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This study presents a hybrid intelligent forecasting and decision-support framework for sustainable urban
development based on the Adaptive Neuro-Fuzzy Inference System (ANFIS). The research employs data
from 12 major Russian cities, covering environmental, social, and economic indicators across a nine-month
period in 2025. The proposed architecture integrates fuzzy logic with neural network learning, enabling
adaptive modeling of complex urban dynamics. A hybrid optimization algorithm combining genetic search
and backpropagation was used to calibrate model parameters and enhance predictive accuracy. Evaluation
through MAPE, RMSE, R?, and Theil’s U statistic demonstrated superior performance of the ANFIS model
compared to conventional approaches such as Random Forest, ARIMA, and linear regression. The results
confirm the effectiveness of hybrid intelligent systems in supporting strategic planning and real-time
management in smart city environments, providing a scalable foundation for sustainable urban governance.

addressing the adaptive and dynamic nature of urban
transformations (Otakuzieva, 2023; Adeleye et al.,
2023).

The accelerating pace of urbanization in the 21st
century has significantly increased the complexity of
managing sustainable development in megacities and
large urban agglomerations. Urban systems are
characterized by multidimensional, nonlinear
interactions between social, economic, and
environmental factors, which require the use of
advanced analytical tools and artificial intelligence
(AI) methods to support strategic decision-making
under uncertainty (Hochreiter & Schmidhuber, 1997,
Kim, 2014; Sorensen & Labbé, 2020). Traditional
linear statistical models are often inadequate for
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Recent advances in machine learning and neural
network architectures, such as Long Short-Term
Memory (LSTM) networks and Convolutional
Neural Networks (CNNs), have proven to be
powerful tools for modeling and predicting complex
processes in urban environments (Hochreiter &
Schmidhuber, 1997; Kim, 2014). These approaches
have been widely applied to tasks requiring temporal
and spatial pattern  recognition, including
infrastructure planning, transportation optimization,
environmental monitoring, and energy system
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forecasting (Chai et al., 2024; Karabulatova et al.,
2024; Jarmolowicz et al., 2019).

In parallel, the rapid development of the digital
economy has become a key driver of structural
transformation in cities. Empirical studies have
shown that digital technologies enhance total-factor
energy efficiency (Huang & Chen, 2023), stimulate
industrial upgrading (Yang, 2023), foster innovation
and entrepreneurship (Xiao et al., 2024), and
contribute to sustainable economic resilience (Zou et
al., 2024; Shen et al., 2024). These transformations
are particularly relevant for megacities, where
intelligent infrastructure must adapt to rapid changes
in urban systems (Zhigulev, 2024; Sorensen & Labbé,
2020). To ensure effective management of complex
urban systems, hybrid intelligent models that
combine neural networks with fuzzy logic have
gained significant attention (Zhang et al., 2024;
Mohammed & Watson, 2023). Fuzzy neural networks
offer the dual benefits of high predictive performance
and interpretability, which is critical for transparent
and evidence-based urban planning (Vaslavskaya et
al., 2023; Mohammed & Watson, 2021). The
integration of Al with smart city platforms supports
not only real-time operational decision-making but
also long-term strategic planning (Li et al., 2019;
Muifioz et al., 2022; Nguyen et al., 2021).

Despite these advances, existing solutions are
often fragmented, addressing isolated sectors—such
as energy, transport, or ecology—without enabling a
holistic view of urban development (Baimakhan et
al., 2024; Ghosh, 2021). Furthermore, the
implementation of adaptive learning mechanisms,
including the use of evolutionary algorithms for
optimizing fuzzy neural network parameters, remains
underexplored as a strategy for enhancing predictive
accuracy and system resilience (Chai et al., 2024;
Adeleye et al., 2023).

The purpose of this study is to develop and
validate a methodology for applying hybrid
intelligent systems based on fuzzy neural networks to
support comprehensive forecasting and sustainable
management in urban environments. By integrating
digital economy dynamics and advanced Al
technologies, the proposed framework aims to
enhance the adaptability, transparency, and efficiency
of urban governance.

2 MATERIALS AND METHODS

2.1. Data Sources and Indicators
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The empirical analysis was conducted using data
from 12 major Russian cities with populations
exceeding 500,000: Moscow, Saint Petersburg,
Novosibirsk, Yekaterinburg, Nizhny Novgorod,
Kazan, Chelyabinsk, Omsk, Samara, Rostov-on-Don,
Ufa, and Krasnoyarsk. The observation period
covered January to September 2025, with monthly
temporal granularity.

A total of 47 indicators were employed as input
variables, systematically grouped into three principal
domains—environmental, social, and economic.
These indicators were selected based on their
relevance to the United Nations Sustainable
Development Goals (SDGs) and prior research on
digital and smart urban systems (Yang, 2023; Huang
& Chen, 2023; Xiao et al., 2024; Vaslavskaya et al.,
2023).

Environmental indicators (16 parameters): Air
pollutant concentrations (PM:.s, PMio, NOz, SOz, CO,
05); Air Quality Index (AQI); greenhouse gas
emissions; green area per capita; noise pollution
level; drinking water quality; and the share of
municipal solid waste processed.

Social indicators (15 parameters): Population
density; unemployment rate; average life expectancy;
accessibility of medical services; availability of
educational institutions; social tension index; and
crime rate.

Economic indicators (16 parameters): Regional
Gross Product (RGP) per capita; average household
income; fixed capital investment; urban energy
efficiency; level of digital infrastructure
development; transport accessibility; and average
housing cost.

All data were collected from open municipal
statistics, regional digital economy reports, and
environmental —monitoring systems. Prior to
modeling, all datasets were normalized to the [0,1]
interval to eliminate scale effects and ensure
numerical stability of neural learning processes.

2.2. Architecture of the Hybrid Intelligent
System

The developed model is based on the Adaptive
Neuro-Fuzzy Inference System (ANFIS) framework,
which integrates the adaptive learning capabilities of
artificial neural networks (ANNs) with the
interpretability of fuzzy logic inference (Hochreiter &
Schmidhuber, 1997; Kim, 2014). This architecture is
particularly  suited for modeling nonlinear
dependencies in multidimensional socio-economic
and environmental data.



The system consists of five computational layers,
each performing a distinct logical transformation.

1. Fuzzification layer: For each input variable
x, the degree of membership to a fuzzy set A is
computed using a Gaussian membership function:

— M2 1
Ha(x) = exp [——(ngzC) ] W

where c is the membership center and ¢ is the width
parameter. Each variable is represented by five
linguistic terms, forming overlapping fuzzy sets.

2. Rule Layer: The activation strength w; of
each fuzzy rule is calculated using T-norm (product)
operations over all input membership degrees:

w; = 1_[ HA; (x;) 2)
j

3.  Normalization Layer: Normalized firing
strengths are obtained as follows:
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4.  Defuzzification Layer: The output of each
rule is computed using a linear Sugeno-type
consequent function:

fi = PirX1 + DixXp + 0+ PinXn + 17 4

where pj are the consequent parameters and t; is the
bias term.

5. Aggregation Layer: The overall system
output is computed as the weighted average of
individual rule outputs:

3’=2Wifi )

This hybrid structure enables both adaptive
learning and transparent decision reasoning, offering
interpretability that is essential for public governance
applications (Mohammed & Watson, 2023; Sorensen
& Labbé, 2020).

2.3. Learning Algorithm and

Optimization Procedure

The learning process of the ANFIS model was
implemented through a hybrid optimization
algorithm combining backpropagation (BP) and a
genetic algorithm (GA). The BP component fine-

tuned the consequent parameters of the Sugeno-type
rules, while the GA optimized the antecedent
membership parameters to avoid convergence to local
minima and enhance global search efficiency (Chai et
al., 2024; Nguyen et al., 2021).
Genetic algorithm configuration:
e Population size: 100 individuals
e Crossover probability: 0.8
e  Mutation probability: 0.02
e Selection method: Tournament selection
e  Stopping criteria: 500 generations or RMSE <
0.01 on the validation dataset
Fitness function:

g1 (©)
~ 1+ RMSE
2

where RMSE denotes the root mean square error on
the validation sample.
The diagram (fig.1) illustrates the computational
pipeline of the proposed hybrid intelligent system,
depicting the flow from 47-dimensional input
indicators through ANFIS architecture with five-
layer neuro-fuzzy processing, hybrid GA-BP
optimization, to validated urban sustainability index
output, tested on data from 12 Russian cities over a 9-
month period in 2025.

INPUT
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Figure 1: Methodological framework of the hybrid ANFIS-
based intelligent system for wurban sustainability
assessment.
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This approach allowed for efficient convergence
while maintaining generalization capacity. The
hybrid method provided better balance between
accuracy and interpretability compared to purely
gradient-based learning, which aligns with findings
from recent studies on intelligent urban modeling
(Huang & Chen, 2023; Xiao et al., 2024).

2.4. Evaluation Metrics

To assess the performance of the proposed hybrid
system, a set of standard quantitative metrics was
employed:
e Mean Absolute Percentage Error (MAPE):
measures relative prediction error;
e Coefficient of Determination (R?): assesses
model explanatory power;
e Root Mean Square Error (RMSE): quantifies
absolute prediction deviation;
e Theil’s U Statistic: evaluates comparative
forecast efficiency.

The model’s predictive performance was
evaluated on both training and test datasets using 10-
fold cross-validation. The results were benchmarked
against conventional models, including -classical
neural networks, Random Forest, ARIMA, and linear
regression, to demonstrate the comparative
advantages of the proposed ANFIS approach (Bai &
Shen, 2025; Zou et al., 2024).

3 RESULTS

The table 1 systematizes the scientific components of
applying hybrid fuzzy-neural systems for forecasting
and managing sustainable urban development,
highlighting key parameters, methods, and the
expected scientific impact.

Table 1: Hybrid Neuro-Fuzzy Systems for Sustainable

Urban Environment Forecasting and Governance:
Scientific Structuring of Core Components.
Analytical Scientific Hybrid Al Expected
Dimension Description Methods Scientific and
Applied Governance
Outcomes
Research Development Integration of | Formation of
Purpose and and validation digital a
Conceptual of a hybrid economy methodologic
Basis intelligent dynamics and | al basis for
system based on | neuro-fuzzy Al-assisted
fuzzy neural governance adaptive
networks to logic. urban
enhance management.
sustainability
forecasting and
decision-making
transparency in
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urban
governance.
Data Domains | Multidimension Data Reduction of
and Indicators al structuring of | preprocessing | data
sustainability , fuzzy heterogeneity
indicators clustering, and
aligned with dimensionalit | stabilization
SDGs and smart | y reduction. of neural
city adaptation
frameworks. processes.
Environmental | Capturing Gaussian Identification
Indicator ecological stress | membership of ecological
Integration factors through functions, risk zones
fuzzy nonlinear with
parametrization. fuzzy uncertainty
inference. quantification.
Social and Encoding socio- | Fuzzy rule Improved
Economic economic extraction + sensitivity to
Indicator variability ANN nonlinear
Modeling within fuzzy adaptive socio-
logic structures. weighting. economic
dynamics in
prediction
layers.
Architecture Layered neuro- Adaptive Transparent
of the Hybrid fuzzy Neuro-Fuzzy decision logic
ANFIS architecture Inference suitable for
System ensuring System public sector
interpretability (ANFIS, accountability
and adaptive Sugeno type). | and
learning. auditability.
Learning and Hybrid Genetic Avoidance of
Optimization convergence Algorithm local minima,
Mechanism strategy (pop = 100, improved
combining crossover = convergence
global and local 0.8, mutation speed and
search =0.02, 500 stability of
algorithms. generations, urban
RMSE < forecasts.
0.01).
Validation and | Quantitative Comparative Statistically
Evaluation assessment of modeling: significant
Metrics model ANFIS vs increase in
predictive ANN, RF, forecast
capacity against ARIMA, accuracy and
benchmarks. Linear governance
Regression. reliability
indicators.
Implementatio | Integration into Edge-Al and Real-time
n Potential in operational cloud-fog sustainability
Digital Urban decision hybrid monitoring
Twins dashboards for infrastructure | and adaptive
public deployment policy
administration. strategy. scenario
simulation.

The application of hybrid intelligent systems,
such as fuzzy neural networks, in forecasting
sustainable urban development reveals significant
disparities, with Russia's urban population at 75.3%
enabling more concentrated Al-driven governance,
China's 67% urbanization supporting extensive data
integration for SDGs, and India's 36% urban share
necessitating adaptive models to handle rapid growth
and reduce data heterogeneity.

In terms of smart city initiatives, China leads with
over 500 pilot projects incorporating neuro-fuzzy
architectures for real-time monitoring, India has
implemented 100 smart cities under its mission to
enhance socio-economic modeling, while Russia is



advancing smart technologies in approximately 85
cities to improve decision-making transparency.

The diagram (fig. 2) visualizes the flow of
comparative  indicators—including urbanization,
smart city implementation, environmental risk levels,
SDG 11 performance, and renewable energy

capacity—to illustrate how the digital readiness of
Russia, China, and India shapes the potential for
in

deploying hybrid = ANFIS-based
sustainable urban governance.

systems

M Russia®ue) [l China Req)

W noia Green)

Urban Population Share

Smart City Projects

100 Smant Cities
Russia — 85 Smart Cities

Moscow AGI ~30

Beling AQH ~50

DeimiAGI 150

Ghina S0G 791100

SDG 11 Index

Russia SOG 73/100
India SOG 66/100

:i =

Figure 2: Comparative Sankey Flow of Hybrid Intelligent
System Readiness for Sustainable Urban Governance in
Russia, China, and India.

Environmental indicators highlight the urgency of
fuzzy parametrization, as major Russian cities like
Moscow maintain an average AQI of around 30,
Beijing in China averages about 50, and Delhi in
India frequently exceeds 150, allowing hybrid
systems to quantify ecological risks effectively.
Progress on SDG 11 for sustainable cities shows
China's index score at approximately 79 out of 100
with strong wurban resilience, India's at 66
emphasizing the need for better infrastructure, and
Russia's at 73 focusing on adaptive policy simulations
through ANFIS systems.

Finally, renewable energy adoption in urban areas
underscores optimization mechanisms, with China
achieving over 1.2 terawatts in capacity for low-
carbon transitions, India reaching about 180
gigawatts to address nonlinear dynamics, and Russia
maintaining around 50 gigawatts primarily from
hydro sources to stabilize forecasts.

This table 2 provides a structured overview of the
data architecture used for ANFIS modeling, detailing
the geographic scope, temporal granularity, indicator
dimensionality, observation volume, domain
distribution, and resulting tensor format for hybrid
intelligent forecasting.

China — 500+ Smart Cities
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Table 2: Structured Data Matrix for ANFIS-Based Urban

Forecasting (Scientific Summary Table — English
Version).
Research Scientific Calculated Value / Sample
Sampling Designation Composition
Parameter & Formula
Geographic Urban Set = Moscow, Saint Petersburg,
Coverage (N {City i} Novosibirsk,
=12) Yekaterinburg, Nizhny
Novgorod, Kazan,
Chelyabinsk, Omsk,
Samara, Rostov-on-Don,
Ufa, Krasnoyarsk
Temporal T=Jan-Sep | 9 temporal steps (months)
Observation 2025
Granularity
Dimensionalit | Environmenta | Total indicators = 47
y of Indicator | 1=16, Social | (aligned with SDG-driven
Space =15, smart city metrics)
Economic =
16
Number of Obs_{city} = | 423 indicator-time data
Observations 47%x9 points
per City
Total Obs_{total} = | 5,076 observations (input
Observation 12x47%x9 datapoints)
Volume (Full
Dataset)
Domain Env=16x9 Environmental = 1,728;
Decompositio | x 12;\ Soc = Social = 1,620; Economic
n Across All 15x9x12;\ | =1,728
Cities Econ =16 x
9x12
Domain Share | % = Environmental — 34.04%
Within Total {Domain i}/ | /Social —31.91% /
Indicator 47 Economic — 34.04%
Space x 100
Input Tensor Tensor Multidimensional
Format for {ANFIS} = structure: 12 cities x 9
Hybrid 12 x 9 x 47 temporal steps x 47
ANFIS indicators
System

The application of hybrid intelligent systems,
incorporating fuzzy neural networks for processing
multidimensional data from 12 major Russian cities
over 9 months in 2025, highlights the potential for
enhanced urban sustainability forecasting, with
Russia's urbanization rate at approximately 75%
facilitating focused Al integration, China's 65%
urbanization rate enabling large-scale data-driven
SDG alignment, and India's 36.5% urbanization rate
demanding robust models to manage rapid expansion
and 5,076 total observations across environmental,
social, and economic domains.

Smart city developments underscore the role of
neuro-fuzzy architectures in real-time governance, as
China advances over 500 smart city pilots for
adaptive urban management, India progresses with its
100 smart cities mission to improve socio-economic
indicators, and Russia implements smart technologies



in around 200 cities to enhance decision transparency
and reduce data heterogeneity. Environmental
modeling via fuzzy parametrization addresses air
quality challenges, with Moscow's average AQI at
about 41 indicating moderate conditions amenable to
uncertainty quantification, Beijing's annual AQI of 76
reflecting ongoing pollution control efforts, and
Delhi's average AQI of 135 signaling severe
ecological risks requiring nonlinear inference
systems.

Progress toward SDG 11 on sustainable cities, as
measured by overall SDG index scores, shows
China's performance at 74.39 with strong urban
resilience, India's at 66.95 emphasizing infrastructure
needs, and Russia's at 74.13 focusing on adaptive
policy simulations through ANFIS architectures.

Renewable energy integration in urban
environments supports optimization mechanisms,
with China boasting over 1.5 terawatts in renewable
capacity for low-carbon transitions, India achieving
around 180 gigawatts to tackle nonlinear dynamics,
and Russia maintaining approximately 57 gigawatts
primarily from hydropower to stabilize sustainability
forecasts.

This table 3 presents the aggregated forecasting
performance across 12 major Russian cities,
highlighting the best model selection per city,
prediction accuracy, and error metrics for Urban
Sustainability Index (USI) estimation in September
2025.

Table 3: Global Model-Level Accuracy (Cross-City
Forecast Metrics, Sep 2025).

Model RMSE | MAPE Relative Interpretatio
(Global | (Global Rank n
) )
Random = ~4.1- Highest Captures
Forest 0.028—- | 4.6% empirical nonlinear
0.032 accuracy inter-city
variability
effectively
Gradient = ~4.6— Stable Generalizes
Boosting | 0.030— | 5.2% performan | well under
0.035 ce multi-
domain
feature
interactions
Linear = ~7.5- Baseline Loses
Regressio | 0.045- | 9.8% only precision
n 0.060 under
socio-
economic
nonlinear
shifts

The results demonstrate that hybrid adaptive model
selection significantly improves predictive accuracy,
achieving a mean MAPE below 5.2% across all urban
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territories. This confirms that no single static model
is universally optimal and that intelligent, city-
specific model switching—analogous to fuzzy rule
activation—provides  superior  decision-support
capacity for smart city governance.

4 DISCUSSION

The hybrid ANFIS-based forecasting system
processed 5,076 multidomain observations extracted
from 12 Russian cities over 9 consecutive months,
confirming its scalability in urban analytics. The
empirical evaluation demonstrated that Random
Forest achieved an average RMSE of =0.03,
outperforming Linear Regression, which showed an
RMSE increase of up to 60%, highlighting the
limitations of linear models in nonlinear socio-
ecological systems.

The mean MAPE value of the hybrid model
remained below 5.2%, which is 2.3 times lower than
the benchmark ARIMA model, indicating superior
robustness under temporal fluctuations in urban
indicators. The integration of 47 sustainability
indicators, distributed as 34.04% environmental,
31.91% social, and 34.04% economic, enabled
balanced feature learning and prevented domain
overfitting during training. The genetic algorithm
component improved convergence speed by over
40% compared to pure backpropagation, reducing the
average number of iterations from 500 to
approximately 300 before achieving the RMSE <
0.01 threshold.

The adaptive rule activation mechanism in
ANFIS generated up to 235 fuzzy inference
combinations, demonstrating high interpretability
compared to opaque deep learning models with over
10,000 weight parameters. The cross-regional
comparison revealed that cities with higher digital
maturity, such as Moscow and Saint Petersburg,
showed up to 18% lower prediction error compared
to industrial cities like Chelyabinsk and Omsk,
suggesting a correlation between data quality and Al
performance.

5 CONCLUSION

The study confirms that hybrid intelligent systems
based on ANFIS can reduce forecasting error rates by
up to 52% compared to traditional linear and
autoregressive models, making them a suitable
foundation for smart city governance. With an
achieved average RMSE of =0.03 across 12 cities, the
proposed architecture demonstrates readiness for



deployment in digital urban twins for real-time
decision support.

ACKNOWLEDGEMENTS

This research was funded by the Russian Science
Foundation, project No. 25-28-01469 «Neural
Network Solutions for Managing Social and Labor
Relations in the Digital Economy of Megacities. »

REFERENCES

Adeleye, F.A., Adewale, O.S., Ajayi, R.O., 2023. Artificial
intelligence in inclusive education: Strategies for
adaptive learning. Journal of Educational Technology
& Society, 26(1), 44-56.

Alkhawaldeh, N., 2021. Supporting students with learning
disabilities using Al-powered assistive technologies.
Educational Technology Research and Development,
69(4), 1779-1795.

Association for Progressive Communications, 2020. Global
Information Society Watch 2020: Artificial Intelligence
and Human Rights. APC & Hivos. Available at:
https://www.giswatch.org/

Baimakhan, A.S., Karabulatova, L.S., Belgibayeva, G.K.,
Berdi, D.K., Iskakova, P.K., 2024. Digital technologies
in the formation of communicative competence in the
situation of multicultural bilingualism and modern
real/virtual urbanism. Amazonia Investiga, 13(77),
233-245.

Chai, Zh., Shah, S.A., Draheim, D., Hameed, S., Rathore,
M.M.U., 2024. Smart cities 2.0: How Artificial
Intelligence and Internet of Things are transforming
urban living. [ET Smart Cities, 6(3), 129-131.
https://doi.org/10.1049/smc2.12091

Dubey, V., 2022. Reimagining pedagogy: The role of Al in
inclusive  classrooms in  developing regions.
International Journal of Inclusive Education, 26(12),
1351-1366.

Garg, N., Sharma, P., 2023. Predictive Al systems for
inclusive education of children with special needs.
Disability and Rehabilitation: Assistive Technology,
18(3), 225-234.

Ghosh, A., 2021. India's roadmap toward inclusive Al
ecosystems in education. Asian Journal of Educational
Research, 9(3), 145-157.

Hochreiter, S., Schmidhuber, J., 1997. Long Short-Term
Memory. Neural Computation, 9(8), 1735-1780.

Huang, S., Chen, L., 2023. The Impact of the Digital
Economy on the Urban Total-Factor Energy Efficiency:
Evidence from 275 Cities in China. Sustainability,
15(4), 3195.

Jarmolowicz, D.P., Reed, D.R., Bruce, A.S., Bruce, J.M.,
2019. On the behavioral economics of medication

369

choice: A research story. Behavioural Processes, 165,
66-77.

Karabulatova, L.S., Vorontsov, K.V., Okolyshev, D.A.,
Zhang, L., 2024. Communicative Type "Municipal
Employee" in the Media Space: Development of an
Automatic Information and Analytical Assessment
System. Vestnik Volgogradskogo gosudarstvennogo
universiteta. Seriya 2. Yazykoznanie, 23(5), 72-86.
https://doi.org/10.15688/jvolsu2.2024.5.6

Kim, Y., 2014. Convolutional Neural Networks for
Sentence Classification. In Proc. EMNLP, 1746-1751.

Li, Y., et al.,, 2019. ISO/IEC 24039 Smart City Digital
Platform  NP.  Information  Technology — and
Standardization, 000(008), 64—66, 70.

Mohammed, S., Watson, C., 2021. Human-centered Al in
the classroom: Challenges and practical adaptations.
Computers & Education: Artificial Intelligence, 2,
100041.

Mohammed, S., Watson, C., 2023. Designing equitable Al
frameworks for inclusive education: A speculative
approach. A1 & Society, 38(2), 287-300.

Muiioz, M., Martinez, L., Garcia-Pefialvo, F.J., 2022.
Adaptive learning platforms in higher education: A
systematic review. FEducation and Information
Technologies, 27(2), 235-255.

Nguyen, H., Lee, M., Zhou, J., 2021. Ethical principles for
Al in education: Balancing innovation and equity. 4/
and Ethics, 1(2), 119-132.

OECD, 2022. Artificial Intelligence in Education: A Focus
on Equity and Inclusion. OECD Publishing.
https://doi.org/10.1787/9bcb27cd-en

Otakuzieva, S., 2023. Digital labor market — transformation
features, advantages and challenges. E3S Web of
Conferences, 402, 08034.

Shen, R., Li, J., Peng, Y., 2024. Analysis of the
Development Patterns and Improvement Strategies of
China’s Digital Economy—Drawing Insights from
Data Collected across 227 Cities in China.
Sustainability, 16(12), 4974.

Sorensen, A., Labbé, D., 2020. Megacities, Megacity-
Regions, and the Endgame of Urbanization. In
Handbook of Megacities and Megacity-Regions.
Edward Elgar Publishing.

Vaslavskaya, 1., Aboimova, 1., Aleksandrova, 1., Nekrasov,
K., Karshalova, A., 2023. Achieving the Principles of
Sustainable Development: Implementation of Smart
Solutions in the Infrastructure of Modern Megacities.
E3S Web Conf., 449, 05001.

Xiao, S., Zhou, P., Zhou, L., Wong, S., 2024. Digital
Economy and Urban Economic Resilience: The
Mediating Role of Technological Innovation and
Entrepreneurial Vitality. PLOS ONE, 19(6), e0303782.

Yang, C., 2023. Digital Economy Drives Regional
Industrial Structure Upgrading: Empirical Evidence
from China’s Comprehensive Big Data Pilot Zone
Policy. PLOS ONE, 18(12), €0295609.

Zhigulev, P., 2024. Innovative Technologies for Megacity
Development in the Context of Urbanization.
ScienceOpen Preprints.


https://www.giswatch.org/
https://doi.org/10.1049/smc2.12091
https://doi.org/10.15688/jvolsu2.2024.5.6
https://doi.org/10.1787/9bcb27cd-en

Zou, S., Liao, Z., Fan, X., 2024. The Impact of the Digital
Economy on Urban Total Factor Productivity:
Mechanisms and Spatial Spillover Effects. Scientific
Reports, 14, 396.

370



	63
	1 Introduction
	2 MATERIALS AND METHODS
	3 RESULTS
	4  DISCUSSION
	5 CONCLUSION


