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Abstract: Performance-based research policies and programmes have fundamentally altered both
organisational and individual behaviours and expectations, putting immense pressure on researchers.
The soundness of research, originality, valorisation potential, and societal and economic impacts are
highly valued and expected characteristics of research. Yet, our understanding of the effects of various
systemic and organisational factors on research performance is limited. In an exploratory, single-
country case, this paper aimed to develop and examine different models of research performance
as perceived by researchers themselves using a large cross-disciplinary sample of 553 researchers
from 72 public research organisations in Romania. A pre-tested questionnaire was self-administered
online, comprising seven scales: (1) recruitment and selection, (2) research recognition and value,
(3) participation in research projects and teams, (4) work incentives, (5) job payment and salary,
(6) career development opportunities, and (7) leadership effectiveness. Maximum likelihood and
Bayesian estimators were used to test three structural models: (M1) mono-factor; (M2) intercorrelated
dimensions, and (M3) the dimensions are indicators of a general construct. Additionally, a path
analysis was carried out to study the relationships among the dimensions. We found that M2 and
M3 fit the empirical data better. The results showed that career development programmes and
opportunities gain centrality in achieving research performance by directly influencing participation
and research projects and teams and mediating the effect of job payment. Revealingly, powerful
work incentives within research organisations are international mobilities or appreciation awards.
When informing evidence-based policies, the models we propose could serve the goal of improving
research performance through talent development as the main proxy.

Keywords: research performance; research assessment; job demands; job resources; job performance;
career development

1. Introduction

Following the adaptation of specific or implicit principles of New Public Management
within the academic world [1–3], academics and researchers are no longer hermits in the
Ivory Tower of science [4], but producers of results, being compared, ranked, and financed
according to market demands. Competition for research funds has become stronger and
stronger, with researchers having to compete against both national and international field
colleagues. This competition is not always an individual race, but rather a team one, as
collaboration [5] has a positive effect on research productivity.

While the field of scientometrics abounds with studies on the impact of this market
approach on the academic field, the phrase “publish or perish” has become a mantra in
some research circles. Performance is now evaluated manifold: research output, research
impact, research visibility, and social relevance are all elements considered when measuring
individual and institutional performance. Individuals choosing a research career nowadays
must therefore come to terms with the productivity requirements of their job. This produc-
tivity should not be analysed in a vacuum, but together with structural and institutional
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elements facilitating or hindering research and innovation. We therefore start our analysis
by subscribing to the view that “a national research system is made up of the actors within
a country that jointly (i.e., in interaction with each other) produce research outcomes” [6].
Hardeman et al. [6] go on to describe the map of a national research system, which is
made up of structural capabilities, research assets, interactions, and research excellence,
elements that influence each other in dynamic ways. Policies and funding instruments that
can produce the optimal conditions and environment will enable research, development,
and innovation (RD&I)-performing entities to radically improve the knowledge base of
the economy and society and support the digitalisation and greening of entire sectors and
value-chains [7].

Within this context, the main purpose of this research study was to propose and
test several bottom-up models of research performance in Romania. We give credit to
Hardeman’s model [6] and consider that in the Romanian context, there is also a dynamic
influence and causal relation between research performance, structural capabilities, research
assets, and interactions found in the system. The following sections unfold the state of play
and discuss the frameworks underpinning the research. Our approach relies on several
theoretical models of job satisfaction, job performance, and talent governance, arguing that
research performance should be understood and approached from a multidimensional
perspective. Systemic, institutional, and individual factors interact in a dynamic way and
modify the research performance accordingly within the ecosystem. When informing
evidence-based policies, the models we propose could achieve the goal of improving
research performance through talent development as the main proxy.

2. Literature Review
2.1. Policies for Building a Sustainable Research Career

Previous studies have addressed the state of the research area in different contexts,
analysing success factors and suggesting improvements, while policies have formulated
guidelines and recommendations to re-shape and advance the state of things [6,8–14].
Researchers have noted that studies about the European research context are lagging
behind those relating to the American context [8,9]. The present article wishes to contribute
to closing this gap and investigates the key dimensions of research performance in the
Romanian research landscape, as part of and in line with overarching policies of the
European Research Area (ERA) and seminal theories on job performance.

As a recent position paper published by LERU pointed out, the assessment of re-
searchers and research performance is at the heart of scientific endeavours [11], and multi-
dimensional perspectives are needed to ensure sustainable approaches. Moreover, Aagaard
and Schneider [14] suggested that a central question within science policy studies revolve
around how different policies affect research performance [15].

Research funding plays a decisive role in orienting research and supporting its po-
tential impact. Regarding the financial input and the scientific output of this system, the
report by the Joint Research Centre from 2013 [6] shows that countries in the European
Union (EU) scoring high on research excellence also spend higher percentages of their
Gross Domestic Product (GDP) on RD&I [6]. Even if at the EU-27 level, member states
have agreed to try and reach an average level of 3% of GDP dedicated to research, there
are still considerable differences between member states. Based on data from 2019 and
2020, in 2021, Eurostat reported the highest percentage of GDP allocated to RD&I to be in
Sweden and Belgium (3.5%), while the countries with the lowest RD&I intensities (defined
at country level as the percentage of GDP dedicated to RD&I expenditure) are Romania
(0.50%), Latvia (0.7%), and Malta (0.7%) [16]. In relation with these figures, we would
say, is Romania’s Horizon 2020 country profile [17], according to which, the country has
a knowledge-intensive employment rate well below the EU average (21.6% vs. 36.1%), a
top-cited publication rate of 4.6% compared with a 11.1% EU average, and a 0.4% patent
application rate compared to a 3.7% EU average [17]. According to the same source, Ro-
mania also has the smallest researchers ratio (897 per million of population) of all EU-27
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member states. Because researchers represent research assets [10], we believe that this low
number in the Romanian context has a direct effect on the research productivity. This could
therefore be one of the reasons why according to the European Innovation Scoreboard for
2021, Romania is an emerging innovator with performance well below the EU average [18].
Previous national studies [15] observed a significant growth in research output in Romania
during the first years following the enactment of the 2011 Education Law, but the trend
was proved not to be sustainable over time.

Although financial indicators and bibliometric data have been largely used to assess
research performance [11], the focus of this paper is on a more nuanced approach where a
variety of factors is taken into consideration. In a generally accepted definition, research
is seen as: ‘creative work undertaken on a systematic basis in order to increase the stock
of knowledge, including knowledge of man, culture and society, and the use of this stock
of knowledge to devise new applications’ [19]. Those undertaking such an activity must
therefore be able to produce creative outputs or use methodologies in creative ways, be
able to systematise information and knowledge in order to create new knowledge and
be able to convert theory into applications. In a similar vein, the European Commission
Directorate General for Research and Innovation [20] wishes European researchers to be:
‘creative, critical and autonomous intellectual risk takers, pushing the boundaries of frontier
research’. If we relate productivity to the above-mentioned quotes, we find that in the
case of research work, productivity also includes both behavioural aspects and result-goal
aspects, as noted in the literature review on performance undertaken by Fogaça et al. [21].
Based on these considerations, it can be appreciated that researchers must therefore work
creatively, systematically, critically, and autonomously (behavioural elements) in order to
“increase the stock of knowledge” (outcome/goal elements).

In 2005, the European Commission put forward the European Charter for Researchers
and Code of Conduct for their Recruitment, with 40 principles that contribute to the
development of the European Research Area and subsequently to a Human Resource
Strategy for Researchers (HRSR) [22]. From 2006 up to the present moment, 14 higher
education (HE) and research institutes from Romania have declared their endorsement
for the 40 principles, and in total, 1149 organisations have manifested their solidarity so
far. This document specifically addresses the responsibility of employers to plan for the
development of researchers’ careers: “Employers and/or funders of researchers should
draw up [ . . . ] a specific career development strategy for researchers at all stages of their
career” [23] (p. 18).

Even though some research [2] suggested that reforms in the HE area could have an
effect of the de-professionalisation of academics, the competences and abilities required
nowadays from researchers are much more diverse, as a draft classification on research pro-
file descriptors published on EURAXESS proves [24]. This classification divides researchers
into four levels, depending on their research experience, with each level being provided
with clear descriptors indicating demonstrated and desired competences and abilities:
First-Stage Researcher (R1), meaning those who are conducting research under supervision,
including doctoral students; Recognised Researchers (R2), who have a PhD but are not yet
fully independent; Established Researchers (R3), who have proven their independence; and
Leading Researchers (R4). Going through all these descriptors, especially the ones from
R3 and R4, it can be observed that researchers are required to be competent in more than
just their narrow research field, needing skills in broader areas such as communication,
people management, and career management (for themselves and others). An Established
Researcher is desired to be able to collaborate with relevant industry research or develop-
ment groups [24]. Researchers should also be able to communicate about their research
to both the academic community (starting with the Recognised Researcher level) and to
society in general (from the Established Researcher level) [24].

Complementary to policy formulated competences, studies about the research career
also name other required competences. Maer-Matei et al. [25], for example, in a study
analysing the skills required from entry-level researchers in employment advertisements at
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the European level, concluded that core competences required of all RD&I professionals
are data processing and handling, teaching, and management skills.

2.2. Job Satisfaction and Job Performance

Researchers, either from the public or the private sector, are directly involved in setting
the speed at which innovation and development occur. Their performance is therefore
paramount to sustainable development and is of interest to policy makers, governments,
and universities alike.

Job satisfaction has been linked to job performance in different work sectors, including
the academic one. Literature reviews on the factors influencing work productivity or
job performance or the relationship between job satisfaction and job performance have
been conducted, among others by Callaghan and Coldwell [26], Judge et al. [27], and
Fogaça et al. [21]. Autonomous work (as is the case of research work), has been found to be
characterised by the highest correlation between job satisfaction and job performance [27].
However, Bentley et al. [8] found only a weak relationship between productivity and job
satisfaction, while Mamiseishvili and Rosser [28] and Callaghan and Coldwell [26] found
no significant positive association between the two variables in their data. Bentley et al. [8]
also noted that satisfaction is higher among senior ranking academics, but in the authors’
view, this could also be because rank is associated with age, experience, research perfor-
mance, and gender. Masum et al. [29] found that compensation package, job security, and
working conditions are the factors most influencing academic job satisfaction, and supervi-
sory support, training and development opportunities, career growth, and organisational
culture also have a positive impact on job satisfaction. Barbezat [30] found that research
productivity, measured as the number of publications, is negatively influenced by one’s
teaching load.

For our analysis, we rely on the highly referred-to job demands–resources (JD-R)
model developed by Demerouti et al. [31], explaining the relationship between the char-
acteristics of the work environment, performance, and well-being, and we partially rely
on the Framework of academic satisfaction developed by Hagedorn [32], the Vitae Re-
searcher Development [33], and Mobility Survey of the Higher Education Sector (MORE)
Frameworks [34]. The model of Demerouti et al. [31] offers two sets of work conditions,
namely job demands and job resources, that are considered as having an impact on the
levels of burnout. Job demands conditions include physical workload, time pressure,
recipient contact, physical environment, and shift work, while job resources conditions
include performance feedback, rewards, job control, participation in decision making, job
security, and supervisor support [31]. The model initially proved that low job resources are
connected to low engagement, and high job demands are related to exhaustion [31].

Other research on job satisfaction of academics has relied on a similar two-step model.
A notable framework considered in this sense is the one developed by Hagedorn [32],
which includes Herzberg’s [35] two-factor theory of motivators and hygienes that influence
job satisfaction. In this model, motivators and hygienes, together with demographics and
environmental conditions are seen as mediators for job satisfaction, while changes in life
or career stage, family or institution, perceived justice, or emotional stage are seen as trig-
gers [32]. One commonality of these approaches is that job satisfaction and dissatisfaction
have different sources or triggers which should be investigated separately [8].

The Concordat [33] principles aim to enhance the researcher workforce and thereby
sustain research excellence, bringing benefits to the health, economy, and well-being of the
UK. The Concordat is an agreement between the funders and employers of researchers in
the UK. Sitting alongside a range of local, UK, and European initiatives, the agreement
represents a significant policy development to support the good management of researchers
and their careers. Vitae leads in the management and implementation of the Concordat to
Support the Career Development of Researchers, monitoring and developing five clusters
of principles related to recruitment and selection, recognition and value, support and career
development, researchers’ responsibilities, and diversity and inclusion.
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In our analysis, we focus our attention on the importance of these extrinsic mo-
tivators and hygienes: achievement, recognition, work itself, responsibility, advance-
ment, and salary [32], which overlap with the job resources conditions in the model of
Demerouti et al. [31], namely rewards, job control, participation in decision making, job
security, performance feedback, and leader support. These are the dimensions that policy
makers should address when implementing the Human Resource Strategy for Researchers
(HRSR) at the national level and that, in our view, are key for developing a sustainable
research career.

We stand by the position that performance in research is a two-way street: the perfor-
mance of research institutions is supported by the individual performance of their human
resources [26], and at the same time, the performance of researchers is influenced by the
institutional setting and interactions in the system [10]. We argue that a sustainable career
must be planned and analysed together with and taking into account the structural setting
and institutional elements.

2.3. Purpose of the Present Study

The body of studies analysed in the previous section demonstrates the need to reshape
the understanding of research performance and the underpinning policies and actions.

In the present study, we examined factors influencing research performance in Ro-
manian public higher education institutions and national research institutes. The study
considered the JD-R model [31,36] and partially considered the Framework of academic satis-
faction developed by Hagedorn [32], the Vitae Researcher Development [33], and MORE
Frameworks [34] as base models. We developed a customised conceptual framework
of items and constructs influencing researchers’ performance in Romania. Generally,
the framework brings together the variables associated with seven different dimensions:
(1) recruitment and selection, (2) participation in research projects and teams, (3) work
incentives, (4) salary, (5) career development opportunities, (6) leadership effectiveness,
and (7) research recognition and value.

As pointed out in the MORE general framework [34], there are individual and human
resources factors and organisational and system factors affecting the job performance
of researchers. In the proposed conceptual framework, the recruitment and selection
policies are regarded as both system factors and job demands. In Romania, national
criteria are in place for entering a research institution or advancing in the research career.
Those criteria are mandatory and represent the minimum requirements. Nevertheless,
research institutions can add supplementary criteria to assess candidates or their employees.
International recognition and participation in research projects and teams are the core
dimensions of research performance in Romania. The national criteria mainly specify
quantitative metrics (i.e., the number of research papers in high-impact journals, the
number of citations and influence scores, and prizes won for research or teaching) to assess
research performance, which has been highly criticised [12,37,38]. Apart from being job
demands, achieving international recognition and collaboration in research teams could
be impactful extrinsic job performance drivers [12,37]. In addition to personal prestige,
work incentives, career development opportunities, and leadership effectiveness have been
identified as potential determinants of job performance at the institutional level, while
salary and job payment were considered system factors.

In a context of increasing emphasis on research performance assessment and metrics [39],
our aim was to design and examine bottom-up models of research performance which
could be used to develop national and institutional policies regarding the process of
recruitment and selection, career development, research assessment, and leadership. Specif-
ically, the research presented in this paper addressed the following research question (RQ)
and hypotheses (H):

RQ1: What are the dimensions of research performance and how are they structured
and related?

The research study we propose was guided by the following research hypotheses:
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Hypothesis 1 (H1a). The seven dimensions, because of their content and effect on research
performance, will correlate positively with each other.

Hypothesis 1 (H1b). The seven dimensions depend on a general construct, research performance.

In addition, we hypothesised two relationships:

Hypothesis 2 (H2a). System factors, recruitment and selection, and job payment and salary have
a positive predictive power over institutional factors of research performance.

Hypothesis 2 (H2b). Institutional factors, namely career development, work incentives, and
leadership effectiveness, have a positive effect on participation in research projects and teams and
achieving recognition and value as individual factors of research performance.

The assumptions mentioned above are illustrated in Figure 1a,b.
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3. Materials and Methods
3.1. Participants

The current research study followed an exploratory, empirical, cross-sectional mixed
research design. The reference population of the study was represented by persons who
formally carry out research activities in universities and public RD&I institutes.

All the public higher education institutions in Romania, all the National RD&I Insti-
tutes (INCD), and the research centres and institutes of the Romanian Academy received
a formal letter presenting the research project and the invitation to participate in the sur-
vey. The selection unit was the research entity. Following the General Data Protection
Regulation (GDPR) requirements, the institutions forwarded the survey invitation to their
employees. A total number of 72 institutions participated (43 research institutes and
29 higher education institutions). In total, 1221 responses were obtained. We only kept the
complete responses to the variables under investigation in this article in the database. The
responses with a completion time shorter than 10 min were excluded, given the estimated
completion time was around 25 min. The exclusion of these data resulted in 553 cases,
which represent an overall response rate of around 40%. That is, the sample may not be
adequately representative due to missing data of non-respondents. The demographic and
disciplinary profiles of the respondent sample are described below.

In terms of gender, 47% of the respondents in the sample were female. The number
of respondents occupying executive positions was up to 23% of the sample. Within this
subgroup, the male subjects were over-represented (62%). The demographic profile shows
that more than half of the respondents (56.1%) were aged 31–50. A third of the subjects
(34.4%) were aged over 51, and fewer than 10% were aged 30 or below. As concerns
the institution’s profile, 70% of the sample was represented by researchers working in
research institutes.

The respondents were asked about their total experience as a researcher and length of
service in their current institution. The results show that more than 75% of the respondents
had been researchers for more than 10 years and only 9.9% for less than 3 years (see Table 1).
More than two thirds of the respondents (70.3%) had been in their current institutions for
more than 10 years (Table 2).

Table 1. Length of experience of the respondents (N = 553).

Number of Years Percent

<3 years 9.9
3–9 years 14.3
10+ years 75.8

Table 2. Time in the current institution (N = 553).

Number of Years Percent

<3 years 14.5
3–9 years 15.2
10+ years 70.3

The geographical distribution shows an over-representation of the respondents who
were residents in the capital region (58.2%). Nevertheless, respondents from 25 counties
out of 41 were sampled.

The breakdown of the respondents’ profiles by subject specialism can be seen in Table 3.
Advanced materials, energy, and environment were well-represented domains within the
sample with over 10 percent. The high score computed for the ‘other’ response option is
due to the great variety of domains it comprised (e.g., psychology, sciences of education,
music, law, economy, communication, agriculture, architecture, and geography).



Sustainability 2022, 14, 2254 8 of 31

Table 3. Subject specialism of the respondents (N = 553).

Discipline Percent

Advanced materials 14.54
Energy 13.31

Environment 11.03
Information technology and communication 8.41

Eco-Nanotechnology 7.88
Bioeconomy 3.68

Space and Security 2.98
Climatic changes 0.53

Other 37.65

For some fields of research, the disciplinary profile was significantly gendered. For
instance, the Energy and Information Technology and Telecommunications fields had a much
lower proportion of female respondents (28.2% and 27.7%, respectively).

The total sample of 553 respondents was randomly divided into two sub-samples
(n1 = 262, n2 = 291) to allow for cross-validation analyses.

3.2. Instrument and Measures

An ad hoc questionnaire was designed. We included variables on three hierarchical
levels: system, institution, and individual levels. The identified variables were rated on an
11-point scale from −5 to +5, where −5 = very negative influence and +5 = very positive
influence on researchers’ job performance. Each of the seven dimensions in the theoretical
framework was operationalised with several items adapted from already existing instru-
ments. The initial version of the questionnaire was quantitatively pretested. Purposefully
selected researchers were invited to test the questionnaire through an online survey plat-
form and to disseminate the invitation to other colleagues. The questionnaire had open
fields associated with each dimension, where the respondents could comment on the clarity
and relevance of the items in that dimension and made additional suggestions. A total
sample of N = 117 participants filled out the test survey. The reliability analyses showed
good to very good metrics of the questionnaire. Following the participants’ feedback,
seven items were slightly rephrased, and two new items were added to the international
recognition of research dimension.

In the following, the structure and metric qualities of the questionnaire are discussed.
At the system level, we considered the recruitment and selection and job payment policies.

We operationalised the recruitment and selection dimension with four items following the
recommendations in the IA study on the Open, transparent, and merit-based recruitment
of researchers [40] and the respective scale in the ‘Five Steps Forward’ study conducted
in the United Kingdom [33]. The reliability of the scale was good (Table 4): α = 0.890,
(Mscale = 10.11, SD = 8.97)—see Appendix A, items RS1–RS4. Complementarily, the job
payment and salary dimension included two items (α = 0.856). The two items were trans-
lated into Romanian and adapted from the 6th European Working Conditions Survey [41].
One item referred to the influence of salary or wage in exchange for researchers’ work
on job performance. The second one touched on additional components that might be of
a variable nature and their influence on job performance—see Appendix A, items SAL1
and SAL2.

The variables associated with the institution level were seen as job resources and
thematically organised in three dimensions: career development opportunities, work in-
centives, and leadership effectiveness. The career development opportunities dimension
contained eight items (α = 0.901), answered in a scale ranging from −5 (very nega-
tive influence) to +5 (very positive influence). The items were translated into Romanian
and adapted from the from the ‘Five Steps Forward’ study [33]—see Appendix A, items
CD1–CD8. Similarly, the five items in the leadership effectiveness dimension (Appendix A,
items MANAG1–MANAG5) were translated and adapted from the same study [33] and
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answered in a similar scale (α = 0.872). The work incentives dimension (Appendix A, items
WI1–WI5) included five items (α = 0.863). The items were extracted from the MORE2
Study [34] and translated into Romanian.

Table 4. Cronbach’s alpha for the seven dimensions.

Dimensions Cronbach’s Alpha Based on
Standardised Items N of Items

Recruitment and selection 0.890 4
Participation in research Projects and teams 0.893 7

Recognition and value of research 0.921 10
Work incentives 0.863 5

Job payment 0.856 2
Career development opportunities 0.901 8

Leadership effectiveness 0.872 5

The individual level comprised two dimensions: recognition and value of research
and participation in research projects and teams. The items were translated into Romanian
and adapted from the ‘Five Steps Forward’ study and included three subscales, namely
appraisal and review, recognition of management activities, and recognition of researchers’
contributions. To operationalise the Recognition and Value of Research dimension, we
used the 10 items with the highest factor loadings of the primary factor (α = 0.921). Two
items with factor loadings below the 0.4 threshold were not retained in this dimension for
further analyses.

We operationalised the Participation in Research Projects and Teams with seven items,
with the highest factor loadings on the first factor (α = 0.893). Two items with factor
loadings below the 0.4 threshold were not retained in this dimension for further analyses.

3.3. Procedure

The research was structured in two phases, blending semi-structured interviews and
quantitative surveys as primary data collection methods.

In the first phase, we explored the relevance of the conceptual framework through
qualitative, semi-structured interviews. Based on the findings, a questionnaire was de-
signed and deployed for quantitative data collection in phase 2. The present paper reports
on the data collected in the second phase of the study.

Together, the two phases of the study provide empirical information on what variables
and indicators affect researchers’ performance in Romania.

As described in the Participants subsection, the authors sent an official invitation to
survey to all public HEIs and research institutes in Romania. The invitation extensively ex-
plained the rationale and context for the study. We relied on the institutions’ cooperation to
complete the data collection process. The data were collected through an online specialised
platform, Survey Alchemer®, with no compensation for participation. The average comple-
tion time was 26 min. No personal information leading to the identification of the subjects
was collected. All the data were fully anonymised in compliance with GDPR regulations.
Participation in the survey was voluntary and was granted clearance according to the
recommended Ethics Guidelines of the university to which the three authors were affiliated
at the time of data collection. The survey included electronic consent. The subjects had
the option to participate or to decline participation by clicking the respective button. The
ethical approval for the study was obtained from the Institutional Review Board, approval
number 2552C/15.11.2019.

3.4. Data Analysis

In order to determine the factorial structure of researchers’ job performance, we carried
out principal axis factoring analysis (PAF) using IBM SPSS v25.0 software. PAF was applied
as an exploratory dimensionality-reduction method to deduce the main factors described
by the variables in the study. Initially, the factorability of the 71 items in the questionnaire
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was examined. The Kaiser–Mayer–Olkin measure of sampling adequacy indicated that the
strength of the relationships among variables was high: KMO = 0.935. The dimensionality
of the scales was also tested by the scree plot test and the Kaiser criterion—eigenvalues
greater than 1 [42]. Fourteen items had low communalities (h2) below the 0.4 threshold.
They were removed from the analysis. Sixteen items unsatisfactorily loaded on their pri-
mary factors, and five of them had cross-loadings ranging from 0.2 to 0.35. The items failed
to meet the minimum criteria of having a primary factor loading of 0.4 or above [43,44],
and no cross-loading of 0.3 or above. Consequently, PAF was re-run on 41 items. The
communalities were above 0.4 (0.417 ≤ h2 ≤ 0.816), further confirming that each item
shared some common variance with other items. The Bartlett’s test of sphericity, which tests
the overall significance of all the correlations within the correlation matrix, was significant
(X2(820) = 15, 596.70, p < 0.001). Given these overall indicators, factor analysis was
deemed to be suitable with all 41 items.

In the final solution, six factors with eigenvalues greater than one were extruded.
Both Varimax and Oblimin rotations were performed. There was little difference between
the two solutions provided, and we decided to keep the solution extracted based on the
Varimax rotation with Kaiser normalisation.

Initially, by applying the factor analysis, we reduced the number of variables and tested
the dimensionality of each latent variable. Subsequently, structural equation modeling was
applied to validate the results of the factor analysis and to test the hypotheses. The first
modelling part was implemented using IBM Amos 26.0 and maximum likelihood estimation
(ML-SEM). In order to determine the factorial structure of the research performance, several
models were tested. Firstly, we tested a reflective model where all items loaded on a
single latent factor (Model 1 CFA 1). Secondly, as a base, we used a structure in which the
six dimensions correlated with each other (Model 2 CFA2). Thirdly, Model 2 CFA 2 was
cross-validated using the second sub-sample (Model 2 CFA 3). Fourthly, a new second-
order reflective model was designed. The factors corresponding to research performance
depended on a general second-order factor, namely job performance (Model 3 CFA 4).
Similarly, it was cross-validated on the second sub-sample (Model 3 CFA5).

Following the recommendations of Hooper, Coughlan, and Mullen [45], the normed/
relative chi-square (X2/d f ) could take values between 2 and 5. Other fit indices were
also computed and analysed: RMSEA, RFI, CFI, and TLI. MacCallum, Browne, and Sug-
awara [46] suggest that an RMSEA value between 0.05 and 0.10 can be considered a fair
fit. More recent scholar opinions (e.g., Steiger) report values less than 0.07 [47] in order to
consider a correct fit of the model. Regarding the CFI and TLI indices, the values should
be close to the 0.95 threshold [45]. Values between 0.85 and 0.95 indicate a satisfactory fit
of the model to empirical data [46]. In this paper, we followed the criteria and acceptable
thresholds suggested by Hooper et al. [45] and MacCallum et al. [46].

To examine the relationships between the variables, a path analysis was carried out.
Job payment, career development, work incentives, and participation in research projects
and teams were used as mediators.

The final modeling part employed Bayesian analysis (B-SEM) with the same re-
search framework along with Amos 26.0 software. The data were categorical ordered
variables. Thus, we preferred to re-examine the data using Bayesian analysis and to com-
pare the results for Model 2 B-SEM and Model 3 B-SEM with the maximum likelihood
estimator models.

4. Results
4.1. Descriptives

Table 5 shows the descriptive statistics for the variables used in our study. High
positive mean scores were computed for the variables MANAG5 (positive motivational
support offered by the manager, M = 4.03, SD = 1.44), CD3 (possibility to participate
in international teams, M = 4.02, SD = 1.42), CD1 (job security, M = 3.97, SD = 1.76),
MANAG3 (manager’s capability to attract research funding, M = 3.95, SD = 1.57),
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RE3 (publications in high-impact-factor journals, M = 3.93, SD = 1.64), and MANAG4
(manager’s orientation toward research integrity, M = 3.93, SD = 1.55).

Table 5. Descriptive statistics (N = 553).

Min Max Mean SD Skewness Kurtosis

RS1 −5 5 2.06 2.351 −0.69 0.104
RS2 −5 5 2.48 2.648 −1.056 0.393
RS3 −5 5 2.65 2.608 −1.231 0.891
RS4 −5 5 2.92 2.729 −1.447 1.301
RE3 −5 5 3.93 1.643 −2.525 8.233
RE4 −5 5 2.5 2.014 −0.942 0.91
RE5 −5 5 3 1.811 −1.389 2.791
RE7 −5 5 3.54 1.662 −1.784 4.082
RE8 −5 5 3.12 1.691 −1.294 2.399
RE9 −5 5 2.99 1.696 −1.258 2.642

RE10 −5 5 3.76 1.704 −2.121 5.725
RE11 −5 5 2.63 1.954 −1.025 1.501
RE12 −5 5 3 1.772 −1.119 1.451
RE17 −5 5 2.83 1.705 −0.822 0.574
RE6 −5 5 3.66 1.762 −2.108 5.381

RE13 −5 5 3.58 2.043 −1.836 3.423
RE14 −5 5 3.76 1.56 −2.323 7.991
RE15 −5 5 3.48 1.969 −1.909 3.922
RE18 −5 5 3.1 2.017 −1.595 2.819
RE19 −5 5 3.33 1.893 −1.454 2.352
RE20 −5 5 3.05 2.041 −1.024 0.552
WI1 −5 5 3.37 1.782 −1.732 4.062
WI2 −5 5 2.68 2.356 −1.42 1.789
WI3 −5 5 2.67 2.339 −1.415 1.769
WI4 −5 5 3.08 2.08 −1.58 2.746
WI5 −5 5 3.68 1.746 −2.074 5.71

SAL1 −5 5 3.78 2.163 −2.671 7.119
SAL2 −5 5 3.24 2.185 −1.692 2.93
CD1 −5 5 3.97 1.768 −2.766 8.849
CD2 −5 5 3.77 1.697 −2.029 5.058
CD3 −5 5 4.02 1.425 −2.686 9.962
CD4 −5 5 3.15 1.885 −1.394 2.188
CD5 −5 5 2.56 1.956 −0.718 0.34
CD6 −5 5 3.37 1.764 −1.803 4.245
CD7 −5 5 3.02 1.905 −1.132 1.288
CD8 −5 5 2.85 1.949 −1.033 0.907

MANAG1 −5 5 2.96 1.739 −0.933 0.726
MANAG2 −4 5 3.78 1.528 −1.905 4.379
MANAG3 −5 5 3.95 1.578 −2.515 7.917
MANAG4 −5 5 3.93 1.559 −2.201 5.837
MANAG5 −5 5 4.03 1.446 −2.748 10.728

Source: Developed by the authors on the basis of data collected for the present study.

The correlations between the variables in the study were positive, of low to medium inten-
sity, and statistically significant at the 0.01 level (0.194 ≤ ρ ≤ 0.753)—see Supplementary Sheet S1.

4.2. Results of the Principal Axis Factoring Analysis

At first, the factorability of the 71 items in the questionnaire was tested. The corre-
lations between items were positive, statistically significant at the 0.01 level, and of low
to medium intensity. The Kaiser–Mayer–Olkin measure of sampling adequacy indicated
that the strength of the relationships among variables was high: KMO = 0.935, and the
Bartlett’s test was statistically significant: X2(8612485) = 22, 742.98, p < 0.001). The
communalities showed that 14 items did not prove satisfactory common variance with
other items (0.067 ≤ h2 ≤ 0.392).
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To reduce the number of variables included in the statistical model, PAF with Varimax
rotation was conducted. PAF was applied because the primary goal was to identify the
latent factors underling researchers’ job performance. The initial solution included 14
factors with eigenvalues above 1 which explained 54% of the total variance. The first
extracted factor accounted for 26% of the total variance. Factors 11, 12, 13, and 14 had
eigenvalues just above the 1 threshold.

Based on the results of the initial PAF analysis and the criteria for factorability,
30 variables were removed from the analysis. The removed items had low communalities
(h2 < 0.4), did not meet the criteria for having a primary loading of 0.4 or above, and
cross-loaded on other one or two factors (cross-loadings were below 0.3).

For the final stage, PAF was re-run for the remaining 41 items. The Varimax rotation
provided the best-defined factor structure. All the 41 items included in the analysis had
primary loadings over 0.4. Two items in the job payment dimensions (SAL 1 and SAL 2)
had cross-loadings of 0.305 and 0.408, respectively. However, their primary loadings were
0.808 and 0.668.

The Kaiser–Mayer–Olkin measure of sampling adequacy indicated a strong relation
among variables: KMO = 0.949, X2(820) = 15, 596.7, p < 0.001. All the correlations were
positive and statistically significant at the 0.01 level (see Supplementary Sheet S1).

Table 6 presents the factor loadings, communalities, variance, and eigenvalues for
the final solution. Six factors with eigenvalues greater than 1 were identified and retained
in the model (Table 6), and together, they explained 58% of the total variance. Internal
consistency for each of the scales was examined using Cronbach’s alpha. The coefficients
proved to be good and very good (0.856 ≤ α ≤ 0.931).

The first factor extracted relates to career development opportunities. Thirteen variables
loaded on this factor, which accounted for 38.355 of the total variance. The loadings ranged
from 0.512 to 0.734. The factor includes variables related to job stability, access to training in
research management, team leadership, and mentorship. Additionally, variables referring
to leadership effectiveness in career management were found to load strongly on this factor.
The variables that had the highest loadings were the leader’s skills to provide researchers
with guidance to develop their research careers (0.722) and to effectively engage in research
teams’ development (0.705).

The second factor we extracted was research recognition and value. Together with the first
factor, they accounted for 45.246 of the total variance explained by the six-factor solution.
As expected, citations of research papers (0.769) and publications in high-impact-factor
journals (0.745) and international conference proceedings (0.744) loaded strongly on the
second factor. Affiliation to international professional associations and societies was found
to be related to the factor research recognition and value.

The third factor extracted was participation in research projects and teams. This factor was
represented by seven items, which accounted for 50.475 of the total variance (cumulated
with the first two factors). The loadings of the variables ranged from 0.755 to 0.479. The
highest loadings were related to the coordination of international (0.755) and national
research projects (0.737). The lowest loading was computed for the contribution of highly
prestigious research prizes and awards to researchers’ job performance.

The fourth factor was recruitment and selection. The factor was represented by four
items, which accounted for 53.661 of the total variance (cumulated with the first three
factors). The item referring to the transparency of the recruitment and selection process had the
highest loading of 0.844.

The fifth factor was work incentives. Five items loaded on this factor and cumulatively
explained 56.403 of the total variance. The loadings ranged from 0.737 to 0.437.

Finally, the sixth factor was salary or job payment. The factor was represented by two
items, which had loadings of 0.806 and 0.668, respectively. The sixth factor accounted for
2.185 of the variance.
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Table 6. Summary of Rotated Component Matrix, Cronbach’s alpha, variance, and eigenvalues.

Factor Items Communalities Item Loading %Variance Explained
(Cumulative) Cronbach’s Alpha Eigenvalue

Career development
opportunities

CD4 0.693 0.734 38.355 0.930 16.124
CD6 0.640 0.731

MANAG1 0.624 0.723
CD7 0.714 0.722

MANAG2 0.658 0.705
MANAG5 0.586 0.676

CD5 0.663 0.668
MANAG4 0.558 0.601

CD8 0.443 0.579
MANAG3 0.550 0.565

CD2 0.469 0.546
CD3 0.525 0.523
CD1 0.426 0.512

Research recognition
and value

RE12 0.702 0.769 45.246 0.921 3.216
RE5 0.666 0.745
RE8 0.665 0.744
RE4 0.488 0.650
RE11 0.507 0.649
RE10 0.585 0.610
RE9 0.501 0.577
RE17 0.516 0.573
RE7 0.600 0.565
RE3 0.659 0.544

Participation in
research teams

and projects

RE13 0.694 0.755 50.475 0.893 2.452
RE15 0.682 0.737
RE14 0.592 0.565
RE6 0.599 0.549
RE20 0.485 0.506
RE18 0.489 0.479
RE19 0.521 0.479

Recruitment and
selection

RS2 0.775 0.844 53.661 0.890 1.678
RS3 0.734 0.836
RS4 0.703 0.797
RS1 0.510 0.647

Work incentives

WI3 0.710 0.737 56.43 0.863 1.51
WI2 0.605 0.686
WI4 0.626 0.608
WI5 0.519 0.452
WI1 0.577 0.442

Salary SAL1 0.815 0.808 58.615 0.856 1.207
SAL2 0.680 0.668

Source: Developed by the authors on the basis of data collected for the present study.

4.3. Results of the Structural Equation Modeling
4.3.1. Model 1 Mono-Factor CFA 1 (ML-SEM)

In Figure 2, we present the standardised estimates of the first confirmatory model
(Model 1) as well as the regression weights. All estimated weights were significant
(p < 0.001) (see Table 7). As for the fit statistics obtained for the mono-factor model,
chi-square was significant, but the ratio X2/d f , the RMSEA, TLI, and CFI were well out-
side the limits to accept the model. As suggested by the exploratory factor analysis and
the research framework, researchers’ job performance could be a second-order construct
underlying various primary constructs.
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Table 7. Goodness of fit statistics for Model 2.

X2 p X2/df TLI CFI RMSEA

65.40 778 p < 0.001 8.79 0.57 0.60 0.11

4.3.2. Model 2 Intercorrelated Factors CFA2 (ML-SEM)

We present the second confirmatory model in Figure 3. The data were run through
Amos with maximum likelihood estimation, and the results (Table 8) indicate an acceptable
fit (H1a). The skewness and kurtosis statistics indicated a violation of the univariate nor-
mality. Additionally, Mardia’s coefficient was 1085.64, and the critical ratio (c.r.) was 214.97,
indicating a significant multivariate non-normality. Thus, the data were bootstrapped with
2000 draws at the 95% bias-corrected confidence level.

The path diagram presents the standardised estimates of the second confirmatory
model as well as the squared multiple correlations after bootstrapping. All estimated
weights were significant (p < 0.001). As for the fit statistics obtained for Model 2, chi-
square was significant, but the ratio X2

d f and the RMSEA were inside the limits to accept the
model. Nevertheless, TLI and CFI adjustment indexes indicated it was satisfactory to accept
the model.

Table 8. Goodness of fit statistics for Model 2 CFA 2.

X2 df p X2/df TLI CFI RMSEA

47.33 1528 p < 0.001 2.85 0.87 0.89 0.058
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4.3.3. Model 2 Intercorrelated Factors CFA3 Cross-Validation (ML-SEM)

Sample 2 (n2 = 291) was used to carry out a cross-validation analysis. All estimated
weights were significant (p < 0.001) (see Table 9). All the other estimates were identical with
those computed for Model 2 CFA2. Therefore, the model (Figure 4) could be accepted (H1a).

Table 9. Goodness of fit statistics for Model 2 CFA 3.

X2 df p X2/df TLI CFI RMSEA

4367.33 1528 p < 0.001 2.85 0.87 0.89 0.058

4.3.4. Model 2 Intercorrelated Factors (B-SEM)

Additionally, Bayesian SEM (B-SEM) was conducted with Markov chain Monte Carlo
(MCMC) estimation. We show below that MCMC converged well with Model 2 and also
resulted in a good model fit (H1a).

The default diffuse prior in Amos 26.0, a uniform over the interval −3.4× 10−38 to
3.4× 1038 [48], was placed on all parameters in the model.

The Bayesian results for the measurement model are presented in Table S1. Before
discussing the results, we first checked the convergence of MCMC chains using Amos 26.0
(Figure 5). The PSRF value was 1.0003. Since the value was less than the default cutoff
of 1.002 in Amos 26.0 [48], the chains were likely sampling from the target distributions.
For example, as shown in the convergence plots of some model parameters in Figure 5,
the chains mixed well after a few thousand iterations and after 100,000 iterations in each
case [49]. Since the trace plots for the six-factor model appeared to sample consistently from
the same range of values over the course of the iterations, the chains were likely sampling
from their target distributions.
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Figure 5. Model 2 B-SEM diagnostic trace plot.



Sustainability 2022, 14, 2254 17 of 31

The results of the B-SEM analysis are discussed in terms of posterior predictive p-values
(ppp), posterior distributions, and autocorrelation. The hypothesised model produced a
ppp value around 0.5, ppp = 0.43, [50]; Model 2 appeared to fit the data well (H1a).

The posterior mean and the posterior SD are presented in Table 10 and Table S1. The
loadings were all statistically significant at the 5% level, as noted by the low standard
deviation. The results from the structural model are presented in Table 10. For each
relationship, we show the posterior mean and standard deviation [49], as well as 95%
higher posterior densities.

Table 10. Structural model results M2 B-SEM.

Mean S.E. S.D. C.S. Median
95%

Lower
Bound

95%
Upper
Bound

Skewness Kurtosis Min Max

Career_development<->Recruitment__selection 0.6502 0.0020 0.0957 1.0002 0.6461 0.4721 0.8497 0.2324 0.1022 0.3226 1.0868
Recognition_value<->Participation_research 1.3629 0.0032 0.1344 1.0003 1.3565 1.1154 1.6432 0.2336 −0.0078 0.9001 2.0188

Work_incentives<->Recognition_value 1.2098 0.0026 0.1204 1.0002 1.2037 0.9906 1.4615 0.2710 0.1270 0.7878 1.7952
Career_development<-> Participation_research 0.9874 0.0025 0.1024 1.0003 0.9824 0.8025 1.2047 0.3287 0.1539 0.5630 1.4371

Career_development<->Recognition_value 0.7496 0.0017 0.0797 1.0002 0.7462 0.6044 0.9171 0.2928 0.1980 0.4295 1.1371
Work_incentives<->Career_development 0.9675 0.0021 0.0969 1.0002 0.9619 0.7911 1.1728 0.2816 0.0928 0.5587 1.3862

Work_incentives<->Recruitment__selection 0.8485 0.0027 0.1319 1.0002 0.8445 0.6028 1.1217 0.2113 0.0964 0.4003 1.4560
Work_incentives<->Participation_research 1.4761 0.0037 0.1495 1.0003 1.4696 1.2030 1.7850 0.2566 0.0181 0.9705 2.1737

Recruitment__selection<-> Recognition_value 0.8232 0.0022 0.1143 1.0002 0.8184 0.6136 1.0624 0.2569 0.1823 0.3831 1.3741
Career_development<->Job_payment 1.2936 0.0029 0.1277 1.0003 1.2887 1.0553 1.5605 0.2330 0.1330 0.8250 1.9221

Job_payment<->Recognition_value 0.8936 0.0026 0.1302 1.0002 0.8889 0.6495 1.1600 0.1516 0.0412 0.3484 1.4405
Job_payment<->Participation_research 1.4188 0.0036 0.1651 1.0002 1.4117 1.1127 1.7619 0.2364 0.1724 0.8427 2.2743

Work_incentives<->Job_payment 1.4017 0.0037 0.1633 1.0002 1.3977 1.0946 1.7333 0.1319 0.0029 0.7017 2.0485
Job_payment<->Recruitment__selection 0.9572 0.0038 0.1787 1.0002 0.9537 0.6193 1.3211 0.1423 0.0619 0.2560 1.6597

Recruitment__selection<->Participation_research 0.9451 0.0030 0.1356 1.0002 0.9395 0.6941 1.2252 0.2418 0.1523 0.4625 1.5540

. . .

Figure 6 also presents the plots of the empirical posterior distributions for some of
these relationships. The histograms from Model 2 exhibited gradual changes in the height
of adjacent frequency bars over the parameter space. Thus, the chains likely represent the
posterior distributions well.

The autocorrelation was low with increasing lags for all parameters (Figure 7). There-
fore, the chains were likely sampling well from their target distributions.

As one final analysis of Model 2, we compared the unstandardised regression weights
in ML and Bayesian approaches. The listing is presented in Table 11, and it is continued in
Supplementary Table S2. The values of the estimates are very close, confirming the validity
of the hypothesised structure in Model 2 (H1a).

4.3.5. Model 3 Hierarchical CFA 4 (ML-SEM)

The aim of this analysis was to test whether the six first-order factors corresponding to
the six groups of research performance drives were indicators of a general construct named
research performance (H1b). To mitigate the violation of univariate and multivariate normality,
Bollen–Stine bootstrapping with 2000 draws at the 95% bias-corrected confidence level was
performed. Figure 8 shows the model and standardised estimates after bootstrapping. All
the regression weights were statistically significant (p < 0.001). As it can be seen in Table 12,
this model showed a goodness of fit, better than Model 2 CFA2 and CFA3. Chi-square was
significant, but the ratio X2

d f , the RMSEA, TLI, and CFI adjustment indexes were well inside
the limits that allowed the model to be accepted.
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Table 11. Comparison of regression weights’ unstandardised parameter estimates—maximum
likelihood versus Bayesian in Model 2.

Parameter Bayesian ML

MANAG4<–Career_development 0.9571 0.936
MANAG3<–Career_development 1.0381 1.017
MANAG2<–Career_development 1.1238 1.098
MANAG1<–Career_development 1.3152 1.261

CD8<–Career_development 1.2578 1.127
CD7<–Career_development 1.4823 1.344
CD6<–Career_development 1.3688 1.326
CD5<–Career_development 1.4463 1.353
CD4<–Career_development 1.4569 1.387
CD3<–Career_development 0.9448 0.887

. . .
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Table 12. Goodness of fit statistics for Model 3 CFA4 ML-SEM.

X2 df p X2/df TLI CFI RMSEA

7395.85 2325 p < 0.001 3.18 0.90 0.93 0.049

4.3.6. Model 3 Hierarchical CFA 5 Cross-Validation (ML-SEM)

Sample 2 (n2 = 291) was used to cross-validate Model 3 (see Figure 9). All the estimated
weights indicated a good fit of the model (see Table 13). Therefore, the model could
be accepted.

Table 13. Goodness of fit statistics for Model 3 CFA5 ML-SEM.

X2 df p X2/df TLI CFI RMSEA

3740.19 1318 p < 0.001 2.83 0.90 0.93 0.045

4.3.7. Model 3 Hierarchical B-SEM

To check for further validation, B-SEM was conducted with MCMC estimation. We
show below that MCMC converged well with Model 3 and resulted as well in a good model
fit (H1b).

The default diffuse prior in Amos 26.0, a uniform over the interval −3.4× 10−38 to
3.4× 1038 [48], was placed on all parameters in the model.

The Bayesian results for the measurement model are presented in Supplementary
Table S3. As presented in Figure 10, we checked the convergence of MCMC chains using
Amos 26.0. The PSRF value was 1.0001, which was below the cut point of 1.002 in Amos
26.0 [48], thereby indicating convergence. Thus, the chains were likely sampling from
the target distributions. For example, as shown in the convergence plots of some model
parameters in Figure 10, the chains mixed well after a few thousands of iterations and after
100,000 iterations in each case. Since the trace plots for the six-factor model appeared to
sample consistently from the same range of values over the course of the iterations, the
chains were likely sampling from their target distributions.
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Figure 10. Model 3 B-SEM diagnostic trace plot.
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The posterior predictive value produced by Model 3 was around 0.5, ppp = 0.37 [50].
Therefore, Model 3 appeared to fit the data well (H1b).

The posterior mean and the posterior SD are presented in Table 14 and Table S3. The
loadings were all statistically significant at the 5% level, as noted by the low standard
deviation. For each relationship, we show the posterior mean and standard deviation [49],
as well as 95% higher posterior densities.

Table 14. Structural model results M3 B-SEM.

Mean S.E. S.D. C.S. Median
95%

Lower
Bound

95%
Upper
Bound

Skewness Kurtosis Min Max

Recognition__and_value<–
Research_performance 0.792 0.001 0.052 1.000 0.791 0.693 0.895 0.101 −0.065 0.616 0.995

Career_development<–
Research_performance 0.632 0.001 0.045 1.001 0.632 0.547 0.722 0.095 −0.027 0.431 0.810

Recruitment_and__selection<–
Research_performance 0.609 0.002 0.068 1.000 0.608 0.480 0.746 0.099 0.061 0.362 0.860

Job_payment<–
Research_performance 0.862 0.002 0.077 1.000 0.861 0.714 1.019 0.098 −0.001 0.600 1.176

. . .

Figure 11 also presents the plots of the empirical posterior distributions for some of
these relationships. The histograms and polygons from Model 3 exhibited gradual changes
in the height of adjacent frequency bars over the parameter space. From the display in
the plots in Figure 11, it can be observed that the two distributions were almost identical,
thereby suggesting the successful identification of important features of the posterior
distributions of the analysed items. Thus, the chains likely represented the posterior
distributions well.
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Figure 11. Sampling from the posterior for some model parameters in Model 3.

The autocorrelation was low with increasing lags for all parameters (some examples
are presented in Figure 12). Therefore, the chains were likely sampling well from their
target distributions.

Finally, we compared the unstandardised regression weights for the ML-SEM method
versus the Bayesian posterior distribution estimates. A listing of both sets of estimates is
presented in Table 15 and it is continued in Supplementary Table S4. As expected, based
on the review of the diagnostic plots, these estimates are very close. We can, therefore,
conclude that the hypothesised structure (H1b) is valid.
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Table 15. Comparison of regression weights’ unstandardised parameter estimates—maximum
likelihood versus Bayesian in Model 3.

Parameter Bayesian ML

MANAG5<—→Career_development 1.000 1.000
MANAG4<–Career_development 0.965 0.943
MANAG3<–Career_development 1.051 1.023
MANAG2<–Career_development 1.142 1.111
MANAG1<–Career_development 1.327 1.296

CD8<–Career_development 1.273 1.240
CD7<–Career_development 1.500 1.463
CD6<–Career_development 1.384 1.349
CD5<–Career_development 1.458 1.423

RS2<–Recruitment_and__selection 1.378 1.258
RS3<–Recruitment_and__selection 1.372 1.231
RS4<–Recruitment_and__selection 1.416 1.273

. . . . . . . . .

4.3.8. Path Analysis

Figure 13 shows the path analysis and Table 16 the fit indices of the model. The aim
of the analysis was to determine the nature of the relationships between the six variables
considered to be drivers of research performance. As it can be seen, the results confirmed
the H2a and H2b hypotheses. The relationships and their implications are discussed in
Section 5. All the regression weights were statistically significant (p < 0.001). The fit indices
in Table 16 fit into the acceptance limits. The skewness and kurtosis statistics indicated a
violation of the univariate normality. Additionally, Mardia’s coefficient was 784.76, and the
critical ratio (c.r.) was 106.96, indicating a significant multivariate non-normality. Thus, the
data were bootstrapped with 2000 draws at the 95% bias-corrected confidence level.

Table 16. Path analysis. Goodness of fit indices.

X2 df p X2/df TLI CFI RMSEA

7233.77 2301 p < 0.001 3.14 0.90 0.92 0.045
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Figure 13. Path analysis, regression coefficients, measurement weights, and explained variance.

Table 17 shows the mediator variables, the variance explained, and the total, direct,
and indirect effects. Recruitment and selection and job payment explain 42% of career
development variance. The effect of recruitment and selection is mediated through job
payment. Participation in research projects and teams depends (63%) on career develop-
ment and work incentives, but the effect of career development is mediated through work
incentives, as the path diagram in Table 17 suggests. The effect of career development is
particularly noteworthy. If this predictor is removed, the work incentives variable explains
0% of participation is research variation. Career development has a total effect of 0.581 on
participation in research projects and teams. Therefore, by increasing career development
the participation in research activities would increase as well. It is estimated that the
predictors of recognition and value explain 64 percent of its variance. Career development
has a total effect on recognition and value of 0.497. Participation in research projects and
teams mediates the effect of career development on recognition and value.

Table 17. Path analysis. Variance explained and total, direct, and indirect effects.

Mediators Job Payment Career
Development Work Incentives Participation in

Research
Recruitment and

Selection

Variance Explained 8% 42% 51% 63%

Variables/Effects Total Direct Indirect Total Direct Indirect Total Direct Indirect Total Direct Indirect Total Direct Indirect
Job Payment 0.281 0.281

Career development 0.554 0.554 0.375 0.219 0.156
Work incentives 0.437 0.139 0.298 0.538 0.538 0.405 0.164 0.240

Participation in research 0.405 0.405 0.581 0.262 0.319 0.593 0.593 0.338 0.338
Recognition and value 0.361 0.361 0.497 0.031 0.466 0.613 0.303 0.309 0.521 0.521 0.311 0.311

In closing out this section, we point out the importance of our comparative analysis
of research performance factorial structure from two perspectives: ML and Bayesian
estimations. Given that items comprised in the research instrument are based on an eleven-
point scale, the argument could be made that analyses should be based on a methodology
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that takes this ordinality into account. In this case, Models 2 and 3 were well specified, the
was scaling based on more than three categories and, therefore, we did not find very much
difference between the findings.

5. Discussion

This study aimed to design and examine bottom-up models of research performance by
applying ML-SEM and B-SEM. In order to do so, a seven-dimension theoretical framework,
echoing the JD-R model and partially the Framework of academic satisfaction developed by
Hagedorn [32], was designed. The development of such models of research performance
is necessary because research performance is at the heart of national, European, and
international policies and initiatives aimed to tackle global challenges [38,51,52]. The
context surrounding research performance in RD&I institutions is manifold. For example,
the positive momentum for open science [53], the exponential growth of data and data
science [38], and the inception of new generation metrics [39] shape new pathways for
strategic development. In this context subject of change, the models we propose shed light
on potentially effective RD&I policies and inform the decision-making process.

Although much research has focused on analysing research performance, there are
not so many studies modelling this construct with SEM and particularly with B-SEM. This
is particularly true when factors such as career development, leadership, and recruitment
and selection policies are included in the analysis.

Overall, we observed that systemic factors such as recruitment and selection and
job payment policies positively and significantly influence institutional factors, which
have a positive and significant effect on individual factors related to achieving value and
recognition in research. Moreover, in line with the initial assumptions, all three categories
of factors were proved to depend on higher-order construct, namely research performance.

In the current study, PAF was initially applied to explore the factorability of the
variables. The results showed that six factors explain more than 58% of the variance of
research performance: (1) recruitment and selection, (2) participation in research projects
and teams, (3) work incentives, (4) salary, (5) career development opportunities, and
(6) recognition and value. Thereby, all the indicators associated with the seven dimensions
were re-grouped in six factors. All indicators associated with the leadership effectiveness
dimension were loaded on the career development dimension. Therefore, they were kept
and included in the career development factor, and the number of dimensions was reduced
to six. The finding is consistent with the results of previous research [10,12,29,54], pointing
out that comprehensive career development policies, (inter-sectoral) mobility, and dedicated
human resources policies could significantly contribute to research performance [55,56].

Following the PAF analysis, ML-SEM was applied as a parametric analysis for testing
the relationships among the observed variables and their respective factors, as well as among
the latent variables. Comparatively, B-SEM was carried out as a nonparametric analysis.

Thus, three reflective models were tested: M1 mono-factor; M2 intercorrelated dimen-
sions; M3 hierarchical. The estimates and statistics computed proved that the hypothesised
relations in Model 2 and Model 3 were valid. The indicators that were found to be signifi-
cant in explaining the latent factors considered in this study are as follows.

As regards the career development factor, the items loaded on this factor indicate more
challenging pathways for both institutions and researchers. In addition to sharpening their
scientific profile, R3 and R4 researchers need to play more varied roles such as mentors,
career advisors, and grant managers. As models M2 CFA 2 and CFA 3 showed, career
orientation plays a key role in career development (factor loading = 0.723) and by effectively
engaging in research team development (factor loading = 0.705). In addition, integrating a
set of skills related to project management (factor loading = 0.734) and the motivation of
research team members (factor loading = 0.731) is expected to have considerable potential
to support career development and, thus, to positively influence the research performance.
Within this context, ‘particular priority should be given to the organisation’s working and
training conditions in the early stage of the researchers’ careers, as it contributes to the
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future choices and attractiveness of a career in R&D’, as the European Charter and Code
for Researchers states [22].

Within the research recognition and value dimension, citations of research papers
(factor loading = 0.772) and publications in journals indexed in internationally recognised
databases and in internationally recognised conference proceedings (factor loading = 0.746)
are the most important indicators. This is probably since, in Romania, the mechanisms
for evaluating the performance of employees in the RD&I sector are merely based on
bibliometric indicators. Although it was not the purpose of this paper to address new
generation metrics, we argue that a new narrative of research performance is needed.
New metrics oriented towards science openness, public engagement and outreach, and
contributions to sustainability could better align RD&I institutions to society and employers’
needs and consolidate their role in innovation ecosystems [38,39].

In terms of participation in research projects and teams, the coordination of interna-
tional (factor loading = 0.751) and national research projects (factor loading = 0.737) are
strong indicators. The lowest factor loading was computed for the contribution of highly
prestigious research prizes and awards to research performance (factor loading = 0.476).
Awards can bring appreciation from those awarded for the recognition received and can
represent a symbol of excellence, giving confidence and credibility to those awarded. How-
ever, awards do not necessarily bring significant changes in performance at work [57]. The
effects may not always be in the desired direction, or they can even destroy the value [58].

At the level of recruitment and selection process, the transparency of the recruitment
and selection process (factor loading = 0.844) followed by openness of the available positions
to any candidate who matches the profile (factor loading = 0.836) are the most important
indicators. Thus, it can be appreciated that the existence and quality of information sources
regarding vacancies jobs in RD&I, the high level of transparency in the recruitment and
selection process, but also open positions for any candidate are aspects necessary from a
formal point of view but are not actually enough to attract the best candidates in the RD&I
sector. In relation to recruitment and selection, we strongly advocate for the adherence to the
principles of the European Charter and Code for Researchers [22].

Regarding the work incentives factor, financial incentives have the greatest positive
influence on this variable. Specifically, internal competitions to win funding for scientific
events (factor loading = 0.737) and internal competitions for participation in training
programmes (0.686) or international mobilities are the most important indicators.

Finally, for the salary and job payment factor, employers and/or funders of researchers
should ensure that researchers enjoy fair and attractive conditions of funding and/or
salaries (factor loading = 0.806) with adequate and equitable social security provisions
(factor loading = 0.668).

Through SEM, we tested the structure and the relationships among those factors. As
the first model M1 CFA1 proved a poor fit, it was not cross-validated, and the Bayesian
analysis was not performed either. As shown in M2 CFA2, M2 CFA 3, and M2 B-SEM
models, all six latent variables positively and significantly correlated with each other, which
provides a confirmation of the H1a hypothesis. High levels of participation in research
projects and teams and of achieving research recognition are closely related to significant
career development policies and opportunities. Similarly, work incentives such as interna-
tional mobilities or prizes strongly correlate with research participation and recognition.
As well as this, intense participation in research is associated with significant recognition of
research. The results are intrinsically related to the knowledge-based economy framework.
RD&I entities crucially need to invest in talent to drive participation and recognition [55,59].
By addressing the six factors in comprehensive policies, systems and institutions could
nurture researchers to perform better in their careers [11,59]. Moreover, research leader-
ship and mentorship can be understood as pillars of career development and addressed
accordingly [1,7,10].

One of our hypotheses postulated that the six factors will depend on a general con-
struct, research performance (H1b)—Model 3. This relationship was validated through ML
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and Bayesian estimations. Therefore, the higher the value in the research performance, the
more the researchers achieve recognition and value, participate in research projects and
teams, are incentivised and rewarded, and engage in their career development [12,13,54].

Moving forward in our analysis, we intended to find empirical evidence about the
relationship between the six factors of research performance and their respective effects
(H2a and H2b). As shown in the path analysis model, system factors, recruitment and
selection and salary and job payment, respectively, have a significant and moderate effect
on the institutional factors, confirming H2a. Furthermore, researchers’ recognition and
value and their participation in research activities (understood as individual drives of
performance) are affected by the institutional factors, namely career development and
incentives, confirming H2b. A powerful feature of the path analysis model is that it gives
centrality to career development in boosting research performance [25,34]. In line with
other scholars’ opinions [55], we argue that RD&I institutions are responsible for ensuring
the leadership towards boosting the career of researchers in line with the principles in
the European Charter and Code for Researchers [9,40]. Providing researchers with well-
structured career perspectives, career development support, training, and mentorship
would consequently develop researchers’ skillsets and would be associated with more
significant rewards. In terms of rewards and incentives, institutions could consider mobility
stages, internal grant competitions, or performance bonuses. Moreover, work incentives
positively influence participation in research projects and teams which, further, leads to the
recognition of research.

6. Conclusions

This paper aimed to design and examine bottom-up models of research performance
by building upon the specific context of RD&I landscape in Romania. In order to do so,
maximum likelihood SEM and Bayesian SEM estimations were carried out.

The results highlighted that recruitment and selection, salary and job payment, career
development, work incentives, participation in research projects and teams, and recognition
and value strongly and positively corelate with each other and depend on a higher-order
construct named research performance. System factors, recruitment and selection, and
job payment and salary, respectively, have a positive predictive power over institutional
factors of research performance, and the institutional factors, namely career development
and work incentives, have a positive predictive power over individual factors of research
performance. As argued in the previous sections, an essential feature of the models we
developed is career development and its effect on participation in research projects and
teams and achieving research recognition and value. Therefore, the models we propose
could be used to develop national and institutional research policies in which career
development, research leadership, and co-careering gain centrality. At the national level,
the paper could inform the implementation of specific reforms and initiatives proposed in
the National Plan for Resilience and Recovery [60]. More importantly, the models provide
a common ground and inspiration for research-performing entities to design their internal
policies to support a sustainable research culture. As the factors influencing research
performance largely exceed the participation in research projects and teams and researchers’
payment, the proposed models open a perspective in which leadership and research career
governance complement the role of career development practices. Even if it was not the
purpose of this paper, the models may also be relevant for the assessment of individual
researchers in the context of career advancement.

Thus, it can be concluded that the RD&I institutions need to play a dynamic role and
firmly engage to support their researchers, throughout their careers, in their development
and career choices. This requires coherent but distinct sets of skills training programmes,
career support structures, and human resources policies for various career phases to boost
research performance and thoroughly support the ‘Lisbon Strategy’.

We acknowledge several limitations of the study.
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Firstly, it is important to mention that sample and sampling limitations need to be
considered in the interpretation of the results. Although all public research entities in the
country received the invitation to participate in the survey, the authors were not able to
control the dissemination of the survey within the institutions.

Secondly, we acknowledge that some limitations may arise as consequences of the
administered scales and data collection procedures. Since the questionnaire was self-
administered through an online platform, some of the responses were incomplete or proved
to be of poor quality and were removed from the database.

Finally, it is important to note that even though the models were in agreement with
the empirical data and provided a theoretically consistent set of findings, there may be
other equivalent models that fit the data equally well.

In conclusion, our study represents a step forward toward a better understanding of
research performance. The main contributions of the paper are twofold. Primarily, the
paper designs a framework for the conceptualisation and inception of relevant practices to
ensure a sustainable, multidimensional pathway towards research performance.

Furthermore, we point out the importance of our comparative analysis of research
performance factorial structure from two perspectives: ML and Bayesian estimations.
The analyses conducted demonstrate the potential of ML-SEM and B-SEM approaches
in modelling research performance. The results of this study could be used as priors
for future studies applying Bayesian estimations. Complementarily, future studies could
test formative models of research performance. Although there are some limitations,
comparative studies can be conducted to model research performance across the European
Research Area.
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Appendix A

Research Performance Dimensions in RD&I Questionnaire.
−5 −4 −3 −2 −1 0 1 2 3 4 5

Negative influence
−1 = slightly negative influence;
−5 = highly negative influence

No
influence

Positive influence
1 = slightly positive influence;
5 = highly positive influence

Recruitment and Selection

RS1 The advertisements on open positions provide applicants with a broad description of knowledge and competences required and include a description
of the working conditions and entitlements

RS2 The recruitment and selection procedures are transparent
RS3 Available positions are open to any candidate who matches the profile
RS4 Selection procedures are merit-based, as well as tailored to the type of positions advertised

Research Recognition and Value

RE3 Publication of research results/contributions in high-impact-factor journals indexed in Web of Science—Clarivate
RE4 Publication of research results/contributions in journals without an impact factor indexed in Web of Science—Clarivate
RE5 Publication of research results/contributions in journals indexed in internationally recognised databases (other than Web of Science—Clarivate)
RE7 Publication of research results/contributions in conference proceedings indexed in Web of Science—Clarivate

RE8 Publication of research results/contributions in conference proceedings indexed in internationally recognised databases (other than Web of
Science—Clarivate)

RE9 Publication of research results/contributions in national conference proceedings
RE10 Citations of research papers in high-impact-factor journals indexed in Web of Science—Clarivate
RE11 Citations of research papers in journals without impact factor indexed in Web of Science—Clarivate
RE12 Citations of research papers in journals indexed in internationally recognised databases (other than Web of Science—Clarivate)
RE17 Affiliation to professional associations and societies

Participation in Research Projects and Teams

RE6 Contributions to winning research grants
RE13 Coordination of an international research project
RE14 Membership in an international research team
RE15 Coordination of a national research project
RE18 Academia–Enterprise Cooperation
RE19 Highly prestigious research prizes and awards
RE20 Patent Recognition

Work Incentives

WI1 Rewards and other appreciation awards
WI2 Internal funding competitions for participation in training programmes
WI3 Internal competitions for winning funding for scientific research
WI4 Competitions for obtaining travel or mobility funding
WI5 Financial incentives/Performance bonuses

Salary and Job Payment

SAL1 Adequate salary for the activity undertaken and the effort made
SAL2 Benefits package (meal/gift vouchers, health insurance, bonuses, etc.)

Career Development Perspectives

CD1 Job stability/security
CD2 Promotion opportunity
CD3 Participation in international and national research projects
CD4 Training/improvement on project management skills
CD5 Training/improvement on counselling regarding career opportunities
CD6 Training and development for members/ research teams’ motivation and retention
CD7 Leadership training/development
CD8 Professional mobility skills in the same career field (public-> private and vice versa)

MANAG1 Career development specialist competencies
MANAG2 Competencies for building and development of research teams
MANAG3 Ability to raise funds for RDI
MANAG4 Professional integrity role model
MANAG5 (Positive) career motivation
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