
Academic Editor: Wen-Chyuan

Chiang

Received: 10 January 2026

Revised: 7 February 2026

Accepted: 24 February 2026

Published: 27 February 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

Digital Empowerment of Rural Emergency Management Under
the Rural Revitalization Strategy: Influencing Factors and
Driving Pathways
Jing Wang 1 and Boying Li 2,*

1 School of Marxism, Xi’an University of Science and Technology, Xi’an 710054, China; wanngjing@xust.edu.cn
2 School of Political Science and International Relations, Tongji University, Shanghai 200092, China
* Correspondence: liboying@tongji.edu.cn

Abstract

Against the backdrop of China’s integrated rural revitalization and digitalization strategies,
advancing the digital transformation of rural emergency management has become crucial
for enhancing grassroots governance capabilities. This study aims to systematically examine
the underlying mechanisms through which digital technologies empower rural emergency
management. By developing an analytical framework that integrates digital infrastructure,
collaborative governance networks, emergency response capacity, and comprehensive rural
resilience, and applying a multi-criteria decision-making model, we identify the causal
structures and driving pathways among key factors. The findings indicate that residents’
safety resilience, the level of digital equipment in rescue teams, and industrial recovery
capacity serve as core drivers within the system. Meanwhile, the intelligent dispatch
capability of emergency supplies acts as a central hub linking technological application with
operational effectiveness. Pathway analysis further reveals a progressive empowerment
logic described as “strengthening foundational resilience, enhancing coordinated dispatch,
improving industrial recovery.” This study not only deepens the understanding of the
complex process of digital empowerment but, more importantly, offers policymakers a
clear action plan: in resource allocation and capacity building, priority should be given
to synergistically advancing the above key drivers and hub elements to achieve systemic
improvement in the effectiveness and resilience of rural emergency management.

Keywords: rural revitalization; emergency management; digital transformation; multi-criteria
decision-making

1. Introduction
The Rural Revitalization Strategy serves as the overarching priority for China’s na-

tional modernization. Enhancing rural emergency management capabilities represents
an essential requirement within this strategy. However, traditional approaches still face
significant challenges in areas such as monitoring and early warning, resource dispatch,
and multi-actor coordination [1]. Digital technologies offer new opportunities to address
these issues [2]. Yet, their empowering effect should not be viewed simply as “technol-
ogy overlay”; rather, it triggers systemic changes in governance processes, organizational
models, and capacity frameworks [3]. While existing studies have separately examined the
application of digital technologies in emergency management or the enhancement of rural
resilience, research that integrates “rural revitalization–digital empowerment–emergency
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management” into a coherent framework to systematically reveal the composition of en-
abling factors, causal structures, and driving pathways remains scarce. This gap leads
to a key knowledge deficit: it is still unclear through which critical factors and complex
interactions digital technologies ultimately drive the evolution of rural emergency manage-
ment capabilities.

To address this gap, this study aims to systematically answer three progressively
related research questions: (1) What constitutes the key influencing factor system through
which digital empowerment enhances rural emergency management capabilities? (2) How
do these key factors interact with one another? (3) Through which pathways do digital
technologies ultimately drive the improvement of rural emergency management capabili-
ties? Answering these questions holds important theoretical value and practical urgency
for building a modern rural public safety governance system.

To this end, this study develops an analytical framework integrating four dimensions:
technological infrastructure, governance networks, emergency capacity, and comprehen-
sive resilience. From this framework, a system of 16 influencing indicators is derived.
Empirically, the study innovatively applies a hybrid decision-making model that combines
fuzzy sets, the Decision-Making Trial and Evaluation Laboratory (DEMATEL), and Maxi-
mum Mean Discrepancy Entropy (MMDE). Drawing on a knowledge network of 10 experts
from academia, government practice, and industry—whose backgrounds cover emergency
management, digital rural development, and public policy, and who represent diverse
regional contexts in rural China—the research processes fuzzy expert judgments, quantifies
causal influences among factors, objectively determines influence thresholds, and finally
visualizes the key driving pathways of digital empowerment. These findings provide a
theoretical basis and practical reference for optimizing digital-empowerment strategies and
precisely improving the effectiveness of rural emergency management.

The contributions of this study are threefold: Theoretically, it proposes a systematic
integrated analytical framework that addresses the limitations of earlier single-focus or
one-dimensional studies and offers a new perspective for understanding the complex
mechanisms of digital empowerment. Methodologically, it integrates the Fuzzy-DEMATEL-
MMDE model to analyze fuzzy causal relationships in complex systems, with the objective
determination of thresholds notably enhancing the reliability of the findings. The technical
roadmap of this study is illustrated in Figure 1.

 

Figure 1. Technical Roadmap. Note: Colors distinguish key steps and results. Blue arrows indicate the
three main transitions (fuzzy processing, causal analysis, and threshold determination). The purple
arrow denotes CFCS defuzzification. Red arrows highlight the two core outputs: the DEMATEL
causal loop diagram and the MMDE-based threshold path result. Colored cells mark major methods.
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2. Literature Review
This study explores the influencing factors and driving pathways through which

digital empowerment enhances rural emergency management capabilities under the Rural
Revitalization Strategy. To achieve this, we develop an integrated analytical framework
encompassing four dimensions: digital technology infrastructure, collaborative governance
networks, digital emergency capacity, and comprehensive rural resilience. This chapter sys-
tematically reviews international scholarly progress at the intersection of rural emergency
management, digital technology, and resilient governance. Through critical comparisons,
it identifies consensus, disagreements, and gaps in existing research. It also clarifies the
methodological choices and theoretical foundations for the specific indicators in this study.

2.1. Digital Technology Infrastructure

Digital technology has become a cornerstone of modern emergency management. Its
role has evolved from an early-stage information transmission tool to a core enabler for
comprehensive situational awareness, intelligent analysis, and decision support. Early
research primarily focused on the role of communication technologies like broadcasting in
disseminating early warning information [4]. With the rise in the Internet of Things (IoT),
big data, and artificial intelligence (AI), scholarly focus has shifted to building integrated,
intelligent digital infrastructure to overcome the rural “digital divide.” For example, Gasco-
Hernandez et al. (2019) proposed a socio-technical framework for bridging this divide in
rural emergency contexts, emphasizing the need to integrate technology, user adoption, and
optimization methods [5]. This provides a basis for understanding the social dimension of
digital infrastructure. Shah et al. (2019) explored how IoT and big data analytics contribute
to building disaster-resilient smart cities through real-time monitoring and data-driven
decision-making [6]. Their principles are equally applicable to smart villages, offering
theoretical support for concepts like “sensor networks” and “intelligent tool application.”

A consensus exists that isolated technological systems are insufficient for complex rural
disaster risks. Effective smart emergency models rely on integrated “space-air-ground”
monitoring systems that combine satellite remote sensing, ground sensor networks, drones,
and mobile terminals for real-time, dynamic perception of risks across areas [7]. However,
disagreements persist regarding priorities. Some scholars emphasize that investment in
“hard” infrastructure (e.g., sensor network coverage) is the primary prerequisite. Others
argue that, with limited resources, “soft” data governance and platform integration can
better enhance the collaborative efficiency of existing facilities. This debate highlights the
importance of balancing physical coverage with data value extraction.

In summary, literature in this dimension focuses on overcoming the digital divide
and building integrated intelligent systems. Based on discussions of core issues—physical
sensing coverage, data integration, intelligent decision support, and effective terminal
reach—and reconciling the “hard investment” vs. “soft governance” debate, this study
extracts four key influencing factors: (1) Sensor Network Coverage, (2) Data Platform
Integration, (3) Intelligent Tool Application, and (4) Digital Terminal Penetration. These
indicators collectively form the physical and data foundation for digital empowerment.

2.2. Collaborative Governance Network

The deeper significance of digital empowerment lies in its reshaping of social relations
and governance structures in emergency management. Traditional models emphasize
hierarchical command and control, while the digital era fosters a networked, collaborative
governance model centered on data sharing, platform coordination, and community par-
ticipation. Kapucu (2006) noted that effective emergency collaboration networks feature
flat structures, flexibility, and high trust [8]. In practice, conflicting goals among multiple
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stakeholders (government, businesses, community organizations, farmers) pose a major
challenge [9]. In this regard, Yeganegi et al. (2025) developed a silent negotiation process
based on the Simos procedure, providing a decision-making tool for resolving priority con-
flicts [10]. This directly supports the operationalization of concepts like data collaboration
mechanisms and villager digital participation [10]. Butakov et al. (2018) demonstrated how
social media empowers the public to become “digital volunteers,” reflecting technology-
driven efficient mobilization [11]. The case of Australia’s “Bushwire” community warning
platform offers another paradigm: co-developed with residents, it integrates not only offi-
cial data but also local knowledge provided by the community, transforming villagers’ roles
from “passive information receivers” to “active knowledge producers.” This profoundly
indicates that sustainable collaboration relies not only on the efficiency of technological
tools but is rooted in endogenous community participation capacity and the strength of
multi-directional connections with external networks.

In summary, literature in this dimension reveals the logic of digitalization driving
the transformation of governance models towards networking. Focusing on themes like
multi-actor collaboration, efficient mobilization, and deep participation, and based on
dialectical consideration of technological empowerment and social capital cultivation, this
study extracts four key influencing factors: (1) Data Collaboration Mechanism, (2) Efficiency
of Platform-based Social Mobilization, (3) Villager Digital Participation, and (4) Strength of
External Network Connections. These collectively characterize the reshaping of governance
relations by digital empowerment.

2.3. Digital Emergency Capacity

Digital technology is redefining core operational capabilities for emergency prepared-
ness, response, and recovery by changing how information is processed and resources
are allocated. This shift requires emergency management to move from relying on static
documents and experiential judgment to a new capacity system based on dynamic data,
model simulation, and real-time optimization. The digital transformation of emergency
plans is a typical example. Using technologies like digital twins and scenario simulation,
plans can be exercised and stress-tested, developing dynamic simulation capabilities.

Regarding the classic challenge of resource dispatch, the “leader-follower” game model
constructed by Nahirniak et al. (2021) provides a rigorous theoretical reference for “intelligent
emergency supply dispatch capability” and emphasizes that capacity building must consider
grassroots behavioral patterns [12]. Should digital emergency capacity focus more on “central-
ized intelligent decision-making” or “distributed autonomous response”? Abdel-Basset et al.
(2023) proposed and applied an integrated fuzzy DEMATEL-fuzzy EDAS hybrid MCDM
framework to evaluate smart disaster response systems [13]. This work directly supports
this paper’s choice of the Fuzzy-DEMATEL method, demonstrating its effectiveness and
contemporary relevance in assessing smart emergency system performance. Kankanamge
et al. (2020)’s study on public self-help and mutual aid using digital technologies demonstrates
the potential of “crowdsourced” emergency response, where capacity resides at the individual
and community levels [14]. Bharosa et al. (2010)’s analysis of multi-agency information
sharing barriers reminds us that, regardless of system intelligence, cross-departmental data
integration and collaboration remain foundational prerequisites for capacity realization [15].
Therefore, capacity is the product of the combined action of technical equipment, intelligent
algorithms, and closed-loop management processes.

In summary, literature in this dimension describes the process of digitalization re-
constructing core emergency operational capabilities. Focusing on issues like optimized
resource dispatch, dynamic plan simulation, equipment empowerment at the front lines,
and closed-loop process management, and integrating an understanding of the complemen-
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tarity between centralized intelligence and distributed response, this study extracts four key
influencing factors: (1) Dynamic Simulation Capability of Emergency Plans, (2) Intelligent
Dispatch Capability of Emergency Supplies, (3) Digital Equipment Level of Rescue Teams,
and (4) Online Closed-loop Rate of Hazard Management. These are key manifestations of
how digital effectiveness translates into practical operational capability.

2.4. Integrated Rural Resilience

The ultimate goal of enhancing emergency management is to strengthen the socio-
ecological resilience of rural communities—their ability to resist, absorb, adapt to, and
transform from disaster shocks. The Baseline Resilience Indicators for Communities (BRIC)
developed by Cutter et al. (2008), which integrates social, economic, institutional, infrastruc-
tural, and community capital dimensions, provides an authoritative assessment framework
reference for this dimension [16]. Manyena (2006) systematically analyzed the concept
of “resilience,” advocating for its expansion from engineering-focused rapid recovery to
sustainable adaptation encompassing social learning and adaptive capacity [17].

Digital technology can enhance overall resilience by empowering industries, finance,
and social networks. For example, digital platforms can promote e-commerce for agri-
cultural products to improve industrial recovery capacity; digital inclusive financial tools
can increase “emergency financial accessibility.” However, most current research discusses
the one-way links between technology, governance, capacity, and resilience in a dispersed
manner, lacking integrated analysis of their interactive structures and causal pathways.
Aldrich (2012)’s case study strongly demonstrates that social capital is the most critical
factor for post-disaster community recovery, providing core theoretical support for the
“digital community mutual aid level” indicator [18]. Kappel et al. (2023) analyzed key
factors of rural emergency capability based on rural emergency preparedness and response
plans, offering optimal decisions for each stage of disaster emergency response [19]. The
“Rural Computing” initiative proposed by Lang et al. (2025) represents a rare integrated
exploration aimed at systematically enhancing rural resilience through the synergy of
planning, design, construction, and governance pathways [20]. This provides a macro-
framework for this study to understand how the four dimensions form a driving pathway
from technological input to resilience output. However, the specific causal relationships,
relative importance, and transmission mechanisms among elements within this framework
still lack refined empirical identification and measurement.

In summary, literature in this dimension integrates multi-dimensional resilience mea-
surement, the core theory of social capital, and explorations of technology-enabled path-
ways. Based on this, and aiming to integrate dispersed resilience drivers into a systematic
framework, this study extracts four key outcome-influencing factors: (1) Industrial Re-
covery Capacity, (2) Emergency Financial Accessibility, (3) Digital Community Mutual
Aid Level, and (4) Resident Safety Resilience. These together constitute comprehensive
outcome indicators for assessing rural system resilience.

2.5. Review of Factor Relationship Analysis Methods

Through systematic literature review and synthesis, this study establishes a four-
dimensional, sixteen-indicator analytical framework. However, a core research gap emerges:
there is still a lack of systematic empirical identification and verification of the complex
interactions among factors within the framework, their respective causal attributes, and
the key transmission pathways influencing system resilience. Existing research often uses
case descriptions, correlation analysis, or models focused on a single dimension. These
approaches fail to provide a method capable of simultaneously handling multi-factor
interactions, fuzzy judgments, and objectively revealing structures to comprehensively
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analyze this complex system. This methodological gap directly informs the methodological
considerations of this study. Multi-Criteria Decision-Making (MCDM) models compare
feasible alternatives against a set of conflicting criteria, ranking them from best to worst [21].
Among these, Interpretive Structural Modeling (ISM) is adept at establishing hierarchical
structures but struggles to quantify influence strength and direction. The Analytic Network
Process (ANP) can handle dependencies but has weak causal directionality. Structural
Equation Modeling (SEM) requires large sample sizes to test preset paths and is unsuitable
for exploratory construction of causal networks. In contrast, the Decision-Making Trial
and Evaluation Laboratory (DEMATEL) method is particularly suitable for handling in-
terdependencies among factors in complex systems. It can visualize causal networks and
quantify factor centrality and causality based on expert knowledge [22], making it suitable
for the exploratory goals of this study.

In many cases, judgments in DEMATEL are often given specific numerical values,
which may be insufficient to reflect real-world fuzziness. In fact, human judgments about
preferences are often unclear and difficult to estimate with precise numbers. Therefore,
extending the DEMATEL method with fuzzy logic is necessary for better decision-making
in fuzzy environments [23]. Using Fuzzy DEMATEL can handle inherent bias and fuzzi-
ness in human judgment, addressing group decision-making problems organizations face
under fuzzy conditions [24]. For example, Ahmadi et al. (2020) mapped Fuzzy DEMATEL
outputs to Bayesian networks to construct a Bayesian network of risk factors, employ-
ing pairwise comparison to solicit expert opinions [25]. Secondly, a suitable threshold is
needed during DEMATEL analysis to obtain sufficient information for further analysis
and decision-making. In existing research, thresholds are mostly determined through
joint expert deliberation [26], which has limitations of subjective judgment. Some scholars
use the mean method to determine thresholds [27,28], but this leads to nearly half of the
influence relationships being artificially deleted, preventing accurate threshold calculation.
Other scholars use statistical distribution methods [29], which essentially assume a normal
distribution that may not match reality. The Maximum Mean De-Entropy (MMDE) method
is used to reduce information volume and determine thresholds. Integrating DEMATEL
with MMDE effectively analyzes problems and provides recommendations [30]. For in-
stance, Behera and Mukherjee (2015) applied an integrated DEMATEL and MMDE method
to study key factors influencing supply chain coordination scheme selection [31]. Singh and
Bhanot (2019) used MMDE to determine the threshold in an integrated method, analyzing
barriers to IoT implementation in manufacturing by combining multiple decision-making
methods [32]. However, in the field of rural emergency management research, most existing
scholars use questionnaire surveys and model analysis to study influencing factors for
capacity improvement. For example, Zhang et al. (2023), based on questionnaires and
data collection, analyzed the emergency capabilities of urban, town, and rural commu-
nities [33]. They suggested that focusing on community-level resilience and analyzing
its influencing factors has potential value in addressing disaster emergency issues [33].
Li et al. (2024) established a model from a compound risk perspective to analyze factors
influencing rural community emergency capacity, identifying key factors for improving
overall rural community emergency management capability [34]. Yet, few scholars have
utilized MCDM to deeply analyze influencing factors and their interrelationships in rural
emergency management. There is even less exploration of digital empowerment, making it
difficult to adapt to the demands of the digital economy era and modernization.

2.6. Literature Gap and Contribution

In summary, international literature widely recognizes the transformative potential of
digital technology for rural emergency management and rural resilience building, accumu-
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lating rich results in technology application, collaborative governance, capacity building,
and resilience assessment. MCDM methods like DEMATEL have been widely researched
and applied by scholars, laying the theoretical foundation for this study. However, existing
research still has the following gaps: First, most studies focus on a single dimension or tech-
nical solution, lacking systematic integration of technological infrastructure, governance
networks, emergency capacity, and comprehensive resilience. Second, there is a lack of
structured causal analysis regarding how elements within this framework interact, what
the key driving factors are, and the specific pathways of influence. Third, few scholars
have considered comprehensively addressing the various objective shortcomings in the
process of integrating decision-making methods. The application of the MMDE method
to determine a single objective threshold is also rare. Simultaneously, few scholars have
comprehensively applied such integrated methods to the study of influencing factors in
rural emergency management.

Therefore, this study aims to address these gaps. We construct a four-dimensional influ-
encing factor system, which is a concretization of the “technology-organization-capability-
outcome” logical chain. Employing the Fuzzy-DEMATEL-MMDE method can not only
handle fuzziness in expert judgments but, more crucially, can quantitatively identify funda-
mental driving factors, key mediating factors, and core outcome indicators in the system
by calculating the centrality and causality of each influencing factor. This helps reveal the
internal driving pathways for enhancing rural emergency management capacity through
digital empowerment under the Rural Revitalization Strategy, providing a scientific basis
for formulating precise intervention policies.

3. Indicator System Construction
3.1. Data Foundation

To ensure the study is grounded in practice and possesses high reliability, this study
strictly follows the requirements of the Delphi method and DEMATEL for expert consulta-
tion, forming an evaluation panel of 10 experts. Expert selection adhered to the following
criteria: (1) Possess over 10 years of research or practical experience in emergency man-
agement, digital rural construction, or public policy; (2) Be familiar with the current state
of rural development and digital transformation processes in China; (3) Be capable of
providing professional, independent judgments on complex system factor relationships.

Based on this, the final expert composition is: 4 academic researchers, specializing
in emergency management and digital governance, with an average professional expe-
rience of 15 years. Their main contribution is providing theoretical frameworks, indica-
tor system construction, and validity assessment. 3 government managers, working in
provincial/county-level emergency management and agriculture/rural affairs departments,
with an average professional experience of 10 years. Their main contribution is providing
policy and practical perspectives, assessing the practical feasibility of indicators. 3 technical
practitioners, working in digital technology companies or rural smart project consulting
agencies, with an average professional experience of 8 years. Their main contribution is
providing perspectives on the forefront of technology application, assessing technology-
enabled pathways. Data collection was conducted using the classic Delphi method process
through anonymous questionnaire surveys, primarily assessing the influencing factors
and interrelationships related to digital empowerment for enhancing rural emergency
management capacity.

3.2. The Fuzzy-DEMATEL Method

The Decision-Making Trial and Evaluation Laboratory (DEMATEL) method is effec-
tive in identifying factors within complex systems and exploring their causal relation-
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ships [35,36]. However, a key limitation of the conventional DEMATEL is that judgments
are typically assigned specific numerical values, which may not adequately capture the
inherent fuzziness and uncertainty present in real-world decision-making [37]. To ad-
dress this, we employ a modification based on triangular fuzzy number theory [38]. The
fundamental procedural steps are as follows:

Step1: Establish the indicator system for assessing rural emergency management
capability under the Rural Revitalization Strategy. This system is defined as a set of factors
{x1, x2, x3, . . ., xn}. Through a comprehensive literature review and expert evaluation,
we constructed this framework. It comprises the following four dimensions and sixteen
influencing factors, as shown in Figure 2.

 

Figure 2. Indicator System Diagram. Note: Different cell colors are used to distinguish the four
primary dimensions of the indicator system: Digital Technology Infrastructure, Collaborative Gover-
nance Network, Digital Emergency Capability, and Integrated Rural Resilience. The color variation
serves only to visually separate these dimensions and does not imply differences in weight or priority.

(1) Digital Technology Infrastructure

Sensor Network Coverage Rate (x1): This indicator measures the physical coverage
of real-time monitoring in key risk areas. These areas include flood-prone channels, sites
prone to geological hazards, and clusters of old buildings. Monitoring is achieved through
IoT sensors, cameras, and other intelligent devices.

Data Platform Integration Degree (x2): This indicator evaluates the extent to which
operational data from multiple departments is interconnected, standardized, and shared
in real-time on a unified county-level emergency command platform. The involved de-
partments typically include emergency management, natural resources, meteorology, and
transportation. It measures whether “data silos” have been effectively broken down.

Intelligent Tool Application Degree (x3): This reflects the frequency and depth of
using big-data disaster models for loss estimation or AI algorithms for automatic damage
identification from satellite imagery during actual decision-making processes. These
processes include emergency consultation and early warning issuance. It indicates a shift
from technology being a demonstration tool to becoming core decision support.
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Digital Terminal Penetration Rate (x4): This specifically refers to the online operational
readiness rate of emergency broadcasting systems. It also includes the proportion of
households that have installed and use official county-level emergency apps or mini-
programs. These platforms must have core functions such as receiving warnings and
reporting information. This indicator relates to the socio-technical framework for bridging
the rural digital divide.

(2) Collaborative Governance Network

Data Collaboration Mechanism (x5): This refers to the completeness of formal, pre-
established data-sharing agreements among government, enterprises, and social organiza-
tions for emergency response. It also assesses the existence of standardized data exchange
processes that support cross-organizational collaboration. Its theoretical basis involves
decision analysis methods for coordinating conflicts among multiple stakeholders.

Platform-based Social Mobilization Efficiency (x6): This measures the average time
required after a disaster to successfully recruit, organize, and assign clear tasks to the
first batch of social emergency volunteers or local corporate rescue forces through digital
platforms. Theoretical support for this indicator comes from research on the flat and
high-trust characteristics of efficient emergency collaboration networks.

Villager Digital Participation (x7): This indicates the monthly average number of
potential hazards (e.g., blocked rivers, cracks in unsafe houses) that villagers proactively
report via digital channels like apps or WeChat groups. It also captures their enthusiasm
for regularly participating in online emergency knowledge quizzes and simulation drills.

External Network Connection Strength (x8): This refers to the capability of township-
level emergency command platforms to synchronize live video and disaster data with
higher-level platforms with one click. It also measures the smoothness of horizontal
coordination for resource dispatch and information exchange with neighboring townships.
This concept extends from practices related to communities establishing multi-directional
connections with external systems.

(3) Digital Emergency Capability

Dynamic Simulation Capability for Emergency Plans (x9): This describes a complete
process. It involves using digital means (e.g., electronic sand tables, simulation software)
to conduct visual, interactive exercises of emergency plans. It also includes the imme-
diate revision of plan documents based on problems exposed during these exercises. It
embodies the trend of transforming emergency plans from static documents into dynamic
simulation tools.

Intelligent Dispatch Capability for Emergency Supplies (x10): This is the ability to auto-
matically or semi-automatically generate optimal distribution routes and vehicle allocation
plans. These plans route supplies from multiple storage depots to multiple disaster sites.
The generation is based on GIS maps, real-time traffic conditions, and optimization algo-
rithm models. Its theoretical model references stem from research on optimal emergency
resource allocation based on game theory.

Digital Equipment Level of Response Teams (x11): This assesses the proportion and
sophistication of intelligent equipment available to and proficiently used by frontline rescue
forces. These forces include local fire rescue stations and militia emergency units. The
equipment includes portable video transmission devices, drones, and life detectors.

Online Closed-Loop Rate for Hidden Hazards (x12): This measures the proportion of
the entire hazard management process that is recorded, tracked, and supervised through a
digital platform. The process spans from hazard discovery and reporting to task assignment,
on-site handling, and re-inspection for closure. The goal is to eliminate “offline handling
with post-facto data entry.”
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(4) Integrated Rural Resilience

Industrial Recovery Capacity (x13): This refers to the average time required after a
disaster for the main production facilities of characteristic agricultural products or the core
businesses of rural tourism to restore 80% of their pre-disaster operational capacity. Its
theoretical foundation lies in the economic dimension of baseline community resilience
indicators. It also connects to the expanded concept of resilience, which moves from
engineered recovery towards adaptive development.

Emergency Financial Accessibility (x14): This indicates the number and coverage
rate of successful online applications and payouts for agricultural disaster insurance or
emergency micro-credit obtained by farming households within a disaster-affected area. It
relates to the role of digital inclusive finance in post-disaster recovery.

Digital Community Mutual-Aid Level (x15): This measures the number of sponta-
neous online groups formed through digital social networks like village WeChat groups
or community apps. It also assesses the digital coverage rate of assistance provided to
vulnerable groups such as the elderly, weak, sick, or disabled.

Resident Safety Resilience (x16): This reflects the enhanced level of protection for
residents’ lives and property achieved directly through digital means. Examples include
installing intelligent settlement or crack monitors in old houses, or providing one-click
emergency call devices to vulnerable households. Its theoretical framework derives from
comprehensive community resilience assessment and explorations of pathways for technol-
ogy to empower resilience building.

Step2: Experts are invited to evaluate the influence relationships between each pair of
factors using linguistic terms and their corresponding scores. The linguistic variables and
fuzzy scales for expert judgment are presented in Table 1 [39]. The linguistic evaluations are
then converted into triangular fuzzy numbers, denoted as wk

ij = (lk
ij, mk

ij, rk
ij), representing

the k-th expert’s assessment of the influence degree of factor i on factor j. Each triangular
fuzzy number satisfies the condition l ≤ m ≤ r.

Table 1. Expert Linguistic Variable Conversion Table.

Linguistic Variable Influence Score Triangular Fuzzy Number

Very High Influence (VH) 4 (0.75,1.0,1.0)
High Influence (H) 3 (0.5,0.75,1.0)
Low Influence (L) 2 (0.25,0.5,0.75)

Very Low Influence (VL) 1 (0,0.25,0.5)
No Influence (No) 0 (0,0,0.25)

Step3: The CFCS (Converting Fuzzy data into Crisp Scores) method is applied to
defuzzify the initial expert evaluations [40]. This process yields an n × n direct influence
matrix D [41]. The detailed calculation steps are shown in Appendix A.1.

Step4: The normalized direct influence matrix N is calculated. The defuzzified direct
influence matrix D is visualized in Figure 3, where color intensity indicates the degree of
influence, providing an intuitive display of inter-factor relationships.

N =
D

max
[
max

(
∑n

j=1 dij

)
, max

(
∑n

i=1 dij
)] (1)
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Figure 3. Gradient Map of the Defuzzified Direct Influence Matrix. Note: The boxes on the diagonal
are marked with emphasis on the diagonal and have no other meaning.

Step5: The total influence matrix T is computed. The identity matrix of order n × n is
denoted as I. After continuous self-multiplication, there is lim

k→∞
Nk = 0. The total influence

matrix T is shown in Table A1 of Appendix A.2.

T = (N + N2 + . . . + Nk) =
∞

∑
k=1

Nk = N(I-N)-1 (2)

Step6: For each element, the influencing degree (Di), the influenced degree (Ri), the
centrality, and the cause degree are calculated. Centrality, the sum of Di and Ri, represents
the element’s importance and position within the system. The cause degree is derived by
subtracting Ri from Di. Results are presented in Table 2, calculated as follows:

Di =
n

∑
j=1

xij, (i = 1, 2, . . . , n) (3)

Ri =
n

∑
j=1

xij, (i = 1, 2, . . . , n) (4)

Table 2. Centrality and Cause Degree Results.

Factors D R Centrality (D + R) Cause Degree (D-R)

x1 3.5515 2.4950 6.0465 1.0565
x2 4.0835 4.1864 8.2699 −0.1029
x3 3.9789 3.8322 7.8111 0.1467
x4 4.1032 3.9394 8.0426 0.1638
x5 4.1628 4.0359 8.1987 0.1269
x6 4.1974 4.7143 8.9117 −0.5169
x7 4.2935 3.9532 8.2467 0.3403
x8 3.3780 3.4452 6.8232 −0.0672
x9 3.8790 3.9538 7.8328 −0.0748
x10 4.3494 5.0627 9.4121 −0.7133
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Table 2. Cont.

Factors D R Centrality (D + R) Cause Degree (D-R)

x11 4.6599 4.2334 8.8933 0.4265
x12 4.0456 4.2542 8.2998 −0.2086
x13 4.5673 4.8323 9.3996 −0.2650
x14 2.8205 3.7672 6.5877 −0.9467
x15 4.4741 4.1332 8.6073 0.3409
x16 4.8283 4.5345 9.3628 0.2938

Step7: A causal diagram is plotted using centrality as the horizontal axis and cause
degree as the vertical axis, as shown in Figure 4.

Figure 4. Causal Diagram. Note: The red dashed line at the horizontal axis 0 has no practical significance.

The following primary conclusions are drawn from Table 2 and Figure 4:
Ranking by Influence Degree: Factors x16 (Resident Safety Resilience), x11 (Digital

Equipment Level of Response Teams), and x13 (Industrial Recovery Capacity) exert the
greatest influence on other factors within the system. This finding is grounded in practical
reality. First, resident safety resilience forms the very foundation of emergency manage-
ment. In rural areas, measures like improving housing disaster resistance and promoting
household emergency kits yield direct and significant mitigation effects. In practice, regions
with weak safety foundations often experience substantially reduced effectiveness in subse-
quent digital rescue operations. Second, the driving role of rescue team equipment reflects
the practical necessity of “human-machine integration.” Equipping personnel with tools
like drones and individual communication terminals directly enhances their situational
awareness, communication, and operational capabilities on the ground. This serves as a cru-
cial translator from the “digital system” to the “physical world.” Third, the high influence
of industrial recovery capacity confirms that modern emergency management must serve
sustainable development goals. Rapid restoration of production after a disaster is central to
preventing disaster-induced poverty and consolidating rural development achievements.

Ranking by Centrality Degree: Overall, Factor x10 (Intelligent Dispatch Capability for
Emergency Supplies) exhibits the highest centrality. This directly addresses the common
disconnect between information/decision flows and material/personnel flows in rural
emergency responses. In scenarios such as mountainous terrain or where disasters disrupt
road access, delivering limited rescue forces and supplies to the right locations at the right
time relies entirely on the optimization algorithms and coordinated command capabilities
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of an intelligent dispatch system. Therefore, enhancing x10 represents the most effective
short-term intervention for bridging the “last mile” of emergency response and maximizing
the overall efficiency of the system.

Within the four dimensions, x2 (Data Platform Integration Degree), x6 (Platform-based
Social Mobilization Efficiency), x10 (Intelligent Dispatch Capability), and x13 (Industrial
Recovery Capacity) emerge as the factors with the highest centrality in their respective
areas. This provides clear priorities for targeted policy across different domains: the core
of digital infrastructure development should be breaking down data barriers rather than
merely increasing sensor quantities; the focus of collaborative network optimization should
be creating efficient and executable platform-based mobilization processes; the immediate
priority for capacity building is upgrading the intelligent dispatch system; the ultimate
measure for all efforts is whether they tangibly enhance the recovery capacity of industries
and communities.

Ranking by Cause Degree: Factor x14 (Emergency Financial Accessibility) has the
smallest cause degree, indicating it is the factor most susceptible to influence from others.
This reveals a key policy insight: public acceptance and use of emergency financial products
is more a result of broader systemic improvements than an independently promotable
starting point. If disaster assessments are inaccurate or claim processes are not user-
friendly, promotional campaigns for insurance products alone often yield limited results.
Therefore, policy should prioritize improving the upstream supporting conditions for these
financial tools.

3.3. The Maximum Mean De-Entropy Method (MMDE)

The DEMATEL method requires an appropriate threshold to filter key influencing
factors and relationships, facilitating further analysis and decision-making. Existing studies
often rely on expert consensus to determine this threshold [26], which introduces subjectiv-
ity. To address this, the Maximum Mean De-Entropy (MMDE) method is introduced [30].
This method determines an objective and unique threshold by filtering out non-essential
information from the total influence matrix [3,42]. Extract the factors corresponding to
values in the total influence matrix T that are greater than or equal to the threshold. Based
on the causal diagram, directed arrows are drawn to represent the reachable influence
relationships among these key factors, as illustrated in Figure 5. The detailed calculation
steps are shown in Appendix A.3.

Following the computational steps, the MMDE method determined a threshold value
of 0.3347. We applied this threshold to filter out weak relationships within the compre-
hensive influence matrix. This process allowed us to distill the most significant influence
pathways within the system, as visualized in Figure 5. It should be noted that using
a fixed threshold is a necessary simplification when dealing with continuous influence
relationships. While the MMDE method offers a data-driven and objective approach for
determining this value, the specific numerical threshold may slightly influence the detailed
structure of the identified network.

Key factors were identified by selecting all elements in the total influence matrix with
values greater than or equal to this threshold. The subsequent analysis focused on the
reachable influence relationships among these key factors. As Figure 5 illustrates, factor x16

(Resident Safety Resilience) influences rural emergency management capability within the
rural revitalization and digital empowerment framework by affecting x6 (Platform-based
Social Mobilization Efficiency), x10 (Intelligent Dispatch Capability), and x13 (Industrial
Recovery Capacity). Both x11 (Digital Equipment Level of Response Teams) and x15 (Digital
Community Mutual-Aid Level) influence the target capability by affecting x10 and x13.
Furthermore, x13 exerts an additional influence by affecting x10. Consequently, the core
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pathway can be summarized as follows: “Empowerment through Foundational Resources
and Rules, Transformation via Collaborative Mobilization and Intelligent Dispatch, and
Realization/Enhancement of System Resilience.”

8.6 8.7 8.8 8.9 9 9.1 9.2 9.3 9.4 9.5
-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

x6

x10

x11

x13

x15
x16

Figure 5. Relationship Diagram Based on MMDE Results. Note: Different arrow colors are used to
distinguish causal paths identified under the MMDE threshold. Each color represents a separate core
transmission path among key indicators, serving only to visually differentiate the main influence
routes without implying differences in strength beyond the threshold criterion.

First, resources and intelligent rules initiate the pathway. Resident Safety Resilience
(x16) and the Dynamic Simulation Capability for Emergency Plans are important initial
sources of influence. The former creates a safer and more efficient foundational environment
for rescue operations. The latter functions as a “digital sandbox,” transforming abstract
plans into concrete resource requirements and actionable checklists. This provides precise
input for subsequent stages.

Second, the influence is transmitted and amplified through platform-based collabo-
ration and dispatch. The aforementioned foundational factors primarily propagate their
effects by influencing Platform-based Social Mobilization Efficiency (x6) and Intelligent
Dispatch Capability (x10). Specifically, safer communities and intelligent plans enable
digital platforms to organize and mobilize social forces more efficiently. Concurrently,
these elements, together with the high-frequency, precise on-site information provided
by the Digital Community Mutual-Aid Level (x15), collectively empower the intelligent
dispatch system. This shifts decision-making from a reliance on “experiential estimation”
to a “data-driven” paradigm.

Finally, achieving and enhancing resilience represents the endpoint and feedback
mechanism of the pathway. Efficient dispatch directly accelerates the recovery process.
More importantly, the model reveals a positive feedback loop. Stronger industrial and
community recovery capacity (x13) signifies richer local resources and greater inherent
resilience. This, in turn, can reduce absolute dependence on external dispatch, thereby
making the entire system more resilient to future shocks. This insight profoundly illustrates
the synergistic relationship between building emergency response capacity and pursuing
long-term sustainable development.
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4. Conclusions
4.1. Main Findings

This study systematically analyzes the influencing factors and internal mechanisms
of digital empowerment for rural emergency management under the Rural Revitalization
Strategy by employing an integrated Fuzzy-DEMATEL-MMDE model. The principal con-
clusions and contributions are summarized as follows: Identification of Three Deep Drivers
and One Central Hub. Factor attribute analysis reveals that Resident Safety Resilience
(x16), Digital Equipment Level of Response Teams (x11), and Industrial Recovery Capacity
(x13) act as the most influential deep drivers within the system. In contrast, the Intelligent
Dispatch Capability for Emergency Supplies (x10) possesses the highest centrality. It func-
tions as the critical hub connecting technology, collaborative governance, and execution
outcomes, thereby determining the overall response efficiency. Revelation of a Digital Em-
powerment Pathway. The analysis of key influence pathways delineates a progressive logic:
foundational reinforcement, collaborative dispatch, and recovery enhancement. Digitally
enhanced safety foundations, equipment, and mutual-aid networks ultimately drive the
systematic strengthening of industrial and community recovery capacity by improving
the efficacy of platform-based mobilization and intelligent dispatch. Clarification of Factor
Attributes for Differentiated Strategy. The research distinguishes factors with different
attributes, such as high influence, high centrality, and high susceptibility. This distinction
provides a basis for precise intervention in emergency management. Notably, as a highly
susceptible factor, improvements in Emergency Financial Accessibility (x14) should be
pursued by optimizing upstream conditions like dispatch efficiency and service experience.

4.2. Theoretical Contribution and Practical Implications

The primary theoretical contribution of this study lies in constructing a systematic an-
alytical framework that integrates “Technological Infrastructure, Organizational Networks,
Core Capabilities, Comprehensive Resilience.” It empirically reveals the causal structures
and functional pathways among these components, offering a new theoretical perspective
for understanding complex rural governance systems in the digital era. Based on these
findings, we propose the following management implications: (1) For Local Governments
and Policymakers: Systemic planning is essential to avoid fragmented investments. Priority
should be given to securing long-term strategic investment in deep drivers (e.g., resident
safety resilience, industrial resilience). Concurrently, focused support should be directed
toward building core hub capabilities (e.g., intelligent dispatch) to enhance overall system
performance. (2) For Emergency Management Agencies: Short-term efforts should con-
centrate on optimizing the high-centrality factor of “Intelligent Dispatch Capability.” This
involves breaking down data silos and redesigning workflows to overcome the bottleneck
of precise resource allocation. Efforts should also be made to enhance “Platform-based
Social Mobilization Efficiency,” transforming digital platforms into operational hubs that
integrate information, resources, and command functions. (3) For Rural Communities
and Grassroots Organizations: The key is to leverage digital tools to activate endogenous
resilience. Actively developing digital mutual-aid networks and integrating them with rou-
tine industrial development and environmental governance can elevate community-based
collaborative governance. This approach helps genuinely embed digital technology into
rural governance practices.

4.3. Limitations and Future Research

This study has certain limitations. First, the cross-sectional analysis based on expert
cognition clearly presents a static causal structure but cannot capture the dynamic evolution
of relationships between factors. Second, the conclusions depend to some extent on the
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subjective judgments of the selected expert panel. Future research can advance this work in
three main directions. First, methods such as system dynamics could be introduced to en-
able dynamic simulation and prediction. Second, comparative case studies across different
regions in China could be conducted to test the adaptability of the proposed framework.
Third, the indicator system developed in this study could be applied to practical assess-
ments. Furthermore, exploring how to test and adapt this analytical framework in similar
global contexts would contribute to the broader knowledge base on rural governance.
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Appendix A
Appendix A.1

(1) Normalization of Triangular Fuzzy Numbers:

xlk
ij =

(
lk
ij − minlk

ij

)
/∆max

min (A1)

xmk
ij =

(
mk

ij − minlk
ij

)
/∆max

min (A2)

xrk
ij =

(
rk

ij − minlk
ij

)
/∆max

min (A3)

∆max
min = maxrk

ij − minlk
ij

(2) Calculation of Normalized Left-Side (ls) and Right-Side (rs) Values:

xlsk
ij = xmk

ij/
(

1 + xmk
ij − xlk

ij

)
(A4)

xrsk
ij = xrk

ij/
(

1 + xrk
ij − xmk

ij

)
(A5)
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(3) Computation of Crisp Values:

xk
ij =

[
xlsk

ij

(
1 − xlsk

ij

)
+ xrsk

ijxrsk
ij

]
/
[
1 − xlsk

ij + xrsk
ij

]
(A6)

zk
ij = minlk

ij + xk
ij∆

max
min (A7)

(4) Aggregation of Expert Judgments (Crisp Average):

zij =
1
k

(
z1

ij + z2
ij + . . . + zk

ij

)
(A8)

Appendix A.2

Table A1. Total Influence Matrix.

x1 x2 x3 x4 x5 x6 x7 x8

x1 0.1139 0.2565 0.2232 0.2106 0.2335 0.2627 0.2112 0.2088
x2 0.1648 0.2158 0.2478 0.2370 0.2761 0.3098 0.2383 0.2472
x3 0.1781 0.2627 0.1924 0.2465 0.2551 0.2868 0.2316 0.2424
x4 0.1477 0.2496 0.2491 0.2062 0.2415 0.3110 0.2738 0.2109
x5 0.1669 0.2714 0.2520 0.2564 0.2121 0.2980 0.2580 0.2494
x6 0.1671 0.2719 0.2377 0.2770 0.2483 0.2498 0.2621 0.2164
x7 0.1704 0.2764 0.2590 0.2832 0.2361 0.3229 0.2158 0.2032
x8 0.1246 0.2133 0.1809 0.1862 0.2075 0.2519 0.2039 0.1461
x9 0.1417 0.2571 0.2399 0.2273 0.2516 0.2652 0.2123 0.1883
x10 0.1732 0.2972 0.2614 0.2506 0.2891 0.3249 0.2674 0.2412
x11 0.1829 0.2978 0.2935 0.2827 0.2895 0.3274 0.2832 0.2373
x12 0.1465 0.2655 0.2312 0.2357 0.2590 0.2911 0.2367 0.2105
x13 0.1799 0.3093 0.2727 0.2617 0.3014 0.3220 0.2782 0.2341
x14 0.0908 0.1669 0.1555 0.1781 0.1620 0.2038 0.1788 0.1394
x15 0.1591 0.2696 0.2510 0.2917 0.2769 0.3330 0.2927 0.2267
x16 0.1874 0.3054 0.2849 0.3085 0.2962 0.3540 0.3092 0.2433

x9 x10 x11 x12 x13 x14 x15 x16

x1 0.2125 0.2789 0.2064 0.2416 0.2510 0.1862 0.2024 0.2521
x2 0.2389 0.3286 0.2515 0.2699 0.2998 0.2285 0.2470 0.2825
x3 0.2669 0.3220 0.2453 0.2649 0.2934 0.2062 0.2246 0.2600
x4 0.2388 0.2951 0.2889 0.2543 0.3005 0.2648 0.2837 0.2873
x5 0.2592 0.3329 0.2563 0.2741 0.3205 0.2326 0.2514 0.2716
x6 0.2435 0.3333 0.2769 0.2750 0.3065 0.2526 0.2874 0.2919
x7 0.2480 0.3228 0.2990 0.2641 0.3117 0.2734 0.2930 0.3145
x8 0.2035 0.2831 0.2163 0.2324 0.2577 0.2133 0.2284 0.2289
x9 0.1961 0.3157 0.2586 0.2765 0.3053 0.2182 0.2525 0.2727
x10 0.2680 0.2774 0.2822 0.2683 0.3316 0.2570 0.2611 0.2988
x11 0.3017 0.3646 0.2486 0.3174 0.3516 0.2554 0.2935 0.3328
x12 0.2708 0.3261 0.2678 0.2176 0.3152 0.2271 0.2624 0.2824
x13 0.2964 0.3592 0.2946 0.3125 0.2787 0.2509 0.2884 0.3273
x14 0.1601 0.2147 0.2057 0.1865 0.2083 0.1369 0.2017 0.2313
x15 0.2577 0.3347 0.3089 0.2900 0.3395 0.2824 0.2358 0.3244
x16 0.2917 0.3736 0.3264 0.3091 0.3610 0.2817 0.3199 0.2760

Appendix A.3

Step1: Convert the total influence matrix T into an ordered set: {t11, t12, . . ., t21, t22, . . .,
tnn}. Sort the elements in descending order and transform them into an ordered triplet set
denoted as T*, containing elements (tij, xi, xj).
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Step2: From the set (tij, xi, xj), derive two new ordered sets: the dispatched node set
(TDi) and the received node set (TRe):

TDi = {xi} = {x1, x2, . . . , xn×n} (A9)

TRe =
{

xj
}
= {x1, x2, . . . , xn×n} (A10)

Step3: Take the first t elements of TDi to form a new subset TDi
t. Calculate the proba-

bility for different elements and compute the Mean De-Entropy (MDE) value. Increment
t from 1 to the cardinality of C(TDi). Process TRe in the same manner. The formulas are
as follows:

HDi
t = H

[
1

N(TDi )
,

1
N(TDi )

, . . . ,
1

N(TDi )

]
− H

[
k1

C(TDi )
,

k2

C(TDi )
, . . . ,

kt

C(TDi )

]
(A11)

HRe
t = H

[
1

N(TRe)
,

1
N(TRe)

, . . . ,
1

N(TRe)

]
− H

[
k1

C(TRe)
,

k2

C(TRe)
, . . . ,

kt

C(TRe)

]
(A12)

MDEDi
t =

HDi
t

N
(

TDi
t

) (A13)

MDERe
t =

HRe
t

N
(

TRe
t

) (A14)

Step4: Identify the maximum MDE value and the elements preceding its correspond-
ing position. Remove any duplicate elements.

TDi
max = max

(
MDEDi

t

)
= {x1, x2, . . . , xmax

t } (A15)

TRe
max = max

(
MDERe

t

)
= {x1, x2, . . . , xmax

t } (A16)

Step5: Construct the maximum information set and determine the threshold. Form
a subset TTh containing the TDi

max and TRe
max. The smallest numerical value within TTh is

defined as the threshold.

TTh =
{

tij, TDi
max(xi), TRe

max
(
xj
)}

(A17)
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