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Introduction 
 
The classic, prevailing question of Hirsch (2005): “For the few scientists that earn a 
Nobel prize, the impact and relevance of their research work are unquestionable. 
Among the rest of us, how does one quantify the cumulative impact and relevance 
of an individual’s scientific research output?” The academic career is the product of 
the socio-economic-cultural background of a given society (or a set of societies, 
participating in the development of the personality and the career) and, on the other 
hand, an important vehicle of science. That’s why this study is at a focal point of 
scientometrics, sociology, and policy analysis. Analysis of careers in the field of sci-
ence is gaining in importance and popularity because the in-depth knowledge of 
mechanisms governing scientific career paths is important for planning and the 
realization of science policy, thereby increasing knowledge, economic and social 
output (Dietz 2000; Antonelli et al. 2011) and the S–T capacity as well as human 
capital (Bozeman–Rogers 2002). As Hirsch formulates it: “In a world of not unlim-
ited resources such quantification (even if potentially distasteful) is often needed for 
evaluation and comparison purposes, e.g. for university faculty recruitment and 
advancement, award of grants, etc.”. Nevertheless, it is hard to answer the question, 
how to measure academic performance. 
 
 

Research questions 
 
Academic careers can be characterized on the basis of different sciences and ap-
proaches. One of the research questions is what the methods and tools of measur-
ing academic performance are. Traditionally, academic performance can be meas-
ured by the number of (quality) publications and their impact on science, which is 
manifested in the number of citations (Van Balen–Leydesdorff 2009). This view of 
academic careers can be contested, because in the more “application-oriented” fields 
of science the number of publications is just one measure of academic performance. 
In high-tech industries, the number of patents is a competing measurement dimen-
sion of academic performance. According to the traditional approach, there is a 
strong correlation between the number of publications and the number of patents, 
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but the cointegration analysis, focusing on some rapidly advancing field of technol-
ogy (e.g. pharmaceutical industry) is not able to prove a statistically significant rela-
tionship between the yearly number of publications and the number of patent appli-
cations in a given nation or research group. A further, more complex question is the 
efficiency of using as a measurement the number of patent applications. It is well–
documented that just a very low share of patents will be applied in practice. In some 
fields, e.g. in plant production or animal husbandry, the number of new varieties of 
breeds could be applied as a measure of academic productivity.  

If we accept to measure the academic career on the basis of the number of pub-
lications, it is a further problem, how to measure academic performance: on the basis of 
the total number of papers during the lifetime, or on the basis of productivity per a giv-
en time interval. Both measures offer some advantages and disadvantages, the time-
based measures of academic productivity are capable to quantify the regularity of the 
authors. The time of determination of end-point of academic career leaves opens one 
important question: whether the end of a career is the publication of the last paper in the 
lifetime of the researcher should be at the time of retirement, and all the additional pa-
pers should be considered as a product of some hobby activity.  

We will focus on the number of academic papers produced during the life-
time of the researchers because these data lend themselves for a comparative ap-
proach, and if necessary a quantitative analysis can be performed. However, we have 
to take into consideration that this approach is a relatively narrow one: in future 
research, a more holistic approach should be applied, taking into consideration other 
outputs, e.g. teaching activity, preparation of textbooks, as well as such activities. 
consulting, running spin-off companies, or the popularization of the sciences 
(Enders 2005; Glänzel et al. 2007). 

A considerable part of the publications on academic careers applies an on-
tological approach, emphasizing the importance of the roots of academic careers. 
There is a wide consensus that the academic career is a product of a complex set of 
socio-economic factors. Some studies apply a more qualitative approach to this 
problem and try to grasp the motivational base and early results of academic careers 
by measuring the cultural capital of the family as well as the effect of narrower and 
wider socio-economic environment, emphasizing the influence of culture on publi-
cation behavior and life strategy (Van Balen et al. 2012; Leahey 2006).  

Another important research question is the role different “vehicles” play in the 
academic career. According to Van Balen et al. (2012) and Wells et al. (2011) such indi-
vidual factors, like cultural and social capital, results of the effect of parents (Amarnani et 
al. 2016) and mentoring (Ehrich et al. 2004) as well as networking will exercise a consid-
erable impact on the development of academic careers. Another important factor of 
career development is the organizational environment, which could be measured by the 
performance, prestige, or network position of the university (Van Balen et al. 2012). Be-
sides contextual factors, like labor market fluctuations should be taken into account, too. 
The overwhelming majority of the relevant publications have been written in the US, 
where a relatively high level of financial stability and individual mobility is a general condi-
tion. According to the experiences of some other countries (e.g. in crisis-hidden Europe-
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an research centers or universities) these general conditions do not exist anymore, that’s 
why the fluctuations in financial resources or the dry-up of some sources for a given 
research activity could lead to the termination to an academic career (Figure 1).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1: The “academic career puzzle” 
Source: own construction 
 
 

Methods 
 
The current investigation generally followed the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses (PRISMA) guidelines (Moher et al. 2009). This report-
ing standard is widely used in the field of medical and health-care, and it is commonly 
accepted as a useful reporting guideline in those disciplines to enhance the completeness 
of the reporting of systematic reviews. The PRISMA guideline is an appropriate method 
to include the relevant literature with adequate accuracy, and it can exclude any that is 
not relevant. 
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According to the PRISMA statement, a flow diagram needs to be provided to repre-
sent the steps of elimination, these being ‘identification, screening, eligibility and 
final inclusion”. 
 
 

Information Sources and Search 
 
Literature searches were conducted in PubMed, Scopus, Web of Science, 
ScienceDirect, and Google Scholar. No limitations were placed on the dates of the 
searches, and the final search was completed in December 2016. After reviewing 
Scopus social subject headings for ‘academic career’ and ‘scientific career’, keywords 
selected for the search included research productivity, performance, success, pa-
tents, curriculum vitae, mobility, citation and collaboration. These keywords were 
combined with bibliometric, mathematic, scientometrics, research value mapping, 
and social network analysis. 

To find additional studies, the reference lists of the articles obtained were 
searched, as was the literature database of an investigator with extensive experience 
with academic career research. 
 
 

Eligibility Criteria 
 
Articles were selected for the review if they were (1) written in English, (2) involved 
bibliometric, mathematics, or expositive methods to describe academic careers, and 
(3) provided a quantitative assessment. Titles were first examined and abstracts were 
reviewed if the article appeared to involve academic career and either scientometrics 
or bibliometric. The full text of the article was retrieved if there was a possibility that 
scientometrics analysis had been included within the investigation. Quantitative data 
could be contained within the text of the article, in tabular form, or presented in 
graphs. Data presented in graphic form were estimated. If the authors did not spe-
cifically aim to measure academic career, but data were available in the article to 
calculate it, then the article and the data were included in the review. Abstracts, case 
studies, and case series were not included. Stand-alone abstracts (without full-text 
articles) were excluded because they were difficult to locate, were generally not in-
cluded in reference databases, and in many cases were not peer-reviewed. Case stud-
ies and case series involved few individuals and were often published because they 
were atypical. 
 
 

Results 
 
Figure 2 shows the number of publications included and excluded at each stage of 
the literature search. The initial search identified 21,694 citations, 5339 of which 
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were duplicate publications (from different databases) that were removed. Based on 
a review of titles and abstracts, 345 full articles were obtained for review, and subse-
quently, 135 were removed for not having relevance for research purposes or meet-
ing the exclusion criteria. A total of 210 studies were further reviewed, but 127 of 
these did not contain either relevant or useful data. In total, 83 unique studies finally 
met the inclusion criteria. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Publications included and excluded at each stage of literature review 
 
 

The analysis of academic careers 
 
It is widely recognized, that academic performance can be measured by two dimen-
sions: overall productivity and the impact of works. According to Dietz and 
Boseman (2005), studies on academic careers often begin with the question as to 
why there seems to be a skewed distribution of research productivity across the 
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population of an academic scientist. In his seminal paper Lotka (1928), cited by 
Seglen (1992) highlighted that the vast majority of papers are published by a small 
minority of researchers. The vast majority of papers on this topic up to the 90s of 
the last century had been focusing on different sociological aspects of this question 
(Keith–Babchuk 1998). A considerable part of papers had been focusing on the 
sociological structures of science (Merton 1961), analyzing science as a sociological 
entity. This approach considered science as an academic enterprise (Merton 1957, 
1961), not taking into consideration the social embeddedness of science. In our 
opinion, this can be measured on base of publications, as opposed to some attempts 
(e.g. Dietz–Bozeman 2005) trying to involve into this topic the issue of patents. 
According to Baruch and Hall (2004), the academic career system has unique fea-
tures, but empirical studies about academic careers are hardly available. Earlier stud-
ies have been made to model academic careers, but those were personal and intro-
spective. Publications on academic career development are less focused on the de-
velopment of the entire career. Van Balen et al. (2012) described which factors in-
fluence a successful academic career, the main question their paper aimed to answer 
was: Why do some talented researchers have a continued academic career, whereas 
others do not? The study was based on 42 semi-structured interviews, their results 
suggest that the academic careers of talented researchers are stimulated or inhibited 
by an accumulation of advantages or disadvantages. 

In the last decades, as a result of the collaboration of bibliometricians, in-
formation scientists, sociologists, physicists, and computer scientists, comprehensive 
science maps have been developed (Börner et al. 2005). Guevara et al. (2016) devel-
oped the concept of research space as a more suitable approach for the evaluation of 
the performance of individual researchers, teams or nations because this is based on 
publication patterns of individuals. Table 1 shows studies on academic careers sepa-
rated by study design. 
 
Table 1: Studies on academic career separated by study design 

CV analyses – mobility Dietz et al. 2000; Canibano–Bozeman 
2009; Gaughan–Bozeman 2002; 
Wooley–Turpin 2009; Bonzi 1992; 
Dietz–Bozeman 2005; Fernandez-
Zubieta et al. 2013; Corley et al. 2003; 
Gaughan–Ponomariov 2008; 
Mangematin 2001; Enders–Weert 2004; 
Enders 2005; Ackers 2005; Ackers–
Oliver 2007; Gaughan–Robin 2004; Fer-
nandez-Zubieta et al. 2015; Sandström 
2009; Morano-Foadi 2005; Ackers 2005; 
Canibano et al. 2008 

Bibliometric – mathematic Hack et al. 2010; Chakraborty et al. 2014; 
Petersen 2015; Efron–Brennan 2011; 
You et al. 2015; Zhang–Glänzel 2012; 
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Franceschini–Maisano, 2011; Burrel 
2007; Matia et al. 2005; Liang 2006; Pe-
tersen et al. 2011; Petersen et al. 2010; 
Ding et al. 2011; Egghe 2010; Petersen et 
al. 2012 

Gender studies De Pater 2005; Leahey 2006; Cole–
Zuckerman 1984; Xie–Shauman 2003, 
1998; Fox 1983, 1985, 2001, 2005; Bent-
ley 2011; McBrier 2003; Long–Fox 1995; 
Prpic 2012; Long 1992; Symonds et al. 
2006; Teodorescu 2000; Kyvik–Teigen 
1996; Probert 2005; Sonnert 1995; Sy-
monds 2006; Duch et al. 2012; Sax et al. 
2002; Ackers 2007 

Cultural analyses Leong–Leung 2004 

Geography Carvalho–Batty 2006 

 
 

CV analysis 
 
According to Dietz et al. (2000) CVs are particularly useful for the analysis of aca-
demic careers since they provide a complex picture of the life trajectory of research-
ers. The combined application of data collected from CVs and bibliographic 
measures improve data accuracy, helps to avoid mismatches, and offers valuable 
information to explain the changes in publication patterns and co-authors' space. At 
the same time, Dietz et al. (2000) state that the analysis of curriculum vita to study 
career path is an extremely difficult task, due to the hard quantification of different 
stages of individual lives Their article offers a detailed description of ways and 
means of elimination of intercoder errors, and present a model, describing the effect 
of different factors on publication rate. Results prove a significant, positive regres-
sion coefficient (determined by OLS) between the pre-Ph.D publications as well as a 
number of patents, and a negative coefficient in time of duration in the rank of as-
sistant professor. The number of jobs has not been an important factor for produc-
tivity. In our opinion, the years spent as an assistant professor cannot be considered 
as an explanatory variable, because it could be rather a consequence of the relatively 
low academic performance.  
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Statistical methods to measure academic career 
 
Analyzing the relevant literature, it is beyond doubt, that there is a wide and ever-increasing 
field of career research. This can be explained by the steadily increasing level of interest 
towards the problems of academic careers and the complexity of this question: this field of 
science lends itself to apply the tools and paradigms offered by different sciences. In Figure 
3 we have summarized the field of application of different methods in career research. 
 

 Figure 3: The field of application of different methods in career research 
Source: own construction 
 

Development of databases 
 
Recently there has been an important emergence of complex, unified, large-scale 
databases, offering the possibility of inter-individual as well as for inter-institutional 
comparison in the analysis of academic careers on the basis of bibliometric data. As 
a result, we witness the birth of the science of science measurement (Nature 2010). 
Nowadays the two leading academic publication databases are the Web of Science and 
Scopus, but there is an increasing number of databases for geographic locations (e.g. 
Brasil: http://lattes.cnpq.br/; Hungary: https://www.mtmt.hu/).  

http://lattes.cnpq.br/
https://www.mtmt.hu/


153 
 

Analysis of data on academic performance 
 
The modern methods of scientometrical analysis are applying the statistical methods at 
an increasing rate. The rapid accumulation of information on citation patterns offers a 
favorable possibility to apply different statistical methods to citation patterns. Wallace et 
al. (2009) have proven that the citations can be characterized by a stretched-exponential 
function and a form of the Tsallis function to fit complete distributions over the 20th 
century. The Hirsch-core is well known for more than one decade (Glänzel 2006): Liang 
(2006) has introduced the h-index sequence for measuring the dynamics in the scientific 
career. According to her theory, the h index sequence hk is the h-index of the papers 
published by the author in question in n-k+1, n time interval, where n is the most recent 
year. This is a logical continuation of Burrell’s (2007) approach. According to their re-
sults (the h-index and its derivatives can be of great importance to track the life cycle of 
research teams. However, there are considerable differences between averages of cita-
tions for one paper in different fields (e.g. according to Iglesias and Pecharromán (2007) 
based on ISI the expected number of a citation for a paper in economics was 4,17 on 
average in the period between 1995-2005, the value of this indicator for molecular biol-
ogy and genetics was 24,57). At the same time, the wide range of utilization of citation 
indices is fueled by the fact that - as Radicchi et al. (2008) have proven - there is a uni-
versality of citation distributions across disciplines and years. 
 
 

Measurement of regularity in academic performance 
 
Franceschini and Maisano (2011) claim that the regularity of academic performance 
is gaining importance. They define regularity as the ability to generate an active and 
stable research output over time, in terms of both quantity and diffusion. To meas-
ure regularity they suggest three tools: the PY/CY diagram depicts the distribution 
of publications and citations according to different years. The Ferrers diagram is a 
generalization of Hirsch’s h-index in a two-dimensional space (Egghe 2010a). The 
Borda score is a simple sum of the yearly rank of different scientists’ performance 
compared to his/her competitors.  

All of the proposed methods have some positive effects and limitations: the 
PY/CY diagram lends itself of an indication on the temporal evaluation of a scientists 
career; Ferrers diagram makes it possible to identify the most important years for publica-
tion and their diffusion; Borda’s method offers a favorable possibility to compare different 
scientists’ performance according to two dimensions: publications and citations. 
 
 

Modeling the patterns of individual academic trajectories 
 
Petersen et al. (2010) offer normalized publication metrics to achieve a universal 
framework of analyzing and comparing scientific achievement across both time and 
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discipline. They have determined, that the scaling exponent for individual papers (  

3) is larger than the scaling exponent for total citation shares (  2.5) and that for 

total paper shares (  2.6), which indicates that there is a higher frequency of stellar 
careers than stellar papers (Petersen et al. 2011). Zhi-Quiang You et al. (2015) claim 
that in the field of science, from the point of view of quantitative analysis, there are 
two basic fields: (1) network-theoretic analysis and (2) soft-modeling of large datasets. 
They have applied an agent-based model to capture the most important aspects of 
publication and citation networks. In the model, the agents were authors or research 
teams, and the nodes were the publications of citation networks. The inheritance pro-
cess had been manifested through the spread of citation relationships. In a subsequent 
publication, Peresen et al. (2011) offer a piece of strong empirical evidence for univer-
sal statistical laws that describe career progress in competitive professions. The career 
paths often can be characterized by bimodal distributions: one class of careers is 
stunned by the difficulty in making progress at the beginning of a career. Based on the 
dynamics of publications they separate convex as well as concave progress.  

Petersen et al. (2011) have introduced the Ni(t)  Ai [t(exp i)] temporal 

scaling relation, where i is a scaling exponent that quantifies the career trajectory 

dynamics. The estimation of  shows a relatively large similarity across disciplines, 
its value is between 1.3 and 1.44. According to Petersen et al. (2011), there is a pos-
sibility that short-term contracts may reduce the motivation for a young scientist to 
invest in human and social capital accumulation. In a summary, it can be stated, that 
there is an urgent need to group productivity measures, too. 
 
 

The analysis of researchers’ mobility and academic career  
 
As it is demonstrated in Figure 4, there are different approaches to career develop-
ment analysis. A specific one is the analysis of thematic mobility patterns, based on the 
scientific mapping. In the last decade, there was an effort to introduce some more qual-
ity-oriented methods into the evaluation of bibliometric data. That’s why the g–
index has been introduced by Egghe (2006). This index is the highest number of g 
of articles (a set of articles ordered by decreasing citation counts) that together re-
ceived 2 or more citations. However bibliometric has more than half a century tradi-
tions, its application shows considerable differences between disciplines and coun-
tries (Abbott et al. 2010). Notwithstanding the bibliometric, as science has anglo-
saxon roots, many British, Commonwealth, and US institutes use this for the evalua-
tion of performances of universities as well as research organizations, but in person-
al-related decisions, the „soft” factors of personality evaluation (e.g. recommenda-
tion letters) are considered as more important factors. Sahel (2011) claims that the 
professional analysis of bibliometric data is important, but – in line with the recom-
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mendations of the French National Academy (FAS) – he discourages the application 
of this data concerning personal decisions on the young scientist.* 

 Figure 4: The different approaches of career development analysis 
Source: own construction 
 
Workforce mobility has become a mainstream economic, political, and media issue 
during the last decade in the world (Almeida–Kogut 1999; Nunn 2012). It is widely 
acknowledged, that there is a strong relationship between competitiveness and the 
flexibility of the workforce because the workforce mobility between different sec-
tors is a key factor of institutional mobility. Toffler’s (1970) prediction that the pace 
of change in the world is increasing at a faster rate, and this creates a more complex 
environment, creating a more complex atmosphere for individuals as well as organi-
zations (Toffer 1970) is a reality today. It is well-proven that social and geographical 
mobility, as well as mobility within the firms, are necessary prerequisites for socio-
economic analysis. Culié et al. (2014) have determined a conceptual model for the 
consequences of inter-firm collaborations on employment mobility. They emphasize 

                                                           
* FAS: L’Académie des sciences de l’Institut de France, Évaluation des chercheurs et des 
enseignants-chercheurs en sciences exactes et expérimentales: Les propositions de 
l’Académie des sciences. available at: http://www.academie-sciences.fr/archivage_site/ 
activite/rapport/rapport080709.pdf 
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the role of inter-firm collaborations in career capital-building, psychological mobility 
as well as analyzing support. The mobility of academic staff was – and continues to 
be – of vital importance for the building of networks. According to Hauknes and 
Ekeland (2002) in the area of mobility research, we can apply different methods. 
The differences reflect whether the population is static or dynamic; the time scale 
used; the basis of unit used. The basic units of business demography are different. 
The most important categories are geographic location, ownership, employees, in-
ternal structure, and what it produces and how. The author remarks that “main-
stream economic theory does not offer much help here. Most schools of economic 
thought generally take the firm as a given, unproblematic entity. Ladinsky (1967) 
have analyzed the geographic migration patterns of professional workers. According 
to his results, professions that require heavy investments in capital equipment and 
close cultivations of clients can be described by low migration rates, salaried profes-
sions with short analyzing hierarchies, and analyzing work units have high migration 
rates, unstandardized work conditions, and strong occupational communication 
networks led to salaried workers in highly professional occupations moving on the 
national and regional level rather than in local labor markets. Sullivan and Arthur 
(2006) have introduced the concept of psychological mobility, as “the perception of the 
capacity to make transitions”. According to the findings of Geuna et al. (2015), there 
is a positive, significant effect of researcher’s mobility on academic performance in 
the case of voluntary mobile researchers both in the US and GB. Mobility is a key 
factor in knowledge creation in different regions. Besides the favorable aspects of 
professional mobility, the “inevitable disclosure” (2001) in trade secrets is a negative 
aspect of this phenomenon (Lincicum 2001).  

The European intellectual workforce mobility is promoted by the develop-
ment of accreditation systems, the increasing role of multinational companies 
(Crescenzi et al. 2014), the emergence of new human resource management practic-
es, and the decreasing importance of language barriers (Tenzer et al. 2014). 
Spilerman (1972) states that besides its computational simplicity the Markovian 
models is attractive because it is suitable for the description of different interrela-
tionships as a system. Markovian chain models have been widely applied for the 
study of migration (Rogers 1966) and projecting growth in social mobility (Erola–
Moisio 2007) and manpower supply planning (Zanakis–Maret 1980). The sequence 
of events can be considered as a Markov chain if the outcome of each event is one 
of a set of discrete states and the outcome of an event depends only on the present 
state and not on any past states. The matrix, describing the probabilities of transi-
tion from one state to another, is called the transition matrix (Craig–Sendi 2002). 
 
 

Research productivity 
 
A considerable number of publications aim to analyze the differences between individu-
al career paths. The most important of these are the analyses related to gender differ-
ences as well as to cross-cultural differences. The effect of children on academic produc-
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tivity has been analyzed by a linear growth model in the article of Hunter and Leahey 
(2010). They have determined that children have a negative effect on productivity over 
time. At the same, the authors acknowledge that their results are not generalizable. 

Another measurement of academic productivity has been the application of 
the concept of prestige, applying different methods of social network analysis (Cole–Cole 
1967; Reskin 1977; Long et al. 1979). A considerable number of papers have ana-
lyzed the academic careers as a series of state (position) changes, applying the ap-
proach of economic sociology and statistics (Markov models). Stephan and Levin 
(1992) applied an integrated model to research careers. Based on their work there 
are three drivers of academic careers: (1) intrinsic pleasure; (2) recognition and (3) 
reward. Put in another way: the triangle of the puzzle, the ribbon, and the gold will 
determine the academic path. Lee et al. (2012) determine two components of career 
success: extrinsic success and intrinsic one. In their seminal paper, Dietz and Bo-
zeman (2005) analyzed the effects of job transformations and career patterns on 
productivity. The conceptual base of their research has been built on Scientific –
Technical human capital theory (Bozeman et al. 2001; Bozeman–Corley 2004). 
Based on the analysis of 1200 scientists’ and engineers’ CVs and publications, they 
have set up a Tobit model in which the dependent variable has been the number of 
publications per career year starting the year after the doctorate. Independent varia-
bles were the job homogeneity, precocity (measured by the cumulative number of 
publications at the doctorate year, as well as numerous other characteristic features 
of academic career paths. According to their results, there is a slightly positive asso-
ciation between career pattern homogeneity and publication productivity. Precocity 
and homogeneity both had a weak, positive relationship with publication rates. 

The interrelationship between productivity and scientific career has been 
widely analyzed in the US by Long (1978), who has proven, that (1) traditional 
cross-sectional research offers spurious results. (2) The productivity, expressed by 
the number of publications and citations had had an insignificant effect on both the 
prestige of a scientist’s initial academic appointment and on the outcome of institu-
tional changes in the later career. (3) The effect of departmental prestige on produc-
tivity increases steadily over time. 

Lindahl and Danell (2016) have applied a machine-learning algorithm to test 
the hypothesis, that early career productivity can be an efficient predictor of produc-
tivity in the later career. Their results prove in the case of mathematicians, that early 
career productivity is a useful predictor of future academic productivity, but it is espe-
cially useful to predict the performance of the top 10% of academics. Ding et al. 
(2011) used bibliometric methods to explore the academic impact. The academic im-
pact is produced during scientific communication; the two main forms of scientific 
communication are citation and collaboration. By a combined analysis of citation im-
pact and collaboration impact, the authors were able to discover detailed information 
about authors’ career status, such as career paths in Scientometrics. The limitation of 
the study is, that the result does not reflect the real-life career roles or paths for re-
searchers as the dataset is limited to one journal. They offer a combined method of 
scientist evaluation, based on citation and collaboration impact. According to Petersen 
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(2015) and Lee and Bozeman (2005) research collaboration have a positive effect on 
publishing productivity, the authors suggest that developing effective strategies are 
necessary to understand the potential benefits of collaboration. Table 2 shows the 
most important studies on academic productivity in the reviewed literature. 
 
Table 2: Estimation of the importance of academic productivity in the reviewed literature 

Author Year of 
publication 

Target 
group 

Method Results 

Dietz–
Bozeman 

2005 1200 US  
scientists 
and engi-
neers 

Tobit  
regression 

Significant influence of Career 
Homogenity index, Precociticy; year of 
graduation importantly, held the posi-
tion, triple helix, first industry or gov-
ernmental jobs; doctorate in biology or 
computer science have not been sig-
nificant 

Leahey 2006 Sociology 
(n=196) 
and linguis-
tics 
(n=222)  
faculty 
members at 
US research 
universities 

Structural 
equation 
modeling 

Married family status (ever married) 
and affiliation to a public institution, as 
well as the number of former institu-
tions and receipt of research funding, 
have a significant, positive effect on 
performance. Gender and PhD-
granting institution ranking according 
to NRC is not significant 

Chakraborty 
et al 

2014 DBLP 
dataset of 
the com-
puter sci-
ence do-
main 
(702,973 
valid papers 
and 
495,311 
authors) 

stochastic 
model 

The expertise of an author for a par-
ticular field is usually defined by the 
average number of citations received 
by the author by publishing papers in 
this field. 

Fernández-
Zubieta et al. 

2013 171 UK 
academic 
researchers 

negative 
binomial 
regres-
sions 

There is a positive albeit insignificant 
overall effect of mobility, and a nega-
tive weakly significant short-term 
effect. The mobility to a higher-ranked 
university has only a weakly positive 
impact on publications output, but not 
on citations. The authors find no 
evidence that mobility per se increases 
academic performance. 

Lindahl–
Danell 

2016 451 authors 
in the 
mathemati-

Univariate 
ROC 
analysis 

The authors conclude that early-career 
performance productivity has an 
information value in all tested decision 
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cal sub-field 
number 
theory 

with 
multiple 
logistic 
regression 
analysis 

scenarios, but future performance is 
more predictable in some cases. 

Bentley 2011 Academic 
staff in 
Australian 
public 
universities, 
during the 
periods 
1991–3 and 
2005–7. 
Two sur-
veys: a 
sample of 
1420 and 
1252 re-
spondents. 

Linear 
multiple 
regression 

The proportion of variation in publica-
tion productivity accounted for by the 
12-variable model (adjusted R-square) 
was 32 and 42 percent among men 
and women in the 1993 data, and 44 
and 47 percent respectively in the 2007 
data. Academic rank, doctorate qualifi-
cations, research time, and internation-
al research collaboration were the 
strongest factors positively associated 
with publication productivity, but 
women typically reported significantly 
lower levels on each of these factors. 

Petersen 2015 more than 
166,000 
collabora-
tion records 

Combina-
tion of 
descrip-
tive and 
panel 
regression 
methods 

Super ties contribute to above-average 
productivity and a 17% citation in-
crease per publication, thus identifying 
these partnerships as a major factor in 
science career development.  
Strong collaborations have a signifi-
cant positive impact on productivity 
and citations representing the ad-
vantage of “super” social ties charac-
terized by trust, conviction, and com-
mitment. 

You et al. 2015 Two real-
world 
citation 
datasets: 
The citation 
network of 
the Ameri-
can Physi-
cal Society 
(APS) 
journals 
and the 
condensed 
matter 
(Cond-mat) 
citation 
network of 

A multi-
agent 
modeling 
frame-
work 

The work efficiency strongly affects 
agents’ academic outputs and impacts 
under a wide variety of conditions. 
Research direction selectivity plays a 
less important role since the results 
indicate that a selection of hot research 
topics alone cannot provide sustaina-
ble academic careers under intensely 
competitive conditions. 
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the 
arxiv.orgon
-line pre-
print repos-
itory 

Carvalho–
Batty 

2006 A total of 
116, 771 
distinct 
authors 
with 
a U.S. 
address. 

 The productivity of U.S. research 
centers in computer science was highly 
skewed and the physical location of 
research centers in the U.S. formed a 
fractal set. 

 
 

Conclusions and recommendations for future research  
 
There is considerable knowledge on the effect of different factors (prestige of the 
university, pre-Ph.D. publications, work abroad, the birth of a child) on academic 
productivity. As a consequence, if we would like to evaluate the factors of academic 
career, we have to analyse not just these factors, on a one-by-one basis, but to take 
into account the combination of all of these influencing conditions. On this basis, 
some typical career paths could be constructed. An agent-based simulation would be 
a suitable tool to model the effect of different „events” on academic productivity. It 
is rather hard to obtain quantifiable pieces of information on this topic because 
there is great variability in individual “fate” and career, and it should be taken into 
consideration that there are considerable differences between different fields of 
sciences. That’s why we suggest a series of expert interviews with the purpose to 
estimate the effect of different “events” on academic activity, based on the experi-
ences of researchers. A convenient way of analysis of estimation results is the R-
package “Expert” by Pigeon et al. (2009). Based on these estimations a set of 
statecharts could be constructed, serving as an input for agent-based modeling. Such 
high-level software (e.g. Anylogic) offers a favorable solution to the development of 
such a project aiming at forecasting the different events on academic productivity. 

Scientometrics and career research is a rapidly evolving field of science. Rapidly 
developing information systems, as well as archives, system dynamics, computer 
sciences, network analysis offer new possibilities for researchers from different sci-
entific backgrounds to form inter-and multidisciplinary research teams. Based on 
our literature review, the most important problems of scientometrics and academic 
career research are as follows: 

1. Influence of different events and shocks on academic productivity. How 
the changes in intellectual and material institutional background influence 
productivity in science? 

2. Participation of scholars in science, as a self-organizing network. It is widely 
acknowledged, that there are some institutional and topical “hot spots” in 
science. Some people, depending on their level of ambitions, the versatility 
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of their qualification, personal background are more willing and able to 
“jump up to these bandwagons”, some remain attached to their original 
field. Who are these people? Is the change of field a promising possibility to 
enhance one’s scientific production? 

3. The role of research-group attachment in academic career: it is well known, 
that the dynamically changing world makes it necessary to become attached 
to some research groups which do some research together, then, in the 
framework of another project, a “recombination” takes place in the aca-
demic community, new teams are formed. Are there any patterns of these 
research team formations across countries and cultures? 
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