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Abstract
In order to gain a deeper understanding of how research performance and collaboration 
patterns of institutions affect productivity trends and citations, this paper classifies institu-
tions into two types: main and normal institutions, and then divides the dataset into six 
types: M and N as intra-institution collaboration types, and M&M, M&N, N&M, N&N as 
inter-institution types (M: main institutions, N: normal institutions). After analysing the 
productivity trends and citation impact at the research units’ level, the main results are 
shown as following: through a large-scale and long-span data, M papers account for the 
highest percentage, and play an important leading role in the beginning, and the average 
citation value of M&M papers is significantly higher than other types; although the number 
of papers with multi-authors is increasing over time, the impact of the number of authors 
on citations may vary from discipline to discipline, and there is a slightly negative relation-
ship between them in artificial intelligence field in our data; despite the number of insti-
tutions and countries has a positive impact on citations in whole dataset, it differs when 
considering different institutional collaboration patterns and the first author’s country; no 
matter what institutional collaboration pattern is, the papers with USA as first author’s 
country always have a significant greater impact than China as first author’s country. After 
analysing two negative binomial regression models, some results support the above conclu-
sions. Moreover, we find that the number of M institutions has a significant greatest impact 
on citations, while M institution as first author’s affiliation only has a slightly influence; 
China as first author’s country has a negative impact, while USA as first author’s country 
has a moderately positive impact, and slightly lower than that of the number of countries, 
moderately higher than that of the number of institutions.
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Introduction

Scientific research collaboration refers to the form between individuals and individuals, 
individuals and groups, groups and groups work together to accomplish the same scien-
tific research task. Scientific research is a complex and arduous group work. The interaction 
between people in scientific research activities directly affects the completion of scientific 
research collaboration and programs. Through research collaboration, however, new academic 
ideas can be generated, knowledge and culture can be promoted to exchange, research produc-
tivity can be increased, and research costs can be decreased (Katz and Martin 1997; Beaver 
2001; Yuan et al. 2018). Some studies have revealed that collaboration papers are becoming 
more and more prevalent in scientific research (Abramo et al. 2004; Nguyen et al. 2017).

The existing studies about collaboration papers are mainly from two aspects: collaboration 
patterns and the relationship between collaboration patterns and citations.

There are several collaboration patterns have been proposed by researchers. According 
to the attributes of research units, Ni and An (2018) classify the international collaboration 
papers into seven types by the economic level of countries; Liu et al. (2012) following the 
classification concept of patentees explore the institutional collaboration papers among six lev-
els: private enterprises, government, university, hospital, research institutes and not-for-profit 
organizations; Lee et al. (2012) propose four institutional collaboration types by categorizing 
network analyses into two dimensions: structural positions and the relational characteristics 
of individual nodes; Wang et al. (2017) investigate collaboration patterns from scholar’s local 
perspectives based on their academic ages. Moreover, according to the number of research 
units in a publication, several studies classifies the collaboration patterns into domestic, inter-
national, intra-institutional and inter-institutional forms (Sooryamoorthy 2009; Han et  al. 
2014). For the relationship between collaboration patterns and citations, the research of Gazni 
and Didegah (2011) has shown that there was a positive correlation between the number of 
citations and the number of research units; Ibáñez et al. (2013) have defined that international 
collaboration results on average in publications with higher citation rates than national and 
institutional collaborations; Ni and An (2018) show that the subset of international collabora-
tion with the same economic level has the higher value.

In this paper, we aim to explore collaboration patterns based on the performance of institu-
tions and how the patterns affect productivity trends and citations. As some studies indicate 
that the relationship between collaboration patterns and citation differ from discipline to dis-
cipline (Franceschet 2011; Gazni et al. 2012), we take the field of Artificial Intelligence (AI) 
as an example, for AI, a branch of Computer Science, draws a great attention of scientists 
and becomes one of the most popular terms on internet in recent years. In particular, we will 
address the following research questions in this analysis: (1) How do the productivity trends 
and citation impact vary among different institutional collaboration patterns? (2) How does 
the research units affect the productivity trends and citation impact among different institu-
tional collaboration patterns? (3) How does the impact vary among different factors on cita-
tions according to different institutional collaboration patterns?
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Data and methodology

Data sources and pre‑processing

To make the data source more representative, we used the category named “Computer 
Science, Artificial Intelligence” in Web of science core database to search publications, 
and limited the retrieved data to articles published from 1997 to 2017 (collection date 
was May 10, 2018). Eventually, the dataset covers 765,491 academic articles and 72,916 
institutions. In order to analyse collaboration patterns and citations, we extracted the 
author’s name (AU), authors’ address information (C1), publish year (PY), cited fre-
quency (Z9) and WOS number (UT) from the dataset, and excluded the papers without 
C1 tags and length of AU tags in which is smaller than 2. Finally, a total of 669,569 
were obtained for analysis in this paper.

In consideration of the ambiguity of countries and institutions in the analysis pro-
cess, we used C1 tag to help cleaning the country and institution data.

Due to some institutions with same names are in different countries, we clean the 
country data firstly. For example, UK has four or more regions, such as England, Scot-
land, Wales and Northern Ireland. In common sense, England represents UK, so we 
transform the other three regions into England. Although Hong Kong, Macau and Tai-
wan are regions of Peoples R China, most institutions belonging to Hong Kong and 
Macau have written the country name as Peoples R China. So, we take Taiwan as an 
independent region in this paper, and replace the other two regions with Peoples R 
China.

Compared with country information extraction, identifying the unique name of institu-
tions is a complicated task (van Raan 2005). After analysing the institution information, 
we clean the institutions with the following errors: (1) Name has been changed, such as 
“Beihang Univ” and “Beijing Univ Aeronaut and Astronaut”. (2) Different abbreviations, 
such as “Swiss Fed Inst Technol” and “ETH”. (3) Different positions of “Univ”, such as 
“Univ Washington” and “Washington Univ”. (4) Institutional departments, such as both 
“INRIA Rhone Alpes” and “INRIA Sophia Antipolis” all belong to “INRIA”. (5) Different 
translation, such as “Free Univ Brussels” and “Univ Libre Bruxelles” actually are the same 
institution. Finally, we merge the institutions with the above problems, and set the right 
name with the higher number of publications.

Definition of institutional collaboration patterns

Before defining institutional collaboration patterns, we need to rank the institutions in our 
dataset.

H-index, proposed by Hirsch, is a method to assess the influence of scientists by publi-
cations and citations simultaneously, and can also be extended to evaluate the performance 
of institutions, countries and journals. When calculating publications and citations of insti-
tutions, it is difficult to distribute the credits among ordered co-institutions. Since the order 
of institutions in a paper represents a certain order of importance, we chose Arithmetic 
counting, one of the most prominent counting methods, to calculate the h-index of institu-
tion, and named this method as AH-index. In this counting method, the credits are linearly 
distributed in decreasing order among several co-institutions according to the following 
formula (Trenchard 1992; Van Hooydonk 1997):
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In formula (1), i is the position of the institution, n is the number of institutions in a 
paper. We use the same formula to obtain the citations of each institutions. If there are 
some same institutions in a paper, the publications and citations of this institution will be 
calculated multiply times.

Although corresponding author and first author are equally important in many cases, 
they are the same in almost 96% papers of our dataset. So, we only take the order of institu-
tions into consideration to reduce the workload in our study.

After sorting in descending order according to the AH-index of institutions, we classify 
institutional collaboration patterns as follows:

•	 Main institutions and normal institutions Before classifying institutional collaboration 
patterns in our data based on the performance of institutions, we firstly divide all insti-
tutions into two types according to the institutional rank. In order to avoid the impact 
of institutional type’ productivity on institutional collaboration patterns, the number of 
publications of each institutional type should be consistent. Therefore, we select the 
institutions that the sum publications of which are not less than half of our total dataset 
as Main institutions, while the remain as Normal institutions. In this paper, the number 
of Main institutions is 561 with 50.64% of total papers. Table 1 lists the top 20 of Main 
institutions.

(1)c
n

i
=

n − i + 1
∑n

k=1
k

=
2(n + 1 − i)

n(n + 1)
, (i ∈ n)

Table 1   Top 20 of Main institutions

Rank Institution Country Publications Citations AH-index

1 Nanyang Technol Univ Singapore 4112.32 56,775.6 82.69
2 Carnegie Mellon Univ USA 3451.47 58,065.23 79.03
3 MIT USA 2235.01 41,417.67 73.66
4 Chinese Acad Sci P. R. China 6880.77 47,583.21 68.45
5 Stanford Univ USA 1601.14 31,656.08 63.41
6 Univ Calif Berkeley USA 1466.07 64,332.18 63.37
7 Hong Kong Polytech Univ P. R. China 1814.32 29,688.51 61.61
8 Univ So Calif USA 2085.81 27,150.27 61.55
9 Univ Illinois USA 2347.08 42,383.32 61.06
10 Swiss Fed Inst Technol Switzerland 1541.89 31,233.73 60.7
11 Natl Univ Singapore Singapore 2571.57 33,375.42 59.09
12 Univ Oxford England 967.01 26,182.3 55.1
13 Tsinghua Univ P. R. China 5262.58 30,471.49 54.43
14 Ecole Polytech Fed Lausanne Switzerland 1191.3 21,716.58 53.92
15 Chinese Univ Hong Kong P. R. China 1967.11 23,341.94 52.14
16 Univ Maryland USA 1695.92 24,391.16 51.8
17 Univ Granada Spain 1524.34 21,332.6 51.22
18 Southeast Univ P. R. China 1826.21 18,886.26 50.12
19 Washington Univ USA 1427.22 17,108.22 49.51
20 INRIA France 1003.76 19,706.27 48.07
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•	 M, M&M, M&N, N, N&M, N&N In order to analysis how the number of main institu-
tions and main institution as first author’s affiliation affect the productivity trends and 
citation impact, we divide the collaboration papers into six parts, as shown in Table 2. 
For example, M represents an intra-institution collaboration type, papers of which pub-
lished by only one main institution; M&M represents an inter-institution collabora-
tion type, papers of which published by one main institution as first author’s affiliation 
and at least one main institution in the remaining institutions; M&N also represents an 
inter-institution collaboration type, papers of which published by one main institution 
as first author’s affiliation and one or more normal institutions in the remaining.

•	 Dataset of a specific country When considering how the productivity trends and cita-
tion impact of different institutional collaboration patterns vary among different coun-
tries, papers of a country need to be obtained. Since the first author is the main contrib-
utor of a paper, we select the papers with the country where the first author’s affiliation 
belongs to as the dataset of that country.

Statistical tests

We run several statistical tests to compare the citation impact of different collabora-
tion types statistically. Since the citation data is not normal distribution, we use two 
non-parametric tests in this research: Kruskal–Wallis test and Mann–Whitney test. The 
Kruskal–Wallis test is to analyse whether there is a significant difference of the distribu-
tions among three or more samples, but it cannot identify the differences between two inde-
pendent samples. So, we use the Mann–Whitney test to rank the value between two sam-
ples. In all cases, the significant level of these tests is 0.05.

Results and analysis

Productivity trends and citation impact of different institutional collaboration 
patterns

This part is to describe what the main productivity trend is and how the citation impact 
varies among institutional collaboration types.

On the whole, both Figs.  1 and 2 show that intra-institution papers are the main 
trends, and the percentage of M papers (35.6%) is higher than that of N papers (29.5%). 

Table 2   Institutional 
collaboration patterns

Institution types Collaboration types

Intra-insti-
tution

Inter-institution

Main institutions Normal 
institu-
tions

Main institutions M M&M M&N
Normal institutions N N&M N&N
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However, the trends of intra-institution types both keep descending, while that of inter-
institution papers keep increasing over time in Fig. 2. Figure 2 also shows that in intra-
institution types, M type is always the main type before 2012, and after that, the per-
centage of N type surpass M papers to become the primary pattern until now, which 
indicates that main institutions play a leading role at the beginning, and after a certain 
time, normal institutions follow them and publish a lot of papers. In inter-institution 
types, the percentages of N&N (10.8%) and M&M (8.8%) are higher than that of the 
N&M (7.8%) and M&N (7.5%) type in Fig. 1. Besides, in Fig. 2, M&M type is the main 
pattern before 2005, and after that, N&N type rise quickly and surpass the other types 
to become the main trend until now. The results indicate that collaboration is more often 
among institutions of similar status in the field of AI, and N and N&N papers will be the 
main trend in the recent years.

Table 3 shows the average citations of different institutional collaboration types. From 
Table  3, we can see that M&M type has the highest average citations (11.65 ± 23.83), 
followed by N&M type (7.05 ± 17.29), M&N type (6.73 ± 17.05), M type (5.34 ± 15.12) 
and N&N type (3.38 ± 10.39), while the lowest average value corresponds to N type 
(2.37 ± 8.31).

Fig. 1   Percentage of collabora-
tion papers according to institu-
tional collaboration patterns

Fig. 2   Productivity rends of different institutional collaboration patterns
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The results of the Kruskal–Wallis test show that there are significant differences 
among the six collaboration types based on the average value of citations. Then, we run 
Mann–Whitney tests to rank the six subsets. The results show that, in general, the aver-
age value of inter-institution papers is statistically higher than that of intra-institution col-
laboration papers except N&N type, the value of which is statistically lower than that of 
M type, which indicate that the number of institutions has a positive relationship with 
citations, and the number of main institutions has a greater impact on citations than that. 
To exclude the influence on the number of main institutions, we calculate the average 
citation value of M&N and N&M with the same number of main institutions, and find 
that the value of M&N (6.73 ± 17.05) is statistically a slightly higher than that of N&M* 
(6.51 ± 16.43), where N&M* represents the N&M papers published with only one M type 
institution. This phenomenon also exists in M&M and N&M papers when considering the 
citations at the same number of main institutions, which indicate that main institution as 
first author’s affiliation has a slightly positive relationship with citations. Moreover, the 
value of N&M is statistically higher than that of M&N type from Table 3, and the average 
number of main institutions in N&M type is more than that in M&N type. We think that, 
the number of main institutions has a greater impact on citations than main institution as 
first author’s affiliation.

Based on the above results, we find that M type was guiding AI field at the beginning, 
while the N type follows them and tends to be the main productivity pattern in the recent 
years. Besides, both main institution as the first author’s affiliation and the number of main 
institutions have a statistically positive relationship with citations, and the latter is higher 
than the former.

Productivity trends and citation impact of different institutional collaboration 
patterns at the author level

In this part, we wonder whether the number of authors has an impact on productivity trends 
and citations in different institutional collaboration patterns.

The average citation value and standard deviation of different number of authors are: 
two-author papers (5.05 ± 15.01), three-author papers (5.05 ± 14.67), four-author papers 
(5.0 ± 14.45), and five or more author papers (5.05 ± 14.1). We can see that the number of 
authors has little impact on citations in this analysis.

Figure 3 shows the productivity trends of different institutional collaboration patterns 
at the number of authors level. In intra-institution collaboration papers, two-author papers 
are both the main trends in M type and N type, but there is a subtle difference between 

Table 3   Mean ± standard 
deviation of citations for different 
collaboration types

The value in bold represents the highest mean citation in different col-
laboration types

Types Citation count

M 5.34 ± 15.12
M&M 11.65 ± 23.83
M&N 6.73 ± 17.05
N 2.37 ± 8.31
N&M 7.05 ± 17.29
N&N 3.38 ± 10.39
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them. In M type, the trend of two-author papers inclines to downtrend, and other lines 
keep on the rise, whereas, all the lines in N type keep stable over time, which indicates 
that the main trend of M type may change to three or more author papers in the future, 
while N type does not. In inter-institution papers, three-author papers are the main trend 
at the beginning, whereas, in the recent few years, five or more author papers become the 
main trend and keep rising dramatically to become the main trend in different types except 
N&N type. In N&N type, although the percentage of four or more author papers presents 
an ascending trend, the percentage of three-author papers keeps stable and higher than that 
of four or more author papers over time. Therefore, the main trend of N&N type will still 
be the three or more author papers in the future. The results show that in inter-institution 
papers, three or more authors will be the main trends, while it will still be two or three 
authors in intra-institution papers.

Table 4 shows the citation impact of different institutional collaboration types accord-
ing to the number of authors. We find that no matter how many authors in collaboration 
papers, the M&M institutional collaboration type always has the highest average citation. 
Moreover, with increasing number of authors, the citation value has a slightly downtrend in 

Fig. 3   Productivity trends of different institutional collaboration patterns at the author level

Table 4   Mean ± standard 
deviation of citations for different 
collaboration types according to 
the number of authors

The value in bold represents the highest mean citation in the same 
number of authors

Types Number of authors

2 3 4 ≥ 5

M 5.92 ± 16.39 5.22 ± 14.81 4.59 ± 13.44 4.67 ± 13.25
M&M 13.58 ± 26.83 12.47 ± 24.99 11.59 ± 23.63 9.67 ± 20.45
M&N 8.56 ± 20.39 7 ± 17.38 6.39 ± 16.56 5.45 ± 14.12
N 2.56 ± 8.89 2.3 ± 7.91 2.17 ± 7.99 2.16 ± 7.61
N&M 8.19 ± 19.53 7.45 ± 17.99 6.41 ± 15.64 6.2 ± 15.77
N&N 3.75 ± 11.74 3.38 ± 10.1 3.19 ± 9.46 3.17 ± 10.13
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all six types. The results of Kruskal–Wallis test show that there are significant differences 
among different number of authors in different types except N&N type. The results of 
Mann–Whitney show that the citation of two-author papers is statistically higher than oth-
ers. Based on the findings, we think that, the number of authors has a statistically slightly 
negative relationship with citations among different institutional collaboration patterns.

According to Fig. 3 and Table 4, we can find that although the number of authors in a 
paper keeps rising over time, it is not the more the better when considering the effects on 
citation counts. Actually, there are different results in different disciplines about the rela-
tionship between the number of authors and citation counts according to previous studies. 
For example, the results in Peng & Zhu (2012) show that the number of authors is one of 
the significant predictors of citations in social science articles about Internet studies, while 
So et al. (2014) found that the number of co-authors had a significant negative effect on 
the number of citations in science and technology field. Moreover, after analysing 6 sub-
ject fields to examine the factors affecting the number of citations of articles, Onodera and 
Yoshikane (2014) found that the number of authors was shown to be a significant predictor 
in only two of the six fields. Hence, the results in our study a slightly negative relation-
ship between the two variables maybe due to the discipline of AI field our paper selected, 
in which we guess the research of basic algorithms may involves fewer researchers and 
receives more citations than that of specific applications with AI techniques, and this rea-
son needs to be confirmed further.

Productivity trends and citation impact of different institutional collaboration 
patterns at the institution level

Since the productivity trends of intra-institutional collaboration papers have been shown 
in Fig. 2, here, we only explore the productivity trends of inter-institution papers, and also 
take whether it is an international collaboration paper into consideration.

Figure 4 shows the productivity trends of domestic and international papers according 
to the number of institutions. We find that the trends in inter-institution papers almost keep 
stable during the past over twenty years in AI field, and two-institution papers are the main 
pattern not only in domestic papers but also in international papers. Obviously, M&M and 
N&M papers are more inclined to be international papers than the other datasets, while 
M&N and N&N papers prefer to be domestic papers, which indicate that collaboration 
among main institutions tends to be international, while it tends to be domestic among 
normal institutions. Moreover, the percentage of three or more institution papers are almost 
the same trends in M&M and N&M domestic and international papers, and much more 
than that in M&N and N&N papers, which indicate that the main institution tends to col-
laborate with more number of institutions than the normal institution.

Table  5 shows the average citation value of domestic and international papers with 
different number of institutions. We can see that papers published by four or more insti-
tutions in both domestic and international papers get the highest citation value than the 
other subsets. For example, papers published by domestic four or more institutions have 
the highest value (6.76 ± 17.17), followed by the ones published by domestic three institu-
tions (6.53 ± 17.17), the ones published by domestic two institutions have the lowest value 
(5.76 ± 15.91). Moreover, the lowest value in international papers is higher than the high-
est value in domestic papers, that is, papers published by international two institutions 
(8.1 ± 19.31) have the higher average citation value than the ones published by domestic 
four or more institutions (6.76 ± 17.17). The results of Kruskal–Wallis test show that there 
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are significant differences among the six subsets. Then we run the Mann–Whitney test to 
rank any two subsets in the six subsets, the results show that the citation rank is statistically 
consistent with the findings in Table 5, which means that there is a statistically positive 
relationship between the number of institutions and citations, the citation value of interna-
tional papers is statistically higher than that in domestic papers, and the number of coun-
tries has a greater impact on citations than the number of institutions.

Table 6 shows the average citation value of different types according to the number of 
institutions. The results show that, in domestic papers, papers published by three institu-
tions always have the highest value except N&M papers, which is four or more institu-
tions. While in international papers, it is four or more institutions only in M&M and N&M 
papers. After running the Kruskal–Wallis test at the same institutional collaboration pat-
terns, we find that there are significant differences in different types except M&M domes-
tic papers and M&N papers, which means the citation value rank in M&M domestic and 
M&N papers according to different number of institutions is not statistically valid. The 

Fig. 4   Productivity trends of inter-institution collaboration types at the institution level

Table 5   Mean and standard 
deviation of citations according 
to the number of institutions

The value in bold represents the highest mean citation at the same type 
of papers

Types Number of institu-
tions

Citation count

Domestic papers 2 5.76 ± 15.91
3 6.53 ± 17.17
≥ 4 6.76 ± 17.17

International papers 2 8.1 ± 19.31
3 9.02 ± 19.91
≥ 4 9.91 ± 21.26
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results of Mann–Whitney test show that the citation value of three-institution papers is 
statistically higher than two-institution papers in both N&M domestic papers and N&N 
papers, while it is four or more institutions statistically corresponding to the highest cita-
tion value in both M&M and N&M international papers, which indicate that there is only a 
positive relationship between the number of institutions and citations in M&M and N&M 
international papers.

From Tables 5 and 6, we can find that no matter in the whole dataset or any institutional 
collaboration pattern data, the citation of international papers is always higher than that of 
domestic papers, which is in line with the results in most previous studies (Sooryamoorthy 
2009; Barbara et al. 2012; Puuska et al. 2014). However, despite the conclusion that there 
is a positive relationship between the number of institutions and citations in the whole data-
set, it differs when considering in different institutional patterns (see Table 6), which can 
be confirmed by the results in Table 3, where the citation value in M papers (5.34 ± 15.12) 
is higher than that in N&N papers (3.38 ± 10.39). The reason for the results in Table 6 may 
be that in M&N and N&N papers, arising the number of institutions means increasing the 
number of N type institutions, which is not the more the better for citations, while in M&M 
and N&M papers, the arising citation value may due to the average number of the M type 
institutions, which is increasing with the number of institutions (the citation rank of M&M 
domestic papers in our data is not statistically valid according to the Kruskal–Wallis test). 
Note that, the number of M institutions has a significant positive impact on citations, which 
has been proved in Table 3.

Productivity trends and citation impact of different institutional collaboration 
patterns at the country level

In this part, we firstly explore the productivity trends and citation impact of different 
institutional collaboration patterns according to the number of countries, and then take 
P. R. China (papers:153,946; citations: 668,360) and USA (papers: 92,109; citations: 
1,1200,336) as two examples to show how the productivity trends and citation impact of 
institutional collaboration patterns vary in different countries, as the two countries have the 
highest quantity or quality papers in our data.

According to the number of countries, we firstly calculate the average citation 
value and standard deviation in different number of countries, that is, single-country 

Table 6   Mean and standard deviation of citations of inter-institution collaboration patterns according to the 
number of institutions

The value in bold represents the highest mean citation at the same type and institutional collaboration pat-
tern

Types Number of 
institutions

Institutional collaboration patterns

M&M M&N N&M N&N

Domestic papers 2 10.93 ± 23.19 6.13 ± 16.05 6.37 ± 16.83 2.98 ± 9.62
3 11.14 ± 23.21 6.26 ± 16.77 6.67 ± 16.95 3.14 ± 9.96
≥ 4 10.66 ± 22.47 6.07 ± 15.55 7.01 ± 17.31 2.9 ± 8.52

International papers 2 11.72 ± 24.07 8.14 ± 19.23 7.19 ± 17.48 4.35 ± 12.02
3 12.48 ± 24.26 7.39 ± 17.28 7.95 ± 17.51 4.65 ± 12.62
≥ 4 13.17 ± 25.31 7.66 ± 18.12 8.47 ± 18.5 4.35 ± 11.38
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papers (4.47 ± 13.58), two-country papers (8.41 ± 19.59), three or more country papers 
(9.93 ± 20.83). After running Kruskal–Wallis test, the results show that there are signifi-
cant differences in the three types. Moreover, the results of Mann–Whitney test show that 
the value in three or more country papers is statistically higher than that in two-country 
and single-country papers, which indicate that there is a positive relationship between the 
number of counties and the citation value. Then, from the institutional collaboration pat-
terns, we find that the productivity trends of inter-institution collaboration patterns keep 
stable over time, that is, single-country papers are the main trend in M&N, N&M, and 
N&N papers, while two-country papers is the main trend in M&M papers in recent several 
years. After calculating the citation impact of inter-institution patterns in different number 
of countries, we find the result is consistent with the result in Table 6, which is that the 
positive relationship between the number of counties and citations only exists in M&M and 
N&M papers.

According to the datasets of P. R. China and USA, we explore how the productiv-
ity trends and citations of different institutional collaboration patterns vary on specific 
countries.

Figure 5 compare the productivity trends of different institutional collaboration types 
between P. R. China and USA dataset. From Fig. 5, we can see that the trends of different 
types in both P. R. China and USA dataset are almost the same, that is, the percentage of 
intra-institution papers has a downtrend, and that of inter-institution papers has an uptrend. 
In intra-institution papers, M papers in USA dataset has a slower downtrend than that in P. 
R. China, and N papers has a faster downtrend than that in P. R. China. In inter-institution 
papers, the percentage of M&M papers in USA dataset is higher than that in P. R. China 
over time, while the percentage of N&N papers in USA dataset is lower than that in P. 
R. China. Meanwhile, the percentage of M&N and N&M in USA and P. R. China keep 
shoulder and shoulder over time. The results indicate that although the productivity of P. R. 
China dataset (153,946) is significantly higher than that of USA (92,109), the productivity 
trend of M and M&M papers in P. R. China dataset is obviously lower than that in USA.

Table 7 shows that whether in P. R. China or USA dataset, M&M papers always have 
the highest citation value, while N and N&N papers are corresponding to the lowest value. 

Fig. 5   Productivity trends of institutional collaboration types in P. R. China and USA
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The results of Kruskal–Wallis test show that there are significant differences among dif-
ferent types both in China and USA dataset. The results of Mann–Whitney test show that 
the value of M&M papers is statistically higher than the other subsets both in China and 
USA. Additionally, the value of all types in China dataset is statistically lower than the cor-
responding value in USA.

Table 8 shows that in the dataset of China, the more countries in a paper, the higher the 
citation value, while there is no such relationship in the dataset of USA. After running the 
Kruskal–Wallis test, the results show that there are significant differences among the differ-
ent types only in the dataset of China, which means the citation value rank in the dataset of 
USA is not statistically valid. After running the Mann–Whitney test, the results show that 
there is actually a statistically positive relationship between the citation value and the num-
ber of countries in the dataset of China.

Based on the above results, we can see that no matter what institutional collaboration 
pattern is, the papers with USA as first author’s country always have a significant greater 
impact on cations than China as first author’s country. Moreover, although there is a pos-
itive relationship between the number of countries and citations in the whole dataset, it 
differs when considering the country that first author’s affiliation belongs to in different 
institutional collaboration patterns. In our data, when China as first author’s country, it will 
be better to collaborate with more other countries, especially in N&M and N&N papers. 

Table 7   Mean and standard 
deviation of citations of 
institutional collaboration types 
in P. R. China and USA

The value in bold represents the highest mean citation at the same 
country of first author

Types Country of first author

Peoples R China USA

M 3.24 ± 11.6 7.4 ± 18.75
MM 11.62 ± 24.45 14.22 ± 26.94
MN 4.94 ± 14.58 9.22 ± 22.36
N 0.99 ± 4.75 3.48 ± 11.74
NM 4.92 ± 13.83 11.77 ± 24.87
NN 1.84 ± 7.08 5.27 ± 15.47

Table 8   Mean and standard deviation of citations of inter-institution collaboration types in P. R. China and 
USA according to the number of countries

The value in bold represents the highest mean citation at the same country of first author and collaboration 
pattern

Country of first author Number of 
countries

Inter-institution collaboration patterns

M&M M&N N&M N&N

Peoples R China 1 10.58 ± 23.54 3.9 ± 11.97 3.9 ± 11.95 1.39 ± 5.83
2 12.01 ± 24.46 8.82 ± 21.34 7.04 ± 17.24 4.51 ± 11.47
≥ 3 17.12 ± 29.68 9.87 ± 20.9 11.04 ± 19.27 10.69 ± 19.18

USA 1 14.34 ± 27.09 9.19 ± 22.59 11.89 ± 25.31 5.14 ± 15.66
2 14.26 ± 27.02 9.4 ± 22.22 11.28 ± 23.42 5.59 ± 15.05
≥ 3 12.87 ± 24.85 6.77 ± 13.65 12.71 ± 26.33 5.76 ± 13.97
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While when the country is USA as first author’s country, there is little influence on cita-
tions with the increasing of the number of countries.

Influence intensity of different factors on citations

From the above results, we can see that the citation could be influenced by the number of 
authors (N_auths), institutions (N_instis), countries (N_countries), main institutions (N_
mainInstis), the country of first author is P. R. China (China_first) or USA (USA_first) and 
the institution of first author is main institution (mainInsti_first) or not. We take all these 
factors in a regression model to verify the results above and compare the influence inten-
sity on citations of these factors, as shown in Table 9.

Since the number of citations to an article is a count data, a discrete count data model 
should be used such as poisson or negative binomial (NB) regression (Didegah and Thel-
wall 2013; Sud and Thelwall 2016). One important feature in poisson regression is the 
equal mean and variance, which does not satisfy in our data, so we choose NB model. In 
the NB model, the citation counts are divided by average citation count in the same year to 
control for variation across time (Reingewertz and Lutmar 2018), and taken natural loga-
rithms accounts for stable data without changing the correlativity, as well as other continu-
ous variables. The value of dummy variables is 1 if yes 0 otherwise.

Table 9 presents the results of the NB model. Data in Model 1 is intra-institution papers 
and in Model 2 is inter-institution papers.

In Model 1, the coefficients for N_auths and China_first are both negative and signifi-
cant, while USA_first and mainInsti_first are both positive and significant. The results show 
that in single institution papers, the number of authors and China as the first author’s coun-
try both have a negative effect on research performance, while both M type and USA as the 
first author’s country has a positive effect, and the former is much higher than the latter. 
In Model 2, the coefficients of N_mainInsti is the greatest one, followed by N_countries, 

Table 9   Results of negative binomial regression

*** p < 0.01; **p < 0.05; *p < 0.1

Variables Research performance

Model 1 Model 2

Constant − 1.492*** (0.01) − 1.201*** (0.012)
Continuous variables
log(number of authors) − 0.046*** (0.008) − 0.147*** (0.008)
log(number of institutions) – 0.105*** (0.013)
log(number of countries) – 0.254*** (0.008)
log(number of main institutions) – 0.627*** (0.01)
Dummy variables
P. R. China as the country of first author − 0.511*** (0.008) − 0.021*** (0.007)
USA as the country of first author 0.147*** (0.007) 0.21*** (0.008)
main institution as first author’s affiliation 0.576*** (0.006) 0.068*** (0.008)
Observations 435,808 233,761
Wald × 2 16,421.25*** 17,100.31***
Log pseudolikelihood − 276,480.16 − 203,503.23
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USA_first, N_instis, and mainInsti_first corresponding to the lowest one, while the coef-
ficients of N_auths and China_first are still negative. The results show that the number of 
M type institutions has a significant higher impact than the other factors, and the number 
of counties is slightly higher than that of USA as the first author’s country and moderately 
higher than that of number of institutions, while mainInsti_first only has a slightly impact 
on citations.

Comparing Model 1 and Model 2, we can see that N_auths always has a negative rela-
tionship with the research performance, which confirms the results in Table 4. Moreover, 
China as the first author’s country also always has a negative relationship, and that is lower 
impact in multi-institutions than that in single institution papers, which confirms the results 
in Table 8, where the more counties to collaborate with the better when China as the first 
author’s country.

Based on these analyses, we find that both the number of authors and China as the first 
author’s country have a negative relationship with the citations; the number of main insti-
tutions has the positively greatest impact on citations; main institutions as first author’s 
organization has the highest impact in single institution papers, while slightly impact in 
multi-institution papers; the number of countries has a slightly higher impact than that 
of USA as first author’s country and a moderately greater impact that the number of 
institutions.

Discussion and conclusions

This study aims to explore how the institutional research performance affect the productiv-
ity trends and citation impact. Using the AH-index method, we rank all the institutions 
extracted from a large-scale data and divide the institutions into two types: main institu-
tions (M type) and normal institutions (N type). After that, we divide all the collaboration 
papers into six parts as six institutional collaboration patterns (M, M&M, M&N, N, N&M 
and N&N). Based on the six patterns, we propose three specific questions as shown in 
Introduction part.

The results of the first question show that M type (35.6%) accounts for a huge percent-
age much higher than other types, and it is more common to collaborate among institutions 
at the same type (M&M and N&N papers: 10.8% and 8.8%, M&N and N&M papers: 7.5% 
and 7.8%). According to the productivity trends, M and M&M papers are the main trends 
in the beginning, and after a certain time, N and N&N papers become the main collabo-
ration types. According to the citation impact, the results show that the citation value of 
M&M type is significantly higher than other types, and the number of main institutions 
has a greater impact than the main institution as first author’s affiliation and the number of 
institutions, which is confirmed by the results in the regression model, as shown in Table 9.

The second question has three parts according to the number of authors, institutions, 
and countries respectively.

From the number of authors, the results show that in the future, the main pattern in 
M type is three or more author papers, and that is two-author papers in N type, five or 
more author papers in M&M, M&N and N&M type, three author papers in N&N type, 
which indicate that the number of authors in inter-institution types has rising dramatically, 
while in intra-institutions, two or three authors will still be the main trend in recent years. 
According to the citation impact, we can see that there is a slightly negative relationship 
between the number of authors and citations. As we investigate several previous studies, 
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the relationship between number of authors and citations may differ from discipline to dis-
cipline. Therefore, the results in our research may due to the selected AI field.

From the number of institutions, we find that domestic two-institution and international 
two-institution papers are the main trends in all institutional collaboration types. According 
to the number of institutions, the results show that there is a positive relationship between 
the citation value and the number of institutions both in domestic and international papers, 
and the citation value of international papers is statistically higher than that in domes-
tic papers. These results are consistent with some existing studies (Ibáñez et  al. 2013). 
According to institutional collaboration patterns, we find that increasing the number of M 
type institutions has a positive relationship with citations, while it has no significant rela-
tionship when increasing the number of N type institutions, which indicate that the number 
of M institutions has a greater impact than that of the number of institutions. This is also 
confirmed by the results in regression models (see Table 9).

At the country level, we analyse the second question from the number of countries and 
some specific countries. According to the number of countries, the results show that single-
country papers are the main productivity trend except M&M, the main trend of which is 
two-country papers, and there is a positive relationship between the number of counties 
and citations in whole dataset but only in M&M and N&N papers. According to the spe-
cific countries, we take P. R. China and USA as an example. The results show that although 
the productivity of P. R. China dataset (153,946) is significantly higher than that of USA 
(92,109), the productivity of M and M&M papers in P. R. China dataset is obviously lower 
than that in USA, which indicate that M institutions in USA published more papers than 
that in P. R. China. Moreover, the citation value in USA is statistically corresponding 
higher than that in P. R. China in all institutional collaboration patterns, and there is a posi-
tive relationship between the number of counties and the citation value in inter-institution 
papers only in China. We can see that it is benefit to collaborate with other countries when 
China as first author’s country, which can be confirmed by the regression model in Table 9. 
While when USA as first author’s country, the more counties the better in N&N papers, but 
the more the worse in M&M papers, which is not statistically, and need to be confirmed by 
other datasets. All in all, although the number of countries has a positive impact on cita-
tions in whole dataset, it differs when considering the institutional collaboration patterns 
and specific countries.

The last question introduces two negative binomial regression models to analysis the 
strength of different factors for the impact on citations, one for intra-institution papers, the 
other for inter-institution papers. The results show that both the number of authors and 
China as first author’s country have no positive relationship with the citations; the number 
of M institutions has the greatest impact when comparing the other factors, while M type 
as first author’s affiliation only has a slightly impact in multi-institution papers; USA as 
first author’s country has a moderately impact on citations but slightly lower than the num-
ber of countries and moderately higher than the number of institutions.

In this paper, the division method of institution type is different with other studies 
(Wang et al. 2014), which is only related to the selected filed data. Maybe we could com-
pare various division methods to explore whether the methods have an influence on the 
results or not in the future. Besides, our analysis is limited to collaboration papers in Arti-
ficial Intelligence, therefore, the single-author papers are not taken into account, and the 
results may not be generally applicable. So, in the future work, further research is required 
to access the above questions, and it is need to verify the results in other fields. Moreover, 
we are also interested in capturing the topic evolution in different institutional collabora-
tion patterns, and explore how the main institutions affect the topic development.
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