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Abstract

The rapid diffusion of electric vehicles (EVs) is expected to reshape electricity demand
patterns, particularly in urban areas where charging infrastructure and mobility transitions
are expanding rapidly. While the existing literature has mainly focused on the optimal loca-
tion of charging infrastructure and on the direct technical implications of EV charging for
electricity systems, relatively limited attention has been devoted to the broader relationship
between the spatial distribution of public charging infrastructure and residential electricity
demand. This study investigates the relationship between public charging infrastructure
density and residential electricity consumption across Italian municipalities. Using a dataset
covering 40 provincial capitals and applying spatial econometric techniques, the analysis
explores both local associations and potential spatial spillover patterns across neighboring
municipalities. In particular, Ordinary Least Squares (OLS), Spatial Autoregressive (SAR),
and Spatial Durbin Models (SDM) are estimated in order to account for spatial interdepen-
dencies in the data. The results reveal a positive and statistically significant association
between the density of public charging infrastructure and residential electricity consump-
tion at the municipal level. The preferred Spatial Durbin specification also indicates the
presence of spatial spillover patterns, suggesting that charging infrastructure density in
neighboring municipalities is positively associated with residential electricity consumption
locally. These patterns may reflect regional diffusion dynamics related to electric vehicle
adoption, infrastructure visibility, and geographically interconnected urban development
processes. Given the cross-sectional nature of the dataset, the results should be interpreted

as associative rather than causal relationships. Nevertheless, the findings provide useful
W) Check for updates insights into how the spatial expansion of charging infrastructure is linked to evolving

A R electricity demand patterns in urban contexts. Overall, the results highlight the importance
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1. Introduction

The transition toward sustainable mobility represents one of the key strategic priorities
of both the European Union and Italy, with the objective of achieving climate neutrality
by 2050. In this context, the electrification of transport systems plays a crucial role in
supporting broader sustainability objectives, including the reduction in greenhouse gas
emissions and the transition toward more sustainable energy consumption patterns. Electric
vehicles (EVs) are widely regarded as a crucial component of this transition, as they
contribute to the decarbonization of the transport sector, which accounts for approximately
27% of total greenhouse gas emissions in Europe [1]. However, the large-scale diffusion of
EVs also poses significant challenges for electricity systems, particularly with respect to
peak demand management and grid stability [2].

In recent years, Italy has experienced rapid growth in the number of electric vehi-
cles, increasing from approximately 4000 EVs in 2013 to more than 1 million in 2024 [3].
In parallel, public charging infrastructure has expanded substantially, reaching over
64,000 charging points by December 2025, according to the National Unified Platform
(Piattaforma Unica Nazionale, PUN) managed by the Italian Energy Services Operator
(GSE) [4].

The existing literature on electric mobility and charging infrastructure has primarily
developed along three main lines of inquiry. A first strand focuses on location optimization,
aiming to identify the optimal placement of charging stations in order to maximize geographic
coverage and minimize access time [5,6]. A second body of research examines the relationship
between public charging infrastructure and electricity grid conditions, with particular attention
to peak electricity loads and the consequent need for grid reinforcement and infrastructure
investments [7]. Finally, a third stream investigates the determinants of electric vehicle
adoption, analyzing the factors associated with consumers’ decisions to purchase electric
vehicles, including the availability and accessibility of charging infrastructure [5].

While prior studies have examined EV diffusion and charging accessibility, relatively
limited attention has been devoted to the spatial association between public charging
infrastructure density and residential electricity demand at the municipal level. The study
explores whether greater availability of public charging infrastructure is associated with
higher aggregate residential electricity demand, possibly through signaling, adoption,
and spatial diffusion mechanisms. This interpretation is consistent with the literature on
indirect network effects, according to which infrastructure availability acts as a market
signal that accelerates technology adoption even beyond its direct use [6].

This article examines the spatial distribution of electricity consumption associated
with EVs in urban contexts within the Italian market, which is currently experiencing a
growing diffusion of EVs and their associated charging infrastructure. This exploratory
study aims to investigate how the growth in electricity demand may inform potential
adaptation or efficiency improvements of power distribution networks in municipalities
preparing for the electric transition. This represents a partially unexplored field of research
when considered in relation to potential changes in consumer behavior, particularly with
respect to vehicle choice and evolving consumption patterns. In summary, is there evidence
to date of a positive association between EV-related charging infrastructure and residential
electricity demand? Does this relationship also exhibit a spatial dimension across neighbor-
ing municipalities? This paper contributes to the literature by providing municipality-level
evidence on the association between public charging infrastructure density and residential
electricity demand in Italy, while explicitly accounting for spatial interdependencies across
municipalities. Methodologically, the study applies spatial econometric models, including
the Spatial Durbin Model (SDM), in order to capture potential spillover patterns between
neighboring municipalities. From a policy perspective, the analysis provides empirical
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insights that may support energy and urban planning strategies related to the expansion of
electric mobility infrastructure. More broadly, the results contribute to the growing litera-
ture on energy sustainability by examining how infrastructure deployment and electricity
demand may evolve during the transition toward sustainable mobility systems.

Given the cross-sectional nature of the dataset, the findings should be interpreted as
statistical associations rather than causal effects.

Against this background, the following review situates the study within the existing
empirical and methodological literature on charging infrastructure, electricity systems, and
spatial analysis.

A first stream of literature investigates the relationship between charging infrastructure
availability and the adoption of electric vehicles.

Empirical evidence shows that, beyond vehicle characteristics, the diffusion of electric
vehicles is strongly influenced by the availability of charging infrastructure and by indirect
network effects, which reduce perceived range anxiety and increase consumers’ confidence
in electric mobility [5-7]. Hardman et al. [8] show that the density of charging stations
is positively correlated with the probability of purchasing an EV, particularly in urban
contexts. Similarly, Wolbertus et al. [9] find that “range anxiety” is significantly reduced
when consumers perceive a high level of availability of public charging infrastructure.

Overall, this strand of the literature highlights the critical role of charging infrastruc-
ture in shaping consumers’ adoption decisions, suggesting that infrastructure deployment
is not only a technical requirement but also a behavioral and perceptual driver of electric
mobility diffusion.

A second strand of literature focuses on the implications of transport electrification for
electricity demand and power system management.

A substantial body of research has examined the impacts of public and private EV
charging on electricity networks. Several studies highlight that uncoordinated EV charging
can significantly increase residential electricity demand and peak loads, particularly in
urban areas with high EV penetration [10-12]. Clement-Nyns et al. [13], for example, simu-
late the effects of different EV penetration scenarios on peak electricity demand, concluding
that without smart charging management, grid loads could increase substantially.

However, most of these studies focus primarily on the direct effects of EV charging on
electricity demand and grid congestion, paying limited attention to broader induced effects
on residential electricity consumption that may arise through behavioral, technological, or
spatial channels. In contrast, empirical evidence on the induced and spatially mediated
effects of public charging infrastructure on aggregate residential electricity consumption
remains scarce, particularly at the municipal level.

A third body of literature emphasizes the importance of spatial diffusion pro-
cesses and spatial econometric methods in the analysis of energy transitions and
infrastructure deployment.

Spatial econometrics has been widely applied in environmental and urban economics
to account for spatial dependence and geographic spillover effects. Spatial econometric
models have been extensively applied to energy consumption, environmental externalities,
and technology diffusion, as they allow for the explicit identification of spatial spillover
effects and interdependencies across neighboring units [14-16].

LeSage and Pace [16] provide a comprehensive overview of spatial econometric mod-
els, including the Spatial Autoregressive Model (SAR), the Spatial Error Model (SEM), and
the Spatial Durbin Model (SDM). These models allow researchers to explicitly capture spa-
tial autocorrelation and spillover effects, which are particularly relevant in geographically
interconnected contexts.
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Recent applications of spatial econometrics include, for example, studies on air pol-
lution [17], energy consumption [18], and the adoption of sustainable technologies [19].
Nevertheless, the application of spatial econometric approaches to the relationship between
EV charging infrastructure and residential electricity demand remains relatively limited.

Despite these advances, relatively limited attention has been devoted to the spatial
relationship between public charging infrastructure density and aggregate residential
electricity consumption at the municipal level.

The use of a spatial econometric framework is also theoretically motivated by sev-
eral mechanisms that may generate spatial interdependencies across municipalities. First,
commuting and inter-municipal mobility patterns imply that electric vehicles frequently
circulate across municipal boundaries. As a result, the location where EVs are charged does
not necessarily coincide with the municipality of residence of vehicle owners, potentially
linking electricity demand patterns across neighboring municipalities. Second, the diffu-
sion of electric vehicle adoption often exhibits spatial clustering due to social interactions,
imitation processes, and the visibility of charging infrastructure in nearby areas. The pres-
ence of charging stations in neighboring municipalities may therefore influence perceptions
of accessibility and reduce range anxiety, indirectly affecting EV adoption and electricity
demand. Third, infrastructure deployment and energy planning decisions are frequently
coordinated at regional or metropolitan levels, implying that neighboring municipalities
may share similar infrastructure strategies and electricity network conditions. These mech-
anisms suggest that electricity consumption related to electric mobility may display spatial
interdependencies, supporting the adoption of spatial econometric models in the empirical
analysis. These mechanisms are consistent with the literature on spatial externalities and
technological diffusion [15,16].

2. Materials and Methods
2.1. Data

This study relies on a municipality-level dataset for Italy, combining data from multi-
ple official public sources. Understanding these dynamics is particularly relevant in the
context of sustainability-oriented energy planning, as the expansion of electric mobility
infrastructure may influence residential electricity demand patterns and the long-term sus-
tainability of urban energy systems. The key explanatory variable is charging infrastructure
density, measured as the number of public charging points per square kilometer in each
municipality. The measure refers exclusively to publicly accessible charging points and
does not include private residential charging devices installed in households.

The variables used in the analysis and their source are summarized in Table 1.

The dataset includes 40 Italian municipalities, selected to be representative of dif-
ferent geographic areas and levels of socio-economic development. This selection en-
sures a balanced national coverage while maintaining data consistency and comparability
across municipalities.

The sample includes 40 provincial capitals, selected because they represent major
urban electricity demand centers and offer relatively comparable administrative and infras-
tructural characteristics. While the sample size is limited, it captures a relevant segment of
Italian urban municipalities where EV-related infrastructure expansion is most salient.

All variables are measured at the municipal level and refer to the most recent year for
which consistent data were available across all sources.

https://doi.org/10.3390/su18073356


https://doi.org/10.3390/su18073356

Sustainability 2026, 18, 3356

50f17

Table 1. Variable descriptions and sources.

Variable

Definition Unit Source Year

Residential Electricity

Annual residential
electricity consumption GWh/year ARERA, ISTAT 2024

Consumption L
per municipality
Charging Infrastructure . . > . 2 National Unified
Density Charging points per km points/km Platform (PUN), GSE 2025
. Average taxable income . Ministry of Economy
Per Capita Income per resident € per capita and Finance (MEF) 2023
. . Number of residents per . . >
Population Density ) inhabitants/km ISTAT 2024
square kilometer
- Number of registered . . Automobile Club
Motorization Rate vehicles per resident vehicles per capita d'Ttalia (ACT) 2024

2.2. Descriptive Statistics

Table 2 reports the descriptive statistics of the main variables used in the empirical analysis.

Table 2. Descriptive Statistics.

Variable Mean Std. Dev. Min Max N
Residential electricity consumption
(GWh/year) 1.32 0.48 0.69 229 40
Charging 1nfrastruct1§re density 1.84 058 0.78 312 40
(points/km?)

Per capita income (€ thousand) 22.3 3.8 14.0 28.0 40

Population density
(inhabitants /km?) 1200 450 700 2500 40
Motorization rate 0.598 0.049 0.52 0.71 40

Figure 1 provides a preliminary descriptive overview of the relationship between
public charging infrastructure density and residential electricity consumption, as well as
their geographic distribution across the sampled Italian municipalities. The scatter plot
suggests a positive association between charging station density and residential electricity
demand, while the correlation matrix highlights moderate correlations among key socio-
economic variables. The spatial maps further reveal a clear geographic clustering of
charging infrastructure density, particularly in Northern and Central Italy, supporting the
relevance of a spatial econometric approach.

2.2.1. Moran’s I Index

Moran’s I is a global measure of spatial autocorrelation, defined as:

[ L

S0 L2 )

where n denotes the number of observations, w;; are the elements of the spatial weights

matrix W (row-standardized), z; represents the standardized variable, and Sy = Zizf wij.
The ESDA results reveal the following patterns:

e  Moran’s I for residential electricity consumption: I = —0.0018 (p > 0.10)
e  Moran’s I for charging infrastructure density: I = 0.6170 (p < 0.05)
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Figure 1. Charging Infrastructure Density and Residential Electricity Consumption: Descriptive and
Spatial Evidence.

The Moran’s I Index applied to residential electricity consumption indicates weak
and statistically insignificant spatial autocorrelation in the dependent variable. The index
calculated for charging infrastructure density reveals positive and statistically significant
spatial autocorrelation in the key explanatory variable, indicating that municipalities with
a high density of charging stations tend to be geographically clustered with municipalities
exhibiting similarly high densities. These findings provide preliminary empirical support
for the use of spatial econometric models.

2.2.2. Spatial Weights Matrix

The spatial weights matrix W was constructed using a k-nearest neighbors criterion
with k = 5, based on the Euclidean geographic distance between municipalities. The matrix
was subsequently row-standardized, such that each row sums to one. This approach is
standard in spatial econometrics and allows the estimated coefficients to be interpreted as
average effects on neighboring municipalities.

2.3. Econometric Models

Our empirical strategy follows a progressive modeling approach designed to test for
and account for spatial dependence in the data. We begin with a standard Ordinary Least
Squares (OLS) regression as a baseline specification, which assumes that observations are
independent across municipalities. We then extend the analysis to spatial econometric mod-
els that explicitly incorporate geographic interdependence, allowing us to assess whether
and how the relationship between charging infrastructure and residential electricity con-
sumption is shaped by spatial proximity. Three main econometric models were estimated
in order to compare results and assess the role of spatial dependence.
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The adoption of spatial econometric methods in this study is motivated by several
theoretical mechanisms that suggest geographic interdependence among municipalities in
the context of EV charging and electricity consumption.

First, inter-municipal commuting patterns imply that EV users may charge their
vehicles in municipalities other than their place of residence, creating cross-boundary
effects on electricity demand.

Second, the spatial diffusion of EV adoption follows well-documented patterns of
technology diffusion [20], whereby municipalities with higher EV penetration tend to
cluster geographically due to peer effects, shared information networks, and regional
marketing campaigns.

Third, regional infrastructure planning by provincial and regional authorities often
leads to coordinated deployment of charging stations across neighboring municipalities,
generating spatial correlation in the independent variable.

Fourth, electricity grid interconnections mean that consumption patterns in one mu-
nicipality may be influenced by grid capacity and load balancing considerations that extend
beyond municipal boundaries.

These theoretical considerations provide an a priori justification for spatial models, in-
dependent of statistical tests. Nevertheless, we also report Moran's I statistics to empirically
confirm the presence of spatial autocorrelation in the data.

We estimate three models in sequence:

1. OLS baseline

The standard linear regression model serves as a benchmark:
y=Xp+e 2)

where vy is the vector of residential electricity consumption across municipalities, X is
the matrix of explanatory variables (charging infrastructure density, per capita income,
population density, and motorization rate), and ¢ is the error term.

2. Spatial Autoregressive Model (SAR)

The SAR model adds a spatially lagged dependent variable to capture the possibility
that electricity consumption in one municipality is directly associated with consumption
levels in neighboring municipalities:

y=pWy+Xp+e 3

where W is a row-standardized spatial weight matrix based on k-nearest neighbors (k = 5
in the baseline specification), and p is the spatial autoregressive parameter.

3. Spatial Durbin Model (SDM)

The SDM extends the SAR by also including spatially lagged explanatory variables,
allowing us to decompose the association between each explanatory variable and the
dependent variable into direct and indirect (spillover) components:

y=pWy+XB+WX0+e¢ 4)

where 6 captures the indirect (spillover) associations. The SDM is our preferred specification
because it allows for the most flexible spatial structure and avoids the omitted variable bias
that can arise when spatial lags of the explanatory variables are excluded [16].

The baseline spatial weight matrix W is constructed using k = 5 nearest neighbors, iden-
tified by Euclidean distance between municipal centroids. The matrix is row-standardized
so that the spatial lag of any variable represents a weighted average of neighboring values.
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To verify that our results are not sensitive to this choice, we conduct robustness checks
using alternative specifications: k = 3, k =7, and an inverse-distance weight matrix (see
Section 3.4).

We emphasize that our cross-sectional design does not support causal identification.
The spatial models are employed to account for spatial dependence in the data and to
decompose associations into direct and indirect components, not to establish causality.
All coefficients should be interpreted as partial correlations conditional on the included
covariates and the spatial structure.

3. Results
3.1. OLS Model Results
Table 3 reports the OLS regression results.

Table 3. OLS estimation results.

Variable Coefficient Std. Error t-Statistic p-Value Significance
Constant —0.0000 0.1531 0.0000 1.000
Charging Station Density 4.7577 1.3906 3.4214 0.0016 ok
Per Capita Income —4.3637 1.3695 —3.1874 0.0030 ok
Population Density 0.1827 0.1424 1.2831 0.2079
Motorization Rate —0.0482 0.1241 —0.3884 0.7001
R? 0.4938
Adjusted R? 0.4360
N 40

*** statistically significant at 1%.

Charging infrastructure density is positively and significantly associated with resi-
dential electricity consumption (3 = 4.758, p < 0.01). A one-standard-deviation increase in
charging infrastructure density is associated with a sizable increase in residential electricity
consumption in the standardized specification, holding other variables constant. Per capita
income exhibits a negative and significant association (3 = —4.364, p < 0.01), suggesting
that municipalities with higher income levels tend to display lower residential electricity
consumption, which is consistent with greater energy efficiency in wealthier areas. Popula-
tion density and motorization rate do not show statistically significant associations with the
dependent variable at conventional levels. The model explains approximately 49.4% of the
variation in residential electricity consumption (R-squared = 0.494). Moran’s I test on OLS
residuals indicates the presence of spatial autocorrelation (I = 0.617, p < 0.05), providing
empirical support for the use of spatial econometric models.

3.2. SAR Model Results

The Spatial Autoregressive Model results are presented in Table 4.

Table 4. SAR (Spatial Lag Model) estimation results.

Parameter Estimate Std. Error t-Statistic p-Value

Spatial lag (p) —0.0779 0.1245 —0.6256 0.5323
Constant —0.0000 0.1512 0.0000 1.0000
Charging infrastructure density 4.6661 1.3856 3.3685 0.0019
Per capita income —4.2686 1.3612 —3.1359 0.0034
Population density 0.1901 0.1418 1.3412 0.1891
Motorization rate —0.0473 0.1238 —0.3822 0.7046

R? 0.4947

Adjusted R? 0.4203

AIC —15.30

The spatial autoregressive parameter (p) is negative but not statistically significant,
suggesting that, after controlling for the explanatory variables, there is limited evidence of
direct spatial dependence in consumption levels across neighboring municipalities. The
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coefficients on the explanatory variables remain qualitatively similar to the OLS estimates,
with charging infrastructure density maintaining its positive and significant association
with residential electricity consumption.
3.3. SDM Results

Table 5 presents the results of the Spatial Durbin Model, which is our preferred

specification.

Table 5. SDM (Spatial Durbin Model) estimation results.

Parameter Estimate Std. Error t-Statistic p-Value
Spatial lag (p) —0.5462 0.2134 —2.5596 0.0131
Direct effects (Xp)
Variable Estimate Std. Error t-statistic p-value
Charging infrastructure density 4.6759 1.3821 3.3847 0.0018
Per capita income —4.2446 1.3542 —3.1361 0.0034
Population density 0.2421 0.1489 1.6268 0.1108
Motorization rate —0.0425 0.1256 —0.3384 0.7363
Indirect effects (WXO0)
Variable Estimate Std. Error t-statistic p-value
Charging infrastructure density 3.6497 1.2156 3.0016 0.0041
Per capita income —3.4493 1.1234 —3.0703 0.0033
Population density 0.3837 0.1678 2.2857 0.0268
Motorization rate —0.0992 0.1423 —0.6974 0.4901
Total effects
Variable Estimate Std. Error t-statistic p-value
Charging infrastructure density 8.3256 2.1234 3.9215 0.0003
Per capita income —7.6940 2.0891 —3.6824 0.0008
Population density 0.6258 0.2456 2.5487 0.0138
Motorization rate —0.1416 0.1834 —0.7725 0.4431
R? 0.5226
Adjusted R? 0.3794
AIC —9.58

Figure 2 illustrates the standardized direct effect estimates across the OLS, SAR, and
SDM specifications.

The SDM allows us to decompose the association between each explanatory variable
and residential electricity consumption into direct and indirect (spillover) components.

Direct effects.

Charging infrastructure density is positively and significantly associated with resi-
dential electricity consumption in the direct effect (8 = 4.676, p < 0.01). These results are
consistent with the hypothesis that municipalities with denser charging networks tend to
exhibit higher residential electricity demand, likely reflecting the energy requirements of
local EV charging activity. Per capita income maintains its negative and significant direct
association ( = —4.2446, p < 0.01).

Indirect (spillover) effects.

The indirect effect of charging infrastructure density is positive (8 = 3.650), suggest-
ing that higher charging infrastructure density in neighboring municipalities tends to be
associated with higher residential electricity consumption in the focal municipality. This
pattern is consistent with several theoretical mechanisms discussed in Section 2.3. First,
inter-municipal commuting may lead EV users to charge at home after using charging
infrastructure in neighboring municipalities, thereby increasing residential electricity de-
mand. Second, the spatial clustering of EV adoption implies that municipalities surrounded
by areas with dense charging networks are likely to have higher EV penetration rates them-
selves, leading to increased home-charging demand. Third, regional network effects may
create complementarities: as the charging network becomes denser across a region, range
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anxiety decreases and EV adoption accelerates throughout the area, with consequent effects
on residential electricity consumption.
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Figure 2. Goodness of fit and residual diagnostics for OLS, SAR, and SDM models.

The spatial autoregressive parameter (p = —0.546) is negative, indicating that, after
accounting for both direct and indirect effects of the explanatory variables, there is a
negative residual spatial association in consumption levels. This result is consistent with the
interpretation that the SDM’s spatially lagged explanatory variables capture the substantive
spatial processes, leaving a compensatory pattern in the residual spatial structure.

3.4. Model Comparison

Table 6 provides a comparison of the three estimated models in terms of goodness of fit.

Table 6. Model Comparison.

Criterion OLS SAR SDM
R? 0.4938 0.4947 0.5226
Adjusted R? 0.4360 0.4203 0.3794
AIC —17.24 —15.30 —9.58
Number of parameters 5 6 9

Figure 3 visually confirms the superior goodness of fit of the SDM, showing a tighter
alignment between observed and predicted values and a more regular residual pattern
compared to OLS and SAR.
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OLS: Coefficients SAR: Coefficients (p =-0,078) SOM: Direct Effects (p =-0.546)
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Figure 3. Comparison of standardized direct effect estimates across OLS, SAR, and SDM models.

Overall, the SDM exhibits the highest R? value (0.5226), indicating a better fit to the
data compared to the OLS and SAR specifications. Although the OLS model reports a
slightly lower AIC value, the SDM is preferred for several reasons.

First, the SDM explicitly captures spatial spillover effects, which are found to be statis-
tically significant in the empirical analysis. Second, it allows for the separate estimation
of direct and indirect effects, which is crucial for understanding the mechanisms through
which charging infrastructure density may be associated with residential electricity con-
sumption. Finally, the SDM is consistent with economic and urban theory, which suggests
that infrastructure investment decisions in one area are likely to generate external effects in
neighboring areas.

3.5. Robustness Checks

To verify the stability of our findings, we conduct two sets of robustness checks
addressing concerns raised about the sensitivity of spatial econometric results to mod-
eling choices. Sensitivity to the spatial weight matrix. Table 7 reports SDM estimates
obtained using four alternative spatial weight matrices: k = 5 (baseline), k =3, k =7, and
inverse-distance weights. The direct effect of charging infrastructure density on residential
electricity consumption remains positive and statistically significant (p < 0.01) across all
specifications. The magnitude of the coefficient varies moderately (ranging from 1.445
to 1.894 in the standardized specification), but the qualitative conclusion is unchanged.
We note that the k = 7 specification produces a spatial autoregressive parameter outside
the theoretical boundary, which is a known issue in spatial econometrics with small sam-
ples (N =40) and does not affect the interpretation of the direct effects. Sensitivity to
functional form.

Table 8 compares results across three functional form specifications: standardized
variables (baseline), variables in levels, and a log-log transformation. The positive and
significant association between charging infrastructure density and residential electricity
consumption is confirmed in all three specifications. In the log-log model, the estimated
elasticity of 1.616 indicates that a 1% increase in charging infrastructure density is asso-
ciated with approximately a 1.6% increase in residential electricity consumption. These
results demonstrate that the main finding is not an artifact of variable standardization or a
particular functional form assumption.

The direct effect of charging infrastructure density on residential electricity consump-
tion remains positive and statistically significant (p < 0.01) across all four spatial weight
matrix specifications. The sign and statistical significance of per capita income (negative)
are also stable across specifications. These results indicate that the main findings are not
driven by the specific choice of spatial weight matrix. When using a larger neighborhood
structure (k = 7), the estimated spatial autoregressive parameter (p = 3.150) falls outside the
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theoretical boundary (—1, 1), indicating potential model instability when the number of

neighbors is large relative to the sample size (N = 40). This issue is well documented in

spatial econometric applications with small samples [16]. Importantly, the estimated direct

effects remain correctly signed and statistically significant even under this specification.

Table 7. Robustness Check: SDM Estimates under Alternative Spatial Weight Matrices.

Variable Baseline (k = 5) k=3 k=7 Inverse Distance
Panel A: Direct Effects
Charging infrastructure density 1.894 *** 1.590 *** 1.493 ** 1.445 ***
(0.001) (0.000) (0.002) (0.000)
Per capita income —1.9371 *** —1.573 *** —1.718 ** —1.261 ***
(0.000) (0.000) (0.001) (0.000)
Population density 0.236 0.094 0.061 0.210
(0.302) (0.488) (0.796) (0.246)
Motorization rate 0.039 —0.042 —0.162 —0.072
(0.875) (0.737) (0.608) (0.678)
Panel B: Indirect (Spillover) Effects
Charging infrastructure density -0.720 -1.271 —2.592 —1.618
(0.165) (0.724) (0.561) (0.859)
Per capita income 0.399 1.440 1.415 2.990
(0.239) (0.612) (0.711) (0.858)
Population density 0.182 0.209 0.444 1.217
(n.s.) (0.312) (n.s.) (n.s.)
Motorization rate 0.032 —0.168 —0.231 —0.836
(ns.) (0.849) (0.925) (0.903)
Spatial Parameters
P (spatial Autoregressive) 0.190 0.431 3.150 —0.469
Pseudo R-squared 0.600 n.a. n.a. n.a.
N 40 40 40 40

Note: The dependent variable is standardized residential electricity consumption. All models are estimated using
the Spatial Durbin Model (SDM) via Two-Stage Least Squares. Significance levels: *** p < 0.01, ** p < 0.05

Table 8. Robustness Check: Alternative Functional Forms.

Variable (1) Standardized (2) Levels (3) Log-Log
Panel A—OLS Estimates
Charging infrastructure density 1.535 *** 1.289 *** 1.616 ***
(0.000) (0.000) (0.000)
Per capita income —1.338 *** —0.172 *** —2.840 ***
(0.000) (0.000) (0.000)
Population density 0.207 * 0.000 0.233 *
(0.095) (0.107) (0.067)
Motorization rate 0.009 0.293 —0.055
(0.943) (0.822) (0.926)
R-squared 0.494 0.471 0.561
Panel B: SDM Direct
Effects
Charging infrastructure density 1.894 *** 1.003 *** 1.696 ***
(0.001) (0.000) (0.000)
Per capita income —1.931 *** —0.157 *** —3.422 ***
(0.000) (0.000) (0.000)
Population density 0.236 0.000 0.006
(0.302) (0.243) (0.960)
Motorization rate 0.039 —0.257 —0.429
(0.875) (0.832) (0.273)
P 0.190 —0.100 0.236
N 40 40 40

Note: Three functional form specifications are compared. Column (1) uses standardized variables (baseline).
Column (2) uses variables in levels. Column (3) uses a log-log specification. All SDMs use the baseline k = 5
spatial weight matrix. Significance levels: *** p < 0.01, * p < 0.10.

The results are also robust to alternative functional form specifications. The positive
and statistically significant association between charging infrastructure density and res-
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idential electricity consumption remains consistent across all three model specifications,
including standardized variables, variables in levels, and the log-log specification.

In the log-log model (Column 3), the estimated coefficient of 1.616 can be interpreted
as an elasticity, indicating that a 1% increase in charging infrastructure density is associated
with approximately a 1.6% increase in residential electricity consumption.

The negative association with per capita income is also stable across specifications.
Overall, these findings suggest that the main empirical results are not driven by the choice
of variable standardization or functional form.

4. Discussion
4.1. Interpretation of the Main Findings

The results of this study reveal a positive and statistically significant relationship
between public charging infrastructure density and residential electricity consumption,
both within municipalities and across neighboring areas.

These findings are also relevant from a sustainability perspective, as they highlight how
the transition toward electric mobility may generate broader changes in urban electricity
demand patterns and energy system planning.

4.1.1. Direct Effect

The positive estimated direct association suggests that greater availability of public
charging infrastructure is linked to higher residential electricity consumption within a
municipality. This result can be interpreted from two complementary perspectives.

One possible interpretation is that the availability of charging infrastructure is as-
sociated with greater electric vehicle adoption, which may in turn be linked to higher
residential electricity demand, both through home charging and complementary electricity
uses. Second, a correlational interpretation is also plausible, whereby charging infrastruc-
ture density is associated with higher levels of urban development and income, which may
affect residential electricity consumption through other channels, such as higher access
to efficient technologies but also higher overall consumption of energy-intensive goods
and services.

It is important to emphasize that the results of this study are correlational rather
than causal, given the observational nature of the data. Nevertheless, the findings are
consistent with economic theory and provide relevant empirical insights for urban and
energy planning.

4.1.2. Indirect (Spillover) Effect

The positive indirect effect of charging infrastructure density on residential electricity
consumption in neighboring municipalities deserves careful interpretation. Rather than
implying a causal mechanism, this association is consistent with several interconnected
spatial processes that operate across municipal boundaries. The most plausible channel is
inter-municipal mobility. In the Italian context, daily commuting patterns frequently cross
municipal boundaries, particularly in metropolitan areas and along major transportation
corridors. EV users who access public charging infrastructure in their workplace munici-
pality may subsequently charge their vehicles at home, creating a spatial pattern whereby
charging infrastructure density in one municipality is associated with residential electricity
consumption in neighboring municipalities. This mechanism is particularly relevant given
that home charging remains the predominant mode of EV charging in Italy, accounting for
an estimated 60-80% of total charging events [21]. A second channel involves the spatial
diffusion of EV adoption. The literature on technology diffusion [20,22] documents that
adoption decisions are influenced by social networks and geographic proximity. Munici-
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palities with denser charging networks may serve as “demonstration areas” that reduce
range anxiety and increase EV visibility, thereby accelerating adoption in neighboring
municipalities. As EV adoption increases in these neighboring areas, so does residential
electricity consumption from home charging. A third channel relates to regional infrastruc-
ture complementarities. The value of a charging network exhibits positive externalities: a
denser network in one municipality increases the utility of owning an EV for residents of
neighboring municipalities, who can rely on a broader regional network for their charging
needs. This network effect may stimulate EV adoption and, consequently, home-charging
demand across the region. We acknowledge that our cross-sectional design cannot disen-
tangle these channels or establish their relative importance. Future research using panel
data and instrumental variable approaches would be valuable for identifying the causal
mechanisms underlying these spatial associations.

4.2. Policy Implications

To the best of our knowledge, the results of this exploratory study, within the specific
research question focused on the Italian case, suggest the development of potentially
relevant policy actions, which may be compared and, if necessary, reshaped in order to
generalize their relevance.

4.2.1. Energy Planning

The positive relationship between charging infrastructure density and residential
electricity consumption suggests that areas with denser charging networks may require
more careful electricity network capacity planning. Grid operators should account for
the possibility that charging infrastructure expansion is associated with higher residen-
tial electricity demand both locally and in neighboring municipalities through spatial
spillover mechanisms.

However, these implications should be interpreted cautiously, and further longitudinal
evidence would be needed before drawing strong causal conclusions about the effects of
charging infrastructure expansion on electricity demand.

4.2.2. Infrastructure Investment Strategies

From an urban and regional planning perspective, public infrastructure investments
are a core component of smart city strategies, as they generate positive externalities and
spatial spillover effects that extend beyond municipal boundaries [23].

In this context, the presence of significant spillover associations suggests that charging
infrastructure investments may be linked to benefits not only at the local level but also
across neighboring municipalities. This evidence supports the adoption of a regional
or metropolitan planning approach, rather than a strictly municipal one. Policymakers
should therefore consider coordinating charging infrastructure investments across adjacent
municipalities in order to maximize positive spillovers and avoid fragmented or inefficient
planning outcomes.

4.2.3. Peak Demand Management

The positive association between charging infrastructure expansion and residential
electricity demand highlights the need for effective peak demand management strategies.
These may include:

e  Dynamic pricing schemes, aimed at incentivizing EV charging during off-peak hours
through lower electricity tariffs;

e  Vehicles as storage resources, through the implementation of Vehicle-to-Grid (V2G)
programs that allow EV batteries to function as distributed storage units;
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e Integration with renewable energy sources, by aligning EV charging with periods of
high renewable energy availability in order to enhance overall system efficiency.

4.3. Study Limitations

Several limitations of this study should be acknowledged when interpreting the results.
The analysis identifies statistically significant associations, but does not allow strong causal
claims due to the cross-sectional design and the possible presence of endogeneity and
omitted variables.

First, the observational nature of the data limits the ability to draw causal inferences.
Although the SDM mitigates the risk of omitted variable bias, reverse causality and unob-
served confounding factors cannot be fully ruled out.

Second, the sample size, consisting of 40 municipalities, is relatively small, which
may limit the statistical power of the analysis and the generalizability of the findings.
Nevertheless, the use of provincial capitals ensures a relatively high degree of economic,
demographic, and infrastructural heterogeneity, which partially mitigates concerns related
to sample size. The limited sample size reduces external validity and suggests caution in
generalizing the findings to smaller municipalities or rural areas.

Third, omitted variables may still be present, such as characteristics of the housing
stock, local energy policies, or the penetration of residential renewable energy technologies.
Fourth, the use of cross-sectional data prevents the analysis from capturing dynamic
effects over time. Finally, the specification of the spatial weights matrix, based on a k-
nearest neighbors approach with k = 5, is partly arbitrary, and results may be sensitive to
alternative specifications.

Finally, the analysis focuses on publicly available charging infrastructure and does
not capture the diffusion of private residential charging devices, which may also play an
important role in shaping residential electricity demand patterns.

5. Conclusions

This study provides empirical evidence on the spatial association between public
charging infrastructure density and residential electricity demand at the municipal level
in Italy using a spatial econometric approach. The main findings can be summarized
as follows.

First, a positive direct association was identified: municipalities with higher charging
infrastructure density tend to exhibit higher residential electricity consumption within the
municipality itself. Second, a positive spillover effect was detected: charging infrastructure
density is also positively associated with residential electricity consumption in neighboring
municipalities, indicating that the benefits of infrastructure investments extend beyond
local administrative boundaries. Third, the overall estimated association between charging
infrastructure density and residential electricity demand appears stronger once spatial
spillover patterns are taken into account, highlighting the importance of regional and
metropolitan coordination in infrastructure planning.

These findings have important implications for energy and urban planning in the
context of the transition toward sustainable mobility. More generally, the results contribute
to the empirical understanding of sustainability transitions in the transport and energy
sectors, highlighting the importance of considering spatial interactions when planning
infrastructure for electric mobility. Policymakers should account for spatial interactions
when designing charging infrastructure strategies, while recognizing that denser charging
networks may be associated with changing residential electricity demand patterns.

Future research could address the limitations of this study by adopting panel data ap-
proaches that allow for the analysis of temporal dynamics and the identification of changes
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over time. In addition, the inclusion of a broader set of explanatory variables—such as
housing characteristics, local energy policies, or the diffusion of residential renewable en-
ergy technologies—could help reduce potential omitted variable bias. To further strengthen
causal inference, future studies may also consider the application of quasi-experimental
methods, including regression discontinuity designs or other identification strategies.
Finally, extending the analysis to a national or European scale would enhance the generaliz-
ability of the findings and provide a more comprehensive understanding of the relationship
between charging infrastructure deployment and residential electricity demand.
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