, collaboration and coauthorship between doctoral students and their 
advisors have increased notably. In particular, the overlap between student and advi-
sor coauthorship network increases steadily over time, rising from an average of 0.39 in 
1988–1992 to 0.65 in 2018–2022. This indicates that students are increasingly embedded 
within their advisors’ collaboration network. It also seems that advisors are increasingly 
passing on their collaborative habits to their students. Similar patterns have already been 
observed, e.g., Bulian et  al. (2022) and Cugmas et  al. (2024) demonstrate that doctoral 
candidates are becoming more integrated into advisor-led research networks, with coau-
thorships typically concentrated during the doctoral period and only occasionally persisting 
into later stages of their careers.

The (strong) increase in coauthorship should be viewed in combination with productiv-
ity and the total number of publications. Observed moderate decrease in productivity does 
not necessarily mean that students publish much less overall. Instead, it may reflect a shift 
toward more team-based research, where papers have more coauthors and each individual 
contributes a smaller share. In this sense, our results suggest that this contribution increas-
ingly takes place within larger collaborative teams.

While the rise in collaboration represents a positive trend, it has been accompanied 
by a decline in students’ research independence. During the 1988–1997 period, students 
wrote about half of their publications without their advisor’s assistance. By 2018–2022, 
this share dropped to just over 20%. This might be an indicator for decreased productivity 
and is consistent with the observations of Patsali et  al. (2024), who showed that exten-
sive involvement in advisors’ collaboration networks tends to restrict students’ ability to 
develop autonomous research trajectories.
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Conclusion

Our findings suggest that although the positive effects of mentorship are well established 
and strongly supported in prior research, the overall association between the research 
performance of advisors and that of their PhD students remains modest on average. This 
outcome likely reflects the complexity of the mentoring relationship: a highly productive 
advisor may supervise a student who lacks motivation or commitment to research despite 
access to a supportive environment, whereas a motivated and capable student may work 
under an advisor whose research engagement is limited by, e.g., administrative duties. In 
this context, developing a system helping prospective doctoral students identify potential 
advisors with strong research activity and relevant expertise could be valuable. Many stu-
dents begin their doctoral studies without a clear understanding of how research landscape 
operates or how to assess a potential advisor’s scientific record, which may significantly 
affect their subsequent success.

We confirm the findings of previous studies (e.g., Qi et  al., 2017) showing that pro-
tégés of prominent researchers perform better than those of less productive advisors. In 
our analysis, class 5 advisors are most frequently paired with class 5 students. Conversely, 
particular attention should be given to the other extreme—advisors and students in class 
0. As mentioned earlier, in some doctoral programs, the dissertation alone is sufficient for 
defense, with no requirement for accompanying publications. We observed a non-trivial 
number of students without a single publication within the observation interval (not even a 
conference proceeding). This raises the question of whether such researchers will be able 
to publish later in their careers, given the range of skills required for successful scientific 
publishing. Moreover, it is worth questioning how effectively advisors with no publications 
within a five-year interval can guide their doctoral students. A more comprehensive analy-
sis of these cases could inform future policies on doctoral education, especially taking into 
account that the number of defended doctoral theses in Slovenia has been increasing almost 
linearly, while the overall population remains stable. In addition, it would be interesting to 
investigate where advisors and students with no publications are more prevalent—whether 
in public or private institutions—and what this distribution implies for the quality and con-
sistency of the national research system.

Another promising direction for future research concerns the career trajectories of stu-
dents across different performance classes and the extent to which their later career success 
is associated with their advisors’ research performance. In this study, we examined only the 
research performance of students within a five-year interval around their PhD defense. A 
natural extension would be to analyze the subsequent five-year interval to assess how stu-
dents’ publication activity evolves after graduation. Such an analysis could also shed light 
on findings by Rojko & Lužar (2022), who reported that many researchers stop publishing 
shortly after completing their PhD, potentially reflecting the long-term influence of their 
advisors’ research characteristics. Furthermore, career trajectories could also be examined 
in terms of students’ independence. As already mentioned, the literature provides evidence 
that, in some situations, both students who coauthor publications with their advisors and 
highly independent students are more productive than the rest.

We should also mention reciprocal dynamics, which we do not address explicitly in our 
analysis. It could be reflected by some variables, such as student–advisor collaboration and 
shared coauthorship. In particular, joint publications contribute to both student and advisor 
performance, making it difficult to fully separate the direction of influence. However, our 
analysis does not explicitly model reciprocal effects, as this would require a substantially 
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different methodological approach; more specifically, the data would need to focus on advi-
sors, not students. This is, therefore, another possible avenue for future research.

To conclude, we conducted a comprehensive analysis of the entire population of PhD 
students and their advisors in Slovenia from 1988 to 2022. Thanks to the COBISS informa-
tion system, our data are highly reliable. Moreover, as a member of the European Union, 
Slovenia is closely integrated into Europe’s educational and cultural landscape, suggesting 
that our findings may reflect patterns observed across the continent. Our analysis indicates 
that the association between the research performance of advisors and that of their doctoral 
students is present but unevenly distributed across disciplines and performance classes. 
The link appears strongest among the most productive individuals—class 5 advisors and 
their students—while the situation in class 0 highlights potential systemic weaknesses that 
deserve particular attention. These findings suggest that mentorship quality and research 
engagement are not uniformly distributed within the academic environment, which may 
have important consequences for the long-term positive impact of doctoral education on 
the development of science. From a practical standpoint, our results could inform measures 
aimed at improving the doctoral programs, such as initiatives to enhance advisor account-
ability, strengthen support mechanisms for underperforming groups, and develop tools to 
help students make informed choices about supervision. Specifically, for students looking 
for a suitable advisor, based on a chosen topic of their doctoral research, the assistance 
of doctoral schools is crucial. Ultimately, understanding and addressing these disparities 
could guide policymakers in fostering a more balanced and effective doctoral education 
system.

Appendix A

In this appendix, we provide definitions of the independent variables used in the multiple 
regression models presented in Table 5.

We denote the starting year of individual’s observation interval by ystart , the end year by 
yend and the length of individual’s observation interval by T = yend − ystart + 1.

•	 Advisor-student publishing rate measures the proportion of the advisor’s publications 
that are coauthored with the student. For each year t within the observation interval, the 
yearly publishing rate Rt is defined as the ratio between the number of publications 
coauthored by both the advisor and the student ncommon,t and the total number of the 
advisor’s publications nadv,t in that year:

	   If the advisor has no publications recorded for a given year, the value for that year 
is excluded from the computation. The overall average advisor-student publishing rate 
R is then computed as the arithmetic mean of yearly publishing rates across the active 
years:

Rt =

ncommon,t

nadv,t

R̄ =
1

||Tact
||

∑

t∈T
act

R
t
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	   Note here that Tact is the set of years within the observation interval of a student 
where the advisor has at least one recorded publication of the types listed in Table 2. 
If advisor has no publications recorded throughout the entire observation interval, the 
average advisor-student publishing rate is set to − 1.

•	 Advisor’s seniority represents the number of years from the year of the advisor’s 
first publication until the year before the year ystart . If the advisor has no publication 
recorded in prior years, the value of advisor’s seniority is set to 0.

•	 Advisor’s publication count before student represents the total number of the advi-
sor’s publications published before the year ystart . Note that for this variable, we use 
additional publication data starting from the year 1950.

•	 Advisor’s coauthor count before student represents the total number of distinct coau-
thors who published at least one publication with the advisor before the year ystart.

•	 Mentorship experience measures how PhDs an advisor had supervised before becom-
ing an advisor to the student, i.e., number of PhDs mentored by the advisor before the 
year ystart.

•	 Common coauthors measures the proportion of the common coauthors of students 
and their advisors within the observation interval. The common coauthors value is 
computed as the number of shared coauthors divided by the total number of the stu-
dent’s coauthors in this period. If the student has no coauthors in the observed interval, 
the value is set to − 1.

•	 Has coadvisor is a binary variable indicating whether the student also had coadvisors. 
It takes the value 1 if the student had advisor and at least one coadvisor, and 0 if the 
student only had advisor.

	   A peer is a PhD student supervised by the same advisor as the observed student and 
who finished their own doctoral thesis between two years before and two years after the 
student’s thesis defense year. For each year t we define the set of peers St.

•	 Average number of peers measures the average yearly number of other PhD students 
supervised by the same advisor within the student’s observation interval. The average 
number of peers is computed by averaging the yearly counts of peers over the observa-
tion interval:

•	 Peers’ productivity measures the average yearly productivity of peers during the 
student’s observation interval. For each peer p in year t within student’s observation 
period we obtain productivity Pp,t The average productivity of peers in year t is com-
puted as

	   The overall average peer productivity value PP is then obtained by averaging yearly 
values across the observation interval:

	   If no peers are recorded in the observation interval, the indicator value is set to −1.

NP =
1

T

yend∑

t=ystart

|
|St

||

PPt =
1
||St

||

∑

p∈St

Pp,t

PP =
1

T

yend∑

t=ystart

PPt
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•	 Peers’ publication count measures the average yearly number of publications authored 
or coauthored by peers during the student’s observation interval. For each peer p in 
year t within student’s observation period we count the number of publications np,t . The 
peers’ publications count in year t is:

	   The overall peers’ publication count NN is computed by averaging yearly values 
across the observation interval:

	   If no peers are recorded in the observation interval, the indicator value is set to −1.
•	 Peers’ coauthor count measures the average number of coauthors per publication 

among peers during the student’s observation interval. For each peer p in year t within 
student’s observation period the average number of coauthors Ap,t is computed. The 
peers’ coauthor count in year t is:

	   The overall peers’ coauthor count AP is computed by averaging yearly values across 
the observation interval:

	   If no peers are recorded in the observation interval, the indicator value is set to −1.
•	 Peers’ seniority measures the average age of peers during the student’s observation 

interval. Peer seniority in year t is computed for each peer individually based on the of 
year t relative to that peer’s thesis defense year. Let yp denote the thesis defense year of 
peer p . The peer’s seniority in year t is defined as Sp,t = 5 −

(
t + 2 − yp

)
 . For a year t 

the yearly peer seniority is then obtained as the average seniority across all peers in that 
year t:

	   The overall peers’ seniority is then computed as the average of the yearly peer sen-
iority values across the observation interval:

	   If no peers are recorded in any year of the observation interval, the indicator value is 
set to − 1.

NNt =
1
||St

||

∑

p∈St

np,t

NN =
1

T

yend∑

t=ystart

NNt

APt =
1
||St

||

∑

p∈St

Ap,t

AP =
1

T

yend∑

t=ystart

APt

SPt =
1
||St

||

∑

p∈St

Sp,t

SP =
1

T

yend∑

t=ystart

SPt
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Appendix B

In this appendix, we present descriptive statistics for the independent variables used in the 
multiple regression analysis presented in Table 5.

See Table 7.

Table 7   Descriptive Statistics for independent variables used in multiple regression models

Statistic N Mean St. Dev Min Max

Productivity 13,040 0.61 0.67 0.00 9.79
Advisor’s productivity 13,040 1.85 1.60 0.00 37.96
Collaboration 12,045 4.75 7.66 0.00 366.60
Advisor’s collaboration 12,837 15.19 20.10 0.00 437.00
Publication count 13,040 2.81 3.33 0.00 94.20
Advisor’s publication count 13,040 9.61 9.74 0.00 128.00
Coauthors count 12,045 2.43 2.06 0.00 46.50
Advisor’s coauthor count 12,837 2.45 1.80 0.00 43.00
Independence 12,045 0.46 0.40 0.00 1.00
Advisor-student publishing rate 12,837 0.15 0.19 0.00 1.00
Advisor’s seniority 12,985 26.05 8.67 0.00 59
Advisor’s publication count before student 13,040 123.23 122.94 0.00 1,191
Advisor’s coauthor count before student 13,040 59.39 73.90 0.00 1,162
Mentorship experience 13,040 2.64 4.10 0.00 37
Common coauthors 10,511 0.57 0.39 0.00 1.00
Average number of peers 13,040 1.52 1.71 0.00 11.67
Peers’ productivity 9,455 0.36 0.38 0.00 4.69
Peers’ publication count 9,455 1.78 1.75 0.00 36.40
Peers’ coauthor count 9,455 1.85 1.65 0.00 13.38
Peers’ seniority 9,455 2.55 0.84 0.20 4.20
Has coadvisor 13,040 0.41 0.49 0.00 1

Appendix C

In this appendix, we present heatmaps with absolute counts of the student-advisor pairs by 
the indicator classes per each UDC.

Figures 21, 22, 23, 24, 25
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Fig. 21   Heatmaps with absolute counts of the student-advisor pairs by the productivity classes per UDC
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Fig. 22   Heatmaps with absolute counts of the student-advisor pairs by the collaboration classes per UDC
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Fig. 23   Heatmaps with absolute counts of the student-advisor pairs by the publication count classes per 
UDC
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Fig. 24   Heatmaps with absolute counts of the student-advisor pairs by the coauthor count classes per UDC
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