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Abstract
Influential scientific papers tend to be primarily based on combinations of prior works. However, assessing the potential impact of a
new scientific paper remains a challenging task. In this article, we introduce an innovative framework to investigate the relationship
between the embedding of citation networks and a paper’s future citation counts, based on the graph representation learning approach.
First, we employ three Nobel Prize-winning topic papers from the Web of Science as our data source. Through data preprocessing and
direct citation network modelling, we train the struc2vec model to obtain embeddings of papers’ citation network structure. Then, we
perform visualisation and analysis on two types of networks. One is the direct-citation network, in which we identify four patterns of
linkage between newly published papers and existing knowledge, and the other is the co-citation network, where we measure three
structural variation indicators of new papers based on existing research findings. Finally, a statistical test is used to examine the predic-
tive potentials of network embeddings. The results demonstrate that the structural features captured by the graph representation
learning model can be used to predict a paper’s citation counts and impact. This article innovatively combines cluster analysis, visual
analysis and statistical analysis to gain insights into the relationship between the hard-to-explain structural embeddings of newly pub-
lished papers in a citation network and their future citations.
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1. Introduction

Science can be described as a complex, self-organising, evolving network of scholars, projects, papers and ideas that reveals

new scientific paradigms in scientific research [1,2]. If only bare, truly innovative and highly interdisciplinary ideas are left,

they may not have the greatest scientific impact. Instead, to enhance their impact, novel ideas should be placed in the

context of existing knowledge [3]. Some researchers claim that the greatest impact is based primarily on traditional prior

work with unusual combinations [3,4]. It is a sign of high-quality research that is embedded in previous studies. Thus,

citation counts are regarded as an important metric of research evaluation as they reflect this embedding [5].

Papers’ citation count becomes the de facto standard for predicting and evaluating the impact of an article [6],

researcher or institution [7], and many studies have focused on measuring and predicting the citation of publications

[8,9]. The information used for citation prediction in prior research includes the number of pages, number of references,

h-index [10], journal factors [11,12], keywords [13], institute [5] or other altimetric indicator [14], such as access counts,

download counts and citation counts. Regression models [5,15–18], differential equation models [19,20], machine learn-

ing models [21], neural network methods [22–25] and graph models [2,26] have been widely used in citation count pre-

diction. For example, Yan et al. [27,28] consider several regression models to formulate the learning process and use a

range of features to predict citations which include author, content, venue, venue rank, venue centrality, topic rank,

diversity, h-index, author rank, productivity, sociality and authority. Using author, venue, and article characteristics,

Chakraborty et al. [29] divided citations into six groups and then constructed a regression model to predict the citation

count within each group. Wang et al. [19] developed a mechanistic model to predict the citation dynamics of individual

papers; they indicate that all papers tend to follow the same universal temporal pattern. Huang et al. [30] proposed a

fine-grained citation count prediction task to predict in-text citation count from each structural function of a paper sepa-

rately. Davletov et al. [31] employed machine learning approaches to predict the citation performance of articles by

using temporal features. Du et al. [32] proposed a method to predict the citation counts of papers by using a modified

LSTM (Long Short-Term Memory) network. Abrishami and Aliakbary [24] proposed a sequence-to-sequence neural

network model to predict the long-term citation count of a paper. Shi et al. [33] hold that the structure of networks and

the network characteristics of science largely determine how science evolves. Shibata et al. [34] used citation network

topology analysis to investigate the factors that influence academic papers’ potential to be cited. Min et al. [35,36]

showed that certain features in the citation structure can distinguish between breakthrough and non-breakthrough papers,

and recently, they proposed to predict early breakthrough research from variations in knowledge structure from a citation

structure perspective.

Overall, existing literature shows that researchers have considered many methods and information in predicting the

impact and citation counts of research papers. Related studies have also suggested that, for most of the indicators consid-

ered, evaluating citation impact is a time-consuming game due to the lack of data from newly published papers [14].

Due to its high generalisation ability, representational learning technologies are increasingly being used in information

science research. Network representation learning (NRL) is the bridge between the raw data of the network and the net-

work application tasks [37]; it represents the characteristics of each node in the network as a low-dimensional vector.

These node representations can then be used in tasks such as node classification [38] and link prediction [39]. In recent

years, NRL has attracted the attention of researchers in the fields of scientometric and science of science research, and

related scholars apply it to community clustering [40,41], scholar evaluation and scientific collaboration [42–44], paper

impact prediction [45], topic identification [46–49] and journal evaluation [50].

It is worth noting that the above studies seldom perform well on the classification task of determining whether the

local topology of two nodes is equivalent, and the intrinsic cause is that the nodes in the network are homogeneous, that

is, two nodes have edges connected because they have some highly similar characteristics. To address it, a graph repre-

sentation learning named struct2vec [51] was proposed to generate node vector representations on the network that pre-

serve structural features, which learns low-dimensional embedding representations for nodes in a graph and can be used

to detect nodes in networks with similar structural characteristics. An early sign of a newly published paper’s potential

impact or novelty is how the paper has constructed links between itself and the existing knowledge network [52]. To

investigate such links in the context of citation networks, it is essential to characterise structural features that describe

how a new paper is embedded in the existing knowledge space.

In this study, we investigated whether the structural features of a scientific publication relate to its future citation

impact. First, we adopt the struct2vec algorithm to generate a vector for each new node (newly published paper) in the

citation network to obtain its topological characteristics in the network. Through visual analysis of direct citation net-

works and co-citation networks, we explored the relationship between a paper’s future citations and its connection to

existing knowledge clusters and elements. Then, we identified four patterns of how newly published papers link to the

previous intellectual network. Furthermore, we quantitatively validate the relationship between structural features and
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future citations using regression analysis, which method allows us to assess the significance of these features in predict-

ing the impact and citation count of a paper within the academic community.

This work contributes to the research of science in the following ways: First, our research proposes a new framework

to investigate how network embeddings relate to papers’ future citation counts based on the graph representation learn-

ing approach. Second, we perform visualisation and analysis on two different types of networks to better illustrate the

network embeddings and identify four patterns of linkage between newly published articles and existing knowledge that

might influence their future citations. Our research offers a novel perspective on quantitatively analysing the hard-to-

interpret network embeddings, which may provide practical implications for research on scientific impact in a broader

sense by integrating deep learning with visual analysis and statistical methods.

The organisation of this article is as follows. In Section 2, we describe the overview of our research framework, fol-

lowed by data strategies and detailed methodology used in this study. In Section 3, we present the case-study visual ana-

lytics and illustrate our findings of the analysis. In Section 4, we illustrate the statistical test result of our study. In

Section 5, we discuss the results and their implication and conclude the article.

2. Methodology

As shown in Figure 1, we simply clarify the overall research framework of our study. For a given research topic, we first

query the ISI Web of Science (WOS) Core Collection database to obtain bibliographic data related to the topic. After

data preprocessing operations such as field parsing, null filtering and citation relationship extraction, then, we train the

direct citation network with the struc2vec representation learning model, obtain the embedding vector representation of

all nodes and use the K-means algorithm to cluster these vectors. For more visual observation of the variation in citation

structure, we construct direct citation networks and co-citation networks by using Gephi and Citespace software, respec-

tively. Finally, we use regression models to examine the relationship between the network structure of newly published

papers and their future citations.

2.1. Data acquisition and definition

The purpose of this study is to investigate how newly published papers are embedded in the intellectual networks consti-

tuted by past papers. More specifically, newly published papers are the objects we want to study the structural variation

of the network, papers published before the publication year are historical papers and the cut-off year for citation status

Figure 1. Overview of the key process for this study.
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statistics is defined as the observation year. For example, if we consider papers published in 2005 as ‘newly published’,

thus 2005 is the publication year, and then all relevant papers published before 2005 are our historical papers. If we want

to study the citations of those papers in the publication year up to 2019, thus the year 2019 is the observation year, and

then we will count the number of citations of those papers in the publication year up to 2019 and use them to test the pre-

diction effect of network structure variation.

We first collected papers published before the publication year in the WOS Core Collection database on three Nobel

Prize-winning topics: Autophagy, Helicobacter pylori and Graphene. We excluded publications that are not articles, let-

ters or reviews. The first topic – Autophagy, or autophagocytosis, is also known as type II cell death [53]. In 2016, the

Nobel Foundation announced the award of the Nobel Prize in Physiology or Medicine to Japanese scientist Yoshinori

Ohsumi for discovering the principal mechanisms underlying this cellular autophagy process. For this topic, the publica-

tion year is 2005 and the observation year is 2019. The query we used for this topic is ‘autophagy’, ‘autophagocytosis’

and ‘cellular autophagy’. For the second topic – Helicobacter pylori, the Nobel Prize in Physiology or Medicine for

2005 jointly to Barry J. Marshall and J. Robin Warren for their discovery of the bacterium Helicobacter pylori and its

role in gastritis and peptic ulcer disease, and the related work was published around 1997. The search terms are ‘helico-

bacter pylori’ and ‘H. pylori’. In this case, the publication year is 1997 and the observation year is 2019. For the third

topic – Graphene, the Nobel Prize in Physics 2010 was awarded jointly to Andre Geim and Konstantin Novoselov for

their groundbreaking experiments regarding the two-dimensional material graphene; we used 2004 as the publication

year and 2019 as the observation year and use ‘graphene’ as a search query to collect data.

The number of papers until each publication year of three topics is 216, 245 and 789, respectively. The distribution of

the number of citations for papers on the three topics is shown in Figure 2.

2.2. Citation NRL

We generate direct citation networks using citation relationships between papers in the original bibliographic records

dataset for a certain research topic. Building on these networks, we propose a method for applying struct2vec to capture

a citation network’s structural features. In contrast to node2vec, which optimises node embeddings so that nearby nodes

in the graph have similar embeddings, struc2vec captures the roles of nodes in a graph. Even if structurally similar nodes

are far apart in the graph, the representations of the nodes learned by struc2vec would be similar. Struc2vec learns low-

dimensional representations for nodes in a graph, generating random walks through a constructed multilayer graph start-

ing at each graph node. The distance between the latent representations of nodes is strongly correlated to their structural

similarity.

Figure 2. Citation counts distribution of three topics.
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In our approach, as depicted in Figure 3, we first create a direct citation network G using the collection of papers on

the selected research topic. An embedding representation on G is performed by the struc2vec model. Specifically, a mul-

tilayer graph is generated for each node context and a sequence of nodes is generated via biased random wandering on a

multilayer graph. Finally, we use the skip-gram model to learn the node representation and generate a 128-dimensional

embedding vector representation of each node in G.

2.3. Embedding results clustering and visualisation

For the node embedding vectors trained by the struct2vec model, the more similar the vectors represent, the more similar

the structural features of the nodes in the network. To learn papers with similar structural features, we feed the vectors

Figure 3. Flow chart of citation NRL process.
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of newly published papers to the k-means algorithm to identify the clusters of papers that build connections to existing

knowledge similarly.

We use high-dimensional vectors that represent the structural features of newly published papers to identify clusters.

To present the patterns of the clusters, we perform a dimension reduction and visualisation of those embedding vectors.

The technique we applied is t-distributed stochastic neighbour embedding (t-SNE) [54], which is used for visualising

high-dimensional data by nonlinear reduction to two dimensions while preserving some features of the original data.

With the results of t-SNE, all the papers are presented in two-dimensional visualisation where the distance between the

papers presents the structural similarity between them. We can also integrate the results of k-means clustering into the

visualisation.

2.4. Network visualisation

Although the clustering analysis can help us learn the clusters of papers built with similar connections to existing knowl-

edge, it is hard for us to distinguish what type of connections are made by the papers since those embeddings built by

struc2vec lack interpretability. Network visualisations can provide an intuitive presentation of networks and enable infor-

mative interpretation. Thus, we adopt visualisation to explain the results from both direct citation network and co-citation

network perspectives.

2.4.1. Direct citation network. We use a direct citation network to examine how newly published papers connect to the

existing body of knowledge. Direct citation considers only links within a collection, that is, if a paper cites another paper,

it will be linked. Direct citation networks are the fastest and best means of detecting emerging research frontiers [55]. To

conduct visual analytics of the direct citation network, we use Gephi’s Force Atlas algorithm for network layout and

Louvain’s algorithm for association modular division. Finally, we identify the clusters of papers with high, medium and

low citation counts on average and analyse the network characteristics of those papers.

2.4.2. Co-citation network. Co-citation networks enable us to investigate the combinations between existing knowledge

elements made by newly published papers. Co-citation is defined as the frequency with which two documents are cited

together by other documents, changes in the co-citation model have been suggested to allow for a more objective way of

simulating the knowledge structure of scientific knowledge [56] and co-citation network’s structural features have also

been used in publication’s citation prediction. We construct a paper co-citation network for a certain research topic by

using the bibliographic dataset. We also apply the structural variance analysis model of Citespace to analyse the co-

citation network. The structural variation algorithm (SVA) is based on the co-citation network and emphasises the role

and impact of novel recombination in creative thinking [57]. We calculate the modularity change rate (MCR), cluster

linkage (CL) and centrality divergence (CD), three measures that characterise the degree of structural variation of the

network.

2.5. Statistical testing

Citation network mapping is often equated with a visual representation of the scientific structure, yet the visual represen-

tation reflects only the layout and partitioning of bibliographic units, rather than the mathematical output behind the

mapping [58]. For this concern, we perform a regression analysis to examine how the embedding values that characterise

the structural features of papers relate to future citations of the papers. The embedding data trained by the struct2vec are

used as a set of predictive variables to examine whether the network structure features captured by the network embed-

ding model can predict the number of future citations of scientific publications. In our data, we count papers’ citation

counts and find that their general distribution follows an exponential pattern. We use Poisson regression models to test

whether structural feature embedding of a paper’s citation network predicts its citation counts, after conditioning on the

numbers of authors, numbers of references and network metrics of structural variation that have been proved to have

predictive effects on citation counts [57]. The Poisson regressions model number of citations associated with each paper.

Our Poisson regressions take the following form

E(CitationijSi, Xi)= exp Siβ+ Xiγð Þ ð1Þ

Citationi is the number of citations to paper i. The key independent variable of interest is Si which is the structural

features of the paper i derived from the embeddings trained by struc2vec. Xi is a vector of control variables that vary by
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regression specification, including References, Authors, MCR, CL and CD. Those five control variables have been found

to be related to the dependent variable in our study. We report the models’ effectiveness with the Akaike information

criterion (AIC) [59] and pseudo-R2.

3. Visual analytics

To explore the relationship between the citation network structure brought about by newly published scientific papers

and their future citations, we applied our approach to a case study on the topic of autophagy.

3.1. Topic and data introduce

Figure 4 shows the publication status of 1343 papers on the topic of autophagy from 1973 to 2005. It can be seen from

Figure 4 that the annual research results on cellular autophagy are very few before 1990, and the publication amount

from 1990 to 1997 shows a stagnant upward trend until 2005 when there was a burst in the number of publications. After

removing records with missing fields such as references, the number of citations, WOS ID and so on, we got 1180 papers

for the network analysis. In this case study, the ‘newly published’ papers are those published in 2005, we investigated

how papers published in 2005 were embedded into the historical citation network consisting of papers published from

1973 to 2004, that is considering 2005 as the publication year and 2019 as the observation year.

3.2. Citation network representation and clustering analysis

We model the citation relationship set N to generate the citation graph G = (V, E), where V represents the set of vertices,

each of which represents a paper, and E is the set of edges between vertices, each edge representing the citation relation

between two papers. For a given graph G = (V, E), the purpose of the network representation is to learn a mapping func-

tion f = vi!yi ∈ Rd, where the dimension d of the vector is much smaller than the total number of nodes |V|. The goal

of the function f is to map vertex vi to a low-dimensional space and to enable the network representation yi to explicitly

characterise vertex vi in this space.

Poor interpretability is one of the drawbacks of deep learning at present [60]. For this reason, we use the t-SNE algo-

rithm to downscale the embedding vectors into two dimensions and visualise them, and scatter plot results are shown in

Figure 5. The dots in Figure 5 represent papers published in 2005, and we have coloured the dots according to the number

of citations, where a redder node represents a higher number of citations for the paper and a bluer node indicates a lower

number of citations. According to the features of the struct2vec model captured in the learning process, when the dots are

clustered close to each other, it means that the paper represented by them has a similar structure in the citation network.

Figure 4. Autophagy papers published from 1973 to 2005.
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We use the k-means algorithm to cluster the embedding values of all paper nodes. Through several comparative

experiments on the k-means algorithm, it is found that clustering with the k value of 19 yielded the best results in terms

of reducing the loss of original spatial clustering features. Table 1 reports the number of citations of the nodes in each of

the 19 clusters, along with the mean, standard deviation and five-number summary for the citation counts of each cluster

we labelled the clusters identified by k-means clustering by numbered rectangles or ovals in Figure 5. Note that there

are more than one clusters in which the majority are highly-cited, mediumly-cited or lowly-cited papers. For example,

cluster 9 and cluster 19 contain nodes of highly-cited papers, while the embedding values of these two clusters differ sig-

nificantly, indicating that two different patterns of citing existing papers may explain why papers are highly-cited. It can

be seen that papers in the same cluster tend to have a similar number of citations. This observation implies that paper

nodes with similar network structure feature display patterns relevant to their future citation counts.

Table 1 shows a significant difference in citation counts between clusters. For example, the mean value of cluster 19

is 699.90, whereas cluster 17 shows a mean value of only 45.38. We visualise the distribution of paper citations in each

cluster in a box-line graph in Figure 6. Using the length of each box as a guide, the distribution of data in clusters 2, 7

Table 1. Citation statistics for papers in 19 clusters.

Cluster id Paper
amount

Mean
value

Standard
deviation

Minimum 25%
percentiles

50%
percentiles

75%
percentiles

Maximum

1 9 199.44 150.60 29 109 161 227 524
2 15 394.27 459.30 5 69 183 609 1515
3 12 196.58 256.48 4 42.25 59.5 230.25 826
4 15 181.33 311.53 4 14.5 30 176.5 1162
5 9 161.33 251.91 20 33 57 147 806
6 27 243.96 457.32 4 57.5 100 223 2430
7 5 563.80 786.02 118 173 267 297 1964
8 13 120.77 127.38 29 38 56 138 403
9 8 501.13 476.23 23 50 603 617.75 1441
10 19 71.68 95.25 0 11 47 98 417
11 9 89.11 66.93 5 30 69 139 184
12 6 80.00 106.39 21 23.5 34 67 293
13 7 83.00 69.33 12 28 85 109.5 209
14 10 172.40 222.68 7 38 92 169 706
15 11 65.45 38.74 13 37.5 66 89 130
16 4 149.50 188.18 10 38.5 82 193 424
17 13 45.38 50.83 0 11 27 66 148
18 14 437.07 364.09 40 186.75 250 698 1291
19 10 699.90 401.66 175 368.75 651.5 953.5 1337

Figure 5. t-SNE embedding of a network representation of papers published in 2005. The colours of the dot (paper) mean the
corresponding citation counts it earned until December 2019.
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and 19 is more concentrated, and the mean and median scores are higher, reflecting the more concentrated distribution

of paper citations and higher citations score, while clusters such as 15 and 17 had lower mean, upper quartile and maxi-

mum values, suggesting that the citations in these clusters are less cited overall. When drawing the box-line graph, the

citations are too disparate to allow for direct numerical comparison in box-plot form, so we take the logarithm (ln (2))

of the citation values for all papers.

3.3. Network visualisation

The embedding representation of the network structure lacks interpretability; to address it, we use both direct citation net-

works and co-citation networks to visually analyse the network patterns formed by papers within the same cluster.

3.3.1. Direct citation network construction and analysis. We conduct a visual analysis of direct citation networks that con-

sisted of papers before 2005 and in 2005. The direct citation network forms a total of four communities with 1043 nodes

and 11,806 edges. We group clusters into three clusters in terms of the citations received by the papers published in 2005

for each cluster: high-citation clusters, medium-citation clusters and low-citation clusters. For each cluster, four represen-

tative papers are selected to analyse the connections between papers published in 2005. We highlight the citation links of

selected papers in yellow and identified different communities in the network with different colours.

Figure 7 shows the patterns of how papers published in 2005 from clusters 7, 9, 18 and 19 cited papers published

before 2005. These papers in 2005 are highly-cited compared with the ones in other clusters. Although the patterns vary

across the clusters, we can see certain common patterns. As can be seen from the citation network, high-citation papers

generally tend to cite papers broadly across communities and have a large span between communities of papers pub-

lished before 2005.

Figure 8 demonstrates the pattern of how papers published in 2005 from clusters 1, 5, 8 and 14 cited papers published

before 2005. Overall, these papers are mediumly cited. The nodes for these papers in 2005 tend to be located in the mid-

dle of the community, which are less likely to combine old and new knowledge as extensively as those in Figure 7. These

papers are more likely to cite papers that are in the same community but still cited papers across communities.

Figure 9 displays the patterns of how papers published in 2005 from clusters 11, 12, 15 and 17 cited papers published

before 2005. The papers from these four clusters are relatively lowly-cited. It can be seen that lowly cited papers intro-

duced fewer citation links, indicating that they cited fewer previous papers. One explanation is that it may be difficult

for a paper that makes few citations to clearly illustrate its research basis, and this may limit the impact of the newly pub-

lished paper.

In terms of the positions and connections of papers in the direct citation network, we qualitatively identified four com-

mon patterns from the visualisation results in Figures 7–9. Table 2 summarises these patterns.

Pattern 1 has been identified in only one highly-cited cluster (19). The high citation counts of this pattern may be

explained from two perspectives. On the one hand, highly-cited papers tend to cite more unusual combinations of prior

work, leading to higher value and citation. On the other hand, in terms of the cohesiveness of the community genre [61],

papers at the margins of the community genre tend to be more valuable and novel than less marginal papers of

Figure 6. Box-line graph of citations for each cluster of papers.
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comparable citation count. This is due to the semi-marginal status of the association, which provides the researcher with

a knowledge base without limiting the researcher’s perspective on the innovation paradigm. Instead, more cross-

disciplinary innovations and combinations are allowed.

Pattern 2 can be found in highly-cited cluster 18, along with moderately cited clusters 8, 1 and 5. Most of these papers

belong to a specific existing knowledge community, but they are also connected to other knowledge communities, that is,

most of the papers’ references are from the cluster the papers belong to, but papers from various clusters are also cited.

We consider the papers in these clusters not to be as radically novel as those in cluster 19. In Kuhn’s [62] view of the

structure of scientific revolutions, these papers might be the regular work of scientists theorising, observing and experi-

menting within a settled paradigm or explanatory framework instead of paradigm-shifting discoveries.

Pattern 3 includes the highly-cited clusters 7 and 12, in which papers are connected to a few existing communities but

do not strongly belong to a specific community. They usually lie in boundary zones between communities. They exhibit

either high or low, but not moderate, citation counts. In light of the theory of structural holes [63], these papers represent

boundary zones, the potential location of holes in the existing intellectual structure. Bridging these gaps is a high-risk and

high-return activity. In positioning their research in the boundary zones, scientists take the risk of garnering few citations

in exchange for the chance of a high return (i.e. many citations).

In pattern 4, found in clusters 9, 11, 14, 15 and 17, papers belong to a specific existing community and mostly connect

to other works within this community. When these papers refer to combinations of research from different communities,

future available citations are still typically lower due to the excessive span of references and lack of relevance, reflecting

the lack of a strong research base.

3.3.2. Co-citation network construction and analysis. In this section, we examine how each new paper connects to existing

knowledge via co-citation networks and present a visual presentation. More specifically, we explored, from a visual

Figure 7. Direct citation networks of high-citation clusters. (a)–(d) Visualisations of four representative clusters: 7, 9, 18 and 19.
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perspective, how autophagy papers published in 2005 were embedded as new content into the pre-2005 citation network.

First, we import 1343 relevant papers published from 1973 to 2005 into Citespace software and perform network rela-

tionship computation using the Kamada and Kawa layout algorithm; then the Spectral Clustering algorithm was used for

association clustering and division to obtain 16 communities, shown in Figure 10(a). New knowledge connections made

by a certain paper are shown in bold in Figure 10(b)–(d).

Next, we constructed the SVA visualisation diagram of the paper of each cluster and selected clusters 19, 15 and 1 as

high-, medium- and low-citation examples for presentation and analysis. For each cluster, we selected one representative

paper to analyse the new knowledge created by the paper that is characterised by new combinations made by the paper.

Figure 10(b) shows the linkages of the paper (WOS id: 000238461400001) in the high-citation cluster 19, this article

brings many new connections between communities and these links are present as a dense community structure. Figure

10(c) shows the paper (WOS id: 000233992700002) in cluster 1 in which most of the papers are mediumly cited. We

can see from the new connections in Figure 10(c) that it brings some new connections to the co-citation network but does

not perform as significantly as the paper in cluster 19 in terms of the number and community span of these new linkages.

Figure 10(d) shows the paper (WOS id: 000226927100005) in the low-citation cluster 15 and the paper has few new con-

nections in the co-citation network – in some cases none – with little change to the network structure.

The structural changes brought by a paper can be explained by structural variation metrics. Table 3 shows the values

of the structural variation of the three papers mentioned above. For the MCR, the higher values indicate that the addition

of these papers changes the communities of the original network to a greater extent. The higher the CL value, the larger

the change in the degree of linkage of the original community due to the addition of the paper. The CD scale is used to

measure the magnitude of the mediated change in centrality induced by a paper’s addition, the bigger the value means

the larger impact on the network structure. It can be seen that the three values of most cited papers are the largest, and

Figure 8. Direct citation networks of medium-citation clusters. (a)–(d) Visualisations of four representative clusters: 1, 5, 8 and 14.
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the fewer cited, the smaller each value is. The above analysis tentatively demonstrates that these three values have a rela-

tionship with the future citations of the papers, which is consistent with Chen’s [57] study. Later, these three metrics will

be used as predictor variables of statistical models to predict future citations of papers.

4. Statistical testing

Since it is hard to understand the regression results of 128-dimensional embedding values that characterise the local net-

work structure, we randomly choose 10 embedding vectors from the 128 vectors and set them as the independent variable

of our regression model. Furthermore, we introduce two Nobel Prize-winning topics – Helicobacter pylori and Graphene

for statistical testing, in addition to the first topic – Autophagy.

Poisson regression results for the first topic are shown in Table 4; each column reports one Poisson regression model.

There are 216 observations and the p-value of seven models is 0.0000 for each model, indicating that those models are

suitable for this topic’s data and are statistically significant. Column 1 estimates the effect of having 10 randomly chosen

structural embeddings as our independent variable, and the result shows that all those 10 embeddings are significant with

p < 0.001. Columns 2− 6 estimate the effects of the references, authors, MCR, CL and CD as control variables and

use the structural embeddings as the focal independent variable. In terms of the model fitting effect, we use the indicator

pseudo-R2 to analyse the overall fitting effect of the model. When a statistically significant variable enters the regression

model, the indicator increases, and vice versa. It can be seen from the model in Table 4 that the control variables we

selected have a predictive effect on the model, as indicated by the increase in pseudo-R2 and AIC values. However, the

degree to which those control variables contribute to model explainability varies and is slight. Among them, the CD has

Figure 9. Direct citation networks of four low-citation clusters. (a)–(d) Visualisations of four representative clusters: 11, 12, 15
and 17.
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Table 2. Four patterns of connecting new papers to existing knowledge.

Pattern Cluster Position Connections Citations

Pattern 1 19 Do not belong to any
community

Extensively connect to
various communities

Very likely to be highly-cited

Pattern 2 1, 5, 8, 18 Belong to a certain
community

Mainly connect to the
community they belong to
but also connect to other
communities

Likely to be highly-cited or
mediumly-cited

Pattern 3 7, 12 Do not belong to a certain
community; lie in boundary
zones between communities

Almost equally connect to
various communities

Highly-cited or lowly-cited

Pattern 4 9, 11, 14, 15, 17 Belong to a certain
community

Mostly connect to the
community they belong to,
rarely to other communities

Likely to be mediumly-cited
and lowly-cited

Table 3. Structural variation values of three demo papers.

WOS: ID Modularity
change rate

Cluster
linkage

Centrality
divergence

Global
citations

000238461400001 8.1129 1.4495 0.0953 412
000233992700002 3.4837 0.4855 0.0285 115
000226927100005 0.1157 0.0163 0.0013 13

WOS: Web of Science.

Figure 10. Visualisation of the structural variation of three demo papers (a) indicates the 16 communities, (b) shows a paper in
the high-citation cluster, (c) shows a paper in the middle-citation cluster and (d) shows a paper in the low-citation cluster.
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the stronger ability to predict a paper’s citation counts. For a more complete representation of the predictive power of

our structural embeddings, we report the prediction results of the model with 128 embeddings as independent variables

in Annex 1. When the 128 embeddings together represent the structural features of the network, our model with only

independent variables (column 1) shows stronger predictability. As shown in Annex 1, the model in column 1 gains the

pseudo-R2 0.767, when introducing the other control variables, the prediction effect of our model has little or no growth.

This indicates that the addition of other control variables does not contribute much to the predictability of the model,

and our independent variables explain most of the predictability of the model.

Tables 5 and 6 report the results of Poisson regression models for the second topic Helicobacter and the third topic

Graphene; 245 and 786 papers were observed on these two topics, respectively. The p-values for all models in both topics

are less than 0.001, indicating that our models also fit those two topics. The pseudo-R2 values increased with the incor-

poration of the control variables, and the data for both topics simultaneously illustrated the positive predictive effect of

our embedding on citation counts. The decrease in the AIC values for both topics suggests that the addition of our control

variables slightly improved the predictive ability of the model.

In summary, the regression results for the three different topics all show that our model is statistically significant,

although the predictions are not entirely consistent due to differences in publication volume and citation bias in different

fields. Furthermore, we observed that adding control variables after the embeddings enhanced the model’s fit, indicating

that these measurements also explain the dependent variables in our experiments. Among them, the two bibliometric

indicators, the number of references and the number of authors are not as effective as the three structural variation indi-

cators, in which MCR has the worst explanatory power and CL has the strongest explanatory power. The experimental

results show that the network structure embedding introduced in this article is effective in predicting the number of cita-

tions. The framework proposed in this article is also reasonable to explain the relationship between citation network

structure and paper citations.

5. Discussion and conclusion

5.1. Potential influence of publications revealed by citation network structure

This article presents a novel framework to examine the relationship between citation network embeddings and the future

citation counts of papers. We propose the visualisation and analysis of two distinct types of networks to better illustrate

network embeddings. The first type is a direct citation network, from which we identify four patterns of connections

between newly published papers and existing knowledge. The second type is a co-citation network, where we quantify

three structural variation indicators for new papers based on previous research findings.

Furthermore, we introduce an innovative combination of three types of factors – embeddings, bibliometric data and

network structural variation values – into the regression model to validate our findings. Descriptive statistics on various

data demonstrate that our model is statistically significant, and embeddings are predictive of the impact of paper cita-

tions. We address the question of whether the similarity in network structure can be utilised to predict the citations of

papers. The representations of newly published papers, as learned by the graph representation learning model, are deter-

mined by how these papers are connected with existing knowledge. We also find that the graph-embedding algorithm

functions like a well-designed black box. Although graph representation learning techniques can provide rich informa-

tion about network structure, the hidden features learned by these techniques still lack interpretability.

In addition, we qualitatively explore the structural features of papers in citation networks through visual analysis of

both the direct citation network and the co-citation network. For papers published within the same time frame on a spe-

cific topic, we discovered that the greater the change induced in the original citation network, the more innovative and

influential the paper potentially becomes, and the more citations it may receive in the future. Through a visual analysis of

direct citation networks, we identify four patterns in how papers cite prior works, which can, in turn, explain their future

citation counts. For instance, highly-cited papers are more likely to appear at the edge of a region in the network structure

and have more global associations with the entire region. Intriguingly, for collections of high-, medium- or low-citation

papers, different patterns were found to explain the citations for each group.

The co-citation network analysis yields results that are consistent with those of the direct citation network analysis.

This indicates that the way a new paper connects with existing knowledge elements is related to how papers establish

new links between existing knowledge elements. For example, for a high-citation cluster, specific traits can be seen in

its original citation network, for example highly-cited papers [64,65] usually tend to assemble a larger base of previous

work, which may represent the discovery of more unusual combinations that render the paper’s contribution more valu-

able and innovative.
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The visualisation results clarify why papers in a certain cluster with similar structural features have comparable cita-

tion impacts in the future and assist in identifying the structural features in question. Furthermore, the analysis results

reveal that newly published papers with similar structural features in the citation network exhibit similar citation impacts

in the future. Descriptive statistics demonstrate that our regression model is predictive, suggesting that citation network

embedding captures the features associated with papers’ citation counts. The result also implies that the connection of a

new paper to the existing body of knowledge exerts a predictive influence on the citation impact of that paper.

5.2. Theoretical implications and practical implications

From both theoretical and practical perspectives, our framework offers significant insights into the research field by

seamlessly integrating cluster analysis, visual analysis and statistical analysis. Theoretically, our framework advances

the understanding of citation networks by identifying groups with similar characteristics through the clustering process.

The visual analysis further enhances this understanding by providing an intuitive perception and comprehension of these

shared features. This combination of methods contributes to the development of a more comprehensive understanding of

the underlying patterns and structures in citation networks. Practically, our framework has the potential to improve the

evaluation and prediction of citation impacts. By employing descriptive statistical analysis, we can validate our assump-

tions and assess the effectiveness of the features identified through representation learning. This validation process

ensures that the identified features are indeed relevant and useful for predicting citation impacts. In conclusion, the inte-

gration of these cutting-edge data analysis techniques and statistical methods holds great promise for enhancing our

understanding of the scientific development process from both theoretical and practical perspectives.

5.3. Limitations and future work

In addition to the contributions mentioned above, this study also identifies areas with significant opportunities for

improvement and future work. On the one hand, to investigate the structural paradigm discussed here, we selected the

Nobel Prize-winning themes as the subject. It remains to be seen whether different patterns in citation networks exist for

more general themes. On the other hand, it is shown that struc2vec models can characterise the network consisting of

more than a thousand nodes in this article; however, the applicability of such models to characterise larger networks

(e.g. citation networks consisting of millions of nodes) is a question to be further investigated. In a follow-up study, we

plan to conduct our research on a broader range of topics and examine how these network structural features change

over time. Our study may offer a method for applying the graph representation learning approach to citation network

analysis and the larger process of scientific development.
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