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A B S T R A C T
Input, output, impact, and processes are central indicators of the science, 
technology, and innovation production. The input is usually associated to 
investments made in science and technology, and it varies among different 
countries and scientific fields. Thus, the input can influence other impact 
indicators. Here, we evaluated the effect of the input data (i.e., number 
of funding) on process (i.e., collaboration) and output (i.e., number of 
citation) indicators of ecological research. Moreover, we detailed the 
effect of the number of funding on the collaboration and number of 
citations by each country (based on the nationality of authors). We found 
that most of published papers had some degrees of financial support, 
and that the production of papers with funding increased over the years. 
Funding had a positive effect on the collaboration and citation of papers; 
however, we observed that: in countries with higher investments in 
Science and Technology, the number of funding impacts positively and 
directly on the number of authors (collaboration) and in countries with low 
levels of investments in Science and Technology, the number of funding 
impacts positively and directly on the number of citations. Our models 
presented a low predictive power, but similar to other informetric studies. 
Our results indicated that impact indicators evaluated have an integrated 
structure, and the effects at one level can affect other levels. Nonetheless, 
the impact of the number of funding on informetric data can vary among 
countries; therefore, these results are important to the development of 
national policies and future informetric studies.

Keywords: number of authors; collaboration; citation; environmental 
science; structural equation modeling.

R E S U M O
Dados de entrada (input), saída (output), impacto e processos são 
indicadores centrais da produção em Ciência, Tecnologia e Inovação. 
O input está associado aos investimentos realizados em ciência e tecnologia, 
podendo variar entre diferentes países e áreas científicas. Assim, o input 
pode influenciar outros indicadores de impacto. Aqui, avaliamos seu o 
efeito (número de financiamentos) sobre o processo de colaboração 
e o número de citações (output) da pesquisa ecológica. Além disso, 
detalhamos o efeito do número de financiamentos sobre a colaboração 
e o número de citações por país (baseado na nacionalidade dos autores). 
Verificamos que a maioria dos artigos publicados tinha algum grau de 
suporte financeiro, e que a produção de artigos com financiamento 
aumentou ao longo dos anos. O número de financiamentos teve efeito 
positivo na colaboração e nas citações, porém observamos que: nos 
países com maior investimento em ciência e tecnologia, o número de 
financiamentos impacta positivamente e diretamente a colaboração 
(número de autores); e nos países com menor investimento em ciência 
e tecnologia, o número de financiamentos impacta positivamente 
e diretamente as citações. Nossos resultados demonstram que os 
indicadores de impacto avaliados têm estrutura integrada e os efeitos 
em um nível podem afetar outros níveis. Entretanto, o impacto do 
número de fomentos nos indicadores informétricos pode variar entre os 
países, portanto esse resultado é importante para o desenvolvimento de 
políticas nacionais e para futuros estudos informétricos.

Palavras-chave: número de autores; colaboração; citação; ciências 
ambientais; modelagem de equações estruturais.
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Introduction
Indicators of the scientific, technological, and innovative produc-

tion can be divided into one of the following four groups: input, output, 
impact, and processes (Moed, 2017). The input refers to investments 
done in science and technology (Geisler, 2000), and this component 
has an important contribution to the development of research stages 
(Lewison and Dawson, 1998). However, input is highly variable among 
different countries and scientific fields (May, 1998), a phenomenon 
that creates asymmetries during the stages of the scientific production 
and, consequently, on impact indicators, such as the number of: articles 
produced, citations, and acknowledgments referring to project funding 
(Fortin and Currie, 2013; Rigby, 2013). Other worldwide studies have 
also explored citation and co-citation, collaboration among authors, 
impact factor, and h-index among informetric indicators to evaluate 
the stages of the scientific process (Bar-Ilan, 2008; Mena-Chalco et al., 
2014; Nabout et al., 2015; Parreira et al., 2017). Therefore, an important 
and crucial step to science relies on understanding how investments 
made in the scientific process are affecting these parameters in differ-
ent scales, countries, and fields of knowledge.

Funding resources to scientific research are granted by private or 
public agencies and sectors; however, investments in basic scientific 
research for most countries come from public resources (Wang et al., 
2012). These funding grants contribute to the formation of human re-
sources via scholarships, improvement of laboratorial infrastructure 
via acquisition of new equipment, creation of research networks with 
exchange between researchers, and the development of new technolo-
gies and patents. Thus, investments in science, technology, and innova-
tion can directly affect other impact indicators, such as citations (out-
put), and number of co-authors and collaboration (processes; Zhao 
et al., 2018). This situation reinforces the importance of investigating 
the impacts of funding on scientific processes. 

Studies reporting the influence of funding on output data goes 
back to 1990s (Lewison and Dawson, 1998; Rigby, 2013), but its main 
use in the informetric literature increased only in the past few years 
(Paul-Hus et  al., 2016; Tang et  al., 2017; Mejia and Kajikawa, 2018). 
This scenario occurred because information about funding resources 
related to scientific papers was recently included in different databases 
(e.g., Scopus and Clarivate Analytics databases). Moreover, the validity 
and the importance of funding data available in the Web of Science 
(2009) were reported by several other papers (for more details, see 
Paul-Hus et al., 2016). 

The effect of funding on different impact indicators of the scientific 
production can be represented following one simple association struc-
ture, i.e., the number of funding stimulates the collaboration among 
scientists (more authors involved in the scientific process), and both 
funding and collaboration produce more papers with a higher level 
of citations (see Padial et al., 2010; Tahamtan et al., 2016). Nonethe-
less, considering that the number of funding granted is dependent of 
the investment level made in science and technology, this association 

structure describing the effect of funding on impact indicators of the 
scientific production may vary among different countries (Wang et al., 
2012). In fact, many studies have shown that funding has a positive 
impact on different impact factors of the scientific production, but this 
effect is not as strong as expected (Jacob and Lefgren, 2011; Fortin and 
Currie, 2013; Rigby, 2013; Yan et al., 2018). Therefore, understanding 
the effects of funding on the collaboration and citations of the scien-
tific production from different countries and research fields is a chal-
lenge for current scientometric research field and for science in general. 
Given that the number of ecological studies has increased in the last de-
cades and its global production is affected by geographical and socio-
economic factors (Parreira et al., 2017), it is fundamental to understand 
how financial support affects impact factors in this research field and 
if this relationship follows the same patterns observed for other areas.

The aim of this study was to reveal the effect of the input data 
(number of funding) on process (collaboration) and output (number 
of citation) of the ecological research field. Moreover, considering 
the differences of science and technology investments among distinct 
countries, we detailed the effect of funding on collaboration and num-
ber of citations by each country (based on the nationality of authors). 
We hypothesized that “if ecological research follows the same patterns 
observed for other scientific fields, papers with a higher number of 
funding will present a higher number of authors and citations, but 
with a weak effect size.” Moreover, we also investigated whether the 
number of authors together with the number of funding can affect di-
rectly the number of article citations. For this purpose, we evaluated 
scientific papers of the ecological research field selected from the WoS 
database using the structural equation modeling (SEM) approach. 
Therefore,  despite several studies in the scientific literature have in-
vestigated the influence of funding on collaboration and number of 
citations (e.g., Jacob and Lefgren, 2011; Fortin and Currie, 2013; Rigby, 
2013; Yan et al., 2018), the new aspects of our study rely on: investigat-
ing a new and productive research field; evaluating this relationship 
considering the nationality of the authors; and applying a new meth-
odological approach to reveal direct and indirect effects of funding. 

Material and Methods

Funding data in WoS
Funding data presented in WoS from Clarivate Analytics have three 

different fields: “Funding Text” (FT), “Funding Agency” (FO), and 
“Grant Number” (FG). FT returns the full text written by authors in the 
Acknowledgments section of their article(s). FO gives the name of agen-
cies and organizations cited in the FT field. FG indicates grant numbers, 
which are associated with both FO and FT fields. Thus, FG represents 
all kinds of funding received by authors, and sometimes many of these 
grants are from the same agency. In this study, we used funding data in-
formation from the FG field. We choose to use only WoS from Clarivate 
Analytics because it has a long temporal range for funding information 
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(since 2009), and to standardize this type of data since distinct databases 
may present a different number of citations for the same paper. 

Data collection
We selected all papers published in the category “Ecology” between 

2010 and 2016, considering all scientific journals indexed in WoS. 
We started our search in 2010 because from that year our database was 
complete (i.e., funding data was available to all papers). We selected 
Ecology because it is a broad scientific area that is composed of pro-
fessionals from various subareas with distinct histories and scientific 
behaviors (e.g., Neff and Corley, 2009; Nabout et  al., 2015; Parreira 
et al., 2017). Moreover, with the growing concern to maintain global 
biodiversity and sustainable environmental policies, resources from 
public and private agencies have been allocated to ecological research. 
Therefore, there is a demand of the civil society for evaluating the ef-
fect of scientific investments on the informetric impact indicators (e.g., 
production of articles, citation, and collaboration, among others) of the 
ecological research field.

We searched the papers in the WoS from Clarivate Analytics ISI 
database (searched in December of 2017), using index SCI-Expand 
and SSCI. For this study, we selected only original articles, and the fol-
lowing data were obtained from each paper: 
•	 number of funding grants, indicated by FG; 
•	 time of publication (number of years after the publication); 
•	 number of authors; 
•	 number of citations; 
•	 nationality of all authors. 

For nationality, if all authors were from same country, the paper 
was classified as national collaboration, and if at least two authors 
were from different countries the paper was classified as international 
collaboration. This is especially important to analyze the influence of 
funding in national collaboration papers (see below). All papers used 
in this study and their classification (number of funding, number of 
authors, nationality, etc.) are available in Supplementary file (ESM 1).

Investments in science, technology, and innovation (STI) were ob-
tained for 55 countries of our database (corresponding to 69,430 pa-
pers, or 97% of total national collaboration papers). Investments in STI 
correspond to the investment in dollars by habitants and it was ob-
tained in the database of the Organisation for Economic Co-operation 
and Development (OECD, www.data.oecd.org). The STI has been used 
by informetric papers (e.g., Cimini et al., 2016; Dranev et al., 2018), 
and it usually indicates the national policy of investment in science, 
including resource to infrastructure and scholarships, among others 
(OECD, 2017).

Data analysis
We used the SEM to investigate the effects of input indicators on 

output and processes of indicators, determining their direct and indi-

rect effects. The SEM has been widely used in different research fields 
of science (e.g., Bag, 2015; Lefcheck, 2016; Shaheen et al., 2017), and, 
for particular questions of the present paper, the advantage of using 
SEM, instead the traditional linear regression model or other statis-
tical tests, is because it considers the structural association among 
predictor variables. This association is based on a conceptual model 
of the research. We elaborated the conceptual model based on the 
idea that direct effects are observed from input data on the process 
and output of literature, and from process on the output (Figure 1). 
According to this conceptual model, we are capable of identifying 
relationships among latent variables which can be represented by 
many observation variables. In the present study, we used three types 
of observation variables to indicate the input, output, and process 
latent variables: number of funding, number of citation, and num-
ber of authors (indicating scientific collaboration), respectively. For 
citation, we divided the number of citations of a given paper by the 
time of publication to control the effect of the time on the number 
of citations. According to our hypothesis, all coefficients (a, b, and 
c) in SEM will be positive, indicating a positive effect of the number 
of funding on the number of authors and citations. Moreover, we ex-
pected to find a positive effect of the number of authors on citations. 
All variables used in SEM were log-transformed (logX+1), and all co-
efficients were standardized, thus the variables (number of funding, 
number of authors, and citations) were transformed to variables with 
mean of zero and standard deviation of one.

The evaluation of SEM was based on Tucker–Lewis Index 
(TLI), ranged between 0 and 1.0, with best fit found at 1.0. A val-
ue of TLI higher than 0.9 indicates an excellent model (Hu and 
Bentler, 1999). We selected this index because it is independent 
of the sample size (Bentler, 1990; Fan et al., 2016). Assumptions 
of the SEM are similar to those made in linear regression mod-
els; therefore, it is necessary to deal with normality of variables, 
independence of sampling unities, and homoscedasticity. Con-
sidering that informetric data often have a skewed distribution, 
we used the bootstrap approach to solve this problem (see Ory 
and Mokhtarian 2010; Knief and Forstmeier, 2021). In the present 
study, we used to each SEM 1000 bootstrap and the estimator was 
the maximum likelihood. 

Figure 1 – Structural modeling. Boxes represent latent variables and circles 
represent observation variables. The relationship is indicated by solid 
arrows. (A) The input can affect directly the process and (B) the output. 
(C) The process can affect the output.
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In SEM, the main unity of analysis was the paper, and we proposed 
four SEMs for the following scenarios: 
•	 all papers in the same analysis; 
•	 national papers, performing the analysis with papers where all au-

thors are from same country; 
•	 international papers, performing the analysis with papers where all 

authors are from different countries; 
•	 papers by country (authors from same country presented in pro-

tocol 2). 

Posteriorly, we related the coefficients (a, b, and c of the SEM) with 
the investment in STI of each country.

We performed a linear regression to investigate if the three coeffi-
cients described in SEM analyses were associated with the investments 
in science of evaluated countries. The significance of each regression 
slope was tested according to a null model using 999 iterations during 
a Monte Carlo procedure (Manly, 2006).

The SEM was performed using the function “sem” in package “la-
vaan” (Rosseel, 2012), and for linear regression models was the func-
tion “lm” of package “stat,” both in software R (R Core Team, 2021).

Results
We found a total of 116,589 papers of Ecology indexed in the WoS, 

of which 71,028 (61%) of the papers with national collaboration and 
45,561 (39%) of the papers with international collaboration. We also 
found that the number of ecological papers published increased over 
the years and the growth rate of papers with international collaboration 
is higher than the observed rate for papers with national collaboration, 
even though the number of papers with national collaboration was 
higher (Figure 2).

Our findings demonstrated that approximately 82.8% of all papers 
published had at least one source of funding, and an increase in the 
number of papers with funding along the temporal series was con-
sidered. For example, in 2010, a total of 78.9% of papers had at least 
one funding, whereas in 2016, the number of papers with funding in-
creased to 85.1% (Figure 3). Additionally, the temporal trend of papers 
with more than one funding has increased over the years, whereas the 
number of papers without funding has decreased (Figure 3).

The SEM using all papers showed that the number of funding has 
a positive effect on the number of authors and citations (Figure 4A). 
In details, the number of funding presented a positive direct effect on 
the number of authors and a positive indirect effect on the number of 
citations. The direct effect of funding on citations was lower (consider-
ing the coefficient), but in general all models presented a low predictive 
power (R2, Figure 4A). We divided the dataset into papers with au-
thors from same country (namely, national collaboration) and papers 
with authors from different countries (namely, international collabo-
ration). Overall, the SEMs for national (Figure 4B) and international 
collaboration presented the same pattern of global data (Figure 4C). 

However, international collaboration presented a higher R2, highlight-
ing the importance of international collaboration in these informetric 
indicators. All SEMs (global, national, and international) presented ex-
cellent models (TLI = 1). 

We also used SEM to evaluate the effect of the number of fund-
ing on number of authors and citations of papers by each country 
separately (using only papers with authors from the same country). 
We  obtained SEM coefficients (a, b, and c) for the 55 most pro-
ductive countries evaluated (see the results for each country in the 
ESM2). For all countries, there was a predominance of positive co-

Figure 2 – Number of papers along the years considering the nationality of 
authors, where “international” indicates authors from different countries, 
and “national” indicates all authors from the same country.
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efficients; in addition, there was variation in the coefficients among 
countries grouped based on the categories of investment investi-
gated. For the coefficient a, which measures the influence of the 
input (number of funding) on the process (number of authors), it 
was observed that countries with the highest investments present-
ed the highest coefficients a (R2adj = 0.27; p < 0.001; Figure 5A). 
It means that papers with more authors were those with a greater 
number of funding, and this fact was more recurrent in countries 
with higher levels of investment in STI. In contrast, the coefficient 
b that measures the influence of the input (number of funding) on 
the output (number of citations) was higher in countries with low-
er investments in STI, indicated by the negative slope of linear re-
gression (R2adj = 0.06; p < 0.03; Figure 5B). The coefficient c that 
measures the influence of the process on citations was positive in-
dicating that it is more frequent in countries with high investments 
on STI that papers with more authors present a greater number of 
citations (R2adj = 0.17; p = 0.001; Figure 5C). These results showed 
that funding can have different impacts on informetric indicators, 

depending on the amount of investments in STI. In countries with 
high investments in STI, the number of funding affects directly the 
number of authors and indirectly the number of citations; whereas 
in countries with low investments in STI, the number of funding 
affects directly the number of citations of papers.

Discussion
The present study evaluated the influence of the number of funding 

on the collaboration among scientists and citation of scientific articles 
in ecological research; in addition, this effect was disentangled based 
on different countries and their level of investments in STI. Our main 
results indicate that the number of funding in ecological papers in-
creased along the years, and we also detected a positive effect of the 
number of funding on number of authors and citations of papers. 
Nonetheless, deconstructing these effects per country revealed that 
countries with a higher degree of financial investments in STI main-
tained a similar relationship with the global data production of papers. 
In contrast, countries with a lower degree of investments in STI showed 

*p < 0.001.

Figure 4 – SEM with standardized coefficient (solid arrows) using all papers. Boxes represent latent variables and circles represent observed variables used 
in present study. Papers used in SEM were analyzed considering: (A) papers with national (authors from the same country) and international (authors from 
different countries) collaboration, representing all our dataset; (B) papers with national collaboration; and (C) papers with international collaboration. 
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that the number of funding impacts citations positively and directly. 
Therefore, future papers aiming to investigate the number of funding 
and its influences on informetric parameters of impact must consider 
the nationality of co-authors, once funding policies and absolute values 
invested in STI vary among countries. 

Despite the positive impact of research funding on several impact 
indicators of the scientific production, recent studies also showed that 
this effect is not high (Jacob and Lefgren, 2011; Fortin and Currie, 2013; 
Rigby, 2013; Yan et al., 2018). Our findings indicate that this trend is also 
observed for ecological research, and, additionally, there is a positive 
relationship between the number of authors and citations, as also found 
by other authors (Leimu and Koricheva, 2005b; Padial et  al., 2010). 
Several factors, such as presence of positive results (Leimu and Koriche-
va, 2005b; Fanelli, 2013), larger network of collaboration (Leimu and 
Koricheva, 2005a; Yu et al., 2014; Parreira et al., 2017), high number of 
pages (Bornmann et al., 2014), visibility of papers (open-access papers 
are more cited; Xia et al., 2011), visibility at online social media (Nabout 
et  al., 2018), publication in prestige journals (Vanclay, 2013), among 
others (see Tahamtan et al., 2016; Bai et al., 2019), may affect the num-
ber of citations and authors of a paper. Given that we did not include 
all these variables in our models, this may explain their low predictive 
power. Therefore, in absolute values, the R2 was low; however, consider-
ing the few number of variables used, we concluded that the number of 
funding can be an important variable affecting informetric data.

The number of funding is an important indicator of the input, and 
it is recognized that the diversity of funding agencies and types of fund-
ing (research investments, scholarships, and exchange) can strengthen 
the scientific research and promotes an increase on the collaboration 
among authors and citation of articles (Bowen and Casadevall, 2015; 
Tahamtan et al., 2016). In the same way, the absolute value invested by 
research or papers can affect other informetric indicators (e.g., Ley-
desdorff et al., 2019). In fact, in the present study, it is not possible to 
determine the total value invested on each paper, and thus the metric 
number of funding is an indicator of the diversity of investments for 
a given article. Therefore, an article with more funding sources has a 
greater capacity for authors to raise funds for research. In this sense, 
we demonstrated that articles with the highest number of funding were 
those with the highest number of authors and citations.

Investments in science have historically raised knowledge and 
promoted innovation and social and economic growth (Lane and Ber-
tuzzi, 2011). However, each country has its own idiosyncrasies related 
to how much it invests in scientific development, reflecting in a dif-
ferent number of researchers per country, and/or in consolidated and 
stable sources of funds. These differences exist even in time of crisis 
when each country decides how to invest in science and technology. 
For example, the European Union countries increase their investment 
in science during the period of economic crisis (e.g., Makkonen, 2013), 
while Brazil has experienced an economic recession and political crisis 
which has impacted in the investments in STI (Angelo, 2019; Thomé 

Figure 5 – Scatterplot of each coefficient obtained in SEM and the country 
investment in science, technology, and innovation. (A) Coefficient a of the SEM, 
indicating the effect of funding on the number of authors; (B) coefficient b of 
the SEM, indicating the effect of funding on the number of citations; and (C) 
coefficient c of the SEM, indicating the direct effect of the number of authors and 
the indirect effect of the number of funding on the number of citations.
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and Haddad, 2019). Considering these historical differences among 
countries, the number of funding (and also the raw amount of resourc-
es invested) generates different impacts on science and processes of 
collaboration and citations of scientific papers. Here, we demonstrated 
that the number of funding affected positively the number of collabo-
rations in countries with greater investments in STI (usually developed 
countries), whereas the number of funding was positively related to the 
number of citations in countries with lower number of investments. 
These differences influence on the dynamics of science in countries.

In developed countries with greater investments in STI, the com-
petitiveness per resource to promote research is higher. Therefore, larg-
er groups of authors increase the chance of raising funds (Lewison 
and Dawson, 1998). In contrast, in countries with fewer investments, 
funding increases the quality of the scientific paper produced, impact-
ing on the number of citations. Evidently, related mechanisms cannot 
be explained by few variables. The relationship between investments 
and number of citations can be influenced by several aspects, such as 
funding sources (national or international), their variety (number of 
funders), and intensity (Gök et al., 2016). Besides funding, numerous 
other factors can be determinants for citations (Padial et  al., 2010). 
Therefore, this study took a step forward in detecting the influence of 
the number of funding on informetric indicators according to coun-
tries and their level of investment in STI.

The effect of the number of funding on informetric indicators also 
highlights the importance of investments in STI to improve indicators of 
collaboration and citations of papers. Collaboration has been an important 
element in increasing the quantity and quality of science. In fact, studies 
have shown that the number of papers with international collaboration 
has increased over the years (Parreira et al., 2017), and that the mobility 

of researchers promotes an increase in the quality of the papers produced 
(Sugimoto et al., 2017). This mobility involves investment; therefore, the 
lack of investment can limit collaboration between researchers. Some 
countries have been promoting specific calls for mobility (national and in-
ternational), for example, the program Erasmus Mundus (Europe Union), 
British Council with State of Brazilian Government, among others.

Conclusion
The present paper demonstrates that effects at one level of the 

informetric indicator can affect other indicators and levels. More-
over, we highlight that the impact of the number of funding can 
vary among countries, therefore, these results are important to the 
development of national policies and future informetric studies. To 
national policy, the number of funding can affect directly or indirect-
ly the number of citations and this structure depends of the level of 
investments in STI made by each country. In countries with higher 
investments in STI, we found that funding affects directly the num-
ber of collaboration and indirectly the number of citation; whereas in 
countries with fewer investments in STI, funding affects directly the 
number of citations. To future informetric studies, we recommend 
the inclusion of author’s nationality when investigating the funding 
effect. Although our conclusions were based on ecological data, we 
believe that other biological, medical, physic and chemistry areas can 
presented similar patterns given they present a similar structure of 
scientific production, collaboration and citations.
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