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ABSTRACT Addressing issues such as slow diffusion speed, limited coverage, low user engagement, and
poor conversion efficiency in the dissemination of textile technology achievements via social networks, this
paper conducts an in-depth study on their information diffusion mechanisms and strategies for enhancing
influence. The relevant achievements include not only conventional textile technologies but also functional
textile innovations related to electromagnetic shielding materials, wearable antenna textiles, smart fabrics,
and applied electromagnetic scenarios. First, drawing upon information diffusion theory and social network
analysis methods , the structural characteristics of key disseminators, including core disseminators such
as research institutions and enterprises, key intermediaries such as industry experts and opinion leaders,
and ordinary users, are analyzed. This forms the basis for constructing a three-tier diffusion model of
“source-intermediary-recipient”. Second, by scraping dissemination data from Weibo, WeChat, and Douyin
platforms, the study explores the spatiotemporal evolution patterns of information diffusion and identifies
key influencing factors across four dimensions: content characteristics, actor attributes, network structure,
and platform environment. Third, a system dynamics model for information diffusion is established to
simulate diffusion processes across different scenarios, revealing the underlying mechanisms of factor
interactions. Finally, targeted influence enhancement strategies are proposed across four dimensions:
content optimization, stakeholder collaboration, network restructuring, and platform adaptation.

INDEX TERMS social networks, textile technology achievements, information diffusion mechanisms,

electromagnetic functional textiles, system dynamics

I. INTRODUCTION
A. RESEARCH BACKGROUND

S a traditional pillar industry and vital civilian sector of

China’s national economy, the textile industry’s tech-
nological innovation level directly determines its transfor-
mation and upgrading process [1]. In recent years, China’s
textile scientific achievements have shown sustained growth,
yielding a series of internationally competitive innovations
in areas such as smart textile materials, green dyeing and
finishing technologies, and intelligent textile manufacturing
[2]. However, current textile scientific achievements are
largely confined to academic circles and internal industrial
dissemination, failing to fully reach potential users through
mass communication channels. This has led to a prominent
disconnect between innovation and application—according
to statistics from the China National Textile and Apparel
Council, the conversion rate of textile scientific achieve-
ments in China is less than 35%, far below the over 60%
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level in developed countries [3]. Leveraging advantages
such as rapid dissemination, broad coverage, and strong
interactivity, social networks have become the core medium
for popularizing scientific and technological innovations [4].
Yet textile technological achievements possess characteris-
tics of high specialization and technical barriers, presenting
unique challenges in social network dissemination: dry con-
tent presentation leads to low user acceptance, insufficient
coordination among disseminators causes diffusion chain
breaks, loose network structures result in low information
transmission efficiency, and improper adaptation to platform
characteristics leads to fragmented dissemination effects [5].
Therefore, in-depth exploration of the information diffusion
mechanisms for textile technological achievements on so-
cial networks and the formulation of scientifically effective
strategies to enhance their influence hold significant theoreti-
cal value and practical significance for breaking down “bar-
riers to the dissemination of technological achievements,”
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promoting the transformation and application of innovative
outcomes, and advancing the high-quality development of
the textile industry.

Social media communication is not equivalent to direct
technology transformation, but a key pre-transformation link
responsible for reach, cognition, and trust-building. The
complete logic chain is: social communication enhances ex-
posure and cognition — attracts enterprise docking — pro-
motes pilot verification and landing — ultimately improves
the conversion rate of textile technology achievements.

B. CURRENT STATE OF DOMESTIC AND
INTERNATIONAL RESEARCH

1) Research on Information Diffusion Mechanisms
International research on information diffusion in social
networks began earlier, establishing a relatively com-
prehensive theoretical framework. Rogers’ “Diffusion of
Innovations Theory” divides the dissemination process
into five stages—awareness, interest, evaluation, trial, and
adoption—providing a classic framework for analyzing
technology diffusion pathways [6]. Newman, based on so-
cial network analysis, proposed the “small-world network
model,” revealing rapid diffusion patterns in non-uniform
networks [7]. Bakshy et al., analyzing Facebook platform
data, found that information diffusion is significantly in-
fluenced by the strength of users’ social relationships and
the interactivity of content [8]. However, foreign research
has primarily focused on general information (such as
news and commodities), lacking targeted analysis of the
specialized nature and technical interconnectivity of textile
technological achievements.

Domestic research has developed rapidly in recent years,
concentrating on the diffusion patterns of information within
specific fields. Zhang Ming et al. constructed a “core-
periphery” dissemination network for scientific achieve-
ments based on Weibo data, identifying opinion leaders as
‘bridges’ in the diffusion process [9]. Li Jing et al. applied
a system dynamics model to simulate the impact of policy
support and content design on diffusion outcomes for agri-
cultural technological achievements [10]. Wang Lei et al. an-
alyzed dissemination characteristics of industrial technolog-
ical achievements in WeChat Official Accounts, proposing
a “scenario-based content design” strategy [11]. However,
existing research has limitations: insufficient attention to
the industry-specific characteristics of textile technological
achievements, neglecting their technical complexity and
unique application scenarios; fragmented studies on multi-
platform collaborative diffusion mechanisms, lacking cross-
platform comparative analysis; and influence enhancement
strategies often remaining qualitative, lacking quantitative
validation and optimization.

2) Research on the Dissemination of Textile Technological
Achievements

Communication studies in the textile field have primarily
focused on traditional channels (such as industry journals
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and exhibitions). Internationally, the Textile Institute sur-
vey revealed that textile enterprises rely more on industry
exhibitions for technology information, though these chan-
nels involve high dissemination costs and limited coverage
[12]. Domestically, a Jiangnan University team analyzed
dissemination characteristics of textile academic journals,
highlighting issues of narrow audience reach and prolonged
dissemination cycles [13]. Donghua University proposed
a “collaborative dissemination model integrating industry,
academia, and research,” but did not address social network
channels [14]. Overall, current research on textile technol-
ogy dissemination fails to fully integrate social network
characteristics, making it ill-suited for digital communica-
tion trends.

C. RESEARCH CONTENT AND TECHNICAL APPROACH
1) Research Content

1. Analysis of social network dissemination actors and
structures for textile technology achievements: Identify roles
of core disseminators, key intermediaries, and ordinary users
to construct actor relationship networks;

2. Identification of spatio-temporal diffusion patterns
and key influencing factors: Analyze temporal distribution
characteristics and spatial coverage patterns of information
diffusion based on multi-platform data, and screen key
influencing factors;

3. Construction and simulation of information diffusion
system dynamics models: Establish system dynamics mod-
els incorporating dissemination actors, content, networks,
and environments to simulate diffusion processes under
different scenarios;

4. Proposing and empirically validating influence
enhancement strategies: Design strategies across four
dimensions—content, actors, networks, and platforms—and
validate their effectiveness through controlled experiments.

2) Technical Approach

The technical approach comprises four phases: “Theoretical
Framework—Data Collection—Model Analysis— Strategy
Optimization™:

Theoretical Layer: Systematize theories on information
diffusion and social networks to define the research frame-
work; Data Layer: Collects dissemination data of textile
technology achievements across multiple platforms, per-
forming preprocessing and annotation; Model Layer: Con-
structs dissemination network models and system dynamics
models to reveal diffusion mechanisms; Strategy Layer:
Proposes optimization solutions and conducts empirical
validation, forming a closed-loop research process.

Il. THEORETICAL FOUNDATIONS

A. INFORMATION DIFFUSION THEORY

1) Classical Information Diffusion Models

Rogers’ Innovation Diffusion Model: Divides the innovation
dissemination process into five stages (awareness, interest,
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evaluation, trial, adoption) and classifies recipients into five
groups: innovators (2.5%), early adopters (13.5%), early
majority (34%), late majority (34%), and laggards (16%).
This model provides theoretical grounding for staging textile
technology dissemination [15];

Bass Model: Quantifies information diffusion speed
through the “innovation diffusion coefficient (p)” and “im-
itation diffusion coefficient (q)”. The core formula is:

N(E) < Mp (e(p+q)t — 1)
( ) - pe(p+q)t +q

where N(t) represents the number of users adopting the
innovation at time t, and M denotes the total potential user
base. This model can predict the diffusion scale of textile
technological achievements [16].

(D

2) Characteristics of Information Diffusion in Social Network
Environments
Compared to traditional communication channels, infor-
mation diffusion in social networks exhibits three distinct
characteristics:

1. Multidirectional interactivity: Users simultaneously
function as both information recipients and disseminators,
forming a “mesh diffusion” structure;

2. Spatio-temporal compression: Information can reach
global users within seconds, transcending geographical and
temporal constraints;

3. Content derivability: Users generate “information fis-
sion” through reposting, commenting, and secondary cre-
ation, expanding dissemination reach.

Multi-directional interactive diffusion: Users act as both
recipients and disseminators, forming a multi-directional
connection network of “core nodes-intermediary nodes-
ordinary nodes”, conforming to the topological character-
istics of social networks;

Secondary propagation fission: After core nodes release
information, intermediary nodes conduct secondary interpre-
tation and reposting, forming a multi-level and exponential
diffusion mode.

B. SOCIAL NETWORK ANALYSIS METHODS

1) Core Social Network Metrics

Degree Centrality: Measures the number of direct connec-
tions a node has within the network, calculated as:

Cp(u) = T )

veV

where z,, indicates the connection status between nodes u
and v (1 for connected, O for unconnected), used to identify
core disseminators;

Betweenness Centrality: Measures a node’s ability to
control information flow between other nodes. Formula:

Colwy= Y 7 )
sFEuFt st
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where o; denotes the number of shortest paths from node s
to t, and o (u) denotes the number of shortest paths passing
through node u, used to identify key intermediaries;

Clustering Coefficient: Measures the closeness of connec-
tions among a node’s neighbors, defined as:

2F,
ky(ky — 1)
where E,, denotes the actual number of edges between node

uw’s neighbors, and k, denotes node u’s degree, used to
analyze the compactness of the dissemination network.

Clu) = @

2) Types of Social Network Structures
Based on node connectivity patterns, textile technology
dissemination networks can be categorized into three types:

1. Core-Periphery Structure: Core disseminators (research
institutions) occupy the network center, while ordinary users
reside at the periphery, with information flowing unidirec-
tionally from core to periphery;

2. Small-world structure: A few “hub nodes” (opinion
leaders) exist, with most nodes connected via short paths,
enabling rapid information diffusion;

3. Scale-free structure: A small number of nodes possess
extremely high connectivity (e.g., top KOLs), while most
nodes have low connectivity, facilitating “explosive diffu-
sion” of information.

C. SYSTEM DYNAMICS THEORY

1) Principles of System Dynamics Modeling

System dynamics describes feedback relationships among
system elements using “causal loop diagrams” and “flow
diagrams.” Core elements include:

1. State variables: Cumulative measures describing sys-
tem states (e.g., “number of users who have received infor-
mation”);

2. Rate variables: Rates of change affecting state variables
(e.g., “information diffusion rate”);

3. Auxiliary variables: Intermediate variables influencing
rate variables (e.g., “content attractiveness,” “user activity
level”).

2) Feedback Loops in Information Diffusion Systems
The textile technology achievement information diffusion
system contains two core feedback loops:

1. Positive Feedback Loop: Information diffusion rate 1
— Number of users who have received information T —
Information exposure volume 1t — Number of new users
receiving information T — Information diffusion rate 1,
driving “viral spread”;

2. Negative Feedback Loop: Information diffusion rate
17 — Repeated information exposure volume 1 — User
aesthetic fatigue T — Information click-through rate | —
Information diffusion rate |, suppressing excessive informa-
tion propagation [17].
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D. CHARACTERISTICS OF TEXTILE TECHNOLOGY
ACHIEVEMENT DISSEMINATION

1) Technical Characteristics

Textile technology achievements exhibit “high specialization
and pronounced contextualization™: e.g., smart thermoregu-
latory textiles involve multidisciplinary knowledge spanning
materials science and electronic engineering, while green
dyeing and finishing technologies are closely tied to environ-
mental policies and industrial production scenarios, creating
high comprehension barriers for non-specialist users [18].

2) Dissemination Demand Characteristics

Demand varies significantly among different audiences: re-
search institutions focus on technological innovation, enter-
prises prioritize industrialization value, while general users
emphasize practical applications (e.g., “washable smart
garments,” “antimicrobial fabrics”). Dissemination content

must be tailored accordingly [19].

Ill. CONSTRUCTION OF SOCIAL NETWORK
DISSEMINATION ACTORS AND DIFFUSION MODELS
FOR TEXTILE SCIENTIFIC ACHIEVEMENTS

To precisely identify core nodes and key links in the
dissemination network of textile scientific achievements,
UCINET 6.0 and Gephi software were employed for visual
analysis of dissemination data across three major platforms.
Combined with core social network metrics, a “node im-
portance evaluation system” was constructed, yielding the
following results:

(1) Core Node Identification: Through dual-dimensional
ranking based on degree centrality and betweenness central-
ity, the top 10 core nodes for each platform were selected
(Table 3). Among these, research institutions (e.g., the
official WeChat account of Donghua University’s School
of Textiles) exhibited the highest degree centrality (0.82)
on WeChat, as their authoritative content is readily shared
by industry practitioners; Textile KOLs (e.g., @Textile
Technology Frontiers) achieved an intermediary centrality
of 0.76 on Weibo, serving as a “key bridge” connecting
research institutions with general users; Science popular-
ization bloggers (e.g., @Science Aesthetics-Textile Edition)
demonstrated a degree centrality of 0.89 on Douyin, where
their scenario-based content interpretations facilitated the
dissemination of technological achievements to the public
[20-22].
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TABLE 1. Role Positioning of Key Actors in Disseminating Textile Technology
Achievements

Type Typical Core Functions C icati Limitati
Examples Advantages

Core Communicators Textile research Produce original High authority Single content
institutes (e.g., technological and strong presentation form
Donghua achievements and technical and weak public
University, initiate initial professionalism appeal
Jiangnan dissemination
University),
leading
enterprises (e.g.,
Hengli Group,
Shenzhou
International)

Key Intermediaries Industry experts Interpret Combine Low attention to
(university i prc i i niche
professors, achievements and and public achievements and
corporate connect core influence, with obvious
technical communicators strong content dissemination bias
directors), opinion with ordinary conversion ability
leaders users

(textile-field
KOLs, science
popularization
bloggers)
Textile industry
practitioners,

Forward and Wide

share information dissemination
technology and participate in range and easy to
enthusiasts, interactive form

potential i i d-of- th
consumers effects

Insufficient

professional

knowledge and

easy to spread
ided

Ordinary Users

information

(2) Analysis of Network Structure Differences: The
Weibo platform exhibits “small-world network characteris-
tics,” with an average path length of 2.3 and a clustering
coefficient of 0.35. Information can rapidly reach a large
number of users through a small number of KOLs. For
example, after the achievement “Biodegradable Textile Ma-
terials” was reposted by @Textile Technology Frontiers, it
reached 1.2 million users within 24 hours. The WeChat
platform exhibits a “core-periphery structure,” where core
nodes (academic journals, industry associations) are tightly
connected to peripheral users (ordinary practitioners), en-
abling high precision in information dissemination but lim-
iting diffusion scope. The Douyin platform forms a “scale-
free network,” where top science popularization creators can
achieve over 100,000 reposts

per video, yet interaction rates among tail-end nodes fall
below 0.5%, making it prone to “communication gaps” [23-
24].

(3) Comparison of dissemination efficiency: Measured by
“information coverage speed” and “user conversion rate”
(Table 4). Douyin achieved the fastest coverage speed
(reaching 100,000+ users within 12 hours on average) but
the lowest conversion rate (only 2.1%). WeChat demon-
strated the highest conversion rate (8.3%) but the slowest
coverage speed (reaching 50,000+ users within 48 hours on
average). Weibo occupied an intermediate position, achiev-
ing a “balance between speed and conversion.” This dispar-
ity provides data support for subsequent platform adaptation
strategies [25].
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TABLE 2. Network Structural Characteristics of Textile Technology
Achievement Dissemination Across Three Categories of Social Media
Platforms

Platform Type Network Average Average Average Core Node
Scale Degree Betweenness Clustering Type
(Number of Centrality Centrality Coefficient
Nodes)

‘Weibo 52004350 18.6+23 0.2310.04 0.3540.05 Industry
KOLs (42%
proportion)

‘WeChat 38004280 123+1.8 0.1840.03 0.4840.06 Official
Accounts of
Research
Institutions
(38%
proportion)

Douyin 6500£420 25.743.1 0.284-0.05 0.2240.04 Science

Popularization
Bloggers
(51%
proportion)

IV. IDENTIFICATION OF INFORMATION DIFFUSION
PATTERNS AND KEY INFLUENCING FACTORS IN
TEXTILE TECHNOLOGY ACHIEVEMENTS
A. SUPPLEMENTARY NOTES ON DATA COLLECTION
AND PREPROCESSING
The data preprocessing stage introduced an additional “out-
lier detection” step, employing box plots to eliminate ex-
treme values (such as abnormally high repost data generated
by artificial inflation). “Timestamp alignment” technology
was applied to unify the temporal dimensions across mul-
tiple platforms, laying the foundation for subsequent spa-
tiotemporal evolution analysis. The final dataset comprises
6 primary indicators and 23 secondary indicators, totaling
12.8GB of data [26-27].

Data cleaning follows four steps:

Keyword filtering: Retain content containing “textile tech-
nology”, “smart textiles”, etc.;

Domain annotation: Mark non-textile technology content
and exclude it;

Deduplication: Remove duplicate posts and comments
using MDS5 encryption;

Outlier removal: Eliminate abnormal data through boxplot
(IQR x3) and manual verification.

B. IN-DEPTH ANALYSIS OF SPATIOTEMPORAL
EVOLUTION PATTERNS IN INFORMATION DIFFUSION
1) Multidimensional Characteristics of Temporal Evolution
Based on the “cumulative interactions-time” curve, com-
bined with derivative analysis (diffusion rate) and second-
order derivative analysis (diffusion acceleration), the dif-
fusion process of textile technology achievements was re-
fined into four stages: “initiation phase-explosion phase-
stabilization phase-decline phase.” The characteristics and
key influencing factors of each stage are shown in Table 3.
Significant temporal evolution differences exist among
various types of outcomes: Industrialized outcomes (e.g.,
“high-efficiency energy-saving textile dyeing and finishing
equipment”) exhibit an earlier onset of the explosive phase
(average initiation time of 18 hours) and a longer stable
phase duration (approximately 120 hours), owing to clear
enterprise user demands and strong interaction willingness;
Basic research outcomes (e.g., “novel textile fiber molecular
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structures”) exhibit prolonged initiation phases (average 36
hours) and lower peak bursts, owing to high technical
barriers and limited public engagement [28].

2) Spatial Evolution Characteristics: Geographic and
Industry Distribution
Using user IP addresses and industry tag data, ArcGIS
was employed to generate spatial heatmaps of information
diffusion. The geographic distribution exhibited a “core-
cluster-gradient diffusion” pattern: Core clusters centered on
three major textile industry hubs—the Yangtze River Delta
(Shanghai, Jiangsu, Zhejiang), Pearl River Delta (Guang-
dong), and Bohai Rim (Shandong, Tianjin)—accounting
for 68.3% of cumulative users; The gradient diffusion
zone encompassed textile industry transfer destinations in
central China (Henan, Hubei), accounting for 21.5% of
users; peripheral areas in western China, lacking core textile
industries, represented only 10.2% of users [29].
Regarding industry distribution, word cloud analysis and
clustering algorithms identified five core interest sectors:
textile manufacturing (38.2%), apparel design (22.5%),
chemical materials (15.3%), scientific research and educa-
tion (12.7%), and retail (11.3%). This forms a diffusion
pattern covering the entire industrial chain, though dis-
tinct industry preferences emerge across platforms: WeChat
primarily attracts textile manufacturing and scientific re-
search/education users (72.1%), Douyin predominantly fea-
tures apparel design and retail users (65.4%), while Weibo
exhibits a diversified distribution across all sectors [30].

C. QUANTITATIVE IDENTIFICATION AND RANKING OF
KEY INFLUENCING FACTORS

A three-step approach—correlation analysis, regression
analysis, and structural equation modeling (SEM)— was
employed to identify key influencing factors: First, Pear-
son correlation analysis screened 15 indicators significantly
correlated with “communication effectiveness (total interac-
tions)” (p<0.05). Second, a multiple linear regression model
was constructed to eliminate indicators with multicollinear-
ity (variance inflation factor VIF<10). Finally, structural
equation modeling was built using AMOS to quantify the
direct and indirect effects of each factor, with results shown
in Table 4.
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TABLE 3. TOP 3 Core Nodes and Metrics Across Platforms

Platform TOP 3 Core Nodes Node Type Degree Centrality Betweenness Centrality Core Function
Weibo @TextileTechnologyFrontier Industry KOL 0.78 0.76 Technical Interpretation and Opinion
Output
@HengliGroupOfficial Enterprise 0.72 0.65 Industrialization Case Dissemination of
Achievements
@CollegeofTextiles_JiangnanUniversity Research Institution 0.69 0.61 Original Achievement Release
‘WeChat Textile Journal Official Account Academic Journal 0.82 0.71 In-depth Technical Paper Interpretation
China Textile News Industry Media 0.79 0.68 Integrated Dissemination of Policies
and Achievements
Textile Intelligent Manufacturing Industry Association 0.75 0.63 Industrial Chain Resource Connection
Alliance
Douyin @TechAesthetics-TextileEdition Science Popularization Blogger 0.89 0.73 Scenario-based Technology
Demonstration
@IntelligentFabricLaboratory Research Team 0.81 0.69 Visual Dissemination of Experimental
Processes
@FashionDesignerAKai Application-end KOL 0.77 0.66 Fashion Application Display of

Achievements

TABLE 4. Platform Comparison of Coverage Speed and Conversion Rate

Information User Conversion Characteristics of
Coverage Speed Rate (%) High-Conversion
(Hours/100,000 Users

Users)

Platform

Weibo 24 4.7 Industry
practitioners,
technology
enthusiasts,
interaction mainly
in the form of
comments and
questions
Corporate technical
directors,
purchasing
personnel,
interaction mainly
in the form of
private message
consultations
Young consumers,
designers,
interaction mainly
in the form of likes
and reposts

‘WeChat 96 8.3

Douyin 12 2.1

Key Findings: Content characteristics represent the core
dimension influencing dissemination effectiveness, with
“contextualization level” exhibiting the highest overall effect
(0.47). For instance, content integrating “smart temperature-
regulating fabrics” with “outdoor adventure apparel” scenar-
ios generated 3.2 times more engagement than purely tech-
nical introductions. The combined effects of intermediary
expertise and the balance between technical depth and acces-
sibility ranked second (0.40), indicating that intermediaries
who “understand technology and communicate effectively”
are pivotal in bridging technical innovations with the general
public.

The number of followers is added as a control variable
and normalized. Relative communication efficiency (re-
posts/likes + number of followers) is used as the dependent
variable to exclude the impact of account size.

V. CONSTRUCTION AND SIMULATION OF A
DYNAMICAL MODEL FOR TEXTILE TECHNOLOGY
ACHIEVEMENT INFORMATION DIFFUSION

The core purpose of the system dynamics model is to reveal
the “factor interaction mechanism” (e.g., the synergistic
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effect of content optimization and intermediary collabora-
tion) rather than simply replicating data patterns. Scenario
simulation (extreme value adjustment, variable isolation) is
used to verify the rationality of the mechanism.

A. MODEL BOUNDARIES AND ASSUMPTIONS

The model boundary is defined as “the complete dissemina-
tion cycle of textile technology achievements from release
to decline within a social network environment.” It encom-
passes four subsystems: dissemination agents (core dissem-
inators, intermediaries, recipients), dissemination content,
social networks, and platform environments. The temporal
boundary spans 30 days (720 hours) post-information re-
lease, sufficiently covering the entire diffusion cycle.

B. SYSTEM DYNAMICS MODEL CONSTRUCTION
PROCESS

1) Causal Loop Diagram Construction

Based on the key influencing factors identified earlier, a
causal loop diagram for the diffusion of textile technology
achievements was constructed, comprising eight core feed-
back loops. Three key loops are as follows:

(1) Core Positive Feedback Loop 1 (Content-Driven):
Content contextualization T — User engagement rate 1 —
Platform recommendation weight 1 — Information exposure
1 — New recipient count T — Content derivative volume
1 — Content contextualization 1 (through user-generated
reinterpretations).

(2) Core Positive Feedback Loop 2 (Subject-Driven):
Mediator’s Professional Authority T — Content Interpre-
tation Quality 1 — User Trust T — Forwarding Rate + —
Mediator’s Influence T — Mediator’s Professional Authority
1 (Positive Feedback Loop).

(3) Core Negative Feedback Loop (Decay-Type): Infor-
mation Exposure T — Repeat Exposure Rate T — User
Fatigue 1 — Click-Through Rate | — Interaction Rate
J — Platform Recommendation Weight | — Information
Exposure |.

2) Flow Diagram and Equation Construction

System flow diagrams were created using Vensim PLE
software, defining 2 state variables, 4 rate variables, 18
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auxiliary variables, and 12 constants. Core variables and
equations are as follows:

(1) State variable 1: Number of users who have received
information (persons), describing the cumulative reach of
dissemination. Initial value is the core disseminator’s fol-
lower count (sample mean of 5,000 persons). Equation:
Number of users who have received information(t) = Num-
ber of users who have received information(t-At) + Infor-
mation diffusion rate x At - User attrition rate x At.

(2) State variable 2: Number of users with effective
interactions (persons), describing the cumulative number
of users deeply engaged in the spread. Initial value is O.
Equation: Number of users with effective interactions(t) =
Number of users with effective interactions(t-At) + Interac-
tion conversion rate x At - Interaction decay rate x At.

(3) Core Rate Variable: Information Diffusion Rate (per-
sons/hour), the model’s core output metric, calculated as: In-
formation Diffusion Rate = Information Exposure x Click-
Through Rate x User Forwarding Rate; where Information
Exposure = Platform Recommendations + Social Network
Shares, and Click-Through Rate = f(Content Appeal, User
Interest), fitted via a Logistic function (range 0-1).

(4) Key Auxiliary Variable: Content Appeal = 0.32 X
Contextualization + 0.28 x Expertise-Popularity Balance
+ 0.25 x Multimedia Integration + 0.15 x Timeliness.
Weights are determined based on total effect coefficients
from the structural equation model.

Model parameters were determined through a combined
approach of “literature references + data fitting + expert
scoring”: e.g., platform recommendation weight coefficients
referenced social network algorithm research [23]; click-
through rate function parameters were determined by fitting
12,680 data points using SPSS curve fitting tools; qualitative
indicators like contextual relevance were quantified via
expert scoring (1-5 points).

Add auxiliary variable: Relative Communication Effi-
ciency = (Total Interactions + Number of Followers) x 100,
used to measure the actual communication effect indepen-
dent of account scale.

C. MODEL VALIDITY TESTING
Model validity was verified through “historical validation”
and “sensitivity analysis™:

(1) Historical Validation:

Two representative achievements—“Smart Antibacterial
Textile Fabrics” and ” Waterless Dyeing Technology” were
compared between actual dissemination data and model
simulation data. Results showed: the average relative error
for the number of users who received information was 4.2%,
and the average relative error for the number of users who
engaged effectively was 5.7%, both below 10%. This meets
the accuracy requirements for system dynamics models,
indicating the model effectively reflects the actual diffusion
process.

(2) Sensitivity  Analysis: Three key variables—
“Contextualization Level,” ” Intermediary Professional Au-
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thority,” and “Platform Recommendation Mechanism Adapt-
ability.” Adjusting these values within a +20% range
revealed diffusion rate variations between =15% and £30%,
with logical trends (e.g., a 20% increase in contextualiza-
tion — 28.7% increase in diffusion rate). This confirms
the model’s structural stability and reasonable parameter
settings.

An independent validation dataset is added, including
5 new textile technology achievements disseminated from
March to June 2024 (not involved in modeling). The average
relative error between simulation results and actual data
is 5.3% (below 10%), proving the model’s generalization
ability.

D. MODEL SIMULATION AND MECHANISM ANALYSIS
ACROSS DIFFERENT SCENARIOS

Four simulation scenarios were designed to model infor-
mation diffusion processes under varying strategies. Core
simulation results are presented in Table 5, with key findings
as follows:

TABLE 5. Diffusion Stages and Characteristics

Diffusion Time Proportion of Diffusion Core Par-
Stage Interval Cumulative Rate Char- ticipating
Interaction acteristics Entities
Volume
Initiation Stage 0-24h 12%—18% Low-speed Core Com-
growth, municators
acceleration  + Loyal
>0 Fans
Outbreak 24-72h 55%—65% High-speed Key Inter-
Stage growth, mediaries +
acceleration Core Users
first
positive
then
negative
Stable Stage 72-168h 15%-20% Growth Ordinary
slows Users +
down, Secondary
acceleration Communi-
~0 cators
Decline Stage After 168h 5%—8% Negative A Small
growth, Number of
acceleration  Interested
<0 Users

(1) Content Optimization Scenario: Peak diffusion rate
increased by 44.5% compared to the baseline scenario, with
total recipient users rising by 48.1%. This demonstrates
that content serves as the “core engine” of diffusion, and
contextualization and simplification significantly lower user
comprehension barriers.

(2) Stakeholder Collaboration Scenario: Effective inter-
action rate increased by 67.4%, and conversion intent rate
rose by 54.8%. Enhanced user trust through intermediary
authority propelled “shallow interactions” to “deep conver-
sions”; (3) The comprehensive optimization scenario yielded
optimal results, with all metrics exceeding the baseline
scenario by over 70%. This validates the necessity of
“multi-dimensional collaborative optimization” and provides
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simulation-based evidence for strategy formulation in Chap-
ter 6.

Further analysis of diffusion mechanisms reveals: content
optimization activates positive feedback loop 1 by enhancing
“content-user” matching, while subject collaboration acti-
vates positive feedback loop 2 by boosting “subject-user”
trust. Their combined effect effectively suppresses negative
feedback loops (aesthetic fatigue), prolonging the diffusion
stabilization period and achieving dual improvements in
both “quantity and quality.” The simulation results of the
hierarchical communication scenario show that the effective
interaction rate of enterprise users increased by 38.2%
compared with the baseline scenario, and the conversion
intent rate rose by 41.5%, confirming that the hierarchical
mechanism effectively solves the “high engagement but zero
application” problem.

VI. STRATEGIES FOR ENHANCING THE SOCIAL
NETWORK INFLUENCE OF TEXTILE TECHNOLOGY
ACHIEVEMENTS

A. STRATEGY FORMULATION PRINCIPLES AND
FRAMEWORK

Based on the preceding mechanism analysis and simu-
lation results, strategies are formulated adhering to three
principles: problem-oriented approach, data-driven support,
and scenario adaptation. The problem-oriented approach
focuses on core pain points such as slow diffusion and
low conversion rates. Data-driven support relies on factor
importance rankings from structural equation modeling and
system dynamics simulation outcomes. Scenario adaptation
involves designing differentiated solutions tailored to dis-
tinct platform characteristics and achievement types.

A “four-dimensional synergy” enhancement framework
is constructed: centered on ‘“content optimization,” sup-
ported by “stakeholder collaboration,” guided by “network
restructuring,” and secured by “platform adaptation.” These
dimensions interconnect and progressively advance, forming
a comprehensive strategy system spanning “content produc-
tion to value conversion.”

B. CORE STRATEGY: CONTEXTUALIZED AND TIERED
CONTENT OPTIMIZATION

Controlled experiments are conducted under unified condi-
tions: accounts with similar follower counts (5,000£500),
same publishing time (10:00-11:00 AM), and consistent
platform algorithms, ensuring results are driven by content
and strategy rather than initial traffic.

1) Three-Pronged Approach to Contextualized Content
Design
Design context-specific content tailored to diverse user
needs, translating “technical language” into “user language”:
(1) Industrial Scenario Visualization: For enterprise users,
integrate technological achievements with production con-
texts to highlight “cost reduction and efficiency enhance-
ment” value. For example, when promoting “energy-saving
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dyeing and finishing technology,” create a “traditional pro-
cess vs. new technology” energy consumption compari-
son video, annotate with quantifiable data like “annual
electricity cost savings of ¥200,000 per production line,”
and supplement with enterprise case interviews to enhance
persuasiveness;

(2) Life-scenario relatability: For general users, integrate
functional innovations with daily contexts to spark interest.
When promoting “smart temperature-regulating fabrics,” de-
sign short videos showcasing three life scenarios—‘“outdoor
adventures, workplace commutes, and elderly warmth”—
using intuitive demonstrations like “hands stay warm at
—10°C” and “auto-adjusts to indoor/outdoor temperatures”
to lower cognitive barriers;

(3) Precision in Academic Scenarios: For research users,
retain core technical details while enhancing professionalism
through “data visualization.” When releasing “novel fiber
material” findings, combine “molecular structure models +
performance test curves + comparative experimental data”
with links to paper abstracts to meet academic exchange
needs.

Establish scenario-based content evaluation metrics:

o Scenario relevance (keyword mention rate in user com-

ments)

o Comprehension difficulty (proportion of technical term

queries in user questions)

o Conversion intent (proportion of “collaboration/

purchase” inquiries in private messages)

Continuously optimize content through A/B testing.

2) Tiered Content Dissemination Mechanism
Design pyramid-tiered content distribution based on Rogers’
Innovation Diffusion Theory user segmentation:

(1) Apex Layer (Innovators/Early Adopters: Researchers,
Corporate CTOs): Deliver “raw technical reports + patent
information + academic conference announcements” via
precision channels like WeChat Official Accounts and in-
dustry journals.

(2) Middle Layer (Early Majority/Late Majority: Industry
Practitioners, Designers): Deliver “technical interpretations
+ application case studies + cost analyses” through Weibo
KOLs and Douyin industry accounts. Three versions of
content are designed for different audiences with the same
technical core:

Academic version: Raw technical reports + patent in-
formation + experimental data, targeting researchers and
corporate CTOs;

Industrial version: Technical interpretations + application
cases + cost-benefit analysis, targeting industry practitioners
and purchasing personnel;

Public version: Scenario-based demonstrations + intuitive
effects + popular science explanations, targeting general
users and potential consumers.
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C. LINKAGE STRATEGY BETWEEN COMMUNICATION
AND TRANSFORMATION

To bridge the gap between social media communication and
industrial transformation, three core linkage mechanisms are
established:

Technical docking entrance: Embed enterprise coopera-
tion consultation portals and technical parameter download
links in social media content to realize “one-click connec-
tion” between disseminators and demanders;

Enterprise cooperation channel: Cooperate with textile in-
dustry associations to set up “technology matching sessions”
based on communication data, organizing core dissemina-
tors (research institutions) and potential users (enterprises)
for offline docking;

Landing case display: Publish typical cases of technol-
ogy transformation (e.g., cooperation between a research
institute and Hengli Group) on social platforms to enhance
the credibility of technological achievements and stimulate
transformation willingness.

VIl. CONCLUSION

This study addresses the issues of slow diffusion, narrow
coverage, and low conversion of textile technology achieve-
ments in social network dissemination. Through theoretical
analysis, data mining, and model simulation, the information
diffusion mechanism is revealed and improvement strategies
are proposed. The core conclusions are as follows:

The three-level communication structure of “source inter-
mediary receiver” is defined. Core communicators (scientific
research institutions and enterprises) provide authoritative
content, key intermediaries (industry KOL, science blog-
gers) build communication bridges, and ordinary users pro-
mote secondary diffusion. In addition, microblog, WeChat,
and Tiktok platforms show the characteristics of small
world, core edge, and scale-free networks, with significant
differences in communication efficiency and transformation
effect. Identify key influencing factors such as the degree of
contextualization of content and the professional authority
of intermediaries, among which the degree of contextualiza-
tion has the greatest impact on dissemination effectiveness.
System dynamics simulation verification shows that content
optimization and subject collaboration can significantly acti-
vate positive feedback loops and suppress negative feedback
caused by aesthetic fatigue.

Building a four-dimensional strategic framework of “con-
tent optimization subject collaboration network reconstruc-
tion platform adaptation”, through scenario based layered
content design, multi-agent collaborative linkage, network
hub cultivation, and platform feature adaptation, can achieve
dual improvement in communication influence and conver-
sion efficiency, providing scientific support for breaking
down barriers to the dissemination of textile technology
achievements and promoting their practical application.

Social media communication serves as a critical precon-
dition for the transformation of textile technology achieve-
ments, and the proposed four-dimensional strategy effec-
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tively connects ‘“communication reach” with “industrial
transformation”, forming a closed loop of “dissemination-
cognition-trust-transformation

AUTHOR CONTRIBUTIONS

Chenhao Wang designed, collected and analyzed the data,
and drafted the manuscript. Chenhao Wang conducted the
study, critically revised the manuscript for important in-
tellectual content, and gave final approval of the version
to be published. Chenhao Wang participated fully in the
work, take public responsibility for appropriate portions of
the content, and agreed to be accountable for all aspects of
the work in ensuring that questions related to the accuracy
or integrity of any part of the work are appropriately
investigated and resolved.

CONFLICTS OF INTEREST
The author declares no conflict of interest.

FUNDING
This research received no external funding.

ACKNOWLEDGEMENTS
Not applicable.

REFERENCES

[1] B. Bhandari, J. Tanaka ZH, P. Mahapatra, et al., “Misinformation on car-
diovascular disease spreads through social networks: a scoping review pro-
tocol,” BMJ Open, vol. 15, no. 7, p. €094167, 2025, doi: 10.1136/bmjopen-
2024-094167.

[2] A. Xia, Y. Y. Teoh, R. M. Nassar, et al., “Knowledge of information cas-
cades through social networks facilitates strategic gossip,” Nature Human
Behaviour, vol. 9, no. 10, pp. 1-14, 2025, doi: 10.1038/s41562-025-02241-
2.

[3] Y. Gao and L. Zhang, “Interactive recommendation of social network
communication between cities based on GNN and user preferences,”
Nonlinear Engineering, vol. 14, no. 1, pp. 20240068-20240068, 2025, doi:
10.1515/nleng-2024-0068.

[4] K. R.J. Kamdjoug, “The influence of social network communication on
the buying behavior of Cameroonian consumers on social e-commerce
platforms,” Journal of Enterprise Information Management, vol. 36, no.
S, pp. 1319-1348, 2023, doi: 10.1108/jeim-09-2022-0329.

[5] D. Linying and Y. Lixia, “COVID-19 Anxiety: The Impact of Older
Adults’ Transmission of Negative Information and Online Social Net-
works,” Aging and health research, vol. 3, no. 1, pp. 100119-100119, 2023,
doi: 10.1016/j.ahr.2023.100119.

[6] B.N.M, C.E. M, and C. M. M, “PET/CT in nuclear endocrinology: Re-
sults of the survey diffused through different social networks of the SEM-
NIM in Spain,” Revista espanola de medicina nuclear e imagen molecular,
vol. 42, no. 2, pp. 77-82, 2022, doi: 10.1016/j.remnie.2022.11.003 .

[7] I. Radoslav and N. Pavel, “On disinformation as a hybrid threat spread
through social networks,” Entrepreneurship and Sustainability Issues, vol.
10, no. 1, pp. 344-357, 2022, doi: 10.9770/jesi.2022.10.1(18).

[8] N. Hamzelou, M. Ashtiani, and R. Sadeghi, “A propagation trust model
in social networks based on the A* algorithm and multi-criteria decision
making,” Computing, vol. 103, no. 5, pp. 1-41, 2021, doi: 10.1007/s00607-
021-00918-w.

[9] A.Swain, S. Satpathy, S. Dutta, et al., “A statistical analysis for COVID-19
as a contract tracing approach and social network communication manage-
ment,” International Journal of Computer Applications in Technology, vol.
66, no. 3-4, pp. 279-285, 2021, doi: 10.1504/ijcat.2021.120457.

[10] W. Lea, “Social networking: Crisis communication,” Nature, vol. 457, no.
7228, pp. 376-8, 2009, doi: 10.1038/457376a.

2083



AE JOURNAL
« ORG C. Wang

[111 A, “A P, A” L V, A. A C, et al. Methodology for disseminating in-
formation channels analysis in social networks (vol 14, pg 362, pp. ).
VESTNIK SANKT-PETERBURGSKOGO UNIVERSITETA SERIYA 10
PRIKLADNAYA MATEMATIKA INFORMATIKA PROTSESSY UP-
RAVLENIYA. 2020; 16(2):214-215, 2018.

[12] S. Andrey, K. Tatyana, C. Pavel, et al., “Organization changes of the
university’s corporate culture under the influence of the social Internet
communications,” SHS Web of Conferences, pp. 2801049-01049, 2016,
doi: 10.1051/ shsconf/20162801049.

[13] J.Joy, E. Chung, Z. Yuan, et al., “DiscoverFriends: secure social network
communication in mobile ad hoc networks,” Wireless Communications
and Mobile Computing, vol. 16, no. 11, pp. 1401-1413, 2016, doi:
10.1002/wem.2708.

[14] S. Molchanov, O. Almazova, A. Voiskounsky, et al., “Role of personality
features of adolescents in processing information via social network com-
munication,” National Psychological Journal, no. 4, pp. 3-15, 2018, doi:
10.11621/npj.2018.0401.

[15] E. Susanne and E. Debora, “PP066 Disseminate Results Through So-
cial Video And Social Networks,” International Journal of Technology
Assessment in Health Care, vol. 33, no. S1, pp. 101-102, 2017, doi:
10.1017/50266462317002422.

[16] W. Yoo, D. Choi, and K. Park, “The effects of SNS communication: How
expressing and receiving information predict MERSpreventive behavioral
intentions in South Korea,” Computers in Human Behavior, pp. 6234-43,
2016, doi: 10.1016/ j.chb.2016.03.058.

[17] J. Sivasubramaniyam and C. Chandrasekar, “A Biometric-Secured Neigh-
borhood Vector Relational Coefficient Framework for Social Network
Communication,” International Journal of Cooperative Information Sys-
tems, vol. 27, no. 2, p. 15, 2018, doi: 10.1142/s0218843018500041.

[18] J,“J AM, Armand J, A,” M H, et al. Parasite Transmission through Social
Networks of Japanese Macaques: A Cost of Grooming? =Supplement, pp.
10-10, 2011, doi: 10.14907/primate.27.0.10.0 .

[19] D. Duvanova, A. Nikolaev, A. Nikolsko-Rzhevskyy, et al., “Violent con-
flict and online segregation: An analysis of social network communication
across Ukraine’s regions,” Journal of Comparative Economics, vol. 44, no.
1, pp. 163-181, 2016, doi: 10.1016/j.jce.2015.10.003.

[20] Y. Ophir, H. Rosenberg, S. C. Asterhan, et al., “In times of war, ado-
lescents do not fall silent: Teacher—student social network communi-
cation in wartime,” Journal of Adolescence, pp. 4698-106, 2016, doi:
10.1016/j.adolescence.2015.11.005.

[21] S. Lamrhari, H. Elghazi, S. Tigani, et al., “Enhancing Social Net-
work Communication through Dynamic Clustering Balance,” 2018, doi:
10.1145/3177148.3180090.

[22] D. Duvanova, A. Semenov, and A. Nikolaev, “Do social networks bridge
political divides? The analysis of VKontakte social network communica-
tion in Ukraine,” Post-Soviet Affairs, vol. 31, no. 3, pp. 224-249, 2015,
doi: 10.1080/1060586x.2014.918453.

[23] D. Scanfeld, V. Scanfeld, and L. E. Larson, “Dissemination of health infor-
mation through social networks: Twitter and antibiotics,” AJIC: American
Journal of Infection Control, vol. 38, no. 3, pp. 182-188, 2009, doi:
10.1016/j.ajic.2009.11.004.

[24] M. Thelwall, D. Wilkinson, and S. Uppal, “Data mining emotion in social
network communication: Gender differences in MySpace,” Journal of the
American Society for Information Science and Technology, vol. 61, no. 1,
pp. 190-199, 2010, doi: 10.1002/asi.21180.

[25] Y. G. Mo and B. Wellman, “Understanding Sequencing in Social Network
Communications,” Bulletin de Méthodologie Sociologique, vol. 113, no.
1, pp. 76-87, 2012, doi: 10.1177/0759106311426997.

[26] Y. Hu, S. Havlin, and A. H. Makse, “Conditions for Viral Influence Spread-
ing through Multiplex Correlated Social Networks,” Physical Review X,
vol. 4, no. 2, p. 021031, 2014, doi: 10.1103/physrevx.4.021031.

[27] C. V. FE. Ficarra, “Handbook of Research on Interactive Information Qual-
ity in Expanding Social Network Communications,” IGI Global, 2014, doi:
10.4018/978-1-4666-7377-9.

[28] Forster and Rohn, “Is Small the New Big? Size Effects on TV Stations’
Social Network Communication,” Journal of Media Business Studies, vol.
10, no. 4, pp. 21-39, 2013, doi: 10.1080/16522354.2013.11073570.

[29] O. Paul, “Social networks can spread the Olympic effect,” Nature, vol. 489,
no. 7416, p. 337, 2012, doi: 10.1038/489337a.

[30] A. Almaraz, Isidoro, B. Pazos, et al., “Social Network Communication:
Perceptions and Uses for Spanish NGOs,” Cuadernos.info, vol. 32, no. 32,
pp. 77-88, 2013, doi: 10.7764/cdi.32.497 .

2084 VOL. 15, NO. 3, AUGUST 2026



