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Abstract

Network analysis, as an effective analytical method and visualization approach,
represents one of the most widely adopted directions in the digital humanities
domain. A systematic review and synthesis of network analysis applications in
digital humanities can assist researchers in rapidly clarifying the capabilities and
limitations of network analysis, thereby enabling deeper research practices. Em-
ploying content analysis, this study reviews and summarizes articles published
in the most influential journals and at international digital humanities confer-
ences in the field over the past five years, organizing them across four dimen-
sions: research questions, datasets, network characteristics, and network analy-
sis metrics, ultimately distilling an application framework for network analysis
methodologies in digital humanities. This framework encompasses three data
scales (single text, parallel texts, and corpus), five application scenarios (charac-
ter analysis network, figure association network, discourse space network, text
association network, cultural theme network), two metric scales (global met-
rics and local metrics), and five metric types (composition, density, centrality,
factions, and structure).

Full Text
Abstract

[Purpose/Significance] Network analysis, as an effective analytical and vi-
sualization method, represents one of the most widely applied directions in
digital humanities. A systematic summary and synthesis of network analysis
applications in digital humanities can help researchers quickly clarify the ca-
pabilities and limitations of this method to facilitate deeper research practice.
[Method/Process] This study employs content analysis to review and summa-
rize articles published in the past five years in the most influential international
digital humanities journals and conferences. By examining four dimensions—re-
search questions, datasets, network characteristics, and network analysis metrics
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—we distill an application framework for network analysis methods in digital hu-
manities. [Results/Conclusions] This framework includes three data scales
(single text, parallel texts, and corpus), five application scenarios (character
analysis networks, character relationship networks, discourse space networks,
text correlation networks, and cultural theme networks), two indicator scales
(global and local indicators), and five metric types (composition, density, cen-
trality, cliques, and structure).

Keywords: network analysis; digital humanities; social network analysis; con-
tent analysis

Classification Number: G250

DOTI: 10.13266/j.issn.0252-3116.2022.20.006

Since the late 20th century, digital humanities—evolving from humanities com-
puting—has brought about a global transformation in knowledge production
paradigms. After 2016, digital humanities entered an accelerated development
phase in mainland China, with the boundary between network infrastructure
construction and research-driven digital humanities studies becoming increas-
ingly clear, and a “methodological community” gradually emerging [1]. Origi-
nating from network theory, network analysis not only possesses powerful an-
alytical capabilities but also serves as an effective data visualization approach.
In recent years, it has been widely applied in digital humanities, becoming one
of the directions with the most substantive progress.

Cognitive, action, flow, distance, and co-occurrence relationships are common
attributes. Applying social network analysis in digital humanities provides pre-
cise quantitative analysis of various social relationships, offering social examples
for theoretical model construction and proposition verification, while uncover-
ing implicit social relationships and trends. The focus of analysis and modeling
using social network analysis techniques on characteristic resources lies in the
acquisition and processing of nodes and the determination of relationships and
relationship patterns. Conceptually distinct from traditional statistical analysis
and data processing methods, social network analysis represents a new tool for
exploring humanities questions in digitized historical materials. As social net-
work analysis gradually develops in digital humanities research, characters are
no longer the only nodes in networks; networks composed of texts, words, and
other elements have begun to attract scholarly attention and use. Therefore,
the network discussed in this paper is not limited to social networks composed
solely of characters.

To explore the usage of network analysis in digital humanities research and
clarify the application objectives, capabilities, and rationales of the method,
this paper uses content analysis to review relevant literature and proposes a
structural framework for SNA applications in digital humanities to facilitate
methodological understanding and expand the boundaries of network analysis.
Based on this purpose, the core questions explored in this paper are: (1) What
research can be conducted using network analysis on humanities materials? (2)
What nodes and connections constitute these networks? (3) Which metrics are
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selected during network analysis?

2. Research Design
2.1 Literature Acquisition

This study selected Digital Scholarship in the Humanities (DSH)—the most aca-
demically influential journal in digital humanities—and the Digital Humanities
Conference (DH) organized by the Alliance of Digital Humanities Organizations
as primary data sources. We collected papers from 2018 to 2022 (five years) and
filtered out studies that used network analysis to deconstruct, analyze, and mine
texts. Additionally, considering that DSH is a linguistics journal focusing pri-
marily on language and literature, we also included papers from the historical
journal Historical Methods: A Journal of Quantitative and Interdisciplinary
History (2021 impact factor: 1.647, Q1 in History; 1.299, Q2 in Linguistics).
Ultimately, 32 articles were selected as research objects (see Table 1).

In recent years, domestic digital humanities #ARz# and publishing have flour-
ished. Digital Humanities (launched by Tsinghua University and Zhonghua
Book Company) and Digital Humanities Research (launched by the School of
Information Resource Management at Renmin University of China) are both pro-
fessional journals in the field (see Table 1). However, since both journals have
been established for less than five years, they were not included in the coding
discussion. Nevertheless, relevant studies in these journals provide important
reference value for material processing and methodological application in the
Chinese context. Europe’ s Journal of Historical Network Research is a rare
humanities and social sciences journal focusing on network analysis applications
in the field. Since its inception, all five issues have published high-level applied
practices of social network analysis methods in history, society, and political
science. Recently, its special issue “Beyond Guanxi” was officially published,
aiming to introduce recent Chinese historical network scholarship to European
and American historians and providing research paradigms for network analysis
oriented toward Chinese historical materials. Therefore, this journal was also
considered in the discussion.

Content analysis is built upon in-depth interpretation of text content, and the
coding workload is substantial. The aforementioned relevant literature collec-
tively achieves the research purpose of this paper.

2.2 Research Methods

Content analysis is a method combining qualitative and quantitative approaches.
It starts with qualitative problem assumptions and, through quantitative anal-
ysis of literature content, identifies features that reflect the essence of the lit-
erature and are easily quantifiable [3]. Particularly for the interdisciplinary
digital humanities field, scholars often have different writing habits and varying
levels of detail in explaining research data and methods. Simply reading to
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understand the current state of methodology use is not easy. Content analy-
sis can transform linguistically represented literature into statistically depicted
data and draw qualitative conclusions from statistical data, thereby helping this
paper achieve a deeper and more precise understanding of relevant literature.

For academic literature, content analysis objects typically include bibliographic
information such as titles, abstracts, keywords, and references. However, these
are insufficient for fully understanding research questions and grasping research
methods holistically. Therefore, to ensure the completeness of the coding scope,
this paper uses full texts as analysis objects.

First, based on understanding of digital humanities research, we developed five
primary coding categories: research question, research data, network data, net-
work type, and network analysis metrics. Second, based on article content, we
conducted secondary coding on these 32 articles (see Table 2), with coding re-
sults summarized in Section 6. Since most coding objects are English papers,
secondary coding names use generalized Chinese terms after summarizing iden-
tical original descriptions as much as possible.

3. Common Source Texts and Research Questions
3.1 Source Texts

Network analysis in digital humanities typically begins with defining specific
text corpora—that is, starting with processing analytical materials. Corpus
construction is key to drawing meaningful conclusions [4], and by exploring
the correlation between source text analysis dimensions and research questions
and defining corpora, network analysis can quantify and visualize qualitative
research questions [5].

Digital humanities research has inherent interdisciplinary characteristics. In ad-
dition to humanities, arts, and social sciences being highly relevant to digital
humanities, computational linguistics and applied computer science research it-
self is also closely connected to digital humanities [6]. These research overlaps
make it difficult to classify digital humanities studies by disciplinary prefer-
ence. Although research paradigms vary, explorations on similar research data
often complement each other, with single text analysis, parallel text analysis,
and corpus-based analysis being three common approaches across different dis-
ciplines on similar datasets.

The main materials for digital humanities network analysis research include:
literary works (drama, novels, poetry, prose), documentary archives (letters,
historical archives), explanatory documents (dictionaries, encyclopedias), and
religious and philosophical classics. Additionally, social media usage data can
be used to explore memory inheritance and cultural transmission. For exam-
ple, L.I.M.A. Rhodes used network analysis to analyze likes and comments on
YouTube videos related to civil rights activist Paul Robeson to reveal how Robe-
son is remembered [7].
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3.2 Research Questions

3.2.1 Character Function Analysis in Literary Works Network analysis
of literary works is the most important topic in digital humanities research on
such materials. Franco Moretti, a professor in the Department of Comparative
Literature at Stanford University, proposed “Distant Reading” based on large-
scale text data collection and statistical analysis, which has had a profound
influence on world literature studies and provides theoretical foundations and
preliminary ideas for social network analysis of novels. “Plot Analysis,” built
upon identifying key nodes (i.e., core characters) in character networks and
their dialogues [8], focuses on several aspects closely related to novel narrative
research: space and time in texts, division of network communities, discovery of
core characters, and deconstructing character dialogues and relationships based
on network theory to identify key characters with narrative potential from large-
scale, multi-character texts.

As more specific quantitative practices unfold, defining “relationships” between
characters has become a research difficulty and hotspot, leading to different
definitions of “relationships” based on different literary genres. For example,
dialogue behavior in drama almost represents the entirety of dramatic action. L.
Evalyn et al. used character co-occurrence in dialogue as connections between
nodes in Shakespeare’ s plays, with the number of times characters speak as
edge weights, to explore narrative patterns in comedies, tragedies, and historical
plays [9]. However, in novels, dialogue is not the entirety of narrative; a cer-
tain amount of narration can also reveal the closeness of character relationships.
Zhao Wei analyzed the narrative functions of key characters in “The Great Wave
Trilogy” by distinguishing direct and indirect speech and their proportions and
dialogue contexts [10]. Whether in novels or drama, both are essentially lin-
guistic arts. When dialogue language is used as the main analytical variable,
it can intuitively clarify the distribution of discourse power in works. Further-
more, combining it more precisely and deeply with traditional close reading,
and discussing the narratological functions of relevant characters or texts in
conjunction with important statistical concepts in character and plot research,
can further excavate the unique value of works. Additionally, applying network
analysis to literary works helps study the influence of specific texts or authors
on other works over a period [11] and understand the evolution of relationships
between different characters [12-13].

3.2.2 Character Relationship and Clustering Analysis Character func-
tion analysis is based on grasping character relationships and dialogues in lit-
erary works. However, in other materials, character relationships often require
accumulation of materials covering a certain time range, particularly evident
in historical studies that also focus on characters. Since M.C. Alexander et
al. investigated the rise of the Medici family in the early 15th century [14], ar-
chaeologists and historians have shown increasing interest in network analysis
methods [15]. Research on documentary archives such as letters and histori-
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cal archives often spans long time dimensions, such as tracing communication
networks from the Renaissance period [16] and revealing witness affiliation net-
works of Scottish elites co-witnessing charter drafting in medieval times [17],
both exploring character relationships within hundred-year time windows.

Thanks to the increasing availability of semi-structured historical biographical
databases such as the China Biographical Database Project (CBDB), large-scale
character relationship analysis has become possible. Yan Chengxi et al. con-
structed political networks of Song Dynasty figures and elaborated on relation-
ship evolution patterns [18]. Zhang Liyuan et al. analyzed ideological transfor-
mations of Song Dynasty scholar-officials by comparing academic and political
networks between the Northern and Southern Song periods [19]. As more figures
appear in relationship networks, character aggregation and dispersion become
more valuable for interpretation, and individual positions within groups have
become a major research theme in network analysis. For example, J.K. Ochab
et al. analyzed clustering in 13th-century Czech noble co-witnessing networks
to examine noble gatherings before and after a specific time node, i.e., noble
interactions before and after a rebellion [20].

3.2.3 Text Narrative Pattern and Content Analysis Tracing the devel-
opment of social network analysis reveals that it is deeply rooted in human
cultural value symbol systems, with 20th-century structuralist linguistics and
semiotics both providing fertile ground for social network research. Therefore,
extracting interpretable symbols from texts, establishing relationship networks
of fictional images, and discovering potential narrative intentions behind texts
have become another feasible analytical paradigm. Qiu Weiyun et al.” s recent
newspaper research depicted important ideological history transformations by
constructing vocabulary concept networks [21]. Other scholars constructed co-
occurrence networks of 30 terms related to nation-building themes in the writ-
ings of Liang Qichao and Chen Duxiu to examine differences and ideological
transformations in their works [22].

When nodes in a network are words (or characters), phrases, or sentences, their
relationships constitute narrative space, and such networks are often directed.
Discussions of narrative space include differences in narrative across genres, tran-
sitivity and similarity of narrative units. However, common metrics for relation-
ships between narrative units are relatively singular, often using co-occurrence
frequency and mutual information scores—the probability of two narrative units
appearing together within a specified character window. Ignoring positional
information makes it difficult to conduct in-depth content analysis. Y. Yang
et al. introduced resistance distances to describe lexical relationships in charac-
ter co-occurrence networks [23]. Additionally, connecting narrative units with
neighboring units can further explore narrative content.

3.2.4 Character Association Discovery and Database Usability Anal-
ysis Character association discovery research primarily benefits from various
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structured thematic databases and typically lacks specific research question ori-
entation, representing very typical data-driven research that often serves as
application demonstrations for database construction studies. Network analysis
and visualization have also become important means for dataset evaluation and
research potential demonstration. M. Levine demonstrated the effectiveness
of the Chinese Biographical Database (CBD) through two historical network
analysis cases after introducing it [24]. P.K. Bol studied blood and academic re-
lationships among Wuzhou people in Zhejiang through network analysis, further
illustrating CBD’ s in-depth description of character relationships [25]. Apart
from relying on existing databases, most digital humanities scholars still need
to build their own datasets for research. Therefore, the focus of many digital
humanities studies is no longer analytical methods and conclusions but dataset
construction, with network analysis naturally becoming attempts based on par-
tial data. J. Waxman constructed a Talmud dataset based on debate content
among thousands of Babylonian scholars, including academic relationships (pri-
marily student-colleague relationships) and 13 types of scholar interactions (col-
laboration, disagreement, refutation, etc.), and analyzed part of the content
using network analysis and visualization [26]. Similarly, M.R. Zambrano et
al. discussed modern Ecuadorian architecture based on historical archives [27].

4. Network Construction

After clarifying the data foundation and research questions, defining nodes and
edges in the network and constructing the network is the next step. By ex-
amining network types and node/edge selection in relevant articles (see Table
4), we can identify common “networks” in digital humanities: character dia-
logue networks, character co-occurrence networks, character-location networks,
character relationship networks, character affiliation networks, discourse space
networks, text correlation networks, and cultural theme networks. Network
types are closely associated with network data and research questions, but this
section focuses solely on node and edge content to categorize network types.

4.1 Character Analysis Networks

Network types corresponding to character function analysis research goals are
character dialogue networks, character co-occurrence networks, and character-
location networks, which can be summarized as character analysis networks for
analyzing fictional characters in texts.

Character dialogue space is the most significant manifestation of character func-
tion in such networks. In character dialogue networks, nodes are typically char-
acters, and relationships represent dialogues between two characters, weighted
by the number of dialogue occurrences. I. Pikkanen used characters from four
historical plays published in Sweden and Finland between 1837 and 1869 as
nodes, with character exchanges as edges, to reveal core characters and narra-
tive spaces in dramas through metrics and visualization of four periods’exchange
networks [28]. M. Kubis constructed character dialogue networks for 19th- and
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20th-century novels separately, distinguishing between speakers and characters
mentioned in dialogue to discover systematic differences in novels across the two
centuries [29].

Character co-occurrence networks refer to characters participating in the same
event. P. Jayannavar et al. studied character interaction networks in which char-
acters participated in the same event and observation networks where mutually
acquainted characters observed each other [30]. Xu Chao represented characters
and event entities from the Zuo Zhuan annotated corpus through co-occurrence
networks, discovering the small-world property of Spring and Autumn period
networks [31].

Character-location networks connect characters who have visited the same lo-
cation. J.S.Y. Lee et al. associated characters appearing in the same location
[32]. Guo Jiaxin et al. constructed not only a “character-location” network for
The Longest Day in Chang an to analyze character groups’ activity ranges and
venues but also a “location-location” network to analyze location transitions and
associations, where edge weights relate to connection tightness between nodes.
Additionally, co-occurrence in the same scene is included in character-location
networks [33], where locations can be considered fictional “places.”

4.2 Character Relationship Networks

Character relationship networks are based on factual relationships between char-
acters from multiple reference materials, mainly including two types: direct
relationship networks describing character-scene co-occurrence, and networks
describing relationships between characters and their affiliated communities (or
factions).

Character relationships include kinship, academic relationships, and political re-
lationships. W. Shang used characters in Shishuo Xinyu as network nodes, with
character co-occurrence in each story as edges, and divided relationships into
direct positive relationships (factual level) and lighter positive interactions (iden-
tification, respect, travel, dialogue, academic exchange, colleague relationships,
courtesy, comfort, etc.), assigning different weights to study the social network
of Eastern Jin aristocrats [34]. Even without explicit character relationships,
character networks remain applicable. C. Armand marked Republican-era fig-
ures as nodes, adding a directed edge from A to B when B appeared in A’ s
biography, and tested whether figures formed groups based on shared attributes
(provincial origin, education, etc.) [35].

With large-scale data support, relationships generated through character inter-
actions can also reveal unique phenomena. M.J. Hill et al. constructed book
transaction networks of authors based on bibliographic databases to under-
stand authors’ historical concepts and contexts [36]. Li Hui et al. connected
Zeng Guofan with his correspondents, analyzing Zeng’ s character relationships
across different periods from personal letter networks [37].
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Character affiliation networks often explore new character group divisions
through existing affiliations. J.J. Yoo discovered cross-faction poet interactions
and poetry community aggregation and overlap through “poet-poetry commu-
nity networks” and “poet-poetry faction networks” in the Joseon Dynasty [38].
Additionally, direct connections between characters and other content provide
important references for determining “character groups,” such as H.L. Xiong’
s association of characters with official positions to depict promotion paths of
Song Dynasty elites under the “academy talent cultivation” policy [39].

4.3 Discourse Space Networks

Discourse space networks are networks of words (or characters) and terms, in-
cluding term co-occurrence networks in scenes (or paragraphs), term collocation
networks, and term derivation networks.

Analyzing term co-occurrence networks in the same paragraph or sentence is
one of the most common and ideal ways to explore the overall semantic struc-
ture of a given text collection. Co-occurrence refers to “relationships between
pairs of terms appearing within a constant-size context window” [40], which can
be any text length—a certain number of characters or words, a sentence, a para-
graph, or an entire document. Window size often depends on how many topics
are expected in a document. Novels are typically segmented into smaller mod-
ules to capture fleeting themes as stories unfold. Although poetry uses concise
language, each word has considerable independent semantic expression, making
each sentence an effective window. News and other documentary short texts
always center on one theme, making whole-document term co-occurrence anal-
ysis more appropriate. D. GamerMann et al. used words in The Little Prince
as nodes, connecting two words if they co-occurred in a sentence and shared
a third word, to analyze word usage in different language translations [41]. C.
Lee selected 100 high-frequency words from 404 news reports and connected
high-frequency words appearing in the same document [42].

Term collocation networks are networks of terms and their adjacent terms; term
derivation networks are networks of words with common components (such as
roots in English), both being derivatives of corpus linguistics methodology. Cor-
pus linguistics establishes natural language processing rules through analysis and
statistics of large amounts of real language material, mainly applied in teaching,
translation, vocabulary, semantics, dictionaries, and grammar, focusing on both
macro (overall corpus linguistic features and text types) and micro (specific lex-
ical and grammatical phenomena) aspects [43], which helps interpret historical
texts and discourse [44]. Network analysis supports research at both macro and
micro levels. H. Bonin analyzed British parliamentary debate content, forming
collocation networks of “people” and “democracy” (or “demo-") to analyze con-
cept transformations [45]. Domestically, Qiu Weiyun also associated character
concepts related to “politics” in New Youth [46]. In term derivation networks,
J. Longhi compiled tweets from official accounts of 11 presidential candidates
in 2017, connecting “islam” and its derivatives appearing in the same tweet to
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emphasize discourse analysis’ s importance in analyzing fake news [47].

4.4 Text Correlation Networks

Text correlation networks focus on paragraphs and chapters, with connections
being similarities between different texts, where similarity magnitude deter-
mines edge weights. Constructing such networks often requires prior text pro-
cessing. G. Rotari et al. used each Grimm Brothers’ letter as a node, connect-
ing letters with common word co-occurrence, and determined similarity (edge
weights) using cosine increments applied to z-scores of the 50-150 most common
words to analyze similarities and differences in the Grimm Brothers’ writing
styles and their roles in professional or personal development [48].

Text consensus networks also use texts or text samples as nodes, with con-
nections established in two ways: first, by calculating text distances between
samples to create the strongest link to the nearest node and weaker links to the
two next-nearest nodes; second, by repeating the process for different ranges of
common words multiple times and combining each iteration’ s network into a
single consensus network similar to consensus tree analysis. C. Lee constructed
author and translator consensus networks based on English and Korean novels
to identify different authors’ and translators’ textual styles [49].

4.5 Cultural Theme Networks

Cultural theme networks differ from the above networks by emphasizing that
social interactions and relationships can somehow mediate the structure and
agency of various social phenomena. In 1990, the New York School distin-
guished four studies on the connection between networks and culture: networks
as cultural channels, networks as culture-shaping, networks as cultural forms,
and networks as cultural interaction [50]. However, in highly practical digital
humanities research, detailed divisions in sociology have not yet been involved.
Here, culture is often deconstructed into concepts, trends, or externalized narra-
tive attributes on objects, with clustering used to mine aggregation and themes
of these elements. L. Giagnolini et al. constructed a “historian-concerned theme”
network and a “historian-historian”network of co-workers in the same institution
based on rich biographical archives of art historians to discover relationships in
art history communities and further identify cultural flows [51]. S. Milonia et
al. observed how musical imitation reveals the interconnected nature of medieval
romantic lyric poetry through a “song-song” network [52].

5. Network Analysis Metrics and Tools

Network analysis metrics can be classified differently based on various criteria.
According to the division between whole networks and local networks, metrics
can be divided into global and local indicators. However, in practice, both
are often used simultaneously. Therefore, based on descriptive purposes, these
metrics can be divided into five descriptive categories.
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5.1 Global and Local Attributes

The history of network centrality measurement dates back more than half a cen-
tury, but unlike more objective and reliable visual interpretation, metric results
require contextual interpretation [53]. As shown in Table 5, statistical analysis
of global attributes can compare multiple network dimensions simultaneously
[54]. For example, comparing node and edge counts across networks of the same
type [55] is a directly interpretable ranking tool. Additionally, network density
(edge count related to nodes) and average path length are highly effective for
analyzing character networks.

Local metrics include degree (number of adjacent nodes), the simplest centrality
indicator that was the only systematically used metric from the late 1950s to
early 1970s before more diverse measures developed [56]. Its simplicity makes
interpretation clear—for instance, in literary networks, degree can calculate how
many times a character speaks to another. Betweenness centrality breaks the
concept of what network “centers” might consist of and is popular for revealing
abilities to connect different subnetworks. Closely related to circulation con-
cepts, it detects “bridges” or “key passages” that can open or lock parts of
networks by calculating shortest paths. Thus, depending on application, these
positions are both the most powerful and most vulnerable in networks. Close-
ness centrality allows nodes to distribute relatively evenly in networks with
certain density that are not yet divided into cliques and can transform between
“center” and “periphery” concepts. Eigenvector centrality is more difficult to
interpret, largely depending on structures around nodes, but is particularly use-
ful for analyzing hierarchical structures in graphs [57] and forms the basis of the
PageRank algorithm.

5.2 Five Categories of Network Analysis Metrics

When describing network features, we can describe each point’ s features or view
the network as a whole to describe its overall characteristics. By coding relevant
articles, we divided these metrics into five levels: composition, density, centrality,
cliques, and structure. The usage frequency of these metrics in relevant papers
is shown in Table 6.

(1) Composition. Points, edges, and size are statistics of how many nodes
a network contains and how many other nodes a node connects to, serving as
references for node classification.

(2) Density. In the coded papers, nearly 47% of studies analyzed lines, neigh-
borhoods, and density—further describing network space size. We use “density”
to summarize these three metrics. Network density, network diameter, average
path length, and node connectivity are core analytical metrics.

(3) Centrality. Half of the studies explored centrality, peripherality, and
centralization. When describing each point’ s features, calculating how many
directly connected points exist is an important analytical perspective—this value
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is “centrality.” When describing whole network features, “centralization” reflects
the extent to which a network revolves around a point.

(4) Cliques. Components, cores, and cliques study subgroups in networks. At-
tempts to discover how many categories a network can be divided into—clusters,
components, cores, circles, etc.—all mine subgraphs based on node relevance and
relationship tightness. These subgraphs often provide important references for
researchers.

(5) Structure. Position, set, and cluster analysis include structural equiva-
lence, regular equivalence, clustering, block models, etc. Discussions of node
positions often go beyond graph theory principles to analyze set structures.
When applied to digital humanities, they often enable case studies to extend
to similar situation determinations.

5.3 Network Analysis Tools

Many network analysis tools are widely recognized and used in academia and
industry. Tools such as Neodj, Cytoscape, Gephi, Pajek, and JUNG all perform
well in knowledge discovery, information fusion, scalability, and visualization
[568]. Gephi—an open-source network analysis and visualization software package
written in Java on the NetBeans platform—is widely used by digital humanities
scholars for its excellent visualization capabilities. However, due to Gephi’s weak
support for network metric calculations, it is often paired with social network
analysis software like UCINET or programming languages like R and Python.

As more researchers with humanities backgrounds enter digital humanities,
many digital humanities platforms also provide network visualization and
analysis tools for scholars without programming habits, such as Stanford
University’ s online network visualization tool Palladio [59], which allows users
to easily upload data for network analysis, and the DocuSky digital humanities
research platform, which provides four analytical approaches for Chinese text
style network analysis [60].

6. Literature Classification

After understanding common research questions, text data, network types, and
analysis metrics, this paper derives an application framework for digital hu-
manities research using network analysis. By mapping relevant articles to core
codes—that is, providing specific classification of important literature—we can
both facilitate more intuitive understanding of literature details and verify the
applicability and coverage of the discussed content. Although source text char-
acteristics are the fundamental basis for quantitative analysis, their variety and
differences do not affect methodological discussion, while data scale determines
the upper limit of quantitative method use. Therefore, this paper classifies
relevant literature into three research types: single text analysis, parallel text
analysis, and corpus-based analysis (see Table 7).
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6.1 Single Text Analysis

When analyzing single texts, interpreting constructed networks is crucial and of-
ten requires comprehensive judgment combining existing research and material
backgrounds. With limited data, networks have relatively few nodes and edges.
Descriptive analysis from points, edges, and size, and from lines, neighborhoods,
density, centrality, peripherality, and centralization is usually sufficient. Addi-
tionally, combining multiple analytical methods for in-depth mining of single
texts is necessary. V.H. Masias et al. used K-means clustering on weighted
networks to analyze characters in Romeo and Juliet, selecting only closeness
centrality as the key metric for weighted networks [61].

6.2 Parallel Text Analysis

Two similar texts or different language translations of the same work can be
considered parallel text analysis. As network nodes and edges increase, clique
(or cohesive subgroup) generation and description become important references
for comparative analysis. Y. Fang et al. analyzed discourse space networks in
three Chinese translations of Alice’s Adventures in Wonderland through cohesive
subgroup analysis to explore translator styles [62].

6.3 Corpus Analysis (Including Bilingual Corpus Comparative Anal-
ysis)

Whether authors build their own corpora or conduct research based on existing
databases, sufficient data allows network analysis methods greater application
space. Comparative analysis remains a common method. T.Y. Lim et al. com-
pared discourse space networks built from 224 poems by Plath and 280 poems
by Sexton, observing personal pronoun and emotional word networks through
various metrics including important nodes, node connectivity, betweenness cen-
trality, eigenvector centrality, and cohesive subgroups, additionally using struc-
tural topic models to identify word groups representing each theme [63].

7. Future Challenges

In recent years, with the advancement of “New Liberal Arts” construction, dig-
ital humanities has developed rapidly in China, bringing material and topic
expansion and injecting new vitality into humanities and social sciences. This
paper focuses on specific methodological applications and finds that although
digital humanities research has no boundaries, it is full of challenges and often
time-consuming, making it difficult to achieve overnight. Even when researchers
have many considerations during practical exploration—such as theoretical and
standard discussions, research “validity” and “reliability” —there are still specific
issues worth considering that serve as current research difficulties and challenges,
providing concrete guidance for future research.
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7.1 Data Reuse

In recent years, digital humanities research using network analysis has increased,
but methodological practice at the paradigmatic level has not gradually deep-
ened, merely applying it to different materials and texts to solve similar prob-
lems. Even in methodological practice studies, researchers still focus consider-
able energy on dataset construction, as seen in paper structures. Therefore, how
to utilize and share existing datasets to promote exploration based on more ma-
terials and deeper research questions, and to expand network analysis paradigms,
has become a future challenge for digital humanities and will represent another
expansion of digital humanities research boundaries. Fortunately, the opening of
more semi-structured or structured thematic datasets enables digital humanities
scholars to complete research topics spanning different periods single-handedly.
M. Levine at Central Washington University used principal component analysis,
geographic information visualization, and one-mode network structure analysis
to interpret experiences of Chinese revolutionary leaders with support from the
Chinese Biographical Database (CBD) data [74].

7.2 Multimodal Networks

Networks where all nodes are the same type are called “one-mode networks” ;
networks with two node types are called “bipartite networks” or “two-mode
networks” ; networks with more node categories are called “multimodal net-
works.” Due to network analysis tool limitations, many scholars have to split
two-mode networks into multiple one-mode networks for analysis and draw con-
clusions through comparison; analysis oriented toward multimodal networks is
even rarer. For relatively common components, cores, and cliques, multimodal
network clique discovery mainly includes topic model-based methods, ranking
and clustering combination methods, data reconstruction methods, and dimen-
sionality reduction methods [75]. All these methods pose more requirements for
digital humanities research but also bring more possibilities.
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