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Abstract
The innovation and development of emerging technology mostly depend on the way of 
knowledge convergence defined as the blurring of previously distinct domain-specific 
knowledge. This paper aims to explore the potential motivation of knowledge convergence 
and find the law of knowledge convergence, taking the solar energy field as an example. 
We established Keywords co-occurrence networks of solar energy literature in 2008–2017, 
and then link prediction is introduced to study the structural mechanism of knowledge con-
vergence. We found that: (1) the common neighbor index better characterizes the knowl-
edge convergence pattern in the knowledge networks among four similarity indicators. (2) 
The keywords co-occurrence network could effectively mine the structural characteristics 
of knowledge convergence; (3) the convergence cycle of knowledge in the field of solar 
energy was about 4 years; (4) keywords with higher betweenness centrality or eigenvector 
centrality easily generated knowledge convergence; (5) a literature knowledge convergence 
prediction model is proposed based on these results; and (6) the prediction results showed 
that scholars should pay attention to six basic issues including energy storage, efficiency, 
cost, ecological effect, application scenarios, and hybrid photovoltaic systems. This work 
can provide guidance not only for scholars to grasp the research direction and to generate 
more innovations but for the government to formulate the policies of government funding.

Keywords Solar energy · Knowledge convergence · Complex network · Link prediction · 
Text mining · Bibliometric analysis

Introduction

Convergence can be defined as at least two distinct entities moving toward union (Chan 
and Miyazaki 2015). Practically, the generation of creativity to actual industrial production 
needs to go through the process of knowledge convergence, technology convergence, and 
finally industrial convergence (Zhou et al. 2019). The research of convergence is helpful to 
reveal the innovation characteristics and development trends of emerging fields (Jeong et al. 
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2018). In recent years, technological convergence which brought industrial transformation 
(Sick et al. 2019; Boussemart et al. 2020) and economic and financial problems (Lim et al. 
2018; Stucki and Woerter 2019) has become the focus of scholars’ research. However, as 
the basis of technological convergence, the generation and source of ideas should also be 
concerned and studied. In the academic field, such convergence is manifested as knowledge 
convergence which can be defined as the blurring of previously distinct domain-specific 
knowledge. Specifically, scholars apply different fields and different types of knowledge 
entities to the same problem to complete a research paper (Chan and Miyazaki 2015). The 
blurring of boundaries between different knowledge entities has resulted in many meaning-
ful innovations, especially in emerging technology fields. A quintessential case is the fields 
of solar energy. In early research on solar energy related technologies, most scholars stud-
ied battery materials (Dennler et al. 2008; Morfa et al. 2008), cost (Fthenakis et al. 2009), 
energy storage (N’Tsoukpoe et al. 2009; Nocera 2009), and other single problems. Later, 
scholars gradually considered several issues for research. For example, research that com-
bined material research and development with cost (Wong and Ho 2010); research on the 
combination of photochemistry and solar energy harvesting (Schulze and Schmidt 2015); 
research on the economic analysis of solar technology (Armaroli and Balzani 2016; Shaner 
et al. 2016); and research on solar energy application scenarios, such as desalination (Sha-
ron and Reddy 2015) and building integrated photovoltaic (Chae et al. 2014). The research 
on the field of solar energy is gradually detailed and the number of topics is increasing. 
How to converge different knowledge entities to innovate and promote interdisciplinary 
communication and development has become a focus that scholars pay close attention to. 
Therefore, this paper attempts to take the solar energy field as an example to find out the 
basic characteristics of knowledge convergence rules.

In the study of the innovation process, some scholars have adopted the method of case 
study for solar energy technology and development, and analyzed the current situation of 
solar energy development in certain regions and relevant policies (Dincer 2011; Ferreira 
et  al. 2018; Sahu 2015). Some other scholars have focused on the technological innova-
tion system, and put forward suggestions on the implementation of relevant policies on 
solar energy by studying the innovation diffusion method and path of solar energy technol-
ogy (Kebede and Mitsufuji 2017; McEachern and Hanson 2008). These empirical analyses 
generally require the author to accumulate a more comprehensive professional knowledge 
and have certain subjectivity. It fails to realize the quantitative analysis of development in 
a certain field. Therefore, some scholars try to understand the global trend of solar energy 
research (de Paulo and Porto 2017; Du et al. 2014; Sampaio and Gonzalez 2017) and the 
cooperation mode of research institutions (Sanz-Casado et al. 2014) from the perspective 
of literature. The analysis of literature content can effectively, systematically, and objec-
tively analyze the development status of this field, but the definition and quantitative crite-
ria of the research object are different due to the cognition of the researchers themselves, 
which also reduces the objectivity of the result analysis. However, keywords cannot only 
quickly understand the key points of literature, but also identify the internal relations of rel-
evant technologies, problems, and other knowledge entities (Li et al. 2016). Therefore, this 
paper considers using keywords in literature to explore the trend and rule of text fusion, 
and to find the evolutionary mechanism behind knowledge convergence.

In order to make a full sample analysis and knowledge convergence prediction of the 
literature in a specific field, this paper chose the complex network theory and used a link 
prediction model to make predictions. The method of complex network is one of the com-
mon bibliometric analysis methods (Zhu and Guan 2013), which can quickly analyze huge 
literature materials and master research hotspots and trends. There are some common 
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research perspectives, such as the citation network and the co-citation network (Pilkington 
and Meredith 2009), the collaborative network (Li et al. 2018), and the keyword co-occur-
rence network (Li et al. 2016). In the research of convergence, many scholars apply differ-
ent modeling methods such as patent citation network (Kose and Sakata 2019) and co-clas-
sification network (Aaldering and Song 2019; Yun and Geum 2019) to explore the patterns 
and laws of technology convergence, and some scholars have applied citation networks 
in the field of solar energy to study the influence of scientific relevance and knowledge 
basis on the citation level of articles in the field of solar energy (Zhang and Guan 2017) 
and the path of solar technology development through the open innovation (de Paulo and 
Porto 2017). Link prediction model provides a method to predict the relationship between 
agents and their relations from an information science perspective based on the topological 
network. In recent years, link prediction methods based on the similarity between nodes 
have attracted more attention (Fahimnia et al. 2015; Lu and Zhou 2011). Compared with 
node attributes, the network structure similarity information of nodes is easier to obtain 
and is more reliable. Studies on link prediction mainly focus on the improvement of link 
prediction methods (Clauset et  al. 2008; Liben-Nowell and Kleinberg 2007; Zhou et  al. 
2009), biological networks (von Mering et al. 2002; Yu et al. 2008), and recommendation 
systems (Kossinets 2006; Li et  al. 2015). Among them, in the bibliometric study, some 
scholars have made predictions on the knowledge convergence, knowledge translation, and 
the potential trend of cooperative relations in the certain science field respectively from the 
perspectives of co-word networks (Choudhury and Uddin 2016), citation networks (Zhou 
et al. 2018), and cooperative networks (Kim and Diesner 2019). Gradually, link prediction 
model is applied to the research of the convergence of knowledge networks (Aaldering and 
Song 2019; Park and Yoon 2018). These studies confirmed that this method can be widely 
used in various types of networks and can effectively predict potential links. However, less 
attention has been paid to finding the convergence structural features of knowledge enti-
ties with the link prediction of keywords co-occurrence networks. If different knowledge 
entities appear in the same article, we assume that these knowledge entities converge to 
the article and are linked in pairs. Therefore, the keyword co-occurrence network is con-
structed accordingly. Therefore, this paper applies the link prediction method based on 
node similarity to explore whether the co-occurrence structure of keywords in solar energy 
literature can describe the characteristics of knowledge convergence. Additionally, by ana-
lyzing the network structure and statistical characteristics of keywords co-occurrence net-
works in solar energy literature, we try to find the potential motivation behind knowledge 
convergence and predict the trend of knowledge convergence.

The purpose of this paper is to explore the potential motivation of knowledge con-
vergence and find the law of knowledge convergence. At the same time, a new literature 
knowledge convergence prediction model is proposed and applied to the solar energy 
field to predict the knowledge convergence trend. To describe the connection between 
knowledge entities in the field of solar energy, we established keywords co-occurrence 
networks by taking keywords from literature from 2008 to 2017 as nodes. Secondly, we 
used an evaluation index to evaluate the feasibility of the model with four similarity 
indicators respectively to find the knowledge convergence structural pattern in knowl-
edge networks. Thirdly, the prediction results of knowledge convergence were com-
pared with the real according to the evaluation to find the evolution rules of knowledge 
convergence. Fourthly, to find the knowledge convergence prediction cycle, this paper 
defines the prediction success rate index and analyzed the results. Fifthly, we tried to 
analyze the topological indices of hot keywords to find the rules of the topological rela-
tionships among them in the network. Finally, based on the existing rules, we made a 
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real prediction on the overall keywords co-occurrence network and obtained the trend 
of knowledge convergence in the field of solar energy, so as to provide guidance for 
researchers understanding of the whole field and the future research direction while 
putting forward suggestions for the determination of the direction of government fund-
ing. The main contribution of our work is to explore the potential relationship between 
agents in knowledge networks and propose a novel knowledge convergence prediction 
model.

The rest of this paper is arranged as follows: “Data and methodology” section intro-
duces the data sources and relevant methods of this paper; “Results and analysis” sec-
tion evaluates the accuracy of the algorithm and analyzes the experimental results; 
“Conclusion and discussion” section further discusses the experimental results. The 
main research idea of this paper is shown in Fig. 1.

Data and methodology

Data

The data of this paper is from Web of Science, which is recognized as one of the most 
authoritative index tools of science and technology literature in the world and can pro-
vide the most important research results in the field of science and technology. The data 
was downloaded on October 12, 2018. With “solar energy” as the subject, the literature 
in the Web of Science Core Collection from 2008 to 2018 was retrieved. A total of 6496 
pieces of data was collected. Keywords, as a literature core content and key technology 
overview, can more directly mine the core topic and development trend of the field. 
Therefore, this paper chooses the keywords co-occurrence network to research the lit-
erature in the field of solar energy.

For the initial data, similar keywords are found and synonyms are normalized to 
reduce unnecessary nodes effectively. There are some studies on solar energy such as 
solar wind, solar flare, etc. in the literature, which are not related to new energy and 
irrelevant to the research content of this paper. So, it is necessary to conduct de-redun-
dancy operations for such articles.

Fig. 1  The main research idea of this paper
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Methodology

The construction of complex networks

The complex network is applied to construct the keywords co-occurrence network in the 
field of solar energy. The keywords existing in the same paper are considered to be inter-
related, so all the keywords in the same paper can be connected in pairs. Taking keywords 
as nodes, keywords appearing in the same paper as edges, and occurrences as weights, we 
can construct an undirected weighted keywords co-occurrence network. The construction 
process of the network is shown in Fig. 2.

Taking set V =
{
v1, v2,… , vi

}
 as the nodes in the network, namely the keywords in the 

papers. The mathematical expression of the network can be defined as the following matrix 
K. The matrix K is the set of co-occurrence relations among all keywords in the set N.

and

According to the needs of this research, this paper established keywords co-occurrence 
networks from 2008 to 2017 based on the situation of keywords co-occurrence in each 
year, which is called the keywords co-occurrence subnetwork. At the same time, the net-
work of all keywords co-occurrence from 2008 to 2017 is established, which is called the 
overall keywords co-occurrence network. Also, the CN values of all the unknown edges 
predicted from 2008 to 2017 are taken as weights to establish the unknown edge network, 
which is called the CN prediction network.

Link prediction model

Link prediction method has been proved by many scholars to be well applied to the pre-
diction of inter-agent relationships (Lu and Zhou 2011). According to the structural 

(1)K =

⎡⎢⎢⎣

k11 ⋯ k1i
⋮ ⋱ ⋮

ki1 ⋯ kii

⎤⎥⎥⎦

(2)kij =

{
0 if keyword i and keyword j do not appear in the same article

m if keyword i and keyword j appear inm airticls simultaneously

Fig. 2  The construction of the keywords co-occurrence network
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characteristics of the keywords co-occurrence network, this paper chooses link prediction 
method to predict the connection of potential keyword links.

(1) Overview of link prediction model

For any undirected network G(V ,E) , V  is the set of nodes and E is the set of edges. The 
number of nodes in the network is N(N = |V|) , and the number of edges is M(M = |E|).
Let U = N(n − 1)∕2 , that is, U is the universal set of all nodes in the network. Based on the 
common neighbors of nodes, each pair of nodes ( vx , vy ) without edges is assigned a score 
value named sxy . Since G is an undirected network, sxy = syx . The unconnected node pairs 
are sorted from largest to smallest by score value, and the node in the front is most likely to 
have edges in the future.

In order to test the accuracy of the algorithm, the known edge E is generally divided 
into two parts: the training set ET is used to calculate the score value of the node pair of 
the known edge, and the test set EP is used to test the accuracy of the algorithm. Obvi-
ously,E = ET ∪ EP and ET ∩ EP = � . In general, we choose 10% known edges in the net-
work as test edges randomly, delete these edges from the network, and predict the deleted 
edges based on the information of the remaining 90% edges.

According to the description of the link prediction model above, Fig. 3 shows a simple 
calculation sample of link prediction based on common neighbor (Guan et al. 2016). The 
related similarity indices and evaluation index calculation method will be introduced in 
detail in the following text.

(2) Similarity index based on local information

Using the similarity between nodes to calculate the score value of node pairs is a kind 
of link prediction method. The greater the similarity between two nodes, the greater 
the possibility of a link between them (Lu and Zhou 2011). There are many methods to 
describe the nodes’ similarity. The simplest similarity index based on local information 
is the common neighbor index, which has the advantage of low computational com-
plexity and is suitable for large-scale networks. There are other more complex methods 

Fig. 3  A calculation sample of link prediction algorithm based on common neighbor
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such as based on random walk or likelihood analysis, which consider more information 
and have high algorithm complexity, but the result performance is not necessarily better 
than the algorithm based on local information (Lu et al. 2009). Different similarity indi-
ces based on local information reflect different knowledge convergence preferences. In 
order to find the attachment mechanism of knowledge entities convergence, we choose 
four indicators to measure the knowledge convergence behaviors from different perspec-
tives. They are common neighbor index (CN), Jaccard index (JACCARD), preferential 
attachment index (PA), resource allocation index (RA).

The basic assumption for applying CN index in link prediction is that two uncon-
nected nodes are more inclined to join if they have more common neighbors. We use 
CN as an abbreviation of the value of common neighbors below.

CN index is defined as (Lu et al. 2009):

where Γ(x) represents the neighbor set of node vx ; similarly, Γ(y) represents the neighbor 
set of node vy.

JACCARD index considers the percentage of keywords common neighbors in their 
all neighbors. Because larger neighbors of keyword pairs might generate more com-
mon neighbors, JACCARD weakens the influence of this situation. Jaccard index Jac-
card index.

JACCARD index is defined as (Jaccard 1901):

PA index only considers the number of keywords neighbors, which reflects the pref-
erence of convergence.

PA index is defined as (Barabasi and Albert 1999):

where kx represents the degree of node vx and ky represents the degree of node vy as well.
According to the common neighbors’ degree, RA assigns corresponding capacity of 

knowledge transfer to common neighbors (that is, weights are assigned to them).
RA index is defined as (Zhou et al. 2009):

(3) The evaluation indexes

Considering the algorithm itself, this paper chooses AUC (Hanley and Mcneil 1982) to 
measure the accuracy of the link prediction algorithm. AUC can be understood as the 
probability that the score value of randomly selected edge in the test set is greater than 
the score value of randomly selected nonexistent edge. If the score value of one ran-
domly selected edge in the test set is greater than the score value of the nonexistent edge 
randomly selected, add 1 point; If the two sides are equal, add 0.5. Compare n times 
independently, and then AUC can be defined as (Lu and Zhou 2011):

(3)sCN
xy

= |Γ(x) ∩ Γ(y)|

(4)sJACCARD
xy

=
|Γ(x) ∩ Γ(y)|
|Γ(x) ∪ Γ(y)|

(5)sPA
xy

= kxky

(6)sRA
xy

=
∑

z=|Γ(x)∩Γ(y)|

1

kz
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where n′ means the number of times that the score value of edge in the test set is greater 
than the score value of nonexistent edge, and n′′ means the number of times that the score 
value of edge in the test set is equal to the score value of nonexistent edge.

Prediction success rate indicators

AUC and Ranking Score only measure the accuracy of the model from the perspective of 
the algorithm, but the accuracy of prediction of knowledge convergence was not meas-
ured. Therefore, according to the idea of AUC algorithm, this paper proposes a predic-
tion success rate indicator. Let X = U − E , that is, X is the set of all unconnected edges. 
Through the calculation of link prediction algorithm based on common neighbor, each pair 
of unconnected edges has a CN value. Prediction success rate (PSR) can be defined as:

where si represents the CN value of edge i , and XP represents the edge that is predicted 
successfully.

The hypernym–hyponym model

During the literature keywords processing, due to the diversity of vocabulary and the sub-
jectivity of the author, there are many words with similar meanings. Since there is no uni-
form standard for keyword settings, the processing of such texts needs to measure the simi-
larity of word meaning as a factor for the success of prediction.

In the process of text processing, the calculation of word meaning similarity can be 
measured according to the degree of superposition between hypernyms hyponyms (Yang 
and Ping 2018). As can be seen from the characteristics of keywords, most keywords are 
a collection of several nouns or the structure of "adjective + noun". According to the char-
acteristics of language, the collection of nouns, except for the central noun, all the other 
nouns modify the central noun and actually act as adjectives. According to this characteris-
tic, we may consider that "noun A" is the hypernym of “adjective 1 + … adjective n + noun 
A”. The latter is the subdivision of the former topic. If "noun A" is predicted to have a 
knowledge convergence of other words, we can still regard a success of prediction in the 
case of the conjunction of the “adjective 1 + … adjective n + noun A” with the same word. 
The four ways to predict successfully are shown in Fig. 4.

Topological index

This paper focuses on the prediction of potential topics integration. It focuses on specific 
nodes and needs to analyze local topological indicators. Therefore, we choose four indica-
tors to measure: weighted degree (WD), closeness centrality (CC), betweenness centrality 
(BC), and eigenvector centrality (EC).

(1) Weighted degree (WD)

(7)AUC =
n� + 0.5n��

n

(8)PSR =
1∑
i∈X si

�
i∈XP

si
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The weighted degree can describe the degree of correlation between a certain keyword 
and another keyword. The weighted degree of a node can be defined as (Linton and 
Freeman 1978):

where wi is the weight between vi and vj.

(2) Closeness centrality (CC)

The closeness centrality of a node is the sum of the shortest distance between the node 
and all other nodes in the graph. The closeness centrality of a node can be defined as 
(Brandes 2001):

where dij represents the shortest distance between points i and j.

(3) Betweenness centrality (BC)

The betweenness centrality of a node describes the degree to which a point is "in the 
middle" of other "node pairs" in the graph. The greater the betweenness centrality, the 
more “mediating” it is in the diagram. The betweenness centrality of a node can be 
defined as (Goh et al. 2003):

(9)SWDi =
∑
j∈Ni

wij

(10)SCCi =
N − 1∑N

j=1,j≠i
dij

Fig. 4  Four situations of predicting successfully
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where CABi represents the absolute betweenness centrality of a node, gjk represents the 
number of existing paths between node j and node k , gjk(i) represents the number of paths 
between node j and node k which pass through node i.

(4) Eigenvector centrality (EC)

Connecting to a node with a high score node contributes more to the node’s score than 
connecting to a node with a low score. The high eigenvector score means that a node is 
connected to many nodes that have high scores of their own. The importance of a node 
depends on not only the number of its neighbors (that is, the degree of the node), but the 
importance of its neighbors.

The eigenvector centrality of a node can be defined as (Bonacich and Lloyd 2001):

where Nt is the set of neighbor nodes which directly connected with node t , and � is the 
number of nodes in the set of Nt.

Results and analysis

Knowledge convergence structural pattern and feasibility study

In this part, we apply four indicators to explore which local structural knowledge conver-
gence pattern is the closest. We choose AUC to evaluate the feasibility of this model with 
different indicators. Figure 5 shows the AUC values of the links prediction model with four 
indicators respectively for the calendar years from 2008 to 2017. As can be seen from the 
figure, the AUC values of the four indicators were all greater than 0.65, especially the AUC 
values of CN index, JACCARD index, and RA index were greater than 0.95. Therefore, the 
link prediction algorithm based on local information similarity indicators has higher accu-
racy in this kind of knowledge networks.

(11)SBCi =
2CABi

(N − 1)(N − 2)
=

2
∑N

j

∑N

k

�
gjk(i)

gjk

�

(N − 1)(N − 2)

(12)SECi =
1

�

∑
z∈Nt

SECz

Fig. 5  The accuracy evalua-
tion of link prediction model in 
2008–2017
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From these results, we can find structural mechanism of knowledge convergence. First, 
the accuracy of the algorithm based on PA index is obviously lower than the other three 
types. Although a few keywords have a large degree value in the knowledge network, it 
does not mean that these keywords are more likely to generate knowledge convergence. 
Because of this attachment pattern, knowledge convergence in knowledge networks tends 
to diversify and lead to innovation. Secondly, the algorithm accuracy of CN, JACCARD, 
and RA is roughly similar, in which CN is slightly higher. These three indicators all con-
sider common neighbors of keywords pairs, while JACCARD index takes into account 
neighbors’ size of keywords pairs, and RA index distinguishes the importance of different 
common neighbors. However, in actual researches, more common researches can also gen-
erate scholars’ new ideas, while the size of relevant research scale and the difference in the 
heat of common researches have no obvious influence on knowledge convergence. Based 
on these findings, we will choose CN index to measure structural characteristics of knowl-
edge convergence in this knowledge network.

Comparison of predictive keyword links with real keyword links

According to the characteristics of the commonly correlated keywords of the tested edge, 
we calculated the unknown edges CN values and the CN value of the unknown edge was 
ranked year by year. For high ranking keyword links, their topological relations indicated 
that the keyword links had the possibility of integration in the future, and the forms of inte-
gration were richer with more commonly correlated keywords.

Different literature has different authors, which leads to the subjectivity of keyword 
settings in literature. However, as the writing of literature must be based on the existing 
results of other literature for evidence-based innovation, the setting of keywords is not too 
subjective. That is due to that authors tend to use the same terminology and the normaliza-
tion of some synonyms has been completed in the data preprocessing. For the existence of 
a large number of subtopics of a certain topic, we choose the hypernym–hyponym model 
for approximate processing.

With the deepening of research, a certain keyword could generate different subtopics. 
A typical example is shown in Table1. In 2008, it was predicted that efficiency and hydro-
gen might potentially converge: Efficiency and biohydrogen appeared in the same paper in 
2009; efficiency and hydrogen production appeared in the same paper in 2011. There are 
other similar cases listed in Table 1. Although there are some differences in the meaning 
between biohydrogen and hydrogen, we can considere that biohydrogen is a hyponym of 
hydrogen, namely a subtopic of hydrogen. Such a result could be regarded as the success of 
our prediction in 2008. The occurrence of a hyponym is a subdivision of the topic, which 
could better promote more refined research in the field of solar energy.

According to such rules, we selected the keyword links ranking the top five in each 
year’s CN value for verification and analysis, as shown in Fig. 6. Light orange represents 
the prediction of the potential integration of the keyword links in that year and dark orange 
represents that the keyword links appeared in the same paper in the corresponding year, 
namely a successful prediction.

Three rules can be found shown in the figure by comparing the predicted results with 
the real ones. First of all, keyword links CN values ranking higher in 2009 and 2010 did 
not appear for the next few years. Through the analysis of the new energy field from 2009 
to 2010, we know that the global economic crisis occurred in 2008. During the three years, 
the price of crude oil rose, and the country did not have the extra economic capacity to 
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develop and use new energy. Therefore, the research on new energy focused more on 
basic research, that is, the research on materials needed to collect solar energy. From the 
keywords with high ranking CN values in 2009 and 2010, it can be found that keywords 
related to research on new energy materials, such as Norbornadiene, DFT Calculation, 
EDTA, and New Methylene Blue, appeared more frequently, but after these two years, such 
keywords largely disappeared. Also, it is shown that scholars no longer paid any attention 
to these topics generally after the basic research was completed. Most of the potential key-
word links predicted from 2008 also skipped 2009 and 2010 and were verified successfully 
in subsequent years. This also verifies that a big event like the financial crisis has a cer-
tain impact on the research direction of scholars. Secondly, except for the first three years, 
the keywords with higher CN values had been largely verified in the following years. This 
proves that keyword links based on the link prediction of common neighbors were more 
likely to be knowledge convergence by scholars in future studies without the impact of big 
events. It guides scholars to integrate research topics. Thirdly, in the process of verification, 
we found that if the predicted potential keyword links did not appear in the following three 
or four years, they would not appear in the future. This shows that scholars have certain 
timeliness in the research direction and field of solar energy. With the emergence of new 
topics, some topics will die out with time.

Prediction success rate

The previous section makes a comparative analysis of the relationship between the poten-
tial of knowledge convergence prediction and the real situation. Some predictions were 
successfully verified in the second year, some took two, or even three or more years to be 

Table 1  The links between efficiency and hydrogen in following years after prediction in 2008

Source Target Year

Efficiency Biohydrogen 2009
Efficiency Hydrogen production 2011
Electrolyze efficiency Solar hydrogen system 2011
Efficiency Hydrogen production 2012
Efficiency Hydrogen production 2012
Efficiency Hydrogen 2013
Light conversion efficiency Photobiological hydrogen 2013
Exergy efficiency Hydrogen production 2014
Efficiency Hydrogen 2015
Efficiency Hydrogen 2016
Efficiency Hydrogen production 2016
Energy efficiency Hydrogen storage 2016
Energy efficiency Hydrogen system 2016
High efficiency for visible Photocatalytic hydro-

gen generation
Low hydrogen adsorption energy 2017

Energy efficiency Hydrogen production 2018
Energy efficiency Levelized cost of hydrogen 2018
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verified, and some were never verified. Then, how many years does the knowledge conver-
gence predicted by the link prediction model usually take to be verified?

In order to solve this problem, we calculated the prediction success rate in differ-
ent years after 1, 2,… n years respectively, which is shown in Fig. 7. In order to unify the 
research, we selected all the keywords with a CN value greater than 5 and verified them 
year by year. As shown in the figure, the line Y + 4 is at the top of the figure, indicating that 
knowledge convergence was more likely to occur in the fourth year after the prediction. 

Fig. 6  Potential knowledge convergence in 2008–2017 (rankings in the top five)
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Therefore, researchers should pay extra attention to knowledge convergence that has been 
predicted over the past four years.

Centrality characteristics of hot topics

Because some keywords appear for a short time, but also have more common neighbors 
with other keywords, the link prediction model may fail to predict. But these keywords 
didn’t appear frequently, and the keywords with a large CN value appeared frequently in 
the link prediction of potential knowledge convergence every year. We tried to identify the 
topological characteristics of these keywords which may integrate with many keywords, so 
as to find the rules.

We selected the keyword links with a high CN value ranking every year, calculated 
the occurrence frequency of each keyword to find the top three keywords each year, and 
observed their distribution in the network, as shown in Fig. 8. The figure shows subnet-
works of a layer of neighbors of predicted hot keywords each year. As we can see from 
the figure, most of the hot keywords in 2009 and 2010 were at the edge of the network, 
and the density of their subnetworks was low. In the past two years, especially in 2010, the 
link prediction of hot keywords had not been verified. In addition to these two years, hot 
keywords of the other years were mostly in the center of the network and the subnetwork 
densities were all higher.

According to the rules in Fig. 8, we calculated the closeness centrality (CC), between-
ness centrality (BC), and eigenvector centrality (EC) of the keywords in each year to find 
the ranking of the keywords annually and to observe their distribution characteristics. Fig-
ure 9 shows the ranking percentage of the three indicators of hot keywords each year. The 
lower the percentage, the higher ranking, otherwise, the lower ranking.

From the figure, it can be observed that eigenvector centrality (EC) of all these key-
words ranked higher. Closeness centrality (CC) ranking was between 20 and 80%, which 
was not characterized by prominence. The ranking of betweenness centrality (BC) had a 
large range and showed a state of polarization. However, after observing each year’s suc-
cessful prediction, the keywords with a higher ranking of betweenness centrality were easy 

Fig. 7  Y + n years prediction success rate in the past 10 years
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Fig. 8  Distribution examples of potential knowledge convergence in keywords co-occurrence subnetwork 
(gray words indicate that the predicted links of the keywords are not verified)

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Fig. 9  The distribution of centrality index ranking with hot keywords from 2008 to 2017 (the grey dot indi-
cates that the knowledge convergence prediction with this keyword was not verified in the following years)
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to integrate with other keywords, while the keywords with lower-ranking were less likely to 
integrate, but they also had a trend.

Literature knowledge convergence prediction model

According to the above results, the following prediction model can be summarized for lit-
erature knowledge convergence prediction, as shown in Fig. 10.

Keywords in the literature were used to construct the keywords co-occurrence network 
and to calculate the CN value of the nonexistent links. The links with a higher CN value 
have a higher possibility of the trend of knowledge convergence. In the meantime, we can 
construct a CN network that takes the keyword as nodes, the nonzero CN value links as 
edges, and CN value as weight. Then, the calculated weight degree (WD), the calculated 
betweenness centrality (BC) and the calculated eigenvector centrality (EC) of the higher-
ranked keywords are defined as hot topics, core topics, and easily fusion topics separately. 
According to the three types of keywords combined with the prediction of the links with 
higher CN values, a new trend of knowledge convergence would be found in a certain field.

Future potential knowledge convergence prediction

According to the link prediction analysis for the past decade, we constructed the overall 
keywords co-occurrence network based on all the data from 2008 to 2017 and use the link 
prediction model based on the common neighbor for this network. Therefore, we calculated 
the CN values of all the unknown edges. According to the results obtained, a new network 
was constructed for all the nonexistent edges with a CN value greater than 1, where the 
weight was the CN value of the edges. According to the CN prediction network generated 
by the results of link prediction, we analyzed the weighted degree (WD), betweenness cen-
trality (BC), and eigenvector centrality (EC) of the keywords with a higher ranking in the 
CN prediction network.

Fig. 10  Literature knowledge convergence prediction model
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The unknown edge would be more likely connected in the future with the high CN 
value. In order to more intuitively see the potential knowledge convergence with greater 
possibility, we filtered out the CN value ranking the top 100 edges (that is, where the 
CN value of the unknown edge was more than 200), and the network is shown in Fig. 11 
(where the higher weighted degree value of the keyword is shown with the larger node 
and word size). The emergence of the links in this network predicted the future potential 
knowledge convergence.

Figure 12 lists the top 10 keywords for the values of weighted degree (WD), between-
ness centrality (BC), and eigenvector centrality (EC). A higher weighted degree (WD) 
indicated that the keyword would have more common words with other keywords and have 
a higher possibility of knowledge convergence. Such keywords are defined as hot topics. 
As we can see from the picture, renewable energy is in a higher position and energy har-
vesting, thermal energy storage, and efficiency are all hot keywords of knowledge conver-
gence. In the application scenarios, desalination and hydrogen production tended to gen-
erate knowledge convergence and the technologies with a high possibility of knowledge 
convergence were exergy and organic Rankine cycle. In terms of materials, the research on 
phase change material was more likely to be converged with other topics.

Betweenness centrality (BC) describes the extent to which a certain keyword is at the 
core of knowledge convergence, and keywords with a higher mediation centrality are 

Fig. 11  The visualization of CN prediction network (CN > 200)
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defined as core topics. Scholars pay close attention to the research question, renewable 
energy, energy storage, energy conversion, and efficiency became integrated subjects at the 
core of the topic. The exergy approach, as well as photovoltaic cell, dye-sensitized solar 
cell, and phase change material, were at the center of research integration. Among them, 
the problems of renewable resources, energy storage, efficiency, exergy, and the weighted 
value and intermediate centrality of phase change materials were all relatively high, which 
are the hot issues of knowledge convergence.

Eigenvector centrality (EC) describes the importance of keywords connected by a cer-
tain keyword. Keywords with high eigenvector centrality are defined as topics that are easy 
to converge with hot topics. Scholars research on heat transfer, energy conversion, barri-
ers, and optical property are apt to converge with hot topics. Desalination and Saudi Ara-
bia are also subject to hot topics. In terms of methods, GIS technology, MPPT controller 
(Maximum Power Point Tracker), and life cycle assessment are likely to fuse with hot top-
ics. Energy conversion is not only the core topic of knowledge convergence but also the 
integration of hot issues. The desalination itself is a hot issue and it could also be easily 
converged with other hot issues.

Analysis of typical keywords neighbor networks

According to the CN prediction network and the topological characteristics of the key-
words, we selected two typical subnetworks in the CN prediction network, as shown in 
Fig. 13. Figure 13a shows the desalination neighbor network, which is a practical applica-
tion of solar technology. In this neighbor network, keywords of desalination, solar col-
lector, hydrogen, energy harvesting, exergy analysis, energy efficiency, optimization, 
photovoltaic, and organic Rankine cycle are approximately fully connected. Therefore, 
the combination of these knowledge entities may be a trend of future research. For exam-
ple, exergy analysis should be applied to analyze the energy efficiency of desalination in 
terms of photovoltaic technology, so as to further study how to improve the efficiency of 

Fig. 12  List of top 10 keywords for the values of weighted degree (WD), betweenness centrality (BC), and 
eigenvector centrality (EC)
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desalination and reduce costs. Also, organic Rankine cycle can be considered for solar col-
lectors to improve the efficiency of desalination. Also, desalination with economic analy-
sis, geothermal energy, and combined cooling heating and power (CCHP) would be easy 
to converge in future studies. Figure 13b shows the neighbor network of exergy. Compared 
with the desalination neighbor network, this neighbor network is simple and has a star 
shape. Based on existing relevant research, scholars can generate creativity by combining 
exergy with other keywords in neighbor networks. Exergy is a technology that measures 
energy efficiency and environmental impact. By using exergy technology, it can be meas-
ured whether new materials or new technologies can improve efficiency or reduce environ-
mental impact. For example, exergy can be used to measure the efficiency of the combined 
cooling heating and power (CCHP) system for urban power generation compared to other 
systems. Notably, exergy can be combined with life cycle assessment to more compre-
hensively describe the impact of technology on the environment and its power generation 
efficiency.

For the prediction results, scholars can find the keywords they are interested in firstly, 
then study the potential knowledge convergence and expand the topic based on existing 
research, so as to find a better solution to the problem. We can also focus on hot topics 
and core topics in this field, finding the direction of the potential knowledge convergence 
around such issues and conducting further research on this basis.

Conclusion and discussion

Potential motivations of knowledge convergence

In order to explore the potential motivation behind knowledge convergence, we introduced 
link prediction model and compared the prediction accuracy of four different prediction 
indexes. We find that common neighbors—two different agents that connect the same 
knowledge entity—are more likely to generate new research. Also, it is confirmed in the 
comparison of predicted and real keywords links each year. However, the comparative veri-
fication also found that the index of common neighbor (CN) alone is not completely relia-
ble due to the changes in the external environment. Therefore, we introduced the centrality 

Fig. 13  Typical keywords’ neighbor networks
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measurement method to eliminate the false prosperity caused by the local substructure of 
the network at a certain period.

Keywords with a high weighted degree (WD) are regarded as hot topics, which are usu-
ally the star topics studied by scholars. Keywords with high betweenness centrality (BC) 
are regarded as core topics. They are usually the key topics connecting two fields which 
are also important knowledge entities for convergence. Keywords with high eigenvector 
centrality (EC) are regarded as easy fusion topics, as they are easier to be combined with 
hot topics to generate new ideas from scholars. The recognition of these three kinds of key-
words can effectively reduce the impact of marginal topics in the field at a certain period 
on the prediction, which can predict more accurately in knowledge convergence. Addition-
ally, the recognition of these keywords is also of great help for scholars to understand the 
development and innovation of the whole field.

Due to the subjective innovation of scholars and the flexibility of keywords, a single 
prediction model may fail. Therefore, we proposed the literature knowledge convergence 
prediction model, which adds the measurement of the centrality of the main body in the 
network based on link prediction, so as to eliminate the influence of some external factors 
and make a more accurate prediction and judgment.

Characteristics of knowledge convergence

The knowledge convergence of the literature in the field of solar energy has its unique char-
acteristics. Due to the high accuracy of the CN-based link prediction, we can confirm that 
scholars tend to integrate the knowledge entities with common entities that have been stud-
ied together in previous literature in their research, which leads to knowledge innovation. 
Based on CN index, we can use link prediction to find more characteristics of knowledge 
convergence of scientific research.

Scientific research is a long process, which may last for several months, one year, three 
years, five years, and even decades. Therefore, the prediction of knowledge convergence 
also has the problem of the time cycle. By comparing the predicted results of different 
years with those of the following years, it was found that predicted knowledge convergence 
could take place in about three or four years. In one to three years some knowledge entities 
would converge and a peak would be reached in 4 years that would then gradually level off. 
If the predicted knowledge convergence does not take place after three or four years, it may 
be that a certain keyword has gradually died out, which is easier to identify in the actual 
research. Therefore, we should pay attention to the prediction of knowledge convergence 
of solar energy literature for four consecutive years and then find the trend of knowledge 
convergence in the future based on the overall prediction.

The research on the centrality index of keywords can be concluded as follows: firstly, 
keywords with higher eigenvector centrality were connected with more important key-
words, which are easier to converge with other knowledge entities. Secondly, keywords 
with a higher betweenness centrality were at the core of the network. The connection of 
many keywords depends on these keywords. In the meantime, these knowledge entities are 
easier to converge with others. Finally, keywords with lower betweenness centrality were at 
the edge of the network, but the keywords that rely on common connection keywords can 
generate links, although the possibility is lower. Although it is difficult to generate knowl-
edge convergence in the actual situation for this kind of keyword, from the perspective of 
prediction, it has a trend of convergence which is the important perspective that scholars 
need to focus on.
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Suggestions on the research direction for scholars

Through our research on the potential drivers of knowledge convergence, we apply the 
prediction model to the field of solar energy. We can get research trends and research 
priorities in this field: The research on solar energy can be divided into six issues, 
namely energy storage, efficiency, cost, ecological effect, application, and hybrid pho-
tovoltaic systems. The sub-issues and knowledge convergence derived from the research 
are shown in Fig.  14. These six questions are all the focus of solar energy research, 
which can produce multi-angle, multi-directional convergence. In this figure, the focus 
is on technical innovation, which directly reduces the cost of photovoltaic technology, 
while energy storage, material, and life time of devices and other issues directly rely on 
technical innovation. Also, the cost could be influenced by the location problem (distri-
bution), which requires the study of temperature and solar irradiance. These problems 
directly affect the efficiency of power generation.

With the deepening of research, the topic is enriched and developed constantly, and 
scholars’ research on solar energy and related topics is refined and deepened continu-
ally. Therefore, our results are helpful for researchers to better understand the current 
research situation and future research direction of solar energy. Based on the prediction 
of the knowledge convergence of solar energy research, we have provided the follow-
ing suggestions for relevant scholars to facilitate researchers to grasp the direction of 
research and for the government to formulate the policies of funding.

1. In the research of solar energy, energy conversion technology, energy efficiency and 
energy storage (battery) are the core issues of long-term concern in this field. From the 
practical point of view, these problems are also the key issues in the development of 
solar energy and the core problems that need continuous breakthroughs. Therefore, they 
should be paid attention to by scholars and relevant enterprises, and breakthroughs in 
core technologies can make solar energy better serve users’ daily life.

Fig. 14  Research direction and knowledge convergence of solar energy
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2. Solar energy has the advantages of renewable and clean, but its acquisition cost and 
storage technology also limit its development. Single energy generation will be limited 
by many aspects. The development of renewable energy in the future requires scholars 
to study hybrid power generation technologies combining solar energy, wind energy, 
marine energy, and even traditional fossil energy. In fact, scholars have also made many 
contributions to the technology of hybrid power generation. For example, the Combined 
Cooling Heating and Power (CCHP) system combines hydropower, biological energy, 
wind energy, solar energy, and all other resources that can generate electricity or heat, 
and combines the power generation system with the Heating and Cooling system, pro-
viding a comprehensive way of energy supply for users.

3. The emergence of major technologies is conducive to promoting the knowledge flow, 
such as exergy, which provides a new perspective for the calculation of energy loss and 
energy efficiency. In future studies, exergy can also combine the topics of life cycle 
assessment and economic analysis to carry out cost analysis on various photovoltaic 
technologies. In addition, exergy can also be combined with CCHP to evaluate the 
energy loss and cost accounting of the comprehensive energy supply method proposed 
by the scholars in the whole life cycle. Also, the organic Rankine cycle is proposed to 
apply solar energy technology in seawater desalination scenarios, and could even be 
used to convert solar energy into electricity.

4. Scholars should pay attention to interdisciplinary research. For example, the application 
of the life cycle assessment method combines the economic cost and environmental 
cost in the solar energy conversion process with the research of traditional technolo-
gies, effectively promoting the development of solar energy towards a cleaner and more 
economical direction.

5. Both technology-driven knowledge convergence and interdisciplinary knowledge con-
vergence greatly improve scholars’ ability to solve problems. While focusing on hot 
issues, scholars should think more about how to integrate different factors of production 
and technological methods to solve problems more practically. The flow and conver-
gence of knowledge in a wider range can more effectively promote innovation and social 
progress.

The above is the discussion on the potential motivation and characteristics of knowledge 
convergence and relevant suggestions for scholars based on the predicted results in the 
field of solar energy. Further research should incorporate the direction of knowledge con-
vergence into the link prediction model and give more consideration to the time factor of 
topic evolution. In addition to the research on knowledge convergence, the dying topic and 
emerging topic are also important guiding factors for scholars’ research, so as to improve 
our understanding of the historical dimension of the whole research field and make more 
accurate predictions of future knowledge convergence.
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