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Abstract
Current practices of quantifying academic performance by productivity raise serious
concerns about the psychological well-being of graduate students. These efforts
often neglect the influence of researchers’ environment. Acknowledgments in
dissertation subsections shed light on this environment by providing an opportunity
for students to thank the people who supported them. We analysed 26,236
acknowledgments to create an “academic support network” that reveals five distinct
communities that support students along the way: Academic, Administration, Family,
Friends & Colleagues, and Spiritual. We show that female students mention fewer
people from each of these communities, with the exception of their families, and that
their productivity is slightly lower than that of males when considering the number of
publications alone. This is critically important because it means that studying the
doctoral process may help us better understand the adverse conditions women face
early in their academic careers. Our results also suggest that the total number of
people mentioned in the acknowledgements allows disciplines to be categorised as
either individual science or team science as their magnitudes change. We also show
that male students who mention more people from their academic community are
associated with higher levels of productivity. University rankings are found to be
positively correlated with productivity and the size of academic support networks.
However, neither university rankings nor students’ productivity levels correlate with
the sentiments students express in their acknowledgements. Our results point to the
importance of academic support networks by explaining how they differ and how
they influence productivity.
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1 Introduction
In recent years, well-being and mental health concerns for PhD students have been in-
creasing. According to a recent survey conducted in 2019 by Nature on 6300 PhD students,
36% responded that they sought help for anxiety or depression caused by their studies [1].
Another devastating fact is that doctoral students are 2.43 times more likely to have a com-
mon psychiatric disorder than the rest of the highly educated population [2]. It is therefore
important to look through the journey of doctoral students not only through the lens of
academic “success measures” such as publication numbers, citation counts, fellowships
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received etc. but also at their overall well-being and the quality of the environment that
supports them in fulfilling their potential.

Although obtaining a doctoral degree is often viewed as an isolated process, it is a collab-
orative endeavor in which family, friends, colleagues, advisors, faculty, and administrative
staff are directly or indirectly involved and can influence the well-being of the students.
At the end of the journey, students can show their gratitude by mentioning these names
in their work through “acknowledgements” section of their dissertations. Acknowledge-
ments, even though existed before, could not be found explicitly in the academic work
before 1940s, and did not become a common subsection until 1960s [3]. Hyland named
acknowledgements as “Cindirella” genre because of its suffering from an undeserved ne-
glect [4]. Through time, these sections got longer and their use have become more preva-
lent [5], making them more “insightful” in terms of understanding how and with whom
doctoral students complete their journeys. Since there is almost no guideline or style guide
to receive help when writing this section [6], students have more freedom, compared to
the other parts of their dissertations. Acknowledgements also serve purposes other than
expressing gratitude, such as exhibiting associations with respected academics to display
a special connection to which the author has been admitted [7]. Thus, introducing their
strategic decision in their professional identities by illustrating the author in a positive
aspect and governing their connections with the disciplinary community [8].

Acknowledgements contain such profound details of their authors’ academic journey;
however, research efforts to study how they vary concerning disciplinary and demographic
differences have remained limited. Mantai and Dowling examined the type of social sup-
port that are provided for PhD students using 79 acknowledgements gathered from Aus-
tralian universities [9]. Hyland examined 240 acknowledgements of MA and PhD disser-
tations to characterize their narrative structure [6].

Using acknowledgement sections to delve into hidden networks outlined by the grat-
itude and appreciation expressed by students helps drawing conclusions that cannot be
obtained from measures of academic success alone. For this task, we examined 26,236
PhD dissertations, obtained from ProQuest Open Access Dissertations & Theses database
(PQDT-Open hereafter), 99% of which are from the United States in the last 20 years. We
aimed to shed light on the doctoral process by examining who is acknowledged, and how
they are recognised from the perspective of students, using the tools of network science
and natural language processing that enable research on large-scale data. We revealed gen-
der based and disciplinary differences when acknowledging support providers in terms of
number of people mentioned and sentiment scores. We also investigated the factors de-
rived from academic support networks influencing productivity levels. Lastly, we point
out to linguistic differences between those who are located in the extreme cases of pro-
ductivity and of sentiment.

2 Methods
2.1 Data collection and information extraction
To run a large-scale analysis of dissertation acknowledgements, we retrieved data from
pqdtopen.proquest.com, also called PQDT-Open, which provides a publicly acce-
sible thesis dissertation data that allows our work to be reproducible. We collected the
dissertations by scraping the data directly from the website using Selenium library of-
fered in Python. We have gathered documents for 47,000 researchers, and 26,264 of them
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are doctoral dissertations, written between 2000 and 2020. This collection of dissertation
data also included metadata on dissertation abstract, title, author name, university, year of
publication, page number, advisor name, department, subjects, and keywords. To extract
the acknowledgement subsection from these dissertations, we parsed raw data obtained
in Portable Document Format (PDF). We used PyMuPDF library to extract textual infor-
mation for each page, and then, we utilized a rule-based approach to identify pages that
are likely to belong to acknowledgement subsection – e.g., accepting the pages with the
first word being “Acknowledgements,” or ignoring pages that contain text such as “Table
of Contents,” “List of Figures,” or “Appendix.”

2.2 Data enrichment
Although there is a rich metadata provided by PQDT-Open, there was no gender informa-
tion or discipline category given. For the former one, we inferred students’ genders using
their first names. We used the online service, called genderize.io, which relies on a
database that has over 110 million entries from 242 countries to examine whether a name
is more frequently used amongst females or males. For the latter one, although disserta-
tion subjects were given in the metadata, it was not feasible to run an analysis uncovering
the disciplinary differences since we identified 572 unique subjects listed in total. Hence,
to have a clearer view of disciplinary differences, we divided the subjects into 5 categories
[10]. Although there is no categorization agreed in the literature and guideline or con-
sensus on how research fields should be classified, it could be done by following previous
research efforts. To assign each subject into one category, two authors separately labeled
each subject with a discipline and reached to an 85% agreement and 0.75 Cohen’s Kappa
[11] score for inter-annotator reliability. A detailed list of category – subject is given under
Additional file 1, Sect. 4.

2.3 Bootstrapped estimates of sentiment and counts
The bootstrap method is a statistical methodology that involves averaging estimates from
several small data samples to infer statistics about a population. We employed this ap-
proach to estimate mean and confidence interval of sentiment scores and number of men-
tions to be able to observe disciplinary and gender differences. We repeated this procedure
5000 times for each estimation. We randomly drew 5% of the population with replacement
and calculated the mean of the sample. Using these mean values, we ran two-tailed T-tests
to test significance of sample means (p ≤ 0.05, p ≤ 0.01, p ≤ 0.001 and thresholds are de-
noted by “*”, “**” and “***”, respectively).

2.4 Regression analysis
Since linearity and normality assumptions do not hold in our case and our target variable
(publication count of doctoral students) follows approximately an Inverse Gaussian distri-
bution, we employed a generalized linear model with Inverse Gaussian distribution. After
selecting the appropriate regression model, to detect multicollinearity and select the vari-
ables that are going to be used in regression analysis, we checked the variation inflation
factor (VIF) and removed those which had higher than 10. The remaining variables were
used in the regression analysis.
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3 Results
3.1 Characterization of a support network
The acknowledgements section of dissertations contains statements about individuals or
institutions who have provided emotional, economic, and administrative support to stu-
dents on their journey towards attaining their degree. To systematically identify acknowl-
edged individuals and institutions, we used a data-driven approach supported by man-
ual inspection to identify distinct types of support providing entities in the acknowledge-
ments.

To build the academic support network, we extracted different individual roles and in-
stitution types as nodes from each text and computed contextual similarities learned from
the text as edge weights (Fig. 1(a)). Our entity extraction approach identified 144 support
providers that were mentioned in at least 50 dissertations. We used a deep learning ap-
proach, called Doc2Vec [12], to learn embeddings for each support provider within the
context they were used in the dissertation corpus. Using these embeddings, we calculated
similarities as edge weights between embeddings learned for each node. We used disparity
filtering and retained only the statistically significant edges (see Additional file 1, Sect. 2),
therefore giving us the network that captures significant relations between these entities.
Later we employed Girvan-Newman [13] algorithm for community detection to identify
groups of support providers.

The network representation of all of the support providers is given in Fig. 1(a). Commu-
nity detection analysis identified 5 distinct communities in this network and each of them
is illustrated by a different color: Spiritual (purple), Academic (yellow), Administration
(gray), Family (blue) and Friends & Colleagues (green). These communities are consistent
with those identified with other clustering approaches like hierarchical clustering as well
(see Additional file 1, Sect. 2). Node sizes were determined by the occurrence of support
providers and the edges were weighted with cosine similarity of embeddings between node
pairs.

Connectivity among these communities reveals separation between social and profes-
sional networks. Friends & Colleagues are located among Family, Academic and Admin-
istration communities. Some dissertations also refer to spiritual entities and community
consisting of these entities is loosely connected with the rest of the network and has few
links with the family community. Factors influencing community relations can be ex-
plained by comparing the words that are used to acknowledge these communities. By
analyzing bipartite connections of support providers and prominent words, as seen in
Fig. 1(b), we present the most frequent 20 words used for support providers in these com-
munities. While four of the most widely used words for acknowledging Spiritual support
providers are not linked with the other communities; words like thank, acknowledge, and
grateful used approximately at the same rate for each group.

Hyland argued that the structure of dissertation acknowledgements has, in general, a
“thanking move” section, in which authors start by presenting the participants, continu-
ing next by thanking them for academic assistance (i.e. intellectual support, ideas), then
for resources (i.e. technical, financial support) and lastly for moral support (i.e. friendship,
patience) [6]. In our academic support network, we observed a similar narrative structure.
To further support rank order in acknowledgements, we checked the locations of the sup-
port providers in the text and observed that different communities can be distinguished
by analyzing the locations in which they are frequently mentioned (Fig. 1(c)). While aca-
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Figure 1 Analyzing support providers in acknowledgements. Different support providing entities identified
in dissertation documents represented as nodes and their contextual similarities learned from document
embeddings used as edge weights (a). Community detection revealed 5 distinct groups: Family, Friends &
Colleagues, Academic, Administration and Spiritual. These groups are acknowledged using specific words and
bi-partite relation points group specific properties (b). Location of mention in the acknowledgement text
indicates norms among scholars to highlight distinct groups (c). Support providers are also differ in terms of
their occurrence in acknowledgements and the corresponding sentiment they are referred (d)

demic support providers are most frequently mentioned at the beginning of the acknowl-
edgements, students tend to start talking about their families towards the end. We also
observed that Friends & Colleagues and Administration are generally mentioned in the
middle of the text. In contrast, Spiritual entities are mentioned either at the beginning or
at the end.

Although acknowledgements are expected to have an overall positive sentiment, cer-
tain entities receive more formal tone. To highlight these subtle differences, we explored
the interplay between sentiment scores and how many times they are mentioned for each
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category separately as shown in Fig. 1(d). The sentiment analysis results have shown that
Spiritual, Family and Friends & Colleagues communities are being acknowledged roughly
at the same level with average sentiment scores 4.33, 4.33, and 4.31 defined in [0, 5] range.
Academic and Administration communities have lower scores on average 4.24 and 4.17,
respectively. Similarly, we analyzed the number of people mentioned from these cate-
gories. Not surprisingly, PhD students tend to acknowledge the Academic community the
most (9.05 people per acknowledgement), it is followed by Administration (6.76), Family
(5.44), Friends & Colleagues (4.16), and Spiritual (1.97). Families, friends, and spiritual fig-
ures generally do not involve in research as workforce; however, they provide emotional
and financial support to make life easier for doctoral students and are a crucial part of the
support network deserving an appropriate mention.

3.2 Gender based differences
PQDT-Open provides metadata on universities, authors, and committee but lacks details
about demographics of the authors such as gender of the author. We inferred this informa-
tion using the names with a widely used public API and examined the differences between
genders in terms of their academic support networks (see Additional file 1, Sect. 3). Pre-
vious work studied how female and male students acknowledge support providers both in
quantitative and qualitative terms. Alotaibi, using Metadiscourse, studied 120 dissertation
acknowledgments written by Saudi students at U.S and revealed that while all male and
female students acknowledge their academic environment, there exist differences when
thanking God, resources and moral support [14]. It is also shown that women in academia
have less access to powerful social networks and inter-personal bounds that provide re-
sources and create other advantages, which limits their opportunities to achieve their goals
[15, 16].

Figure 2(a) shows the percentage of students who mention the respective support
provider community at least one time in acknowledgements. We observed that female
students are slightly more likely to thank each community at least once except for the
administration. The largest gap is observed in Friends & Colleagues category where the
difference is 5.6% between males and females. This is followed by a roughly 4% differ-
ence for the family members. These results differed when we examined the number of
mentions instead of percentage of mentions; number of people acknowledged from each
category is higher in male students except for the family members. In fact, the highest
difference is observed in Academic, Administration, and Friends & Colleagues groups,
suggesting more research needs to be done to better understand differences in work cul-
ture and environment for women and men. One explanation for our observation might
be due to the slight differences between males and females in terms of written language.
Previous work has shown that females utilize more terms referring to social and psycho-
logical processes whereas males write more about impersonal subjects and object features
[17]. Another study examining the language use in argumentative essays by college stu-
dents demonstrated that male students tend to utilize more nouns related to social and
economic activities, while female students are inclined to use more pronouns, intensi-
fiers, and modifiers [18]. Hence, it is possible that there exists no dissimilarity in academic
support networks between female and male students in terms of their magnitude since it
might be due to written communication differences. Even when we consider the possibil-
ity of difference propensity to use acknowledgements, we observe that the administration
is the only support provider community where women mentions them less than men.
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Figure 2 Gender differences in support provider communities. Percentage of students referring to different
categories of support providers varies across genders (a). Sentiment scores differ when mentioning the
support providers (b). Mean number of people mentioned alter across genders for different support provider
categories (c). Individual groups were compared using the two-sided t-test. ***, p ≤ 0.001; **, p ≤ 0.01; *,
p ≤ 0.05

Besides the occurrence rates, we analyzed the sentiment of the language used for differ-
ent support providers. Females are inclined to express more positive sentiment towards
the ones that help them through their journey. Meanwhile, the gender gap between Friends
& Colleagues community seem to be highest; the difference is narrower for the Spiritual
characters, but still significant despite the large variance of the distribution.

Looking from an overall perspective, it is readily apparent that females tend to thank
their families both qualitatively and quantitatively more compared to males. This is in line
with the existing work on dissertation acknowledgements showing that while both men
and women appreciate social support evenly, they highlight different aspects of it; men
value companionship and collegiality, women note emotional support [9]. Taken together,
this may be an indicator of the level of importance of families for females and lack of
professional support from the other communities during their doctoral journey.
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Figure 3 Disciplinary differences. Dissertation subjects are represented as nodes and the edges are formed
by number of co-occurrences in the same document. This subject network reveals classification of field and
the corresponding disciplines (a). Average number of support providers differ by disciplines ranging from
individual to team sciences (b). Inclination to mention different support categories slightly diverge based on
the discipline (c) and gender distributions observed to vary across disciplines (d). Individual groups were
compared using the two-sided t-test. ***, p ≤ 0.001; **, p ≤ 0.01; *, p ≤ 0.05

3.3 Disciplinary differences
Each academic discipline has different research practices and collaborations. These differ-
ences are also reflected by mentorship styles and academic environment. To analyze these
disciplinary differences, we manually categorized the subjects given in the PQDT-Open
metadata into five main category of academic disciplines (Biology & Health Sciences, En-
vironmental & Earth Sciences, Mathematics & Computer Science, Physics & Engineering
Sciences, Social Sciences & Humanities) (see Additional file 1, Sect. 4). Figure 3(a) shows
the subject co-occurrence network and categories labeled as different disciplines.

We argued that while dissertations on certain subjects may be considered as individual
work and require less academic collaboration and administrative support, other subjects
might require cooperation, teamwork, and access to resources and field work. We cal-
culated the number of support providers mentioned for each subject and presented in
Fig. 3(b). While Social Sciences & Humanities students mention the least number of peo-
ple with 23.14 on average, this number is the highest with 37.87 for Environmental & Earth
Sciences students. Number of support providers mentioned for each discipline aligns with
academic norms of individual and team science as shown in the literature [19]. Here, we
measured not only size of academic groups, but also other support provider categories.

Moreover, it is also reasonable to presume that different disciplines might have different
preferences in terms of acknowledging the support provider categories. While the results
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show that there is a small gap between occurrence rates, it varies the most for Administra-
tion and Spiritual communities (see Fig. 3(c)). Mathematics & Computer Science students
seem to mention their families, friends, colleagues, and the administration less than other
disciplines. Additionally, almost one fifth of Social Sciences & Humanities students ac-
knowledge spiritual characters, which may be explained by dissertation studies in religion
and relevant fields (e.g. “Biblical Studies”, “Islamic Studies”) covered under this discipline.
We also investigated the percentage of genders in these disciplines and, consistent with
the past work [20, 21], we observed that female students are underrepresented in STEM
fields. Percentage of females is the lowest for Physics & Engineering Sciences with only
26%, which is followed by 27% in Mathematics & Computer Sciences. However, the ma-
jority of students in Social Sciences & Humanities are women, with a rate of 71%. These
outcomes are also supported by previous work on intersectional inequalities, where it is
shown that there is homophily between identities and subject of research [22].

3.4 Social determinants of the academic productivity
Research on academic performance and success focuses on metrics that are easy to quan-
tify, accessible for research, and standardized across disciplines [19]. Efforts on quantify-
ing academic performance at individual and group levels use productivity measures such
as number of publications and impact indicators like citation counts [23, 24]. Impact of
academic mentorship and institutional quality for academic growth have been recently
studied by using these bibliographic indicators [21, 25–27].

We want to investigate academic productivity by utilizing the social aspect of doctoral
studies. We investigated the publication records of students obtained from an online ser-
vice, called Dimensions, for 2824 former doctoral students [28]. By conducting a regres-
sion analysis, we analyzed the role of academic support network by considering number
of mentions and sentiment scores of acknowledgement to estimate the correlation with
the publication count by taking their productivity during the doctoral studies as our target
variable while controlling for disciplinary differences and gender. We employed an Inverse
Gaussian regression model with a log link function to estimate the parameters and their
significance, since the target variable is the publication count and it approximately follows
an Inverse Gaussian distribution. In this model, regression coefficients and confidence in-
tervals should be interpreted as multiplicative terms. For instance one unit change on a
variable with an estimated coefficient of β affect the target variable as multiplication of eβ .
We show positive effect when eβ > 1 (see Additional file 1, Sect. 5 for details). To capture
the productivity during doctoral studies, we used number of publications as a measure
and considered the period of doctoral studies four years before graduation and four years
after to account for the work in submission or in progress during the thesis defense. Re-
sults of the regression analysis are summarized in Table 1. By analyzing the regression
coefficients and the significant variables, we assessed the factors influencing the academic
productivity and the social determinants of the doctoral students performance.

We investigated the regression analysis to validate our earlier observations about the
gender and disciplinary differences. It was shown in the literature on research outcomes
that women have slightly less publication rates than men while the difference can be at-
tributed to various systematic biases in academia [29–31]. Especially for STEM fields,
empirical data reveals considerable gender variations in number of citations, publication
counts and the impact of their academic careers [20, 32]. This phenomenon can be ex-
plained by several factors; it is possible to consider that women are underrepresented in
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Table 1 Regression results. Inverse Gaussian model for explaining productivity by gender, discipline
and textual features extracted from dissertation text

Publication Count

All Students Female Students Male Students

gender –0.1839∗∗∗
(0.038)

env_earth –0.1218∗ –0.0943 –0.1544
(0.058) (0.086) (0.079)

math_comp –0.0032 0.0420 –0.0318
(0.063) (0.123) (0.077)

phys_eng 0.2468∗∗∗ 0.1171 0.2623∗∗∗
(0.057) (0.104) (0.069)

soc_hum –0.3968∗∗∗ –0.3907∗∗∗ –0.4404∗∗∗
(0.048) (0.066) (0.073)

family_sentiment –0.0375 –0.0426 –0.0566
(0.047) (0.073) (0.061)

academic_count 0.0044∗ –0.0011 0.0071∗
(0.002) (0.003) (0.003)

family_count 0.0004 0.0044 –0.0027
(0.004) (0.006) (0.005)

friends&colleagues_count 0.0037 0.0029 0.0073
(0.003) (0.005) (0.005)

administration_count 0.0018 –0.0024 0.0048
(0.002) (0.003) (0.003)

spiritual_count 0.0032 –0.0506 0.0083
(0.210) (0.040) (0.025)

Constant 2.1818∗∗∗ 2.0914∗∗∗ 2.2291∗∗∗
(0.210) (0.329) (0.276)

Observations 2824 1099 1725
AIC Score 16,206 5831 10,383

Standard errors in parentheses ∗ (p < 0.05); ∗∗ (p < 0.01); ∗∗∗ (p < 0.001)

scientific cooperation and publishing and struggle with implicit biases since they are more
likely to play a significant role in parenting [33], obtain less institutional assistance and
have more service duties [34], or the systematic undervaluation of women’s involvement
and their invisibility in scientific research, known as the “Matilda Effect” [35]. Consistent
with the literature, our model have demonstrated that female productivity is lower than
that of males when considering simply the number of publications (M = –0.1839, 95% CI
[–0.258, –0.110]), in other words, 16.8% less than males (e–0.1839 = 0.832, see Additional
file 1, Sect. 5 for detailed explanation) and leading on average 10.4% (e–0.110 = 0.896) to
22.7% (e–0.258 = 0.773) fewer publications. These gender differences imply that studying
the doctoral process may help to better understand the above mentioned adverse condi-
tions.

Another important aspect explaining the productivity is the academic discipline because
publication counts vary from one field to another [36], which is a key indicator of quality in
higher education since the research performance has an influence on rewards, tenure, pro-
motion decisions and staff recruitment [37–39]. Therefore, it is essential to demonstrate
and explain the alterations between scientific fields. When Biology & Health Sciences is
taken as the reference group, our model indicates that while the Physics & Engineering
students are associated with 28% more publications (M = 0.2468, 95% CI [0.136, 0.358]),
Environmental & Earth Sciences (M = –0.1218, 95% CI [–0.235, –0.009]) and Social Sci-
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ences & Humanities (M = –0.3968, 95% CI [–0.492, –0.302]) students are affiliated with
11% and 38% less number of papers, respectively. Becher’s work on disciplinary differences
[40] made similar observation about productivity of disciplines.

However, when we controlled for the gender variable, our findings showed that the
magnitude of these effects change. For example, being a Social Sciences & Humanities
(M = –0.3907, 95% CI [–0.520, –0.262]) student is associated with 32% less number of
papers for females while this is 36% for males. On the other hand, while male Physics &
Engineering (M = 0.2623, 95% CI [0.126, 0.398]) students are associated with 30% more
publications, this is not a statistically significant variable for female students. These re-
sults might also indicate the under-representation of female doctoral students in Physics
& Engineering fields.

Aside from the demographic aspects, our results demonstrated that the number of peo-
ple from academic network mentioned in acknowledgements is associated with 0.44%
more publications for each person acknowledged (M = 0.0044, 95% CI [0.000, 0.009]).
However, when controlled for genders, the regression analysis suggested that this state-
ment holds only for male students with approximately just 1% more publications (M =
0.0071, 95% CI [0.002, 0.013]).

Our models do not suggest a statistically significant relationship between the rest of
the variables and the number of publications; however revealed the influence of gender
and discipline on productivity. Therefore, we normalized sentiment scores and publica-
tion counts between zero and one at the individual level by taking into account gender
and discipline of a student. More clearly, we filtered out each gender-discipline pairs from
our data and normalized publication counts by min-max scaling. These values are then
subtracted from the group mean to center around zero. Distributions of normalized sen-
timent and productivity scores are shown in Fig. 4(a).

Empirical and visual evidence shows no sign of significant links between sentiment and
productivity levels. Additionally, we compared the language characteristics of extreme
cases for both productivity and sentiment levels to help us understand the mindsets of
people from upper and lower quantile of the distributions. To achieve this, we inspect the
word usage differences in two groups by using Jensen-Shannon (JS) divergence for words
that are used more than 10 times in each group. These words are then represented as
word-shift graphs as shown in Fig. 4(b) for sentiment and Fig. 4(c) for productivity [41].

Sentiment scores depend on content and context of texts. Hence, there expected to be
certain alterations between relatively more positive and negative acknowledgements. As
seen on Fig. 4(b), we observed that most contented 25% of PhD students emphasize grat-
itude by giving more space in their narratives to words such as grateful, gratitude, and
thankful. These results also conformed to the past work which suggests that expressing
gratitude helps to increase well-being [42, 43]. Our results also demonstrate that both
family and the academic environment are more frequently mentioned in the narrative of
the most contented 25%. Figure 4(c) illustrates the JS divergences of words across most and
least performing doctoral students. It is apparent that those who over-perform their coun-
terparts emphasize more endeavour related concepts such as productive, busy, internship,
and article.

3.5 Institutional ranking and student performance
Since the most well-known university ranking organizations such as Quacquarelli
Symonds (QS), Times Higher Education (THE), and Center for World University Rank-
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Figure 4 Determinants of academic productivity and linguistic differences between extreme cases.
Sentiment and productivity levels of students were normalized based on their disciplines and genders (a).
Word usage differences are quantified by JS Divergence scores and compared students at the first and third
quartiles based on normalized sentiment and productivity (b, c). Relationship between CWUR World rankings
and normalized productivity levels (d). Relationship between CWUR World rankings and normalized number
of mentions in acknowledgements (e). Relationship between CWUR World rankings and normalized
sentiment scores in acknowledgements (f). R-squared values denote Spearman’s rank correlation. Size of blue
dots is proportional to the number of theses from these institutions

ings (CWUR) employ “number of research papers published” as a factor in their ranking,
we assumed that productivity levels of doctoral students may have associations with the
success of their institutions. We present analysis on CWUR ranking, since it provides a
more granular and longer list, but our results are consistent for other ranking systems (see
Additional file 1, Sect. 6).

We investigated the relationship between university rankings and productivity of grad-
uate students. We found that university rankings have significant positive correlation with
the number of publications (Fig. 4(d)). Research environments in these institutes provide
more opportunities to publish and introduce them a broader collaboration network as
well, partially observed by total number of people mentioned (Fig. 4(e)). Number of peo-
ple mentioned in dissertations have a higher correlation with institute ranking than the
productivity levels, suggesting environment cultivate institutional success more than pub-
lications alone. However, there is no associations between sentiment of a doctoral student
with respect to the ranking of their institutions (Fig. 4(f )) meaning that the top-ranked
institutes provide advantage in professional growth while well-being of the doctoral stu-
dents mostly determined by their academic support networks.
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4 Discussion
Our research uncovered the network of support providers, assisting doctoral students in
achieving their goals. We showed that there exist gender and disciplinary differences in
acknowledging support providers and sentiment scores when mentioning different com-
munities. Since acknowledgements often appear as the sole section in which students talk
about their experience as doctoral candidates, it is noteworthy to observe that the link
between productivity levels and their academic support networks can be revealed.

Our results showed that the number of publications among doctoral students varies by
academic discipline, with students in social sciences and humanities publishing the least
and students in physics and engineering publishing the most. Our data also suggested
that productivity is positively correlated with the number of people mentioned from aca-
demic environment when publication counts are normalized with regard to gender and
discipline. We showed that female students are more likely to acknowledge each support
provider group in a more positive sentiment. They did, however, mentioned fewer people
from their workplace and published fewer academic publications. Gender differences of
support network size can be explained by differences in perceived support or ease of ac-
cessing these support providers. Future research can conduct surveys to untangle role and
effectiveness of different support providers. Our results also demonstrated that schools
with higher rankings provide PhD students wider networks, in which academic environ-
ment is significantly bigger and productivity levels as a result are higher. In fact, it is shown
in the literature that as the number of writers rises, so does the impact of the research [44],
highlighting the importance of young scholars’ academic networks.

Quantitative analysis of acknowledgement texts provided a deeper insight on social in-
teractions and experiences of doctoral students as well. Our results suggested that the
narrative of the most performing 25% is more centralized on endeavour-related content
compared to the least performing 25%. Similarly, most contented 25% show more grat-
itude towards their family and academic environment compared to the least contented
25%.

It is crucial to note that while support providers from academic communities have a
positive influence on productivity, overall well-being of a student require contributions
from social interactions with family and friends and administrative support from their
institute. Our results showed that higher university rankings or productivity levels do not
lead to a higher sentiment reflected towards doctoral experience, but positive influence in
their professional growth.

Analyzing thousands of acknowledgement sections, we created an alternative angle re-
flecting social aspects of the doctoral studies where friends, families, colleagues, and ad-
ministrative staff have different roles to play ensuring utmost performance and well-being
of the student. Therefore, instead of directly analyzing publication counts or number of
citations to explain doctoral studies, it may be better to embrace a new approach where
students’ well-beings and academic support networks are also put forward. People com-
pare themselves to those who are similar to them with regard to demographic and social
proximity and how individuals evaluate their own subjective well-being and happiness
depends on those of others [45, 46]. It is also known that “success narratives” have an im-
pact on the reader’s judgements and decisions [47], which may imply that when doctoral
students compare themselves with their counterparts, it would decrease their subjective
well-being. Future work may contribute to a profound understanding of how support net-
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works influence productivity in late career stages and researchers’ overall well-being by
reaching out to people and possibly conducting a survey. It is also important to collect
theses published all around the world to improve the representativeness of the data and
observe how cultural aspects influence the way of doctoral students acknowledge their
support providers.
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