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Abstract

Purpose/Significance Understanding the developmental and evolutionary pro-
cesses of scientific knowledge facilitates the advancement of scientific research;
tracking the structural and evolutionary characteristics of knowledge in special-
ized sub-fields from a micro perspective holds significant importance for knowl-
edge evaluation and knowledge services. Methods/Process Taking knowledge el-
ements in medical informatics as an example, this study employs semantic types
to delineate treatment-related sub-domains for each disease, constructs knowl-
edge element citation networks for 125 diseases at various time points, utilizes
the Leiden algorithm to identify knowledge communities, reveals the evolution-
ary characteristics of individual diseases from dimensions such as community
knowledge evolution and community knowledge competition status, and pro-
poses three measurement indicators—richness, balance, and difference degree—
to uncover diversity characteristics at both individual disease and holistic lev-
els. Results/Conclusion The research demonstrates that communities within
knowledge element citation networks can effectively reflect the structure and
evolutionary state of disease knowledge. The diversity characteristics of dis-
ease knowledge at the overall level encompass: a continuous increase in the
number of disease knowledge communities and expanding differences in scale
and composition among communities; different diseases exhibit conventional,
early controversial, and general evolution patterns; and diseases studied earlier
generally demonstrate lower balance and higher difference degree.
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Research on the Evolution Characteristics of Subdivision Fields Based
on Knowledge Unit Citation Networks
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Abstract

[Purpose/Significance] Understanding the developmental evolution of scien-
tific knowledge facilitates scientific research. Tracing the structural and evo-
lutionary characteristics of knowledge within subdivision fields from a micro
perspective holds significant importance for knowledge evaluation and knowl-
edge services. [Method/Process] This study takes knowledge units in medical
informatics as examples, utilizes semantic types to define treatment-related sub-
division fields for each disease, constructs knowledge unit citation networks for
125 diseases at different time points, employs the Leiden algorithm to identify
knowledge communities, and reveals the evolutionary characteristics of individ-
ual diseases from dimensions such as community knowledge evolution and com-
munity knowledge competition states. Three measurement indicators—richness,
balance, and disparity—are proposed to reveal the diversity characteristics of
both individual diseases and the overall population. [Result/Conclusion]
The research demonstrates that communities in knowledge unit citation net-
works can reflect the knowledge structure and evolutionary state of diseases.
The overall-level diversity characteristics of disease knowledge include: the num-
ber of disease knowledge communities continues to increase, while differences
in scale and composition between communities continue to expand; different
diseases exhibit conventional, early-controversial, and generalized evolutionary
patterns; and earlier-studied diseases generally show lower balance and higher
disparity.

Keywords: SPO triples, knowledge unit, knowledge community, evolution
characteristics, knowledge diversity
Classification Number: G203

With the rapid growth of global scientific publications, mining and analyzing
the evolutionary characteristics and patterns of scientific knowledge has become
increasingly important, and revealing the structure and evolution of scientific
knowledge has emerged as a significant research question in library and informa-
tion science. Domains and subdivision fields represent aggregations of scientific
knowledge at different levels. A domain often contains multiple distinct topics,
while a subdivision field denotes the connotation of similar types of knowledge
within a specific topic in a domain. For example, if all scientific knowledge
related to treatment in the biomedical discipline is regarded as a research do-
main, then disease treatment knowledge concerning diabetes and asthma can
each be considered a subdivision field. Current research on scientific knowl-
edge primarily focuses on the discipline or research domain level, yet analyzing
the knowledge structure of subdivision fields and revealing their characteristics
will contribute to a deeper understanding of scientific knowledge development
processes.

From the perspective of analytical objects, related studies predominantly em-
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ploy keywords or subject terms for domain topic mining and analysis; however,
keywords or subject terms merely reflect surface-level knowledge features of
documents [1]. A knowledge unit is a knowledge element parsed from scien-
tific literature content that can more granularly reflect the internal structure
of scientific knowledge. An SPO triple is a knowledge unit triple consisting of
Subject, Predication, and Object that represents certain semantic content and
relationships. Related research has focused more on drug treatment [2], gene
diagnosis [3], and other knowledge graph [4] studies based on triples, overlook-
ing the important role of triples in knowledge evolution analysis. In fact, as an
operational data model for representing knowledge units, triples can establish
inheritance relationships during the literature citation process, providing a fea-
sible approach for knowledge measurement [5]. Unlike the excessive abstraction
and condensation of keywords or subject terms, the rich semantic types of triples
can more precisely define the subdivision fields to which knowledge belongs. On
the other hand, communities composed of triples in citation networks can more
comprehensively reflect the knowledge composition of subdivision fields.

Therefore, this paper proposes an evolution analysis method for subdivision
fields targeting SPO triples. Based on knowledge unit citation networks, we
identify knowledge communities within subdivision fields, analyze the diversity
and evolution characteristics of subdivision fields, and finally mine the diver-
sity evolution patterns of the overall domain. This study is the first to pro-
pose constructing citation networks using knowledge unit triples. By leveraging
the semantic types of triples and knowledge communities, we simultaneously
consider the integrity and structurization of scientific knowledge, providing a
new perspective for analyzing characteristics such as the content and paths of
knowledge evolution. Meanwhile, this paper utilizes knowledge communities to
measure the diversity of subdivision fields and summarizes potential scientific
knowledge evolution patterns, which can provide reference for domain knowl-
edge diversity evaluation and enrich theoretical research on knowledge units.

1.1 Fine-Grained Scientific Knowledge Representation

Fine-grained representation of scientific knowledge is a prerequisite for discov-
ering its structure and deep characteristics. The knowledge unit is currently
one of the important forms of fine-grained scientific knowledge representation,
which has inseparable connections with triples and knowledge memes.

Early scholars considered knowledge units as a knowledge structure composed
of guide information and knowledge [6], while subsequent research redefined the
connotation of knowledge units as “logical combinations of N semantic triples”
and accordingly formed the SPO triple description model for knowledge units
[7]. Current studies have conducted certain knowledge discoveries by mining
contradictory knowledge from massive SPO triples [8] or discovering regular
semantic patterns for specific diseases [9]. Knowledge memes are stable terms
that accompany topic evolution in citation or co-occurrence relationships [10],
often being short text units that are inherited and replicated in citation relation-
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ships [11], with some research using them to analyze the disciplinary structure
of interdisciplinary fields [12].

Thus, the subject, predicate, and object in triples, as knowledge memes with
actual semantics, can define domains and subdivision fields and become an
important entry point for knowledge unit citation network evolution analysis.

1.2 Domain Knowledge Evolution

Research on knowledge evolution and knowledge communities draws on analo-
gies to biological problems. Popper first viewed knowledge growth from a bi-
ological evolution perspective [13], and subsequent scholars have continuously
enriched knowledge evolution theory, proposing that knowledge evolution fol-
lows patterns such as inheritance and variation mechanisms [14]. The inheri-
tance mechanism refers to knowledge achieving continuity through inheritance
and transmission, while the variation mechanism refers to the process where dif-
ferent knowledge fragments recombine into new knowledge (genes). Analogous
to the conceptual model of biological communities, knowledge communities are
defined as knowledge clusters with certain biological attributes formed based
on potential internal connections between knowledge or specific objectives [15],
and citation relationships between knowledge can shape the community struc-
ture of domain knowledge [16]. In library and information science, analysis of
knowledge communities is similar to clique analysis methods in complex network
theory and has been gradually applied to explore knowledge development con-
texts and patterns [17]. Inspired by this, this paper conducts community-level
evolution research and diversity analysis on knowledge unit citation networks
to address gaps in previous research.

Topic evolution reveals results that are often more macroscopic than knowledge
evolution processes [18], with the former being more suitable for the evolution of
different topics and having poor portability for knowledge evolution issues. Some
studies identify evolutionary topics for specific research domains and construct
evolution paths for analysis. For example, conducting word frequency statistics
on SAOQ structures from medical patent data and building semantic networks to
identify core technology topics and development stages [19], extracting keywords
from titles and abstracts of NSF data in the AI field for topic mining [20], or
directly using SPO triples from the biomedical field as document substitutes to
build predicate-based semantic networks and identify emerging research topics
[21]. More studies focus on constructing semantic networks of keywords [22], co-
occurrence networks [23], or association networks of subject terms [24], combined
with LDA models [25] for topic mining. Evolution path construction is based
on similarity between topics in different time windows, such as using keyword
co-occurrence to assign weights and construct distance matrices to determine
evolution paths from co-word networks [26].

Unlike topic evolution, knowledge often evolves within a specific topic through
citation relationships. Numerous scholars have analyzed knowledge evolution
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around knowledge meme citation networks. Some studies mine knowledge con-
nections between citations from three perspectives: knowledge convergence,
knowledge aggregation and divergence, and topic dynamics [27], or use knowl-
edge lifecycle theory to summarize knowledge evolution processes and construct
knowledge evolution paths through direct and indirect citation methods of key-
word pairs [28]. Additionally, some research uses citation relationships to con-
struct diffusion cascade networks of knowledge memes and discovers four diffu-
sion patterns in medical informatics [29], or analyzes inheritance and variation
of knowledge between citations based on knowledge gene flow and diffusion
mechanisms [30]. Some scholars have begun conducting knowledge evolution
research through knowledge units, such as measuring the migration and recom-
bination of knowledge unit sets in ESI frontier fields across different periods to
reveal micro-level knowledge evolution processes and patterns [31], but these
studies generally neglect describing knowledge structure, while the fine-grained
triple model provides a feasible path for conducting subdivision field knowledge
evolution.

2.1 Construction of Subdivision Field Knowledge Unit Ci-
tation Networks

A knowledge unit citation network refers to a knowledge network constructed by
taking knowledge units in the same subdivision field as nodes and using citation
relationships between the documents to which knowledge units belong as edges.
The overall domain is defined by the semantics expressed by the predicate, while
the subdivision field is defined by the semantic types of the subject and object
in the knowledge unit (as shown in Figure 1 [Figure 1: see original paper]).
Taking the triple “Rivastigmine-TREATS-Alzheimer’s Disease” as an example,
the predicate “TREATS” first determines that the triple belongs to the treat-
ment domain, and then the drug “Rivastigmine” and the disease “Alzheimer’s
Disease” assign the knowledge unit node to the knowledge unit network within
the treatment domain with Alzheimer’s disease as the subdivision field. The
formal representation is as follows: as of time t, the knowledge unit node set is
V, and the directed edge set is E.

Figure 1 Example of Knowledge Unit Citation Network Construction

According to the definition of knowledge unit citation networks, the specific
construction process is described as follows:

Step 1. Initialize the knowledge unit citation network G(V, E), select docu-
ment set P and subdivision field @), where the domain is determined by the
predicates of SPO triples extracted from document set P, and the subdivision
field is determined by the semantic types of subjects and objects in SPO triples.

Step 2. Extract all SPO triples belonging to subdivision field Q from document
set P to obtain node set V.

Step 3. Use citation relationships between documents to which node set V
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belongs as edges to obtain edge set E.

Step 4. Divide the network collection into different time periods Ti according
to the publication time of document set P.

Step 5. Output the dynamic knowledge unit citation network collection for the
subdivision field.

2.2 Community Identification Based on Leiden Algorithm

The Leiden algorithm is a hierarchical clustering algorithm that modifies the
Louvain algorithm’s problem of loosely connected communities, achieving excel-
lent community identification effects through local node movement, partition
refinement, and network aggregation [32]. In knowledge unit citation networks,
knowledge communities refer to semantic collections of knowledge units that
cluster similar knowledge and are connected through citation relationships. Par-
titioning network communities at different times can identify knowledge com-
munities within subdivision fields and present knowledge diffusion and transfer
situations. This paper applies the Leiden algorithm to identify communities
from knowledge unit citation networks. Since overly small communities may
not form mature knowledge communities, this paper sets the node threshold for
knowledge communities at 3.

Previous studies have identified core nodes as topic labels through network
measurement indicators such as degree centrality and node count [33] or other
comprehensive indicators [34]. Since node types in knowledge unit citation net-
works are identical and have high repetition rates, after setting thresholds, this
paper uses one or more knowledge units with high proportions as the knowledge
label for the community. Taking a knowledge unit Ki in community ¢ as an
example, the calculation process for knowledge label pKi is:

m;

Prei = d.m;

where mi represents the quantity of knowledge unit Ki in the community, and
>mi represents the total quantity of knowledge units in the community. Sub-
sequently, to unify dimensions across communities at different times, we stan-
dardize pKi values for communities at each time point:

LM, = {K;|pg; > threshold}

std _ PKi — Pmin_
Pri = —
Pmax Pmin

where LMt represents the set of knowledge labels with pKi greater than the
threshold, and pmin and pmax represent the minimum and maximum values of
pKi in the network, respectively. Finally, we obtain the standardized pKi.
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2.3 Diversity Measurement of Domain Knowledge Commu-
nities

Knowledge communities share certain commonalities with biological commu-
nities. This paper draws on three fundamental dimensions of biodiversity
measurement— Variety, Balance, and Disparity—to conduct measurement and
analysis of domain diversity. Richness measures the variety of knowledge
community types in the current subdivision field, with biology commonly using
the Chao index (i.e., community count) to measure richness. Balance reflects
the degree to which scientific research in a subdivision field tends toward
different knowledge communities, as widely recognized knowledge communi-
ties often accumulate more knowledge units. This paper uses the grouping
calculation method, employing the proportion of community quantities to
calculate the Gini coefficient as the balance indicator. Disparity assesses the
degree of difference in composition between different knowledge communities
within a subdivision field, with changes in disparity degree demonstrating the
applicability of the current knowledge set. Biology commonly uses §-diversity
analysis to measure differences between communities. This paper maps com-
munity composition within a subdivision field into vectors, calculates pairwise
similarity to obtain a distance matrix, and computes domain disparity degree.
The calculation formulas are as follows:

>}
Zpi

where n is the number of communities in the domain, ui is the node count of
the ith community, yi and yj are vectors representing the knowledge unit type
composition of the ith and jth communities (including knowledge unit types
and quantities), sij = cos(yi, yj) is the cosine similarity between communities
i and j, and Sij is the distance matrix composed of sij. Similar to changes in
biological community diversity, improvements in knowledge community diversity
initially manifest as increased richness of knowledge communities, improved
balance, and increased disparity. Real-world knowledge systems often undergo
multiple simultaneous diversity changes during evolution. The following sections
conduct empirical analysis of knowledge community evolution characteristics
from specific domains.
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3.1 Domain Selection

Constrained by data, tools, and the development degree of disciplinary informat-
ics [35], current knowledge discovery research based on SPO primarily concen-
trates in the biomedical domain, which features complex semantic relationships
where triples extracted from literature possess richer semantic expression capa-
bilities than keywords. This study uses data from the SemMedDB knowledge
base (version 43) developed by the U.S. National Library of Medicine. This
database uses the medical knowledge extraction tool SemRep to extract titles
and abstracts from the PubMed database to form knowledge triples. SemRep
identifies sentence subjects and objects according to 21 types of predicate rela-
tionships, with each predicate representing a category of knowledge triple sets
in medical research [37], such as DTAGNOSES representing disease diagnosis
research and TREATS representing disease treatment research.

The core schema of SemMedDB describes the basic attributes of SPO triples,
involving the semantic types of subjects and objects, the pmid number of the
document to which the triple belongs, and simultaneously links necessary data
items such as triple extraction location and document publication time [37] (as
shown in Figure 2 [Figure 2: see original paper]). Since SemMedDB is built upon
the PubMed database, its pmid numbers correspond to citation relationships
between documents contained in PubMed, thereby enabling the acquisition of
citation relationships between triples.

Figure 2 Example Data Item Description

Basic statistics on SemMedDB reveal that the TREATS domain, particularly
treatment-related disease domains, is a hotspot of biomedical research, account-
ing for 28.7% of total SPO frequency (see Table 1 ). Related semantic patterns
involve knowledge of therapeutic drugs, treatment measures, and treatment
equipment for diseases, namely three semantic patterns: phsu-TREATS-dsyn,
topp-TREATS-dsyn, and horm-TREATS-dsyn. Therefore, this paper selects
disease research within the TREATS domain as the scope for knowledge com-
munity evolution analysis.

Table 1 Predicate Domains and TREATS Domain Semantic Patterns
(Top 10 SPO Frequencies)

Predicate SPO Frequency Semantic Pattern
TREATS topp-TREATS-podg
AFFECTS topp-TREATS-dsyn
COEXISTS_{WITH} topp-TREATS-neop
INTERACTS_{WITH} phsu-TREATS-dsyn
CAUSES phsu-TREATS-podg
ASSOCIATED_{WITH} hlca-TREATS-humn
STIMULATES phsu-TREATS-mamm
ADMINISTERED_ {TO} topp-TREATS-fndg
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Predicate SPO Frequency Semantic Pattern
INHIBITS hlca-TREATS-dsyn
AUGMENTS topp-TREATS-popg

Note: topp: therapeutic or preventive procedure; podg: patient or disabled group;
dsyn: disease or syndrome; neop: neoplastic process; phsu: pharmacologic sub-
stance; hlca: health care activity; humn: human; mamm: mammal; fndg: finding

3.2 Data Collection and Preprocessing

This study first conducts preliminary screening in SemMedDB using TREATS
as the predicate retrieval term. Previous research has been limited to empiri-
cal analysis of knowledge discovery issues for specific disease types. To obtain
more objective evolution characteristics of knowledge communities, this paper
expands the data collection scope to multiple diseases with high research atten-
tion. Specifically, we screen semantic patterns involving dsyn in SPO triples,
obtaining 125 disease names with the highest quantities, comprising a total of
1,048,577 triples.

The preprocessed data undergo the following procedures: Delete triples ex-
tracted from title sentences (TYPE attribute = ti). Remove triples whose
SUBJECT_{SEMTYPE} attribute is human (humn) or other types that do
not express actual information, including Physicians, Author, etc. Delete
frequently occurring broad terms describing therapeutic drugs, measures, and
equipment across different diseases according to the SUBJECT_{NAME} at-
tribute, including Pharmaceutical Preparations, Therapeutic procedure, etc.
Deduplicate pmid numbers from multiple SPO triples originating from the same
document.

Finally, we conduct temporal classification and disease classification according
to the publication time of documents to which nodes belong and disease names,
respectively, to obtain node sets for different times and diseases. We construct
directed edges using citation relationships between pmid numbers of triples. For
any given disease, we select triples related to that disease from 1960 to 2019,
constructing cumulative dynamic knowledge unit citation networks every three
years.

3.3 Evolution State Analysis from Community Competition
Perspective

Knowledge units within a subdivision field are composed of the same type of
knowledge memes. The knowledge unit citation network constructed in the
TREATS domain covers all treatment knowledge applicable to a disease. Differ-
ent knowledge communities within each network maintain constant competitive
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relationships, while multiple knowledge units in a community’s knowledge label
set exist in symbiotic relationships.

After community identification and knowledge label representation for a disease
network, this study uses changes in knowledge labels across different times to
characterize community evolution and employs cosine similarity of community
composition as the similarity between communities at times t and t+1. The
similarity between communities at times t and t+1 is defined as:

Sim(M,, M, ,,) = cos(Mt, M;Ll)

where Mt and M: 41 represent the knowledge unit compositions of communities
at times t and t+1, respectively. After obtaining similarities between knowledge
communities at different times, we set thresholds to filter evolution relationships
between knowledge communities and construct evolution paths. Knowledge
communities below the threshold are considered to have no significant evolution
relationship, and paths are finally visualized. Some scholars define community
evolution in networks as six patterns: birth, growth, merge, decay, split, and
death [38]. This study combines information lifecycle theory [39] to define evo-
lution states from the knowledge community competition perspective (as shown
in Table 2 ).

Table 2 Definition of Evolution States from Community Competition
Perspective

Evolution State Definition

Birth Community knowledge labels
appearing at t+1 are different
from all those at time t and

before

Growth Community knowledge labels
are identical between times t
and t+1

Merge Different knowledge

communities at time t
integrate into a new
knowledge community at t+1

Split A knowledge community at
time t differentiates into two
distinct knowledge
communities at t+1

Decay Community knowledge labels
at t+1 differ from those at
time t
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Evolution State Definition

Death Community knowledge labels
at time t no longer appear at
t+1 and thereafter

4.1 Knowledge Community Identification Results in Dis-
ease Treatment Domain

We construct knowledge unit citation networks for 125 diseases in the TREATS
domain (hereinafter referred to as TREATS) at different time points, obtaining a
total of 2,032 networks across 20 timestamps, after which we identify knowledge
communities in the networks and #it#%x%EE. Since most diseases have formed
communities since 1992, this study selects 1992, 2004, and 2016 as time slices
to present the density distribution of community count, average community
size, network average length, and citation relationship quantity across different
periods (as shown in Figure 3 [Figure 3: see original paper]).

The number and scale of disease knowledge communities gradually increase over
time, and differences between diseases also expand. The distribution of disease
community counts shows that annual disease community numbers mostly con-
centrate between 0 and 200, and as knowledge accumulates, community counts
increase toward the 100-200 range. Meanwhile, the average community size
in 2016 is overall 10 nodes larger than the 10-node average in 1992, and the
distribution of average community counts and sizes across different diseases be-
comes more uniform in 2016. Additionally, the depth and density of knowledge
unit citation networks gradually increase. Every decade, the number of citation
relationships for almost all diseases increases by nearly an order of magnitude
compared to the previous stage. Moreover, as citation relationships accumu-
late and node counts increase, the distribution of network average path lengths
becomes more uniform and increases significantly.

Preliminary community identification results indicate that disease knowledge
unit citation networks become denser over time, with stable increases in both
community counts and internal scales within networks, providing a basis for
domain diversity analysis. The gradually expanding differences in community
development degrees across different diseases also suggest that community di-
versity evolution may be influenced by other factors.

Figure 3 Distribution of Knowledge Community Identification Results

4.2 Example Subdivision Field Community Evolution Anal-
ysis
Alzheimer’s disease treatment research first emerged in 1980 and has since accu-

mulated substantial knowledge, remaining an incompletely conquered research
hotspot with typical analytical value. This study uses Alzheimer’s disease as an
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example to characterize and analyze knowledge labels and community knowledge
evolution states, finally explaining the disease’s diversity evolution characteris-
tics. This analytical process is equally applicable to other disease subdivision
fields.

4.2.1 Community Knowledge Label Evolution Analysis

After representing community knowledge labels for each period, this study
screens out knowledge that has persisted for over ten years in larger knowl-
edge communities with continuously expanding scales, totaling 10 types. We %
HHEMSHLSDARMIREEPHNREHLHTRE (as shown in Figure 4 [Figure 4
see original paper]).

The above knowledge can be regarded as mainstream treatment options for
Alzheimer’s disease, which can be roughly divided into four stages. At the begin-
ning of disease research, physostigmine gained absolute attention within limited
knowledge communities. Starting in 1989, tacrine rapidly expanded and grad-
ually replaced physostigmine; simultaneously, non-steroidal anti-inflammatory
agents and selegiline also formed relatively large knowledge communities. Un-
til 1998, with the explosive development of research, differentiated knowledge
formed in different communities, and early community scales gradually stag-
nated. During this period, acetylcholinesterase inhibitors, donepezil, rivastig-
mine, and galantamine replaced previous knowledge, while immunotherapy and
memantine gradually gained research attention. Between 2010 and 2019, im-
munotherapy and glutamate inhibitors received more recognition, while rivastig-
mine disappeared during knowledge label evolution. Meanwhile, new drugs or
methods such as curcumin, deep brain stimulation, and acupuncture procedure,
although not included in the statistics due to insufficient years, also formed
relatively large knowledge communities.

Figure 4 River Diagram of Alzheimer’s Disease Knowledge Labels

4.2.2 Community Knowledge Competition State Analysis

Previous evolution studies set the similarity threshold between community top-
ics at 0.7. Considering the high repetition rate of knowledge unit types within
TREATS, after sufficient experimentation, this study sets the knowledge com-
munity similarity threshold for Alzheimer’s disease at 0.8 and partially presents
paths containing the above mainstream knowledge labels.

This study finds that after calculating knowledge labels, the 10 mainstream
knowledge units of Alzheimer’s disease all have competitive relationships in
their respective periods. As research develops, increasingly diverse knowledge
deepens competition, while knowledge symbiotic relationships only exist in the
merge and split processes of some knowledge. According to our definition of
knowledge evolution states, taking knowledge labels containing donepezil and
memantine from 2004 to 2016 as examples, node colors represent different years
(as shown in Figure 5 [Figure 5: see original paper|). After donepezil first
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underwent knowledge split in 2007, one community experienced knowledge in-
heritance and continued to split in 2013, while the other community gradually
underwent knowledge substitution and merged with another memantine com-
munity to maintain the latter’s inheritance state.

After summarizing other knowledge paths, this study finds that new knowl-
edge basically evolves from attaching to current mainstream knowledge com-
munities to independently generating new knowledge communities, rather than
gradually replacing original knowledge communities. In the growth process of
mainstream knowledge, knowledge inheritance is the most typical character-
istic of single knowledge labels represented by six knowledge units including
rivastigmine. Knowledge obsolescence means the disappearance of knowledge
labels or stagnation of community scale, the former stemming from knowledge
substitution (physostigmine) or community reorganization (rivastigmine), the
latter manifesting as similarity between adjacent time communities approach-
ing 1. This is preliminarily proven by the community similarity performance of
tacrine around 2004, while memantine’s similarity maintained above 0.99 from
2013 to 2019, indicating it may face knowledge limitations. This study is lim-
ited to extraction results from the SemRep tool, and some knowledge labels
still have relatively similar concepts, such as the pharmacological overlap be-
tween cholinesterase inhibitors and drugs like rivastigmine. Limited by research
length, this study does not deeply explore large-scale knowledge evolution mech-
anisms, but tracking mainstream knowledge evolution through knowledge labels
provides a feasible path for characterizing knowledge lifecycles.

Figure 5 Partial Path of Knowledge Evolution

4.2.3 Community Diversity Characteristics Analysis

Community diversity evolution indicators show that Alzheimer’s disease knowl-
edge communities grew rapidly in early stages, with richness scale continuously
increasing to reach 63 communities in 2019. From the perspective of commu-
nity balance, early disease research had high Gini coefficient spans, with bal-
ance decreasing significantly. Combined with knowledge label evolution, this
indicates that tacrine accumulated extensively within limited knowledge during
this period, while after 2000 it roughly maintained a balance value around 0.8.
Disease research maintained consistently high disparity, with community dis-
parity approaching 1 in early stages due to fewer knowledge communities and
more homogeneous knowledge unit types, after which community disparity fluc-
tuated and decreased to stabilize around 0.9 (as shown in Figure 6 [Figure 6:
see original paper]).

Biodiversity theory suggests that higher richness, balance, and disparity gener-
ally mean higher domain diversity, which means Alzheimer’s disease research
shows poor performance on the balance indicator. However, for disease treat-
ment domains, the lack of large exclusive communities means the subdivision
field has not formed dominantly recognized knowledge, indicating that research
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on the disease has not yet found a consensus solution. Therefore, analysis of
knowledge community diversity characteristics must be combined with specific
semantics of the subdivision field. Combined with the above knowledge label
evolution and competition state analysis, as disease research gradually matures,
the variety of Alzheimer’s disease knowledge labels gradually increases, accom-
panied by continuous growth in knowledge community richness and disparity.

Figure 6 Diversity Characteristics of Alzheimer’s Disease

4.3 Diversity Evolution Characteristics of the Overall Re-
search Domain

In addition to Alzheimer’s disease, this study measures the diversity evolution
characteristics of the selected 125 diseases and analyzes their similar or dissimilar
diversity performances.

4.3.1 General Diversity Evolution Characteristics

This study first £t 7T 125 MEBEN=IMZHFEIEITNTI9ESAE, analyzing the #H14%
of disease diversity evolution characteristics after fitting (as shown in Figure 7
[Figure 7: see original paper]).

Richness of diseases in TREATS gradually increases, with average community
scale growth approaching quadratic function growth (red curve), but exponen-
tial variance growth indicates significantly increasing differences in community
scale between diseases, suggesting that even among the 125 diseases with the
most SPO triples, research knowledge still shows substantial enrichment dif-
ferences. Additionally, the average Gini coefficient of knowledge communities
roughly presents S-shaped growth within the #i+4BR, indicating that domain
balance in knowledge evolution systems continuously declines with larger mid-
term changes. In 2019, many diseases in TREATS exhibited a few knowl-
edge communities occupying absolutely dominant positions, meaning that drug
knowledge composing these communities received high recognition for disease
treatment efficacy. The continuous decline in balance variance after 1992 proves
that differences in balance between diseases gradually narrow, with some dis-
eases’ Gini coefficients gradually stabilizing.

Finally, community disparity of diseases slightly declines over time but remains
generally high, with knowledge communities maintaining large composition dif-
ferences. The fluctuating decline in disparity variance indicates that compo-
sition differences within diseases become more similar. Further statistics on
disparity data for 125 diseases reveal a divergence into two distinct trends: sub-
stantial increase and slight decrease, with most diseases’ similarity stabilizing
around 0.09 in 2019. Combined with the example disease, we infer that low sim-
ilarity performance may stem from diversified knowledge labels and deepened
community competition states.
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Figure 7 Similar Characteristics of Overall Domain Disease Diversity
Evolution

4.3.2 Locational Characteristics of Diversity Evolution

The comprehensive presentation of richness, balance, and disparity indicators
can reflect the locational distribution of different diseases. Using the horizontal
axis to represent the balance indicator and the vertical axis for the disparity
indicator, with point size indicating disease community richness scale and point
color representing different years, we obtain a scatter plot of 125 diseases (as
shown in Figure 8 [Figure 8: see original paper]). From the color distribution be-
tween 1962 and 2019, we can see that disease evolution roughly follows three pat-
terns: one moves from low-disparity, high-balance small-scale disease research to
high-disparity, low-balance large-scale research; the other two move from high-
disparity, high-balance small-scale disease research to large-scale research with
medium and low balance, respectively, with disparity slightly decreasing.

Different development patterns reflect internally differentiated knowledge evo-
lution processes. Stable growth in disease knowledge community scale indicates
continuously increasing knowledge richness in subdivision fields. However, evo-
lution patterns with substantially increased disparity indicate that early disease
research stages had relatively single treatment drugs, with community composi-
tion becoming increasingly complex as research deepens and disease treatment
gradually diversifying, which can be regarded as a “conventional” evolution pat-
tern. Conversely, high disparity in early disease research stages may stem from
several controversial treatment options that are only recognized within their
respective communities, while as disease research develops, a certain class of
drugs or new drugs begins to occupy the main body of disease research. This
study considers diseases evolving toward high-disparity, low-balance as showing
an “early-controversial” pattern. Finally, medium balance performance in some
diseases in 2019 indicates they have not yet formed absolutely dominant knowl-
edge communities. To preliminarily explore the causes of this phenomenon,
this paper £t T 20 hEIESMIERBENBRREE 2019 £FMNEB R (as shown
in Table 3 ). We find that concepts of medium-balance diseases are relatively
abstract, mostly being general descriptions of certain body systems or organs,
while low-balance characteristics more often point to specific diseases. This
study considers high-disparity, medium-balance diseases as showing a “general-
ized” knowledge evolution pattern.

Table 3 Description Differences Between Low-Balance and Medium-
Balance Diseases

Low-Balance Diseases Medium-Balance Diseases
Type 2 Diabetes Infectious Diseases
Hypertension Disease Viral Diseases

Acute Myocardial Infarction Nervous System Diseases
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Low-Balance Diseases Medium-Balance Diseases

Cerebrovascular Disease Non-alcoholic Fatty Liver Disease
Polycystic Ovary Syndrome

4.3.3 Temporal Characteristics of Diversity Evolution

Considering the factor of disease research start time, this study explores whether
it relates to the development of disease knowledge community diversity. The
selected diseases in this study have continued without interruption since their
start time, and we roughly obtain research duration for each disease by acquiring
the number of timestamps in the disease sample. We cluster diseases with
different research durations and calculate average diversity indicators to obtain
a bubble chart of disease research time differences (as shown in Figure 9 [Figure
9: see original paper]). The vertical axis represents increasing research time from
bottom to top, the horizontal axis represents the Gini coefficient, color depth
represents similarity magnitude, and point size represents community count.

Although the number of diseases with earlier start times far exceeds that of short-
term research diseases, the results still indicate that earlier-started diseases have
higher Gini coefficients and lower similarity. Combined with previous general
diversity evolution patterns, this shows that earlier-started research forms higher
disparity and lower balance. However, diseases with different start times do
not show large differences in richness, indicating that knowledge community
scale growth is not entirely constrained by start time factors, and some newly
emerging diseases may receive more attention and research in a short time, thus
rapidly accumulating community scale.

Figure 9 Bubble Chart of Disease Research Duration Differences

5 Summary and Outlook

This paper takes knowledge unit triples as the research object, proposes knowl-
edge unit citation networks, and designs an analysis framework and research
process for knowledge community evolution in subdivision fields. Drawing on
three diversity measurement indicators—richness, balance, and disparity—we
conduct a relatively comprehensive diversity evolution analysis in the biomedi-
cal domain. The main conclusions are as follows:

(1) The method enriches related research on knowledge communities, and
verifies the feasibility of analyzing knowledge evolution paths and states
through example disease community evolution. This study #ET F/R&:S
TAEM NN EREY 10 #EFIAT A E, analyzes their knowledge evolution states
such as inheritance and substitution in their lifecycles, and finally proposes
that knowledge diversity evaluation should be combined with specific se-
mantic connotations based on disease balance performance.
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(2) This paper discovers that biomedical domains related to treatment fol-
low three aspects of diversity evolution patterns. First, disease richness
in the domain shows quadratic function growth while balance shows S-
shaped decline. Second, based on comprehensive presentation of diversity
indicators, we can roughly classify three disease evolution patterns: con-
ventional, early-controversial, and generalized. Third, diseases with earlier
research start times tend to have higher disparity and lower balance.

This paper still has certain limitations. For example, it does not consider the se-
mantic function of knowledge units in articles; future research could incorporate
functions such as methods and conclusions to attach more minable information
to knowledge units. Additionally, the empirical analysis does not deeply explore
associations with other domain knowledge of diseases, and the combination with
exogenous disease information is not tight enough to enable deeper medical in-
terpretations. How to more purposefully extract SPO triples and systematically
construct paths will be the focus of future research.
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