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ABSTRACT

The
constitutes a huge and complex citation network, which is of great
significance for hotspot analysis and cutting-edge prediction in
different fields. Nevertheless, how to evaluate the novelty and
impact of a scientific publication in its early stages remains an
open question. To address this issue, we apply a network
representation learning approach (struc2vec) to represent the full
complexity of citation network structure, explore the extent to
which an emerging science publication has changed the network
structure of existing knowledge, and explain the relationship
between this change and the paper’s cited numbers from both
clustering and network visualization perspectives. We found that
the structural features captured by struc2vec can predict future
citations of scientific publications to some extent. The predictive
effects can be interpreted by how a new publication connects to
and alters the existing structure of scientific knowledge in our
visual analytics.
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1 INTRODUCTION

Citation network is one of the important media of scientific
knowledge diffusion [1] and is important for researchers to
understand the mechanisms by which certain knowledge is
generated, developed, and formed. Uzzi B. et al. [2] found that the
most influential scientific studies were mainly combined with
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previous conventional work through citation network analysis.
Chen [3] measured the novelty of newly introduced literature by
analyzing the boundary crossover effects of citation networks.
However, in the face of a large citation network, traditional
scientometric methods cannot effectively exploit the local
structural features of the citation network. In recent years, deep
learning and non-linear descending dimensional techniques have
been applied to graphical representation learning methods but
they often do not work well in the classification task of
determining whether the local topologies of distant nodes in a
citation network are similar. Struct2vec [4] is an algorithm that
defines node similarity in terms of network structural similarity
and is shown to be effective in capturing nodes with similar local
structures in a network. How to understand the relationship
between these changes induced by new publications and the
novelty and future impact they represent is still an open question.
To address these questions, by integrating approaches of machine
learning and network visualization, we explore the extent to
which the emergence of a new scientific paper changes original
the structure of knowledge networks, and analyze the relationship
between the change and the future impact of the article. The
schematic of our research process is shown in Figure 1.

2 REPRESENTATION OF THE CITATION
NETWORK

In the core database of the Web of Science, we searched 1343
papers on autophagy from 1973 to 2005, including 216 articles in
2005. First, we generate the citation network G based on the
paper's citation relationships. Then we capture the features of G
using the struct2vec model and represent each node in G with a
128-dimensional embedding. However, it is difficult to interpret
the characteristics of the nodes
128-dimensional data, and for this reason, we choose to downscale
and visualize the embedding results using the t-SNE algorithm.
Finally, we use the K-means algorithm to cluster the nodes
represented by the embedding to obtain groups of nodes with
similar citation structures. We use a boxplot to count and display

in the network using

the distribution of paper citations in each cluster, as shown in
Figure 2. Based on the length of the boxplot, we find that the data
frame lines for clusters 1, 7, and 19 are shorter, and the mean value
of each cluster and median is higher, which indicate that the
Struct2vec algorithm can capture the nodes with a similar network
structure, and that article nodes with similar citation network
structure features have relevant patterns for future citation cases.
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Figure 1. The schematic of our research process

i ° o the papers in its class bring some new connections to the
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Inspired by representation learning and graph embedding studies,
we apply the network representation learning approach to citation

Cluster Id

Figure 2. Boxplot of cited count for each group network studies, and then use representation learning techniques

to mine the literature with similar local network topologies in

3. CITATION NETWORK VISUALIZATION citation networks to explore .whether.the. similarity in network
structure can be used to predict the citation of papers. Through
To further explain our findings, we explored from a visual our research, we found that the structural features of the citation
perspective how articles published in the field of autophagy in network captured by the representational learning model
2005 were added as new content to the pre-2005 citation network. predicted the citation of the article and the novelty of the
We imported information from 1343 articles from 1973 to 2005 in knowledge and methods represented by the paper to a certain
the topic of cellular autophagy into Citespace, and performed extent.
layout and association clustering of the co-citation network to This is an ongoing study, and in the future, our research data will
obtain 16 modules, as shown in Figure 3(a). Here we select three cover papers in more areas and further validate the strengths of
groups from the 19 groups obtained from the embedding clusters our approach through statistical models.
for structural variance analysis.
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Figure 3. Structural variance of the co-citation network

Among them, Class19 is the highly cited group, and it can be seen
from the new connections in Figure 3(b) that the papers in this
group bring a large number of new connections to the network,
with a large structural change to the original network. Classl is
the medium cited group, and it can be seen from Figure 3(c) that
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