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Visualization of network growth using network representation learning
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Understanding the evolution of the group is useful for predicting future behavior of the group. From the network
data such as citation network, some methods to extract evolutionary processes of group are proposed. Using these
existing methods, we cannot retrieve information of individual papers because nodes are placed in discrete time
and discrete clusters. In this thesis, we proposed the visualization method that each node is plotted as a single
point in a continuous space for observing the process of gradually expanding the field is drawn in a two-dimensional
space. In this method, firstly, the growth direction of the article area in the latent space obtained by the network
expression learning. Next, the deviation from that direction is quantified as a category. Then, we draw the
continuous evolution of the academic field. Through these processes, it was possible to extract the evolution of the
region from the complex network structure. We visualized popular academic fields such as solar cells and graphene
and verified that the output is effective for understanding academic field.
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# 1: Datasets: citation networks.

Name Query #Nodes  #Edges
Solar cell  (solar cell or photovoltaic) 93923 1239979
Graphene  (graphene) 66387 533517
Dopamine (dopamine) 38825 374402
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Color #Nodes  SHHFE
nanoribbons, properties, electronic,
yellow 11808 transport, bilayer, field, quantum
oxide, properties, reduced, nanocomposites,
red 6256 composites, poly, polymer
oxide, lithium, high, performance,
royalblue 6119 ion, batteries, synthesis, doped
oxide, synthesis, photocatalytic,
darkgreen 3921 enhanced, nanoparticles, light
growth, chemical, deposition, layer,
aqua 3914 vapor, films, carbon, synthesis
oxide, electrochemical, modified,
lime 3388 electrode, reduced, nanoparticles, detection
optical, laser, terahertz, fibe,
black 2726 tunable, surface, plasmon
oxide, detection, reduced, dna,
orange 2307 functionalized
thermal, sheets, conductivity,
purple 1834 molecular, mechanical, layer, nanoribbons
hydrogen, oxide, gas, sensing,
brown 1205 adsorption,study
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# 3: Dopamine #Hl8: 7 7 A X —&
Color #Nodes  SHHFE
yellow 8303 receptor, receptors, rat, d2
disease, induced, parkinson, rat,
red 8143 neurons,dopaminergic
rats, nucleus, rat, induced,
royalblue 7849 receptor,accumbens, neurons
receptor, d2, striatal,
darkgreen 4818 receptors, schizophrenia, disease, pet
renal, receptor, rat, receptors,
aqua 4435 cells,induced
cortex, prefrontal, receptor, rat,
lime 3531 receptors, neurons, d1
receptor, gene, association, d4,
black 3511 polymorphism, d2, transporter
transporter, cocaine, rat, release,
orange 3391 uptake, brain, striatal
receptor, rat, induced, receptors,
purple 2948 striatal,rats, disease
rat, release, brain, striatal,
brown 2938 induced,rats, striatum
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