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Abstract In the solar energy field, scientists publish numerous scientific articles every year.
Some are highly-cited, while others may not even be cited. In this paper, we introduce two
underlying scientific properties of a paper to explain this paper’s highly-cited or un-cited
probability: scientific relatedness and intellectual base. We utilize two main network tech-
niques, knowledge element coupling network (concurrence-based) and paper citation net-
work (citation-based) analyses, to measure scientific relatedness and intellectual base,
respectively. What’s more, we conduct descriptive analyses of un-cited and highly-cited
papers at the country, organization and journal levels. Then we map knowledge element co-
occurrence networks and paper citation networks to compare the network characteristics of
un-cited and highly-cited papers. Further, we use article data in the solar energy field between
2004 and 2010 to examine our hypotheses. Findings from Ordered Logit Models indicate that
when the scientific relatedness of a paper is high, this paper is more likely to be un-cited,
whereas less likely to be highly-cited. The paper with higher intellectual base has a higher
possibility to be highly-cited, whereas a low possibility to be un-cited. Overall, this paper
provides important insights into the determinant factors of a paper’s citation levels, which is
helpful for researchers maximizing the scientific impact of their efforts.
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Introduction

Citation is a widely well-known and accepted indicator of an article’s scientific impact
(Schubert and Glinzel 1983). Scientific articles serve to disseminate their findings through
inviting other researchers to cite their articles (McClellan 2003). Thus, citations indicate
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that articles make use of the resource, ideas and results of the cited articles, and the citation
is considered as the extent to which the cited paper is useful to other studies. Specifically,
in any field, we can observe that a handful of articles are frequently and highly-cited, and a
large number of articles are cited a few times. Many articles may not even be cited at all
(Redner 1998). Therefore, a growing number of researchers are looking for factors that
affect the citation impact of a paper (Ahmed et al. 2004; Oppenheim and Renn 1978;
Burrell 2003).

Scholars suggested that the possibility of being un-cited or highly-cited depends on
many influencing factors. Knowledge elements or topics reflect scientific content and
domain to some extent (Lee and Jeong 2008). Citing references or patterns provide
intellectual bases for the current paper, which can reflect scientific base of the paper
(Takeda and Kajikawa 2008). The characteristics of scientific content and scientific base of
a paper (i.e., scientific relatedness and intellectual base in this study) are related to the
knowledge production (Hammarfelt 2010). Based on the previous perspectives, we
introduce two underlying scientific properties of a paper to explain the paper’s highly or
un-cited probability: scientific relatedness and intellectual base.

On the one hand, we propose the citation of a scientific article is strongly affected by its
scientific relatedness. In this paper, we use keywords in the publication as the indication of
knowledge elements, for keywords sum up the core content and represent the element
distribution (Zhang et al. 2015; Mufioz-Leiva et al. 2012). Scientists usually scan the
keywords of a paper to identify whether this paper is related to their work rather than
finishing the whole abstract or article (HaCohen-Kerner 2003). The basic assumption of
scientific citation is that, the utilizations of scientific articles, as they are represented by
citations to some specific documents, are indications of scientific impact (Garfield 1979;
Persson 1994). Citations can be seen as scholarly influence and value (Merton 1979). Thus,
scientific relatedness between a paper’s knowledge elements and other topics is related to
the paper’s scientific impact. However, previous work investigating the influence of
knowledge elements on a paper’s citation has mostly focused on the surface features of its
elements, such as the number of keywords (Akhavan et al. 2016). To our knowledge, no
research tried to analyze the effect of scientific relatedness on the citation impact. The aim
of this paper is trying to fill the above gap by examining the effect of scientific relatedness
at the paper level. We utilize knowledge element coupling network to calculate the sci-
entific relatedness between a focal element and other elements. Coupling analysis, using
knowledge element co-occurrence network, offers a promising tool for investigating
knowledge structures and development patterns. The basic idea of knowledge element
coupling is to connect knowledge elements according to their co-occurrence in a common
article. The scientific relatedness of a knowledge element indicates its closeness and
associations with other knowledge elements. The higher the scientific relatedness, the more
frequently repeated co-occurrence relationships exist between two knowledge elements.
Since the analysis unit of this study is a paper, which may contain several knowledge
elements, we average the scientific relatedness values of all of that paper’s knowledge
elements as the paper’s scientific relatedness value.

On the other hand, we argue that the intellectual base, which a paper derives from citing
prior articles’ perceptions, is also a significant determinant of its citation. Reference pat-
terns of an article shed important insights into its knowledge domain’s intellectual base.
Intellectual base of a paper is its most fundamental characteristic. The basic assumption of
scientific citation is that, the utilizations of scientific articles, as they are represented by
citations to some specific documents, are indications of scientific subject matter (Garfield
1979; Persson 1994). Citations can be seen as scholarly influence and value (Merton 1979).
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The citations of cited articles serve the useful function of transferring knowledge, and are
considered as the symbol of rewarding researchers by approving their intellectual property
rights (Merton 1988). We construct the paper citation network and use the quality, status or
prestige of the paper’s references in the paper citation networks as the indication of
intellectual base. Paper citation network analysis, constructing citing-cited matrixes in
which the columns denote citing articles and the rows represent cited articles, is a powerful
quantitative tool for mapping the intellectual base. Paper citation network analysis uses
documents as the analysis units, and represents the knowledge flow. Based on prior
research, the cited documents constitute the intellectual base of the citing articles (Persson
1994; Chen 2006). To be specific, we utilize paper citation network to calculate the out-
degree centrality value of all references of a paper. Since the analysis unit of this study is a
paper, which may contain several references, we average the centrality values of all of that
paper’s references as its intellectual base value. The higher intellectual base is, the higher
status of the references a paper has.

To sum up, our main objective is to investigate the influence of scientific relatedness
and intellectual base on the article citation levels in the solar energy field. There are two
main reasons why we choose such a field as our empirical context. On one hand, solar
energy plays a very crucial role in solving our environmental problems and providing
energy need in the world (Lewis and Nocera 2006). It has been a priority field of scientific
research in recent years (Zhang et al. 2015). On the other hand, publication and citation
practices depended on the features of the field that articles belong to (Price 1970; Narin
1976). Thus, choosing a single field as our research setting can allow us to control for the
potential confounding influences of field-level characteristics. By analyzing solar energy
article data from Web of Science from 2004 to 2010, we try to identify top countries/
regions, organizations and journals with higher ratios of un-cited or highly-cited papers.
Further, we map and compare the paper citation and knowledge element co-occurrence
networks of un-cited or highly-cited papers. Finally, we utilize knowledge element co-
occurrence network to calculate scientific relatedness and paper citation network to
measure intellectual base of an article. We believe our findings will provide some value
into the influence factors of scientific articles citations, and offer valuable guidance for
researchers shaping their future research directions.

Theory and hypotheses

This part can be divided into two parts: scientific relatedness and paper citation; intel-
lectual base and paper citation. We argue that a paper with a lower scientific relatedness (or
a higher intellectual base) has higher quality, consequently it is more likely to be highly-
cited, whereas less likely to be un-cited. Conversely, paper with a higher intellectual base
has higher quality, consequently it is more likely to be highly-cited, whereas less likely to
be un-cited. The hypotheses are explained in the following subsections.

Scientific relatedness and paper citation
Knowledge elements with a high scientific relatedness have frequent repeated co-occur-
rence relationships with other elements, while knowledge elements with a low scientific

relatedness indicate that they have weak and occasional interactions with others (Guan and
Liu 2015). We propose that papers with a high scientific relatedness are less likely to be
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highly-cited but more likely to be un-cited. There are several reasons can explain this.
First, strong links among knowledge elements transfer a great deal of redundant infor-
mation (Karsai et al. 2014; Guan and Yan 2016). Thus, a paper with high scientific
relatedness tends to rely heavily on repeated interactions with previous knowledge, and
thus have cognitive lock-in problems (Simard and West 2006). The paper may just have
access to redundant knowledge information, resulting in the stifling of innovation (Uzzi
1997) and fewer citations. Secondly, priority and exclusiveness are key rewarding rules in
innovation activities (Hagstrom 1965). To be specific, scientific reward is commonly given
exclusively to knowledge workers who outdo others in generating new knowledge (Wang
et al. 2014). As such, from the perspective of originality of scientific papers, when a paper
has a high level of scientific relatedness, knowledge elements in this paper had frequently
co-occurred with some specific knowledge elements previously. In this case, because of the
rewarding principle of “first-to-file priority” (Friedman et al. 1991), the combinatorial
potentials between these knowledge elements may have been seriously exhausted. Inno-
vation generally emerges by combination or recombination of knowledge elements
(Weitzman 1998; Asheim and Coenen 2005; Guan and Yan 2016). Papers have high
scientific relatedness, indicating that the combinatorial opportunities of their knowledge
elements are exhausted, which likely results in un-citation of these papers. Third, a paper
with a high scientific relatedness experiences more constraints inhibiting it from exploring
new ideas, for its knowledge elements are easily suffered from knowledge inertia (Cheon
et al. 2015). Specially, search is generally local and performed around the associative
knowledge elements. When a paper has high scientific relatedness, knowledge elements in
this paper have frequently repeated co-occurrence relationships. The paper is likely to be
locked in redundant knowledge information and vulnerable to the knowledge inertial
tendencies of local and associative search. Besides, the uncertainty, cost and risk of
innovation will further enhance the knowledge inertial behaviors, consequently hindering
the novelty of the paper. Novelty is a potentially important indicator of article quality
(Tahamtan et al. 2016). Articles with higher quality are easier to be highly-cited, whereas
unoriginal low-quality articles is more likely to be un-cited (Bornmann et al. 2012). We
therefore contend that

Hypothesis 1: Apaper with a lower scientific relatedness has higher quality, conse-
quently it is more likely to be highly-cited, whereas less likely to be un-cited.

Intellectual base and paper citation

Intellectual base refers to the cited articles, which are commonly considered as composing
the research front (Hammarfelt 2010; Persson 1994). When researchers do their studies and
write their articles, they will read, understand and consequently cite some previous work as
their theory and knowledge base. For example, if article A cites article B, some scientific
knowledge of B will be integrated into article A. As such, we can say an article’s citing
texts represent its intellectual base (Persson 1994). Scholars argued that intellectual base is
associated with knowledge creation and citation pattern (Hammarfelt 2010). The paper
with high value of intellectual base is more likely to be highly-cited, whereas less likely to
be un-cited for the following reasons. One the one hand, by citing previous work, current
articles establish connections between their concepts, theory and ideas (Small 1981) and
these connections represent the current articles’ cognitive structure and the intellectual
background of the articles involved. Cited papers can exert their intellectual and cognitive
influences on citing papers. The aggregation of cited references of the papers can be
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deemed as representing the theoretical and empirical supports or resources for building
authors’ argument. A paper with a high level of intellectual base indicates that it is built on
the information of the most influential articles, and it develops its scientific argument with
a solid and well-developed theoretical base in a promising direction or domain. When
scholars do systemic research on a topic, they will find that this paper well integrate
previous work and is highly related to key literature in this field. Thus, this paper cannot be
neglected by scholars and is likely to be highly cited. Contrarily, a paper with a low level
of intellectual base may focus on a domain which researchers don’t pay much attention to,
without a sound and good theoretical base. On the other hand, some research has pointed
out that researchers can see further when they are standing on giants’ shoulders. Put
differently, highly-cited scientific papers are strongly based on prior highly-cited works
(Bornmann et al. 2010). Based on previous successful research, current articles can obtain
needed knowledge and information easily and efficiently, avoid detours and mistakes, and
provide an in-depth view. Thus, there is a high possibility for them to be highly-cited,
whereas a low possibility for them to be un-cited.

Hypothesis 2: Apaper with a higher intellectual base has higher quality, consequently it
is more likely to be highly-cited, whereas less likely to be un-cited.

Data and methodology
Data and context

To complete our research goals, we analyzed a sample of solar energy articles during the
year 2004-2010 in Web of Science database (WoS). These articles were acquired by
searching articles containing solar energy related keywords. These keywords were
obtained from prior bibliographic studies (Sanz-Casado et al. 2013). Specifically, the
retrieval profile of solar energy field is as follows: TS = (“solar energy*” OR “solar
radiation” OR “solar cell*” OR “solar photovoltaic*” OR “solar power” OR “solar
heat*” OR “solar plant*” OR “solar concentrate*” OR “solar thermal” OR “solar col-
lect*” OR “solar technolog*”). There are total 44,684 unique solar energy articles
obtained from this time period. Our analysis sample ends in the year 2010, although we
collected article information until the end of the year 2015. The main reason why we stop
sampling in the year 2010 is that a paper’s citations are often low in the early years after its
publication. Consequently, we may not have sufficient time to observe the citations of the
articles that published after 2010, because articles take average 5 years to be steadily cited
and we should take the time-lag effect of citations into account (Li et al. 2013). For each
article, we extracted its data details, including the title, abstract, published year, keywords,
references, journal, authors, organizations of authors, funding information and WoS cat-
egory, citations. Missing data was deleted, and keywords that had same meanings, but had
different expressions were merged into one word.

We constructed a dataset for our regression analysis, in which one observation was one
article in one specific year. Following earlier research (Wang 2016), we measured the
independent variables—scientific relatedness and intellectual base between the year t — 4
to #, and measured the dependent variable—citations of the focal article published in the
year t. For instance, when the dependent variable is the citations of a paper published in
2008, we considered all the articles during 2004-2008 to construct the knowledge element
co-occurrence network and paper citation network. Using these networks, we computed the
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Fig. 1 Year distribution of papers in the solar energy

scientific relatedness of every knowledge element and the intellectual base of this paper.
Finally, our regression sample contained 24,697 observations in total. The distribution of
solar energy articles by year is displayed in Fig. 1. The fitting curve of the number of solar
energy articles represents the exponential growth pattern. The solar energy scientific
research grows slowly in the preliminary phase and it grows rapidly in recent years.

Measure
Dependent variable

Citation level As we aim to assess the influence factors of un-cited and highly-cited
papers in the field of solar energy, our focus is on three levels of citations (1: un-cited; 2:
normal cited; 3: highly-cited). As such, the dependent variable in our study is categorical
and we use an order logit approach. It is relatively simple when we identify un-cited papers
in the year 7. The target article is an un-cited publication if it has received zero citation until
now. For every paper published in the year 7, we determine it is a highly-cited publication
if its citation is over the top ten percentile point of citations of all the publications in the
year t (Bornmann et al. 2011; Lewison et al. 2007; Tijssen et al. 2002). For example, if the
top ten percentile value for citations of all article published in year 2010 is 60, the articles
published in 2010 with more than 60 citations belong to the highly-cited articles. Other
publications that are cited but less than top ten percentile value for all papers’ citations are
identified as normal cited papers.

Figure 2 plots the distribution of the citation frequencies of the solar-energy articles
during 2004-2010. This figure clearly shows that the distribution of articles’ citation
frequencies is fitted by a power law. There is a relatively small number of articles that can
occupy absolute scientific impact advantages, and majority of articles in the solar energy
field receive fairly low citations. Further, we find that the un-cited papers always accounts
for around 4.5 % of total solar-energy papers in a specific year.
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Fig. 2 Citation distribution of papers in the solar energy (2004-2010)

Independent variables

We carry out social network analysis to investigate the knowledge element co-occurrence
network and paper citation network. The study of knowledge element co-occurrence
network enables us to measure scientific relatedness, and the analysis of paper citation
network enables us to obtain the intellectual base of the paper.

Scientific relatedness To arrive at the scientific relatedness measure, we first constructed
knowledge element co-occurrence network in year t — 4 to ¢. Such networks document the
relatedness of knowledge elements via publications’ keywords, where nodes are knowl-
edge elements and a link shows the fact that two knowledge elements have been included
in one article together. Knowledge element co-occurrence networks are thus undirected
and weighted networks, and the weight of the link between nodes i and j means the number
of papers that contain both i and j.

After that, we utilized the knowledge element co-occurrence networks to acquire co-
occurrence matrixes. Following prior studies, we used Jaccard Index (Leydesdorff 2008;
Real and Vargas 1996) to normalize the element values of knowledge element co-occur-
rence matrixes. We calculate a scientific relatedness value for every pair of knowledge
elements using the formula (1) (Leydesdorff 2008; Zhang et al. 2015). To be specific, we
computed the scientific relatedness R;; between knowledge elements i and j through nor-
malizing the co-occurrence times between them:
occ;

Ri=— Y 1
Y occ; + ocej — occy; | (1
where occ;; is the co-occurrence times of knowledge element i and element j. occ; means
the total number of occurrence times of knowledge element i, which is the sum of values in
the ith row of knowledge element co-occurrence matrixes. occ; means the total number of

occurrence times of knowledge element j, which is the sum of values in the jth column of
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co-occurrence matrixes. As such, scientific relatedness indicates how knowledge elements
are closely associated with one another.
The next step was to average the dyadic-level scientific relatedness to an aggregate
scientific relatedness measure R; for knowledge element i:
n
SRy
i# Y
R == @
where n means the total number of knowledge elements that have co-occurrence rela-
tionships with knowledge element i. Thirdly, since this study’s observation is an article,
which usually includes several knowledge elements, we identified the focal paper’s
knowledge portfolio that contains its all knowledge elements. The average of the scientific
relatedness values of the knowledge elements in the knowledge portfolio is the paper’s
value of scientific relatedness.
C e ijzl R;
Scientific relatednesspaper = D (3)
where m represents the number of knowledge elements in the focal paper’s knowledge
portfolio.

Intellectual base The calculation of intellectual base of a paper has three main steps.
First, using the citation relations between papers, we constructed an article citation
network in year ¢+ — 4 to t. Citation networks consist of directed and un-weighted graphs
having the research papers as vertices. To be specific, there is an edge from the vertex
i to the vertex j if the paper i is cited by the paper j. New papers can only cite the
previous papers, and thus the directed edges in citation networks follow chronological
orders. Citation networks give us insight into the knowledge transfer processes, and the
directions of edges indicate that knowledge moves from paper i to paper j (Kazi et al.
2016).

Second, we employed the network topological analysis to compute the network char-
acteristic (e.g., out-degree centrality in this paper) of citation networks (Li et al. 2007). In a
directed network, nodes have both an in-degree and out-degree centrality. The in-degree
for a given node is calculated as its total number of ingoing edges, and the out-degree is
calculated as its total number of outgoing edges (Koschiitzki and Schreiber 2008). Because
links in citation networks represent knowledge diffusion, out-degree of the paper means the
total number of papers that has received knowledge from it. Thus, out-degree can reflect
the scientific impact of an article. We calculate the out-degree centrality of paper i through
normalizing the out-degree:

k
Centrality; = pE (4)

where k£ mean the out-degree of paper i, and n represents the total number of nodes in the
graph. Third, bibliometric research depicts intellectual base as the cited articles and the
core scientific documents of a field (Hammarfelt 2010). Based on these, we identified the
focal paper’s reference portfolio that consists of all scientific articles cited by the focal
paper. The average of the out-degree centrality values of the scientific articles in the focal
paper’s reference portfolio is its value of intellectual base.
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> -y Centrality;

Intellectual basepaper =
m

(5)
where m represents the number of publications in the focal paper’s reference portfolio.
Because this normalized measure is relatively small, we multiply the value of “Intellectual
base” by 10,000 in our estimations.

Control variables

In statistical examinations of two hypotheses proposed, seven paper-level characteristics
are controlled, which include authors, knowledge elements, abstract length, organizations,
funding, category and impact factor. Variable authors is measured as the total number of
authors who co-write the focal paper. Variable knowledge elements is the total number of
the knowledge elements that are included in the focal paper. Variable abstract length refers
to the written style of the focal article’s abstract. Some scholars suggested that the way in
which an article’s abstract is written may influence the citation number of this paper. We
counted the number of sentences, which are identified using a space: “.” (Letchford et al.
2016). Variable Organizations is the total number of organizations that all authors belong
to. Variable Funding is a dummy variable, which takes a value of one if the focal paper is
supported by some funding, and takes a value of zero if the focal paper is not supported by
any funding. We used WoS categories as a representation of the scientific subject fields,
and we measured the variable category as the total number of categories that the focal
paper belongs to. Some research argued that multidisciplinary research may be more
highly-cited, thus we controlled category of the target paper in our analysis. Impact factor
refers to the average 2-year impact factor of a journal, which is calculated as the number of
citations that papers published in this journal in the two prior years, divided by the amount
of articles in these 2 years. Although not without impact factor’s critics (Seglen 1997), it is
widely considered as an important index of the quality of a journal (Falagas et al. 2008).
Thus, we controlled the impact factor of the journal where the focal article was published.
This data can be directly obtained from JCR of ISI WoS.

Model

The dependent variable is the citation level of each paper, which is treated as an ordinal
level measure (1: un-cited; 2: normal cited; 3: highly-cited). We aim to assess the impact of
the scientific relatedness and intellectual base on the citation level of a paper. Because of
this ordinal nature of our dependent variable, we utilize an ordered logit model, an
appropriate model choice when the dependent variable is categorical (Amemiya 1981).
Ordered logit model is one of the classes of models, which is considered as a qualitative
choice model.

Results
Descriptive analyses of un-cited or highly-cited papers at different levels
Table 1 shows the top 15 countries/regions with higher ratios of un-cited or highly-cited

over the period 2004-2010. We arranged Table 1 in two parts, with the left panel reporting
the top 15 countries/regions with higher percentages of un-cited papers, and the right panel
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Table 1 Countries/regions ranking of un-cited and highly-cited papers (>200 papers)

Un-cited papers Highly-cited papers

Countries/regions Un-cited (total) Percent Countries/regions Highly-cited (total) Percent

Ukraine 46 (224) 20.54 Singapore 103 (352) 29.26
Russia 235 (1194) 19.68 Denmark 82 (290) 28.28
Poland 74 (442) 16.74 USA 2960 (11,136) 26.58
Egypt 33 (262) 12.60 Switzerland 264 (1007) 26.22
India 215 (2037) 10.55 Sweden 181 (725) 24.97
Mexico 44 (438) 10.05 Netherlands 225 (932) 24.14
Brazil 59 (621) 9.50 Taiwan (China) 234 (1157) 20.22
Argentina 23 (305) 7.54 Austria 87 (441) 19.73
Turkey 45 (631) 7.13 Belgium 102 (539) 18.92
Africa 14 (201) 6.97 England 416 (2229) 18.66
China 326 (5020) 6.49 Korea 331 (1879) 17.62
Japan 233 (3771) 6.18 Italy 275 (1599) 17.20
Norway 17 (281) 6.05 France 339 (2161) 15.69
Israel 22 (390) 5.64 Canada 161 (1057) 15.23
Greece 33 (589) 5.60 Japan 571 (3771) 15.14

reporting those with highly-cited papers. To identify productive and comparable countries/
regions, we compared countries/regions only if they published more than 200 articles. The
fraction of un-cited articles authored by Ukraine, which is ranked highest in the percentage
of un-cited papers, is about 20.54 % in the period 2004-2010. Russia ranks second, with
approximately 19.68 % un-cited papers. Besides, overall 29.26 % of articles authored by
Singapore are highly-cited articles, then 28.28 % for Denmark, followed by 26.58 % for
the USA.

A total of 44,684 publications are authored by 46,520 different organizations. The top
15 organizations with higher ratios of un-cited or highly-cited papers over period
2004-2010 are displayed in Table 2. We just compared organizations only if they pub-
lished more than 20 articles. It can be seen that, approximately 21.43 % of the total solar
energy-related publications authored by “Universidad Nacional Auténoma de México” are
un-cited papers. “Tallinn University of Technology”, with about 11.11 % of the papers
without citations, ranks second after “Universidad Nacional Autonoma de México”.
Besides, “The University of California, Los Angeles, Department of Materials Science and
Engineering” has the highest ratio of highly-cited papers (75.51 % of the total number of
its papers), and is followed by “University of California, Berkeley, Department of
Chemistry” (68.00 % of the total number of its papers). We also noticed that no one
organization occurs in both of two lists.

The publications in our sample are published in 2745 different journals. Table 3 lists the
top 15 journals with the largest ratios of un-cited or highly-cited papers over period
2004-2010. We just compared journals only if they published more than 50 articles. Based
on Table 3, we found that, the percentage of un-cited papers of “Optoelectronics and
Advanced Materials” is highest, with about 39.22 % of the papers without citations.
“Geomagnetism and Aeronomy” ranks second with about 37.70 % of the papers without
citations. Further, it should be noticed that “Science” (76.81 % of the total number of its
papers) outstands in the percentage of highly-cited papers, is followed by “Journal of the

@ Springer



151

Scientometrics (2017) 110:141-162

9Ly (12 01 SQOBJIOI] PUE UOJOYJ QBT ‘Quuesne] paj OmuydalA[od 0o  Z[9 (6b) € NSu] [e130[0I0AN YSIUUL]
00°8% ol anua)) 1owA[0g ysiue( ‘AI101eI0qe] [EUONEN @STY L99 (09 SLIed 9p SII0JBAISSqO
eIeqIeq BIUBS ‘BIUIOJED K101RI0QR T
LS8 ¢ L1 JO AJISIoATU() ‘SPI[OS J1UuBSIQ pue SIOWA[0d 10J I9)ud) 7L (111 8 uorsindoid 19 ‘A3o[ouyoa], JO AMINISU] BIUIOJI[RD)
ojuolog, Jo
8¢€°TS (12) 11 Auszoawp) ‘Sundourduy 1o)ndwo)) pue [oLno9[H Jo judwiredoq 1L Lo ¢ UuBSIYOIA JO AJSIOATU()
SuneouISuy J1uonNdI[y pue
€9°CS (LS) 0¢ uoj3urysepp Jo Aysioamun ‘Anstuey) jo jusuntedoq 1L #S) # B0 JO [00YdS ‘AJISIoATU() [ed1So[ouyda], SuekueN
Sunoouiduyg pue
SSHS (T0) 71 9oualog S[eLRJeJA JO [00ydS ‘AS0o[ouyoa], JO 91mIsu] BISI090) 69°L (CroX4 so18Ayq 9oedg JO QIMINSU] YSIPOMS
L1°GS (89) ¢ SuLeouIuyg pue 90UdIOS S[BLIBIN ‘AJISIOAIUN) pIOJUL)S 69°L 0 T 1e3NMmS Jo AJNSIOAIUN
Suneouidug A3o10uyo], Jo ANSIOATU()
18°GS (€p) ¥ pue 0UAIOS S[RLIBIA JO Juduwtedo ‘ANISIOATUN) UOISUIYSEAN €€'8 $0) T ueIfR( 18 S[edIwey)) ulg Jo AIojeioqe] Aoy eI
yI°LS (s©) 0T A3o[ouyo9], JO AIMNSU] [BIOPI SSIMS 96°8 (L9) 9 SOOUQIOS JO AUIOPBIY 2SAUIYD) JO AJNSIOATU()
60°6S (To €1 SuneauIduy [esrway) jo juounredo ‘AJSIoAlU) plojuels 606 T T SOISAU [eINSALIdIRIXY 10J 9)MNsu] Youe[d XeN
A31oug 9[qeureIsng
00°09 (0€) 81 103 A1ojeIOqR] [RUONEN BSIY “YIewud( JO ANSIOATU() [eOIUYID],  60°6 (X4 I9)u9)) doedg uosuyof “g UOpPuAT S, VSVN
K10jeI0QRT
$S°19 (92) 91 [euonEN Ao[oyIog 9oUAIMET ‘AS[oyIog ‘BIUIOJIRD) JO AJISIOATU[) 56 (10 ¢ amnsu] A31ouy Ie[oS AJISIOATU() 937
0529 #2) S1 Suueauruy [eoo9[y jo jusuntedoq ‘AJsIoAtun) plojuels 56 @) v rUApesed ‘A30[0Uyd9], JO IMIISU] BIUIOJI[RD)
0089 (SO L1 Anstwoy) jo juounteda( ‘Aodyteg ‘eruIojife) Jo ANsIoAmun IT°TI Lo ¢ ASorouyoa, jo Ansoatun uurfe,
SuLIEoUISUY PUB 9JUSIDS S[RLIAIBIA
1S°6L (6¥) LE Jo yuouneda( ‘so[EBUY SO ‘BIUION[ED JO ANSIOAIU[) OUJ, ev'Ie (80 9 OJIXJN 9p BUIOUOINY [BUOISEN PEPISIoALIU[N)
(1e103) (1e109)
Juooreg  pao-AySTyg suoneziueSi) JUAdIdg  PoIo-un) suonezuesiQ

s1oded payo-A[yStH

s1oded payo-un

(s1oded (g <) s1oded payo-A[ySiy pue pajo-un jo Surjues suoneziuediQ g dqeL

pringer

Ns



152 Scientometrics (2017) 110:141-162

Table 3 Journals ranking of un-cited and highly-cited papers (> 50 papers)

Un-cited papers Highly-cited papers
Journals Un-cited Percent Journals Highly- Percent
(total) cited
(total)

Optoelectronics and 20 (51) 39.22 Science 53 (69) 76.81
Advanced Materials

Geomagnetism and 46 (122) 37.70 Journal of the American 274 (375) 73.07
Aeronomy Chemical Society

Journal of Optoelectronics 20 (102) 19.61 Nature 71 (99) 71.72
and Advanced Materials

Semiconductors 13 (71) 18.31 Nano Letters 158 (226) 69.91

Astrophysics and Space 11 (65) 16.92 Advanced Materials 164 (259) 63.32
Science

Journal of Spacecraft and 14 (83) 16.87 Advanced Functional 152 (273) 55.68
Rockets Materials

Physica Scripta 8 (51) 15.69 Angewandte Chemie 54 (97) 55.67

International Edition
Acta Astronautica 20 (129) 15.50 Acs Nano 77 (145)  53.10

Advances in Space Research 58 (378) 15.34 Proceedings of the National 33 (70) 47.14
Academy of Sciences

Solar System Research 9 (59) 15.25 The Journal of Physical 26 (56) 46.43
Chemistry Letters

Chinese Physics Letters 9 (61) 14.75 Chemical Communications 95 (234)  40.60

Journal of the KoreanPhysical 14 (104) 13.46 Chemistry of Materials 109 (301)  36.21
Society

Earth, Planets and Space 7 (52) 13.46 Physical Review Letters 41 (123)  33.33

Astronomy Letters 7 (57) 12.28 Macromolecules 76 (235) 32.34

European Physical Journal 9(74) 12.16  The Journal of Physical 114 367)  31.06
Applied Physics Chemistry B

American Chemical Society” (73.07 % of the total number of its papers). Comparing the
left and right panels of Table 3, we found that no one journal occurs in both of them.

Network analysis of un-cited or highly-cited papers

To visualize the citation patterns in the solar energy field, we drew paper citation networks
of un-cited and highly-cited articles during 2006-2010 in Figs. 3 and 4. A node in the
network shows a paper, and a direct edge implies a citation from the source reference to the
target article. The red round nodes represent the cited papers, and the blue square nodes
represent the citing papers. Node size is scaled to the number of citations. In Fig. 3, the
bigger the red paper node, the more un-cited articles cited this paper, while in Fig. 4, the
bigger the red paper node, the more highly-cited articles cited this paper. For there are too
many nodes and ties in these networks, we only display the papers that are cited by un-
cited papers at least 5 times in Fig. 3. In Fig. 4, we only display the papers that are cited by
highly-cited papers at least 50 times. Paper citation networks of un-cited papers in the solar
energy field represent a low degree of integration. Conversely, the paper citation network
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Fig. 3 Paper citation network of un-cited papers in 2006-2010

Fig. 4 Paper citation network of highly cited papers in 2006-2010

of highly-cited papers in the solar energy field represent more clustered integrated network
structures.

Table 4 summarizes the network characteristics of paper citation network of un-cited
papers and highly-cited papers, which includes the number of nodes, the number of ties,
network density and average degree of two networks. Comparing with the paper citation
network of un-cited papers, there is a big increase in the number of nodes, ties, density and
average degree in the paper citation network of highly-cited papers. The top 10 papers
(displayed as their DOI number) that are cited by un-cited or highly-cited papers are also
listed in Table 4. The most popular papers, which are likely to be cited by un-cited papers,
include “10.1038/353737a0”, “10.1021/ja00067a063”, “10.1038/35104607” and so on.
The most popular papers, which are likely to be cited by highly-cited papers, seem to be
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Table 4 Comparisons of paper citation networks of un-cited and highly-cited papers

Un-cited Highly-cited
Nodes 21,037 61,745
Ties 21,472 121,076
Density 0.00005 0.00003
Average degree 2.04135571 3.9218

Top 10 cited papers

10.1038/353737a0 (41)
10.1021/ja000672063 (26)
10.1038/35104607 (15)
10.1126/science. 1069156 (12)
10.1021/cr050149z (11)
10.1023/a:1022428818870 (10)
10.1126/science.270.5243.1789 (9)
10.1557/jmr.2004.0252 (8)

10.1021/cm049654n (8)
10.1021/cr00033a003 (8)

10.1038/353737a0 (501)
10.1038/nmat1500 (343)
10.1002/adfm.200500211 (320)
10.1126/science.270.5243.1789 (267)
10.1038/35104607 (218)
10.1021/ja000672063 (201)
10.1038/nmat1387 (186)

10.1002/1616-3028(200102)11:1<15::
aid-adfm15>3.0.co (186)

10.1038/nmat1928(179)
10.1002/adma.200501717(172)

Fig. 5 Knowledge element co-occurrence network of un-cited papers in 2006-2010

“10.1038/353737a0”, “10.1038/nmat1500”, “10.1002/adfm.200500211” and so on. The
value in the parentheses next to the paper indicates the number of total citations received
from un-cited or highly-cited papers. For example, “10.1038/353737a0” has been cited 41
times by un-cited papers, while 501 times by highly-cited papers. We also find there are
four papers (bold and italic) occur in both paper lists, and they are “10.1038/353737a0”,
“10.1021/ja00067a063, “10.1038/35104607” and “10.1126/science.270.5243.1789”.
To better understand the relatedness of knowledge elements, we depicted the knowledge
element co-occurrence networks of un-cited papers (Fig.5) and highly-cited papers
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Fig. 6 Knowledge element co-occurrence network of highly-cited papers in 2006-2010

(Fig. 6) in 2006-2010. Each node means a knowledge element, i.e., article keyword. Edges
represent established patterns of co-occurrence between two knowledge elements. To make
figures clearer, we just reported the knowledge elements that are contained in more than
three un-cited papers in Fig. 5, and displayed the knowledge elements that are contained in
more than five highly-cited papers in Fig. 6. Each knowledge element is assigned a size,
representing the number of papers contained it. The thickness of lines in Figs. 5 and 6
indicates the number of co-occurrence times of two knowledge elements. Figure 5 indi-
cates that the most significant knowledge elements in un-cited papers are “Solar cells”,
“Solar energy”, “Thin Films”, “Solar wind”, “Cosmic rays” and so forth. However, there
is a big difference between the significant knowledge elements of un-cited papers and those
of highly-cited papers. Figure 6 reveals some top productive knowledge elements, such as
“Solar cells”, “Silicon”, “Photocatalysis”, “Planetary Systems”, “Sun: Corona” and so
forth. Further, it is noted that knowledge element co-occurrence network of highly-cited
papers in 2006-2010 is much larger and denser than that of un-cited papers.

We calculated the network characteristics of knowledge element co-occurrence network
of un-cited papers and highly-cited papers in 2006-2010 to compare their different general
network structure. As shown in Table 5, the values in the number of network nodes,
density, clustering coefficient and average path of two knowledge element co-occurrence
networks are relatively close. However, comparing with the knowledge element co-oc-
currence network of un-cited papers, there is a big increase in the number of tie and
average degree of such network of highly-cited papers. This is indicative of the fact that
knowledge elements of highly-cited papers have high combinatorial potential to connect
with each other. The value in the parentheses next to the knowledge element represents the
number of un-cited or highly-cited papers that contain the knowledge element. “Solar
Cells” ranked first in the number of both un-cited and highly-cited papers that contain it.
There are 47 un-cited papers contained the knowledge element “Solar Cells” and 151
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Table 5 Comparisons of knowledge element co-occurrence networks of un-cited and highly-cited papers

Un-cited Highly-cited

Nodes 3383 3871

Ties 9143 16,545

Density 0.0016 0.0022

Average degree 541 8.55

Clustering coefficient 0.91 0.85

Average path 4.75 4.11

Top 10 knowledge elements Solar cells (47) Solar cells (151)
Solar energy (36) Silicon (42)
Thin films (21) Sun: magnetic fields (38)
Solar wind (18) Mhd (36)
Cosmic rays (16) Sun: corona (34)
Sun (12) Planetary systems (33)
Photoluminescence (9) Photocatalysis (33)
Hydrogen (9) Organic solar cells (32)
Energy (9) Tio2 (31)
Microstructure (9) Turbulence (31)

highly-cited papers contained it. Observing top 10 most frequent knowledge elements in
un-cited or highly-cited papers, we find that only one knowledge element, i.e., “Solar
Cells” (bold and italic) occurs in both knowledge element lists. It is important to note there
is a relatively big difference between research topics in un-cited and highly-cited papers in
solar energy. Investing in the profitable research domains is very important for the research
development of solar energy, whereas researchers face huge risks and uncertainties when
they choose directions. Consequently, our findings can provide some practical guidelines
on the selection of solar energy research topics. We found some research topics, such as
“Silicon”, “Sun: Magnetic Fields”, “Mhd”, “Planetary Systems” and so on, are more
attractive and popular. While some other research topics, such as “Thin Films”, “Solar
wind”, “Cosmic Rays”, “Photoluminescence” and so on, have received little attention
from wind energy researchers. Combining the findings in Fig. 5, we notice that these
primary research topics in un-cited papers usually have thicker lines with other research
topics. Since the lines in Fig. 5 can describe the number of co-occurrence times of two
knowledge elements, these research topics usually have higher scientific relatedness. Thus,
this further supports our theoretical views that a paper with a higher scientific relatedness is
more likely to be un-cited. Further, the results indicate that some solar-related materials
have received more attentions (Du et al., 2014), such as silicon, photocatalysis, Tio, and
organic solar panel, while some microscopic research (e.g., Cosmic Rays, Hydrogen and
Microstructure) achieved fewer attentions. Thus, researchers can shift their research topics
from less popular topics to highly concerned topics.

Regression analysis
Table 6 shows the descriptive statistics, variance inflation factor (VIF) and correlations of

all variables in our study. All VIF values in Table 6 are <2, which is much less than the
widely accepted threshold of 5.0. Thus, we can conclude that multicollinearity is not a big
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Table 7 Results of order logit

X Model 1 Model 2 Model 3 Model 4
regression analyses

Authors 0.01* 0.01 0.01 0.01
(0.01) (0.01) (0.01) (0.01)

Knowledge elements ~ 0.12%%* 0.12%* 0.12%* 0.12%*
(0.02) (0.01) (0.02) (0.02)

Abstract length 0.03%* 0.03%* 0.03%* 0.03%*
(0.01) (0.01) (0.01) (0.01)
Organizations 0.04* 0.04* 0.05%* 0.05%*
(0.02) (0.02) (0.02) (0.02)
Funding 0.23%* 0.227%* 0.21%* 0.21%*
(0.06) (0.06) (0.06) (0.06)
Category 0.17%* 0.18%* 0.16%* 0.17%*
(0.03) (0.03) (0.03) (0.03)
Impact factor 0.48%* 0.48%* 0.48%* 0.47%*
(0.01) (0.01) (0.01) (0.01)
Scientific relatedness —0.64%* —0.54%%*
(0.12) (0.13)
Intellectual base 0.12%* 0.11%*
(0.02) (0.02)
LR chi’ 1939 1966 1987 2006
Pseudo R? 0.15 0.15 0.15 0.16
Year effects Yes Yes Yes Yes

* p < 0.05; ** p < 0.01

problem in our study (O’brien 2007). The examinations for each of the hypotheses are
reported in the following section.

The results of order Logit regression model for citation impact of scientific relatedness
and intellectual base are presented in Table 7. Model 1 includes all control variables used
in this study. Model 2 includes control variables and main effect of scientific relatedness.
Model 3 includes control variables and main effect of intellectual base. Model 4 is a full
model that includes all previous terms. Chi squares indicate these models can explain
significant variance in papers’ citation level.

Hypothesis 1 argues that when the scientific relatedness of a paper is high, this paper is
more likely to be un-cited, whereas less likely to be highly-cited. In confirmation of
Hypothesis 1, a negative relationship is found between the scientific relatedness and the
citation level. Models 2 and 4 in Table 7 show significantly negative term for scientific
relatedness (f = —0.64, p < 0.01; f = —0.54, p < 0.01; respectively). This finding is
consistent no matter whether we control the other independent variable (i.e., intellectual
base) in the models. Thus, Hypothesis 1 is supported. Hypothesis 2 predicts that when the
intellectual base of a paper is high, this paper is more likely to be highly-cited, whereas less
likely to be un-cited. As shown in Models 3 and 4 in Table 7, the independent variable,
intellectual base attains significance (f = 0.12, p < 0.01; f = 0.11, p < 0.01; respec-
tively). Again similar results are obtained from Model 3 that only include one independent
variable. Results are also similar with results in Model 4, which is a full model including
two independent variables. Hypothesis 2 is thus fully supported. Table 7 also shows that
several control variables are significant: probability of highly-cited is improved by the
number of knowledge elements, abstract length, the number of organizations authors
belong to, whether the paper is supported by funding, the number of WoS categories and
the impact factor of the journal.
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Conclusions and discussions

The longitudinal dataset, citation analysis and keyword coupling analysis employed in this
study yield several expected findings and some primary contributions. First, we performed
a comparative network analysis in two groups of papers in the solar energy field.
Specifically, we visualized knowledge element co-occurrence networks and paper citation
networks of un-cited and highly-cited papers during 2006-2010. We detected the simi-
larities and differences of network characteristics, research domains and research bases in
un-cited and highly-cited papers. We found that knowledge co-occurrence networks and
paper citation networks of highly-cited papers represent relatively higher degree of inte-
grations than those of un-cited papers. Besides, the most significant knowledge elements
and popular cited papers of highly-cited papers show big differences. Based on that, our
study contributes to the measuring of scientific relatedness and intellectual base by
employing knowledge element co-occurrence network and paper citation networks.
Applying network analysis tools to study scientific relatedness and intellectual base make it
possible to evaluate the knowledge search efficacy in the future research. This study goes
far beyond the focus of surface features of papers. The two measures may expand our
future research of the role of paper knowledge elements in citations and likely opens the
door to a new scope of empirical opportunities.

Second, this paper investigates scientific articles in the solar energy field from the year
2004-2010. We especially conducted analyses of un-cited and highly-cited papers in this
field on the country, organizational and journal levels. Thus, our study contributes to the
research about un-cited and highly-cited papers. This study highlights the influence factors
of un-cited papers, which has not received sufficient attention (Yamashita and Yoshinaga
2014; MacRoberts and MacRoberts 2010). Further, this study firstly highlights the critical
roles of scientific relatedness and intellectual base in paper citations. We found that a paper
with a lower scientific relatedness (or a higher intellectual base) is more likely to be highly-
cited, whereas less likely to be un-cited. Scientific relatedness between knowledge ele-
ments could be a liability rather than an impetus in citation levels. Consistent with prior
research (Bornmann et al. 2010), we found a paper with high intellectual base can avoid
detours and mistakes and provide an in-depth view, receiving more citations from others.

Third, this paper makes both theoretical and policy contributions that stem from our
research findings. In the theoretical section of the paper, we propose that when the sci-
entific relatedness of a paper is high, this paper is more likely to be un-cited, whereas less
likely to be highly-cited. Our empirical results support the theoretical expectations. We
further propose that intellectual base, instead, play a converse important role of scientific
relatedness on citation levels. Put differently, when the intellectual base of a paper is high,
this paper is more likely to be highly-cited, whereas less likely to be un-cited. Energy is a
basic human need, and essential for human and social development. Countries try to
concentrate on research, development and adoption of renewable energy to cope with the
severe challenges in energy issues (Guan et al. 2015). Solar energy is considered as the
largest source of renewable energy supply (Timilsina et al. 2012) and this field continues to
increase rapidly in recent years. Therefore, scientists, knowledge workers, organizations
and even countries should value on the scientific development of solar energy, and then
seize innovative opportunities of solar energy science and thus achieve and maintain high-
quality scientific performance. Researchers might also consider scientific directions and
aim to raise the levels of article quality. With respect to the findings conducted so far,
choosing a scientific direction with which papers can obtain attentions or receive citations
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more easily can be better appropriate. If scientists can analyze their research topics of a
paper in the knowledge element co-occurrence networks, surely they can shift their
research topics into topics with low relatedness with other research topics, thereby
enhancing the citations of this paper. If not, constructing their work based on prior high-
quality papers might also be a good choice because it can help a paper in standing on
giants’ shoulders and developing its intellectual base.

Some limitations may influence our results, which should be noticed in future studies.
First, although citation levels are a common proxy for scientific impact of papers, the
appropriation of the usage of citation level as a proxy is not clear. Citation network
analysis is premised upon an important assumption: higher quality articles are likely to be
cited frequently. However, there is no certain relationship between citation levels and
article quality. For instance, some articles may be highly-cited just because they are
controversial. There could be other reasonable ways to measure scientific impacts in the
future. Second, our empirical data comes from a single industry—solar energy. Such
sampling may limit the generalizability of our findings to other industries. Further
empirical validation is needed in other contexts.
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