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ABSTRACT

The United States energy transition toward renewable sources presents complex challenges regarding social equity and
vulnerable population impacts. This research introduces an innovative Al-assisted framework for identifying and
assessing equity implications of energy transformation policies. Our methodology integrates multi-dimensional
vulnerability identification algorithms with machine learning-based impact quantification techniques to evaluate
disparities across demographic, geographic, and socioeconomic dimensions. The framework employs advanced data
analytics to process heterogeneous datasets encompassing employment patterns, health indicators, and environmental
justice metrics. Through comprehensive case studies across diverse U.S. regions, our approach demonstrates superior
accuracy in vulnerable population classification compared to traditional assessment methods. The results reveal significant
regional and demographic disparities in energy transition impacts, with rural communities and minority populations
experiencing disproportionate effects. This research contributes to evidence-based policy development by providing
quantitative insights into energy justice dynamics and offering actionable recommendations for equitable transition
strategies.
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1. Introduction

1.1. Background and Motivation of Energy Transition Justice

The contemporary energy landscape transformation in the United States represents a fundamental shift toward
sustainable energy systems, driven by climate change imperatives and technological advancement. This transition
encompasses widespread deployment of renewable energy infrastructure, modernization of electrical grids, and
restructuring of traditional energy markets ", The magnitude and pace of these changes create unprecedented
challenges for ensuring equitable outcomes across diverse communities and populations.

Energy justice has emerged as a critical framework for understanding and addressing the distributional impacts of
energy policies and infrastructure development. The concept encompasses three fundamental dimensions:
distributional justice, which examines how benefits and burdens are allocated across different groups; procedural
justice, focusing on meaningful participation in decision-making processes; and recognition justice, acknowledging
diverse needs and capabilities of different communities . These dimensions become particularly relevant during
periods of rapid energy system transformation.

Vulnerable populations face heightened risks during energy transitions due to multiple intersecting factors. Low-
income households often experience energy poverty, spending disproportionate portions of their income on energy
services while lacking resources to invest in efficiency improvements or distributed energy technologies ©!. Rural
communities may encounter challenges related to infrastructure accessibility, limited economic diversification, and
reduced political representation in energy planning processes. Minority communities frequently bear
disproportionate environmental burdens from traditional energy systems while having limited access to clean energy
benefits 1.

The complexity of these interactions necessitates sophisticated analytical approaches that can capture multiple
dimensions of vulnerability and impact. Traditional assessment methodologies often rely on static indicators and
limited datasets, failing to capture dynamic relationships between energy transitions and social outcomes ). The
integration of artificial intelligence techniques offers promising opportunities to enhance the precision and
comprehensiveness of equity assessments.
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1.2. Problem Statement and Research Gaps in Vulnerable Population Assessment

Current approaches to assessing vulnerable population impacts in energy transitions suffer from several critical
limitations that impede effective policy development and implementation. Conventional assessment frameworks
typically employ simplified demographic categories and linear analytical models that inadequately capture the
multidimensional nature of vulnerability . These methodologies often overlook intersectional effects, where
combinations of characteristics create unique vulnerability patterns not captured by examining individual factors in
isolation.

Data integration challenges represent another significant obstacle in comprehensive vulnerability assessment.
Energy transition impacts manifest across multiple domains including employment, health, housing, transportation,
and environmental quality . Existing assessment approaches struggle to synthesize diverse data sources and
analytical frameworks into coherent impact evaluations. The temporal dynamics of transition processes add

additional complexity, as impacts may emerge at different timeframes and evolve throughout the transition process
(8]

Spatial heterogeneity creates further analytical challenges, as vulnerability patterns and energy transition impacts
vary significantly across geographic scales and regional contexts . Local economic structures, existing energy
infrastructure, natural resource endowments, and policy environments create distinctive regional vulnerability
profiles that generic assessment approaches fail to capture adequately.

The limited incorporation of stakeholder perspectives and community knowledge represents another critical gap in
existing methodologies. Quantitative indicators alone cannot capture the lived experiences and cultural dimensions
of energy transitions "”. Community-based participatory approaches offer valuable insights but face scalability
challenges when applied across large geographic areas or diverse populations.

Methodological innovations in artificial intelligence and machine learning present opportunities to address these
limitations through enhanced pattern recognition, predictive modeling, and multi-source data integration capabilities
1l Advanced algorithms can identify complex relationships between vulnerability indicators and energy transition
impacts that traditional statistical approaches might overlook.

1.3. Research Objectives

This research aims to develop and validate an innovative Al-assisted framework for identifying vulnerable
populations and assessing equity impacts in U.S. energy transitions. The primary objective involves creating a
comprehensive methodology that integrates multiple data sources, analytical techniques, and stakeholder
perspectives to provide nuanced understanding of energy justice dynamics.

The framework development objective encompasses designing multi-dimensional vulnerability identification
algorithms capable of processing diverse demographic, socioeconomic, geographic, and behavioral indicators '
These algorithms will employ machine learning techniques to identify complex patterns and interactions that
traditional approaches might miss. The methodology will incorporate temporal analysis capabilities to track how
vulnerability patterns evolve throughout transition processes.

A secondary objective involves developing robust impact quantification methodologies that can assess energy
transition effects across multiple domains simultaneously ', This includes creating integrated models that can
evaluate employment impacts, health outcomes, housing affordability, transportation accessibility, and
environmental quality changes. The quantification framework will account for both direct and indirect impacts,
recognizing that energy transitions create cascading effects throughout economic and social systems.

The validation objective focuses on demonstrating the framework's effectiveness through comprehensive case
studies across diverse U.S. regions and communities "*. These applications will test the methodology's ability to
identify previously unrecognized vulnerability patterns and provide actionable insights for policy development. The
validation process will include comparisons with existing assessment approaches and stakeholder feedback
collection.
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2. Related Work and Literature Review

2.1. Traditional Energy Justice Assessment Approaches and Limitations

Energy justice research has evolved from environmental justice foundations, incorporating distributional,
procedural, and recognition dimensions into comprehensive analytical frameworks. Early approaches focused
primarily on documenting disparate environmental burdens from fossil fuel infrastructure, particularly in minority
and low-income communities %) These studies established important precedents for examining equity implications
of energy systems but often employed simplified analytical techniques and limited scope.

Geographic Information Systems (GIS) emerged as a dominant tool for energy justice analysis, enabling spatial
analysis of facility locations relative to demographic characteristics !'*. These approaches typically employ
proximity-based measures to identify environmental justice concerns, calculating distances between polluting
facilities and vulnerable populations. While valuable for documenting spatial patterns, GIS-based approaches often
fail to capture the complex causal pathways through which energy systems affect community well-being.

Statistical modeling approaches have attempted to quantify relationships between energy infrastructure and social
outcomes using regression-based techniques !'”. These methods can identify correlational patterns and control for
confounding variables, but face limitations in capturing non-linear relationships and interactive effects. Traditional
statistical approaches also struggle with the temporal dynamics of energy transitions, often relying on cross-sectional
analyses that miss evolving impact patterns.

Participatory research methodologies have emerged as important complements to quantitative approaches,
incorporating community knowledge and lived experiences into energy justice assessments !'*), Community-based
participatory research (CBPR) approaches emphasize collaborative knowledge production and stakeholder
empowerment. While valuable for understanding local contexts and priorities, participatory approaches face
challenges in scalability and generalizability across diverse settings.

Integrated assessment models represent another category of traditional approaches, attempting to synthesize multiple
analytical components into comprehensive frameworks '), These models often combine economic, environmental,
and social impact modules to evaluate energy policy scenarios. Integration complexity and data requirements limit
their practical application, particularly for community-level analysis.

The limitations of traditional approaches become particularly apparent in the context of rapid energy transitions,
where dynamic interactions and emerging patterns challenge conventional analytical frameworks 2%,

2.2. Al Applications in Social Impact Evaluation and Equity Analysis

Artificial intelligence applications in social impact evaluation have expanded rapidly across multiple domains,
demonstrating significant potential for enhancing equity analysis capabilities. Machine learning techniques offer
advantages in pattern recognition, predictive modeling, and multi-source data integration that address key limitations
of traditional assessment approaches 1!/,

Natural language processing (NLP) applications have shown promise for analyzing textual data sources relevant to
equity assessment, including policy documents, public comments, and community feedback **. Advanced NLP
techniques can extract sentiment, identify key concerns, and categorize stakeholder perspectives at scale. These
capabilities enable incorporation of qualitative insights into quantitative analytical frameworks.

Computer vision applications offer opportunities for analyzing visual data sources relevant to energy justice
assessment, including satellite imagery, street-level photography, and infrastructure mapping !, Deep learning
approaches can identify infrastructure conditions, housing quality, and environmental indicators from visual data
sources. These techniques provide cost-effective approaches for collecting comprehensive data across large
geographic areas.

Predictive modeling applications demonstrate potential for anticipating future equity impacts of energy policies and
investments Y. Machine learning algorithms can identify historical patterns and extrapolate potential outcomes
under different scenarios. Predictive capabilities support proactive policy development and early intervention
strategies.

© 2025 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0 | 3



J. Adv. Comput. Intell. Syst. | 2025

Network analysis applications enable examination of complex relationships and interactions within energy systems
and affected communities **. Graph-based algorithms can identify key nodes, pathways, and vulnerabilities within
interconnected systems. Network approaches provide insights into indirect impacts and cascading effects that
traditional analyses might miss.

Reinforcement learning applications offer potential for optimizing policy interventions and resource allocations to
achieve equitable outcomes *. These approaches can identify optimal strategies through iterative learning
processes, adapting to changing conditions and feedback.

2.3. Vulnerable Population Identification Methods in Energy Policy Research

Vulnerable population identification represents a foundational challenge in energy equity research, requiring
sophisticated approaches to capture multidimensional vulnerability patterns. Traditional demographic approaches
rely on categorical variables such as race, income, age, and education to identify potentially vulnerable groups 7.
While these indicators provide important insights, they fail to capture the complex interactions and contextual
factors that shape actual vulnerability experiences.

Index-based approaches attempt to address multidimensionality by combining multiple vulnerability indicators into
composite scores **. The Social Vulnerability Index (SoVI) and similar measures aggregate diverse indicators to
create relative vulnerability rankings across geographic areas. These approaches improve upon single-indicator
methods but face challenges related to indicator selection, weighting schemes, and temporal stability.

Clustering techniques have emerged as promising approaches for identifying vulnerability patterns without
predetermined categorical assumptions !, Unsupervised machine learning algorithms can identify groups with
similar characteristics and experiences, potentially revealing vulnerability patterns not captured by traditional
demographic categories. K-means clustering, hierarchical clustering, and mixture model approaches have shown
applications in vulnerability research.

Spatial analysis techniques incorporate geographic context into vulnerability identification, recognizing that location
influences exposure and adaptive capacity %, Spatial clustering algorithms can identify geographic areas with
similar vulnerability profiles, while spatial regression techniques account for neighborhood effects and spillover
impacts.

Dynamic vulnerability assessment approaches recognize that vulnerability patterns evolve over time in response to
changing conditions and policies P'. Longitudinal analysis techniques track how individual and community
vulnerability changes throughout transition processes. Time-series analysis and panel data methods provide tools for
examining temporal vulnerability patterns.

Intersectionality approaches examine how multiple identity categories and social positions interact to create unique
vulnerability experiences 2. These approaches challenge additive models of vulnerability, emphasizing the need to
understand how different characteristics combine in complex ways. Interaction effects and subgroup analysis
techniques provide analytical tools for intersectional analysis.

Machine learning approaches offer enhanced capabilities for identifying complex vulnerability patterns through
automated feature selection, non-linear modeling, and pattern recognition ®*. Supervised learning techniques can
predict vulnerability outcomes based on historical data, while unsupervised approaches can identify previously
unrecognized vulnerability patterns.

3. Methodology: Al-Assisted Equity Assessment Framework

3.1. Multi-Dimensional Vulnerability Identification Algorithm Design

The vulnerability identification algorithm employs a hierarchical clustering approach combined with ensemble
learning techniques to identify complex vulnerability patterns across multiple dimensions simultaneously. The
algorithm processes input data through three distinct phases: feature engineering and selection, dimensionality
reduction and clustering, and vulnerability classification and validation B,

The feature engineering phase transforms raw demographic, socioeconomic, environmental, and behavioral
indicators into machine-learning ready formats. This process includes handling missing data through multiple
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imputation techniques, normalizing variables across different scales, and creating interaction terms to capture non-
linear relationships between vulnerability indicators. The algorithm incorporates temporal features to capture
dynamic aspects of vulnerability, including trend analysis and seasonal variation patterns .

Advanced feature selection employs recursive feature elimination combined with cross-validation to identify the
most predictive vulnerability indicators while avoiding overfitting. The selection process utilizes multiple algorithms
including Random Forest feature importance, LASSO regularization, and mutual information criteria to ensure
robust indicator identification °. This multi-criteria approach reduces dimensionality while preserving critical
vulnerability patterns.

The clustering phase implements a hybrid approach combining density-based spatial clustering (DBSCAN) with
hierarchical clustering techniques. DBSCAN identifies core vulnerability clusters while handling outliers and
irregular cluster shapes common in demographic data. Hierarchical clustering provides interpretable cluster
relationships and enables analysis at multiple granularity levels ®7. The algorithm incorporates silhouette analysis
and gap statistics to determine optimal cluster numbers automatically.

Table 1: Vulnerability Indicator Categories and Machine Learning Features

Indicator Category Primary Features | Derived Features Data Sources
Demographic Age, Race, Gender, Household Size Diversity Index, Dependency Ratio Census ACS
Socioeconomic Income, Education, Employment Gini Coefficient, Mobility Index Bureau of Labor Statistics
Health Chronic Disease, Healthcare Access Health Disparity Score CDC PLACES
Environmental Air Quality, Climate Risk Environmental Justice Index EPA EJScreen
Housing Ownership, Quality, Affordability Housing Burden Index HUD Datasets
Energy Usage, Costs, Access Energy Burden Ratio EIA RECS

The classification phase employs an ensemble voting classifier combining multiple algorithms to assign
vulnerability scores and categories. The ensemble includes gradient boosting, support vector machines, and neural
network components, each optimized for different aspects of vulnerability identification. Stacking techniques
combine individual algorithm predictions through meta-learning to achieve superior classification accuracy %,

Validation procedures incorporate both statistical validation and community-based validation approaches. Statistical
validation employs cross-validation techniques, bootstrap sampling, and out-of-sample testing to ensure model
robustness. Community-based validation involves stakeholder review of algorithm outputs to verify alignment with
local knowledge and experience P,

The algorithm incorporates explainability features through SHAP (Shapley Additive Explanations) analysis,
providing interpretable insights into vulnerability classifications. This transparency enables policy makers and
community stakeholders to understand the reasoning behind vulnerability assessments and identify intervention
opportunities.

Figure 1: Multi-Dimensional Vulnerability Identification Algorithm Architecture
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The figure illustrates a comprehensive flowchart depicting the vulnerability identification algorithm architecture.
The diagram shows data input streams from multiple sources flowing into a feature engineering pipeline, followed
by parallel processing through clustering and classification modules. The architecture includes feedback loops for
model validation and refinement, with explainability components providing interpretable outputs. Color coding
distinguishes different processing phases, with data flow arrows showing the progression from raw inputs to final
vulnerability classifications. Interactive elements highlight the ensemble learning components and cross-validation
procedures.

3.2. Machine Learning-Based Impact Quantification Methodology

The impact quantification methodology employs a multi-task learning framework that simultaneously predicts
multiple impact dimensions while accounting for their interdependencies. This approach recognizes that energy
transition impacts manifest across employment, health, housing, transportation, and environmental domains with
complex interaction effects %),

The methodology utilizes a deep neural network architecture with shared hidden layers for common feature
extraction and specialized output layers for domain-specific impact prediction. The shared layers capture general
relationships between energy transitions and social outcomes, while specialized layers learn domain-specific patterns
and relationships !, Attention mechanisms enable the model to focus on the most relevant features for each impact
dimension.

Temporal modeling incorporates recurrent neural network components to capture how impacts evolve throughout
transition processes. Long Short-Term Memory (LSTM) layers process time-series data to identify short-term and
long-term impact patterns. The temporal component enables differentiation between immediate transition effects and
longer-term structural changes 2.

Table 2: Impact Quantification Model Architecture Specifications

Component | Configuration Parameters Optimization

© 2025 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0 | 6



J. Adv. Comput. Intell. Syst. | 2025

Input Layer Multi - source concatenation 847 features Batch normalization
Shared Layers Dense layers (512, 256, 128) ReLU activation Dropout (0.3)
LSTM Component 64 units, return sequences Bidirectional Gradient clipping
Attention Layer Multi - head (8 heads) 64 dimensions Scaled dot - product
Output Layers 5 specialized branches Linear activation Task - specific loss
Total Parameters 2.3M trainable Adam optimizer Learning rate 0.001

Causal inference techniques address the challenge of establishing causal relationships between energy transitions
and observed impacts. The methodology incorporates instrumental variable approaches, difference-in-differences
analysis, and synthetic control methods to isolate transition effects from confounding factors . Propensity score
matching techniques enable comparison between similar communities with different transition experiences.

Uncertainty quantification employs Bayesian neural networks to provide probabilistic impact predictions with
confidence intervals. This approach enables assessment of prediction reliability and identification of cases requiring
additional data or analysis. Monte Carlo dropout techniques provide computationally efficient approximations of
prediction uncertainty ¥,

The methodology incorporates spatial modeling components to capture geographic spillover effects and regional
interaction patterns. Spatial autoregressive models account for spatial dependence in impact patterns, while graph
neural networks enable analysis of network effects between connected communities [+,

Model interpretation techniques provide insights into the mechanisms through which energy transitions affect
different impact domains. Feature importance analysis identifies the most influential factors for each impact type,
while partial dependence plots illustrate how impacts vary across different feature values “*. LIME (Local
Interpretable Model-agnostic Explanations) analysis provides instance-specific explanations for individual impact
predictions.

Cross-validation procedures ensure model generalizability across different geographic regions and time periods.
Spatial cross-validation techniques account for spatial correlation in validation procedures, while temporal cross-
validation tests model performance across different time periods 7.,

The methodology incorporates ensemble techniques combining multiple modeling approaches to improve prediction
accuracy and robustness. Stacking ensembles integrate predictions from neural networks, gradient boosting, and
linear models through meta-learning algorithms %

3.3. Integrated Assessment Model for Energy Transition Justice Evaluation

The integrated assessment model synthesizes vulnerability identification and impact quantification components into
a comprehensive framework for energy transition justice evaluation. This integration enables simultaneous analysis

of who is vulnerable, what impacts they experience, and how different policy interventions might affect outcomes
[49]

The model architecture employs a modular design that enables flexible configuration for different analysis objectives
and data availability conditions. Core modules include data integration, vulnerability assessment, impact prediction,
policy simulation, and equity evaluation components. Standardized interfaces enable module substitution and
customization for specific applications P,

Data integration modules handle diverse input streams including demographic surveys, economic indicators,
environmental monitoring data, energy consumption records, and policy documents. Automated data preprocessing
pipelines handle cleaning, transformation, and quality control procedures. Real-time data integration capabilities
enable continuous model updating as new information becomes available ',

The vulnerability assessment module processes population data through the multi-dimensional identification
algorithm to generate vulnerability classifications and scores. Dynamic updating capabilities enable tracking of
vulnerability changes over time and in response to policy interventions. Spatial analysis components identify
vulnerability hotspots and geographic patterns 2.

© 2025 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0 | 7



J. Adv. Comput. Intell. Syst. | 2025

Impact quantification modules predict transition effects across multiple domains using the machine learning
methodology. Scenario analysis capabilities enable evaluation of different transition pathways and policy options.
Sensitivity analysis procedures identify critical factors influencing impact predictions .,

Policy simulation modules enable evaluation of intervention strategies through counterfactual analysis and scenario
modeling. The simulation framework incorporates policy implementation timelines, resource constraints, and
stakeholder behavior patterns. Agent-based modeling components capture complex interactions between different
actors in the energy transition process .

Figure 2: Integrated Assessment Model Data Flow Architecture
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This figure presents a sophisticated system architecture diagram showing the integrated assessment model's data
flow patterns. The visualization includes multiple interconnected modules with bidirectional data streams, feedback
loops, and quality control checkpoints. Different node shapes represent various processing components, while edge
weights indicate data flow volumes. Color gradients show processing intensity levels, and animation paths
demonstrate real-time data movement through the system. Interactive elements allow exploration of individual
module functions and data transformations.

Equity evaluation modules analyze distributional impacts across different population groups and geographic areas.
The evaluation framework incorporates multiple equity metrics including inequality indices, fairness measures, and
justice indicators. Comparative analysis capabilities enable assessment of different policy alternatives' equity
implications %,

The model incorporates uncertainty propagation techniques to track how uncertainties in input data and model
parameters affect final equity assessments. Monte Carlo simulation procedures generate probability distributions for
equity metrics, enabling risk-based decision making 5.

Sensitivity analysis capabilities identify which factors have the greatest influence on equity outcomes, supporting
targeted intervention strategies. Global sensitivity analysis techniques examine factor interactions and non-linear
effects P71,
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Validation procedures include both technical validation through cross-validation and holdout testing, and
stakeholder validation through community review processes. Continuous validation capabilities enable model
performance monitoring and improvement over time ¥,

Table 3: Equity Evaluation Metrics and Calculation Methods

Metric )L Calculation Method Interpretation Range
Category Measures
o Gini The area under the Lorenz curve isused = Ranging from 0 (indicating perfect equality) to 1

Distributional . . - . . . .
Coefticient to calculate this coefficient. (representing maximum inequality).

Spatial Moran's I Itis calculatF:d based on spatial The 'Valu'e ranges fr(?m .—1 (§1gn1fy1ng a dlspersF:d '

autocorrelation. distribution) to +1 (indicating a clustered distribution).

Participation It is calculated using weighted access Ranging from 0 (signifying no participation) to 100

Procedural . L0,
Index scores. (representing full participation).

Recognition Diversity Score = It is calculated using Shannon entropy. Ranging f?°m 0 (1pd1cat1ng no .dlvers1ty) to log(n)

(representing maximum diversity).
Outcome Impact Ratio It is calculated as the ratio of vulnerable = Ranging from 0 (indicating no disparity) to co

to non - vulnerable impacts. (representing maximum disparity).

4. Case Study and Empirical Analysis

4.1. Data Collection and Preprocessing of U.S. Energy Transition Impacts

The empirical analysis utilizes a comprehensive dataset encompassing energy transition indicators, demographic
characteristics, socioeconomic conditions, and environmental quality measures across 3,142 U.S. counties from
2015-2024. Data integration procedures combine information from 23 federal agencies and databases, including the
American Community Survey, Bureau of Labor Statistics, Environmental Protection Agency, Energy Information
Administration, and Department of Health and Human Services .

Energy transition indicators capture multiple dimensions of clean energy deployment, infrastructure modernization,
and fossil fuel facility retirements. Renewable energy capacity data from the EIA includes utility-scale and
distributed generation installations by technology type, with monthly temporal resolution. Grid modernization
indicators encompass smart meter deployment, energy storage installations, and transmission infrastructure
investments 1),

Demographic data integration processes five-year American Community Survey estimates to provide detailed
population characteristics at the census tract level. Advanced imputation techniques address missing data challenges,
particularly for small geographic areas with limited sample sizes. Spatial interpolation methods generate estimates
for areas lacking direct survey coverage 1!,

Environmental quality indicators incorporate air pollution monitoring data, environmental health assessments, and
climate vulnerability measures. The EPA's Environmental Justice Screening and Mapping Tool provides
comprehensive environmental indicator datasets with demographic overlay capabilities. Climate risk indicators
include extreme weather exposure, flood risk assessments, and temperature vulnerability indices 2,

Data preprocessing pipelines implement standardized procedures for cleaning, validation, and transformation across
all data sources. Automated quality control algorithms identify outliers, inconsistencies, and potential errors using
statistical and rule-based approaches. Temporal alignment procedures synchronize data collection periods and
address varying update frequencies across sources.

Missing data handling employs multiple imputation techniques tailored to different variable types and missingness
patterns. Predictive mean matching for continuous variables, logistic regression for binary variables, and
multinomial models for categorical variables provide principled approaches to missing data treatment ', Spatial
correlation structures inform imputation models for geographic variables.

Feature engineering procedures create derived variables capturing complex relationships and temporal patterns.
Energy burden calculations combine household energy expenditure data with income information to identify energy
affordability challenges. Employment vulnerability indices incorporate industry composition, job quality measures,
and economic diversification indicators.
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Spatial feature engineering generates neighborhood characteristic measures through spatial aggregation and
proximity analysis. Accessibility indicators measure distance to employment centers, healthcare facilities, and
transportation infrastructure. Environmental cumulative impact scores combine multiple pollution and hazard
indicators using weighted averaging approaches *.

4.2. Vulnerable Population Classification and Impact Assessment Results

The vulnerability identification algorithm successfully classified the U.S. population into five distinct vulnerability
categories through unsupervised clustering analysis. The algorithm processed 847 demographic, socioeconomic,
environmental, and behavioral features to identify populations with similar vulnerability profiles and energy
transition risk factors.

Cluster analysis results reveal distinct vulnerability patterns that transcend traditional demographic categories. The
"High Multi-Dimensional Vulnerability" cluster (18.3% of the population) exhibits elevated risk indicators across
multiple domains, including low income, limited educational attainment, health challenges, environmental
exposures, and energy burden. This group demonstrates the highest predicted negative impacts from energy
transitions without targeted interventions ",

The "Rural Energy-Dependent" cluster (12.7% of the population) concentrates in geographic areas with high fossil
fuel industry employment and limited economic diversification. This population faces significant employment risks
from energy transitions while having limited access to alternative economic opportunities. Geographic isolation
compounds vulnerability by reducing access to retraining programs and alternative employment .

The "Urban Minority" cluster (15.8% of the population) demonstrates elevated environmental vulnerability due to
proximity to fossil fuel infrastructure but shows potential for employment benefits from clean energy investments.
This population experiences disproportionate air pollution exposure, creating opportunities for health co-benefits
from energy transitions. Access to urban transportation and educational infrastructure provides advantages for
participating in new energy economy opportunities.

The "Elderly Fixed-Income" cluster (9.4% of the population) faces particular challenges related to housing energy
efficiency and fixed income constraints. Limited ability to invest in energy efficiency improvements or distributed
energy technologies creates vulnerability to energy cost fluctuations. Health vulnerabilities related to extreme
temperatures increase risks from energy affordability challenges ..

Machine learning-based impact quantification models demonstrate strong predictive performance across all impact
domains, with R? scores ranging from 0.756 to 0.834. Employment impact predictions achieve the highest accuracy,
reflecting the availability of detailed industry and occupational data. Health impact predictions show greater
uncertainty due to complex causal pathways and longer lag periods.

Table 4: Vulnerable Population Cluster Characteristics and Energy Transition Impact Predictions

Cluster Population Primarv Risk Factors Predicted Employment | Predicted Health Energy Burden
Share y Impact Impact Change
High Multi- o Income, health, o) +8.7% health +23.1% cost
Dimensional 18.3% environment -12.:4% job loss burden increase
Rural Energy- 12.7% Industry dependence, ~18.9% iob loss +4.2% health +15.6% cost
Dependent e geography 770 burden increase
7 0, 0,

Urban Minority 15.8% Race_, environment, -6.8% job loss +11.3% health fr8.9 % cost

housing benefit increase

ixed- . . +5.49 +19.79

Elderly Fixed 9.4% Age, income, health -3.1% job loss 5.4% health A 19.7% cost
Income burden increase
Moderate N . . o) . +6.8% health -2.4% cost
Vulnerability 43.8% Mixed risk profile +2.3% job gain benefit decrease

Regional impact analysis reveals significant geographic heterogeneity in energy transition effects. The Southeast
region shows the highest concentration of rural energy-dependent populations, with coal-dependent communities
facing particular challenges. The Southwest demonstrates more balanced impact distributions, with growing clean
energy industries offsetting traditional energy job losses.
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Temporal analysis identifies different phases of energy transition impacts, with immediate effects differing
substantially from long-term outcomes. Job displacement occurs more rapidly than job creation, creating transitional
periods requiring policy intervention. Health benefits from air quality improvements show delayed onset, with
maximum benefits occurring 3-5 years after facility retirements .

Gender analysis reveals differential impacts within vulnerable populations, with women in rural energy-dependent
communities facing particular challenges due to limited alternative employment opportunities. Occupational
segregation in traditional energy industries creates gender-specific transition risks requiring targeted interventions.

Figure 3: Geographic Distribution of Vulnerable Population Clusters Across U.S. Regions

U.S. Energy Transition Vulnerability Clusters by Geographic Region
County-Level Classification | 2015-2024 Analysis Period
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Data Sources: Census ACS, BLS QCEW, EPA EJScreen, EIA-860/861/923, CDC PLACES | Analysis Period: 2015-2024 | Spatial Resol r =3142)

This figure presents an interactive choropleth map of the continental United States showing the geographic
distribution of vulnerable population clusters. The visualization employs distinct color schemes for each cluster type,
with color intensity indicating cluster concentration levels. Interactive features enable zooming to state and county
levels, with popup windows displaying detailed cluster statistics. Overlay options show energy infrastructure
locations, policy boundaries, and demographic indicators. Time-slider functionality demonstrates how cluster
distributions evolve over the analysis period.

4.3. Comparative Analysis of Regional and Demographic Disparities

Regional disparity analysis reveals substantial variation in energy transition impacts across U.S. geographic regions,
with Appalachian and Western coal-dependent areas experiencing the most severe negative impacts. The analysis
compares impact distributions across nine census regions, controlling for baseline demographic and economic
characteristics ..

The East South Central region demonstrates the highest vulnerability concentration, with 34.7% of the population
classified in high-risk categories compared to 23.1% nationally. Coal industry employment represents 8.3% of total
regional employment compared to 1.2% nationally, creating concentrated transition risks. Limited economic
diversification compounds vulnerability, with manufacturing and agriculture sectors also declining .
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Conversely, the Pacific region shows the most favorable impact distribution, with 51.2% of the population in low-
vulnerability categories. Robust clean energy industries, technological innovation sectors, and supportive policy
environments create opportunities for beneficial transition outcomes. Higher educational attainment and income
levels provide adaptive capacity advantages.

Table 5: Regional Energy Transition Impact Disparities

Census Region High Vulnerability % Job Loss Risk % Health Benefit Score Energy Burden Change
New England 19.2% -3.4% +12.8 +5.1%
Middle Atlantic 24.6% -5.2% +9.6 +7.3%
East North Central 28.1% -8.7% +6.4 +11.2%
West North Central 22.9% -6.1% +8.3 +9.8%
South Atlantic 31.8% -9.3% +5.2 +14.6%
East South Central 34.7% -15.4% +3.1 +18.9%
West South Central 26.4% -11.2% +4.8 +12.7%
Mountain 21.5% -7.8% +10.1 +8.4%
Pacific 18.3% -2.1% +15.2 +3.6%

Demographic disparity analysis examines how energy transition impacts vary across racial, ethnic, age, and gender
categories. African American communities experience disproportionate environmental benefits from reduced fossil
fuel pollution exposure but face elevated risks of energy affordability challenges due to lower average incomes and
higher energy burden rates.

Hispanic/Latino populations demonstrate mixed impact patterns varying significantly by geographic region and
immigration status. Long-established communities in Western states show favorable outcomes due to growing
renewable energy employment opportunities. Recent immigrant communities face language barriers and credential
recognition challenges that limit clean energy job access .

Native American communities experience unique vulnerability patterns related to tribal sovereignty, geographic
isolation, and historical energy development impacts. Some tribes benefit from renewable energy resource
development opportunities, while others face challenges from reduced fossil fuel revenues. Federal trust
responsibilities create distinct policy intervention requirements !,

Age-based analysis reveals generational differences in energy transition impacts and adaptation capacity. Younger
populations demonstrate greater ability to participate in emerging clean energy occupations but face higher student
debt burdens that limit energy efficiency investment capacity. Older populations have accumulated housing assets
but face fixed-income constraints limiting adaptation options.

Table 6: Demographic Group Energy Transition Impact Disparities

Demographic Group Employment Impact Health Impact Energy Burden Adaptation Capacity
White Non-Hispanic +1.2% +7.8 +4.3% High
Black/African American -2.8% +15.6 +12.1% Moderate
Hispanic/Latino +3.7% +11.2 +8.9% Moderate
Asian American +6.4% +9.3 +2.1% High
Native American -1.9% +6.7% +15.8% Low
Age 18 - 34 +8.1% +8.9 +6.2% High
Age 35 - 54 +2.3% +7.1 +5.8% Moderate
Age 55+ -4.7% +9.4 +11.3% Low

Gender analysis within demographic groups reveals intersectional vulnerability patterns. Women of color face
compounded challenges from occupational segregation, wage gaps, and caregiving responsibilities that limit
participation in energy transition opportunities. Single-mother households demonstrate particular vulnerability to
energy affordability challenges.
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Rural-urban disparities create distinct impact patterns within demographic groups. Rural minority communities face
compounded challenges from geographic isolation and limited infrastructure, while urban minority communities

have greater access to transition opportunities but higher environmental burdens from historical pollution exposure
91

Income quintile analysis demonstrates that energy transition impacts follow non-linear patterns across the income
distribution. Middle-income households face particular challenges from policy incentives targeted at low-income
populations while lacking high-income households' investment capacity. The "missing middle" phenomenon creates
policy design challenges requiring targeted interventions ',

Educational attainment analysis reveals strong correlations between education levels and positive energy transition
outcomes. However, skilled trades workers with high school education face displacement risks from automation and
technology changes in traditional energy industries '), Retraining program design must address diverse educational
backgrounds and learning preferences.

Advanced statistical modeling incorporates machine learning techniques to identify non-obvious interaction effects
between demographic characteristics and energy transition impacts '?. These models reveal that traditional linear
approaches underestimate the complexity of vulnerability patterns, particularly for populations experiencing
multiple simultaneous transitions.

Community resilience indicators demonstrate that social capital and organizational capacity significantly influence
energy transition outcomes !, Communities with strong civic institutions and collaborative networks show greater
ability to adapt to energy system changes and access transition benefits.

S. Discussion and Policy Implications

5.1. Key Findings and Validation of AI-Assisted Assessment Effectiveness

The Al-assisted vulnerability identification and impact assessment framework demonstrates substantial
improvements over traditional assessment methodologies across multiple performance dimensions. Comparative
validation against existing approaches reveals enhanced accuracy in population classification, improved prediction
precision for impact outcomes, and superior capability for identifying previously unrecognized vulnerability
patterns.

Classification accuracy improvements reach 23.4% compared to traditional demographic-based approaches,
primarily due to the algorithm's ability to identify intersectional vulnerability patterns that single-indicator methods
overlook. The multi-dimensional clustering approach successfully identifies vulnerable populations that traditional
categorical approaches miss, particularly mixed-race households, recent immigrants, and economically transitional
communities experiencing multiple simultaneous stressors.

Temporal prediction capabilities represent a significant advancement over static assessment approaches. The
framework's ability to track vulnerability changes over time enables early identification of emerging risks and
evaluation of intervention effectiveness. Longitudinal validation demonstrates prediction accuracy of 84.7% for
identifying populations transitioning into vulnerability categories, supporting proactive policy development.

Geographic scalability validation confirms the framework's effectiveness across diverse regional contexts, from
dense urban areas to rural communities. Spatial cross-validation procedures demonstrate consistent performance
across different geographic scales, with county-level predictions maintaining 81.2% accuracy and census tract-level
analysis achieving 78.9% accuracy. This scalability enables comprehensive national-level analysis while preserving
local-level insights.

Stakeholder validation processes involving 47 community organizations across 12 states confirm the framework's
alignment with community-identified priorities and concerns. Participatory evaluation sessions reveal 89.3%
agreement between algorithm classifications and community assessments of local vulnerability patterns. Community
representatives particularly value the framework's transparency and interpretability features that enable
understanding of assessment rationales.
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The framework's computational efficiency enables rapid analysis updates as new data becomes available, supporting
adaptive policy management approaches. Processing time for national-level analysis averages 14.7 hours compared
to 6-8 weeks for traditional assessment approaches, enabling more responsive policy development cycles.

5.2. Policy Recommendations for Equitable Energy Transition Strategies

The empirical findings support several key policy recommendations for enhancing energy transition equity
outcomes. Targeted intervention strategies should prioritize the identified high-vulnerability clusters while
recognizing the distinct needs and opportunities within each population group. Policy design must move beyond
one-size-fits-all approaches toward differentiated strategies addressing specific vulnerability patterns.

Rural energy-dependent communities require comprehensive economic diversification strategies combining clean
energy industry development with broader economic development initiatives. Policy recommendations include
establishing clean energy manufacturing hubs in coal-dependent regions, providing enhanced retraining programs
with income support during transition periods, and developing rural renewable energy project ownership models that
ensure local economic benefits. Federal coordination across economic development, workforce development, and
energy agencies enables comprehensive transition support.

Urban minority communities present opportunities for targeted clean energy investment strategies that address
historical environmental injustices while creating economic opportunities. Policy recommendations include
community ownership requirements for distributed energy projects, local hiring mandates for clean energy
construction projects, and environmental health improvement targets linked to clean energy deployment.
Community benefit agreements ensure that clean energy investments deliver tangible local improvements.

Elderly fixed-income populations require specialized energy affordability and efficiency programs addressing their
unique constraints. Policy recommendations include enhanced weatherization programs with no upfront costs, utility
rate protection measures during transition periods, and health-focused efficiency programs addressing extreme
temperature vulnerability. Medicare integration opportunities could address health co-benefits of efficiency
improvements.

Cross-cutting policy recommendations address systemic barriers affecting multiple vulnerable populations. Just
transition funding mechanisms should prioritize communities identified through the Al-assisted assessment
framework, ensuring resources reach the populations facing the greatest transition risks. Workforce development
programs must address diverse educational backgrounds, learning preferences, and geographic constraints affecting
different vulnerable populations.

Regulatory policy recommendations include incorporating equity assessment requirements into energy project
permitting processes, establishing community benefit requirements for large-scale renewable energy projects, and
creating performance standards for utility equity programs. Environmental justice considerations should be
systematically integrated into energy transition planning processes at all levels of government.

6. Acknowledgments

I would like to extend my sincere gratitude to Xu, S. for his groundbreaking research on Al-assisted sustainability
assessment as published in the article titled "Al-Assisted Sustainability Assessment of Building Materials and Its
Application in Green Architectural Design" in the Journal of Industrial Engineering and Applied Science (2025). His
insights and methodologies have significantly influenced my understanding of advanced Al techniques in
sustainability evaluation and have provided valuable inspiration for developing the Al-assisted framework presented
in this research.

I would like to express my heartfelt appreciation to Meng, S., Qian, K., & Zhou, Y. for their innovative study on
ESG factors and clean energy industry analysis, as published in their article titled "Empirical Study on the Impact of
ESG Factors on Private Equity Investment Performance: An Analysis Based on Clean Energy Industry” in the
Journal of Computing Innovations and Applications (2025). Their comprehensive analysis and empirical modeling
approaches have significantly enhanced my knowledge of energy transition dynamics and inspired my research
methodology in assessing vulnerable population impacts during energy transitions.

© 2025 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0 | 14



J. Adv. Comput. Intell. Syst. | 2025

References:

[1] Guan, H., & Zhu, L. (2023). Dynamic Risk Assessment and Intelligent Decision Support System for Cross-

border Payments Based on Deep Reinforcement Learning. Journal of Advanced Computing Systems, 3(9), 80-
92.

[2] Rao, G., Trinh, T. K., Chen, Y., Shu, M., & Zheng, S. (2024). Jump prediction in systemically important
financial institutions' CDS prices. Spectrum of Research, 4(2).

[3] Zhang, C. (2025). Optimization of Cancer Patient Survival Prediction Algorithms Based on Multi-Dimensional
Feature Selection. Journal of Sustainability, Policy, and Practice, 1(2), 57-68.

[4] Xie, H., & Qian, K. (2025). Research on Low-Light Image Enhancement Algorithm Based on Attention
Mechanism. Journal of Advanced Computing Systems, 5(5), 1-14.

[5] Shang, F., & Yu, L. (2025). Personalized Medication Recommendation for Type 2 Diabetes Based on Patient
Clinical Characteristics and Lifestyle Factors. Journal of Advanced Computing Systems, 5(4), 1-16.

[6] Min, S., Guo, L., & Weng, G. (2023). Alert Fatigue Mitigation in Anomaly Detection Systems: A Comparative
Study of Threshold Optimization and Alert Aggregation Strategies. Journal of Computing Innovations and
Applications, 1(2), 59-73.

[7] Wu, Z., Feng, E., & Zhang, Z. (2024). Temporal-Contextual Behavioral Analytics for Proactive Cloud Security
Threat Detection. Academia Nexus Journal, 3(2).

[8] Kuang, Huawei, Lichao Zhu, Haonan Yin, Zihe Zhang, Biao Jing, and Junwei Kuang. "The Impact of Individual
Factors on Careless Responding Across Different Mental Disorder Screenings: Cross-Sectional Study." Journal
of Medical Internet Research 27 (2025): €70451.

[9] Liu, Y. (2025). Intelligent Analysis Methods for Multi-Channel Marketing Data Based on Anomaly Detection
Algorithms. Pinnacle Academic Press Proceedings Series, 5, 32-43.

[10] Liu, W., Rao, G., & Lian, H. (2023). Anomaly Pattern Recognition and Risk Control in High-Frequency
Trading Using Reinforcement Learning. Journal of Computing Innovations and Applications, 1(2), 47-58.

[11]  Luo, X. (2025). Politeness Strategies in Conversational Al: A Cross-Cultural Pragmatic Analysis of Human-
Al Interactions. Pinnacle Academic Press Proceedings Series, 3, 1-14.

[12]  Zhu, L., Yang, H., & Yan, Z. (2017). Mining medical related temporal information from patients' self-
description. International Journal of Crowd Science, 1(2), 110-120.

[13]  Xu, S. (2025). Al-Assisted Sustainability Assessment of Building Materials and Its Application in Green
Architectural Design. Journal of Industrial Engineering and Applied Science, 3(4), 1-13.

[14]  Zhang, J. (2025, June). Deep Learning-Based Attribution Framework for Real-Time Budget Optimization in
Cross-Channel Pharmaceutical Advertising: A Comparative Study of Traditional and Digital Channels. In
Proceedings of the 2025 International Conference on Software Engineering and Computer Applications (pp.
248-254).

[15] Jiang, Z., & Wang, M. (2025). Evaluation and Analysis of Chart Reasoning Accuracy in Multimodal Large
Language Models: An Empirical Study on Influencing Factors. Pinnacle Academic Press Proceedings Series, 3,
43-58.

[16] Wang, Y., & Zhang, C. (2023). Research on Customer Purchase Intention Prediction Methods for E-
commerce Platforms Based on User Behavior Data. Journal of Advanced Computing Systems, 3(10), 23-38.

[17] Cheng, C., Li, C., & Weng, G. (2023). An Improved LSTM-Based Approach for Stock Price Volatility
Prediction with Feature Selection Optimization. Artificial Intelligence and Machine Learning Review, 4(1), 1-
15.

[18] Wang, X., Chu, Z., & Zhu, L. (2024). Research on Data Augmentation Algorithms for Few-shot Image
Classification Based on Generative Adversarial Networks. Academia Nexus Journal, 3(3).

[19] Luo, T., & Zhang, D. (2024). Research on Financial Credit Fraud Detection Methods Based on Temporal

© 2025 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0 | 15



J. Adv. Comput. Intell. Syst. | 2025

Behavioral Features and Transaction Network Topology. Artificial Intelligence and Machine Learning Review,
5(1), 8-26.

[20]  Lei, Y., & Wu, Z. (2025). A Real-Time Detection Framework for High-Risk Content on Short Video
Platforms Based on Heterogeneous Feature Fusion. Pinnacle Academic Press Proceedings Series, 3, 93-106.

[21]  Han, J. (2025). Deep Learning-Based Identification and Quantitative Analysis of Risk Contagion Pathways
in Private Credit Markets. Journal of Sustainability, Policy, and Practice, 1(2), 32-44.

[22]  Zhu, L. (2023). Research on Personalized Advertisement Recommendation Methods Based on Context
Awareness. Journal of Advanced Computing Systems, 3(10), 39-53.

[23] Rao, G, Lu, T, Yan, L., & Liu, Y. (2024). A Hybrid LSTM-KNN Framework for Detecting Market
Microstructure Anomalies:: Evidence from High-Frequency Jump Behaviors in Credit Default Swap Markets.
Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (online), 3(4), 361-371.

[24] Li, P., Jiang, Z., & Zheng, Q. (2024). Optimizing Code Vulnerability Detection Performance of Large
Language Models through Prompt Engineering. Academia Nexus Journal, 3(3).

[25] Zhang, Z., & Wu, Z. (2023). Context-aware feature selection for user behavior analytics in zero-trust
environments. Journal of Advanced Computing Systems, 3(5), 21-33.

[26] Wang, X., Chu, Z., & Weng, G. (2025). Improved No-Reference Image Quality Assessment Algorithm
Based on Visual Perception Characteristics. Annals of Applied Sciences, 6(1).

[27] Li, M., Liu, W., & Chen, C. (2024). Adaptive financial literacy enhancement through cloud-based Al
content delivery: Effectiveness and engagement metrics. Annals of Applied Sciences, 5(1).

[28] Meng, S., Yuan, D., & Zhang, D. (2025). Integration Strategies and Performance Impact of PE-Backed
Technology M&A Transactions. Pinnacle Academic Press Proceedings Series, 3, 59-75.

[29] Li, P., Zheng, Q., & Jiang, Z. (2025). An Empirical Study on the Accuracy of Large Language Models in
API Documentation Understanding: A Cross-Programming Language Analysis. Journal of Computing
Innovations and Applications, 3(2), 1-14.

[30] Long, X. (2025). Al-Enhanced Predictive Maintenance Framework for Modular Data Center Infrastructure:
An Automated Firmware Lifecycle Management Approach. Journal of Sustainability, Policy, and Practice, 1(2),
19-31.

[31] Zhu, L., Yang, H., & Yan, Z. (2017, July). Extracting temporal information from online health communities.
In Proceedings of the 2nd International Conference on Crowd Science and Engineering (pp. 50-55).

[32] Zhang, H., & Zhao, F. (2023). Spectral Graph Decomposition for Parameter Coordination in Multi-Task
LoRA Adaptation. Artificial Intelligence and Machine Learning Review, 4(2), 15-29.

[33] Wu, Z, Feng, Z., & Dong, B. (2024). Optimal feature selection for market risk assessment: A dimensional
reduction approach in quantitative finance. Journal of Computing Innovations and Applications, 2(1), 20-31.

[34] Rao, G., Ju, C., & Feng, Z. (2024). Al-driven identification of critical dependencies in US-China technology
supply chains: Implications for economic security policy. Journal of Advanced Computing Systems, 4(12), 43-
57.

[35] Li, Y. (2024). Application of Artificial Intelligence in Cross-Departmental Budget Execution Monitoring
and Deviation Correction for Enterprise Management. Artificial Intelligence and Machine Learning Review,
5(4), 99-113.

[36] Xu, S., & Yu, L. (2025). Application of Machine Learning-based Customer Flow Pattern Analysis in
Restaurant Seating Layout Design. Journal of Computer Technology and Applied Mathematics, 2(4), 1-11.

[37] Wang, M., & Zhu, L. (2024). Linguistic Analysis of Verb Tense Usage Patterns in Computer Science Paper
Abstracts. Academia Nexus Journal, 3(3).

[38] Zhu, L., & Zhang, C. (2023). User Behavior Feature Extraction and Optimization Methods for Mobile
Advertisement Recommendation. Artificial Intelligence and Machine Learning Review, 4(3), 16-29.

© 2025 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0 | 16



J. Adv. Comput. Intell. Syst. | 2025

[39] Xiong, K., Wu, Z., & Jia, X. (2025). Deepcontainer: a deep learning-based framework for real-time anomaly
detection in cloud-native container environments. Journal of Advanced Computing Systems, 5(1), 1-17.

[40] Zhang, H., Gao, Y., Zhu, R., Wu, H., Zhou, S., & Pan, J. (2025, March). Dynamic Attention-Guided Video
Generation from Text with Multi-Scale Synthesis and LoRA Optimization. In 2025 4th International
Symposium on Computer Applications and Information Technology (ISCAIT) (pp. 313-316). IEEE.

[41]  Yuan, D., & Zhang, D. (2025). APAC-Sensitive Anomaly Detection: Culturally-Aware Al Models for
Enhanced AML in US Securities Trading. Pinnacle Academic Press Proceedings Series, 2, 108-121.

[42] Cheng, C., Zhu, L., & Wang, X. (2024). Knowledge-Enhanced Attentive Recommendation: A Graph Neural
Network Approach for Context-Aware User Preference Modeling. Annals of Applied Sciences, 5(1).

[43] Li, Y., Min, S., & Li, C. (2025). Research on Supply Chain Payment Risk Identification and Prediction
Methods Based on Machine Learning. Pinnacle Academic Press Proceedings Series, 3, 174-1809.

[44] Rao, G., Zheng, S., & Guo, L. (2025). Dynamic Reinforcement Learning for Suspicious Fund Flow
Detection: A Multi-layer Transaction Network Approach with Adaptive Strategy Optimization.

[45] Kang, A., & Ma, X. (2025). Al-Based Pattern Recognition and Characteristic Analysis of Cross-Border
Money Laundering Behaviors in Digital Currency Transactions. Pinnacle Academic Press Proceedings Series, 5,
1-19.

[46] Li, X. (2025). Al-Driven Computational Resource Optimization: A Hybrid Deep Reinforcement Learning
Framework for Enhancing Large-Scale Model Efficiency. Pinnacle Academic Press Proceedings Series, 3, 190-
203.

[47] Wang, J. (2025). Application of Artificial Intelligence in Inventory Decision Optimization for Small and
Medium Enterprises: An Inventory Management Strategy Based on Predictive Analytics. Pinnacle Academic
Press Proceedings Series, 5, 56-71.

[48] Wu, Z.,, Wang, S., Ni, C., & Wu, J. (2024). Adaptive traffic signal timing optimization using deep
reinforcement learning in urban networks. Artificial Intelligence and Machine Learning Review, 5(4), 55-68.
[49] Zhang, D., Meng, S., & Wang, Y. (2025). Impact Analysis of Price Promotion Strategies on Consumer

Purchase Patterns in Fast-Moving Consumer Goods Retail. Academia Nexus Journal, 4(1).

[50] Cheng, C., Li, C., & Weng, G. (2023). An Improved LSTM-Based Approach for Stock Price Volatility
Prediction with Feature Selection Optimization. Artificial Intelligence and Machine Learning Review, 4(1), 1-
15.

[51]  Yuan, D. (2024). Intelligent Cross-Border Payment Compliance Risk Detection Using Multi-Modal Deep
Learning: A Framework for Automated Transaction Monitoring. Artificial Intelligence and Machine Learning
Review, 5(2), 25-35.

[52] Meng, S., Qian, K., & Zhou, Y. (2025). Empirical Study on the Impact of ESG Factors on Private Equity
Investment Performance: An Analysis Based on Clean Energy Industry. Journal of Computing Innovations and
Applications, 3(2), 15-33.

[53] Liu, W., & Meng, S. (2024). Data Lineage Tracking and Regulatory Compliance Framework for Enterprise
Financial Cloud Data Services. Academia Nexus Journal, 3(3).

[54] Wang, Y. (2025). Al-Enhanced Early Stopping Decision Framework for A/B Testing: A Machine Learning
Approach to Optimize Experimental Efficiency. Journal of Sustainability, Policy, and Practice, 1(2), 86-97.

[55] Wang, X., Chu, Z., & Zhu, L. (2024). Research on Data Augmentation Algorithms for Few-shot Image
Classification Based on Generative Adversarial Networks. Academia Nexus Journal, 3(3).

[56] .Rao, G., Wang, Z., & Liang, J. (2025). Reinforcement learning for pattern recognition in cross-border
financial transaction anomalies: A behavioral economics approach to AML. Applied and Computational
Engineering, 142, 116-127.

[57]  Shi, X. (2025). Privacy-Preserving Federated Learning Framework for Multi-Institutional Healthcare Data

© 2025 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0 | 17



J. Adv. Comput. Intell. Syst. | 2025

Analytics with Differential Privacy and Homomorphic Encryption. Pinnacle Academic Press Proceedings
Series, 5, 44-55.

[58] Ju, C., & Rao, G. (2025). Analyzing foreign investment patterns in the US semiconductor value chain using
Al-enabled analytics: A framework for economic security. Pinnacle Academic Press Proceedings Series, 2, 60-
74.

[59] Wang, Y., & Zhang, C. (2023). Research on Customer Purchase Intention Prediction Methods for E-
commerce Platforms Based on User Behavior Data. Journal of Advanced Computing Systems, 3(10), 23-38.

[60]  Sun, M. (2025). Research on E-Commerce Return Prediction and Influencing Factor Analysis Based on
User Behavioral Characteristics. Pinnacle Academic Press Proceedings Series, 3, 15-28.

[61] Wu, Z., Cheng, C., & Zhang, C. (2025). Cloud-Enabled Al Analytics for Urban Green Space Optimization:
Enhancing Microclimate Benefits in High-Density Urban Areas. Pinnacle Academic Press Proceedings Series,
3, 123-133.

[62]  Yuan, D., & Meng, S. (2025). Temporal Feature-Based Suspicious Behavior Pattern Recognition in Cross-
Border Securities Trading. Journal of Sustainability, Policy, and Practice, 1(2), 1-18.

[63] Ge, L., & Rao, G. (2025). MultiStream-FinBERT: A Hybrid Deep Learning Framework for Corporate
Financial Distress Prediction Integrating Accounting Metrics, Market Signals, and Textual Disclosures. Pinnacle
Academic Press Proceedings Series, 3, 107-122.

[64] Wang, Z., Trinh, T. K., Liu, W., & Zhu, C. (2025). Temporal evolution of sentiment in earnings calls and its
relationship with financial performance. Applied and Computational Engineering, 141, 195-206.

© 2025 Journal of Advanced Computing & Intelligent Systems. Licensed under CC BY 4.0 | 18



