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Abstract

Equitable decarbonization depends not only on technology adoption but also
on how infrastructure is deployed. Because infrastructure is fixed in space
and path dependent, new investments can lock in advantage or exclusion
for decades. We examine this dynamic in the case of federal electric vehicle
infrastructure, where equity shortfalls are not merely local disparities but
structural outcomes of spatial interdependence. Using geospatial analysis
and spatial econometric models across 15,566 census tracts in ten south-
eastern U.S. states, we find that disadvantaged communities are on average
53% farther from federally designated Alternative Fuel Corridors, and that
spillovers from neighboring burdens add an additional 10% disadvantage.
To test whether inequities are inevitable or policy-contingent, we simulate a
counterfactual reallocation aligned with Justice40 mandates. This scenario
reduces the average distance gap by 40% and spillover disadvantage by more
than 60%. Equity shortfalls in infrastructure transitions thus arise struc-
turally from legacy siting and spatial spillovers, but they are not immutable.
Targeted interventions can realign outcomes, showing how network-aware eq-
uity frameworks can make the clean energy transition both more just and
more effective.

Keywords: electric vehicle infrastructure, spatial equity, Justice40, spatial
econometrics, energy policy

1. Introduction

Infrastructure has long reflected and reinforced racial and social inequali-
ties. Because it is fixed in space and durable over time, new investments often



reproduce historical patterns of exclusion [1, 2]. The U.S. highway system,
for example, disproportionately displaced Black and low-income communi-
ties and entrenched long-term disparities in mobility, environmental expo-
sure, and neighborhood investment [3, 4, 5]. Similar inequities are evident
across broadband, stormwater, and other systems, where access has closely
followed the contours of race, income, and political influence [6, 7, 8]. In
this context, public investment in clean energy infrastructure presents both
an opportunity and a risk: without deliberate attention to design and siting,
the energy transition may reproduce existing geographies of inequality.

Infrastructure inequalities matter for at least four reasons. First, they de-
termine who can participate in low-carbon transitions: absent infrastructure,
households and communities are effectively excluded from clean mobility, en-
ergy, and opportunity [9]. Second, because infrastructure is path dependent,
present-day allocation decisions can entrench inequities for decades, lock-
ing in exclusion and foreclosing future options [10]. Third, inequalities are
compounded through spatial spillovers: the burdens of one community can
shape those of its neighbors. If infrastructure investments bypass a disad-
vantaged area, surrounding communities may also face reduced access, slower
modernization, and diminished ecosystem services and prospects for invest-
ment, creating regional clusters of exclusion rather than isolated gaps [2, 11].
Fourth, while climate policy mandates are rapidly expanding infrastructure
investments, planning frameworks often lack spatially explicit equity crite-
ria, raising the risk that programs reinforce rather than redress entrenched
disparities [12].

These dynamics are especially salient in the transition to electric vehi-
cles (EVs), where charging infrastructure determines who can participate in
the clean energy transition. A growing body of research examines equity in
EV charging networks, typically by comparing charger density or proxim-
ity across neighborhoods [13, 14, 15, 16]. These studies consistently show
that demand-driven and private-sector siting favors affluent, high-density ar-
eas, leaving historically disadvantaged communities under-served. Yet this
literature largely treats communities in isolation, overlooking how access is
shaped by legacy networks and the characteristics of surrounding areas. Our
study addresses this gap by analyzing how spatial spillovers and infrastruc-
tural legacies condition equity outcomes in federally funded infrastructure
programs.

Our empirical setting is the U.S. National Electric Vehicle Infrastructure
(NEVI) Formula Program, a $5 billion federal initiative created under the
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2021 Infrastructure Investment and Jobs Act [17, 18]. NEVI is the first
federally funded EV charging program with an explicit equity mandate, re-
quiring that 40% of benefits accrue to disadvantaged communities (DACs)
under the Justice40 Initiative. Its implementation occurs in two stages: first,
the buildout of Alternative Fuel Corridors (AFCs) along highways, followed
by community and non-corridor investments once corridor requirements are
met. This design makes NEVI an ideal case for studying whether legacy
infrastructure networks, such as the U.S. highway system that is itself an
artifact of racial and spatial inequality, constrain the pursuit of equitable
energy transitions [3, 4, 5].

We argue that spatial spillovers are a critical, under-examined mechanism
through which justice-focused infrastructure programs can fall short. Even
when a disadvantaged community receives direct investment, its access is con-
ditioned by the geography of neighboring areas and by the legacy systems
on which new infrastructure is built. To investigate this, we use a geospatial
dataset linking census tract-level burdens from the Climate and Economic
Justice Screening Tool (CEJST) with AFCs proposed under the NEVI pro-
gram across ten southeastern U.S. states. Using spatial econometric models,
we examine whether disadvantaged communities are systematically located
farther from federally funded EV infrastructure and how spatial interdepen-
dencies shape access outcomes.

Our results reveal two dynamics. First, disadvantaged communities are
systematically farther from AFCs. Second, spatial spillovers amplify in-
equities, such that even when a tract has relatively low burdens, being sur-
rounded by disadvantaged neighbors can reduce its access to AFCs. To
investigate whether such inequities are inevitable, we simulate a counterfac-
tual equity scenario that reallocates proposed AFCs siting to approximate
Justice40’s mandate. This exercise demonstrates that equity shortfalls in in-
frastructure transitions arise structurally from legacies and spatial spillovers,
but that modest policy interventions can substantially reduce them. By fore-
grounding spillovers and legacy effects, our analysis contributes a broader
framework for understanding equity in infrastructure transitions. While our
empirical case is EV infrastructure, the implications extend to other justice-
focused investments, such as broadband, flood resilience, and water systems,
where spatial interdependencies and legacy infrastructures shape distributive
outcomes, and where equity programs may fall short if they fail to address
these structural dynamics.
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2. Methods

2.1. Study Area and Data Sources

Our analysis examines spatial disparities in access to electric vehicle
(EV) charging infrastructure under the National Electric Vehicle Infrastruc-
ture (NEVI) Formula Program across ten southeastern U.S. states. These
states: Alabama, Arkansas, Florida, Georgia, Kentucky, Louisiana, Missis-
sippi, North Carolina, South Carolina, and Tennessee were selected based
on the U.S. Fish and Wildlife Service’s southeastern regional classification.
The AFC shapefile was retrieved from the U.S. Department of Transporta-
tion’s ArcGIS Hub in May 2024 [19]. Puerto Rico and the Virgin Islands
were initially considered but excluded from the final sample due to missing
or incompatible AFC shapefiles [19] and the absence of an interstate highway
network [20], respectively.

Census tract geometries were obtained from the U.S. Census TIGER/Line
shapefiles and projected into NAD83 / Conus Albers for spatial consistency.
DAC designations and associated percentile scores were retrieved from the
White House Council on Environmental Quality’s Climate and Economic
Justice Screening Tool (CEJST v1.0), accessed in May 2024 via the CEJST
geoplatform [21]. CEJST provides a binary classification of DACs alongside
a comprehensive set of percentile-based indicators covering environmental,
climate, and socioeconomic burdens. These percentiles reflect the relative
standing of each tract nationally across multiple dimensions such as en-
ergy burden, fine particulate matter (PM2.5) exposure, diesel emissions, and
poverty. The binary DAC flag also includes tracts that, while not meeting
every threshold, are low-income and surrounded entirely by DAC-designated
neighbors—an imputation that supports spatial contiguity in justice designa-
tions. Unlike the Department of Energy’s DCR tool, which uses state-specific
percentile cutoffs and emphasizes energy-specific burdens, CEJST’s national
percentile structure enables more consistent cross-state analysis. We opted
for CEJST due to its broader coverage and compatibility with our national
percentile-based modeling approach, noting that CEJST and DOE DAC clas-
sifications exhibit substantial overlap. In addition to spatial justice data from
CEJST, we used the 2010 Census Geocoder to classify whether a census tract
is urban or rural.

Across the study region, the final dataset encompassed 15,566 census
tracts. Tract areas varied widely, ranging from under 1 to over 600 square
kilometers, with a right-skewed distribution and a median of approximately
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123 square kilometers (see Appendix Fig. A1). This spatial heterogene-
ity—particularly across rural and exurban zones—underscores the impor-
tance of using geometric centroids rather than population-weighted centroids
for proximity analysis, especially in a context where infrastructure corridors
are linear and spatially discontinuous. We calculated proximity using Ar-
cGIS’s “Near” tool, measuring the distance from each tract centroid to the
nearest AFC segment within a 100-mile (527,999 ft) search radius. This
buffer ensured that all tracts, including rural and remote areas, returned
valid distance values, consistent with NEVI’s 50-mile spacing benchmark.
Spatial contiguity was defined using a first-order Queen criterion, producing
neighborhood sizes that ranged from 1 to 25 tracts, with a median of 6 (Ap-
pendix Fig. A2). This structure preserves both topological and boundary
adjacency and provides a stable basis for capturing spatial dependence across
varied tract morphologies.

2.2. Proximity to EV Infrastructure

To assess spatial access to NEVI-funded EV infrastructure, we computed
straight-line (Euclidean) distances from the geographic centroid of each cen-
sus tract to the nearest proposed Alternative Fuel Corridor (AFC). Geo-
graphic centroids were calculated using ArcGIS Pro’s “Feature to Point”
tool. We then applied the “Near” tool with a 100-mile (160.9 km) search ra-
dius to ensure connectivity in sparsely served states. An initial threshold of
75 miles failed to resolve proximity for many rural tracts. Output distances
were calculated in survey feet and subsequently converted to miles.

To isolate access gaps associated specifically with the NEVI siting process
rather than legacy infrastructure disparities, we replicated the centroid-to-
corridor distance analysis using the full U.S. interstate highway network as
a baseline comparator. This benchmarking isolates equity gaps arising from
NEVI-specific deployment decisions, separating them from historical dispar-
ities embedded in the legacy highway network. To move beyond descriptive
proximity patterns and quantify the spatial structure of observed disparities,
we used spatial econometric modeling.

2.3. Spatial Durbin Model

We estimated a Spatial Durbin Model (SDM) to assess whether disparities
in AFC proximity are spatially structured and subject to spillover effects.
The SDM extends standard linear regression by incorporating spatial lags of
both the dependent variable and the covariates, allowing us to capture both
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direct (within-tract) and indirect (neighboring-tract) effects [22]. The model
is formally specified as:

y = ρWy +Xβ +WXθ + ε, (1)

where y is the vector of logged distances from each tract centroid to the
nearest AFC, X is a matrix of tract-level predictors, W is a row-standardized
first-order Queen contiguity weights matrix, ρ is the spatial autoregressive
coefficient, θ captures the spatial lag of the covariates, and ε is a normally
distributed error term.

Our predictor matrix includes the binary DAC classification from CEJST,
along with percentiles for diesel particulate matter, fine particulate matter
(PM2.5), poverty rate, energy burden, housing cost burden, and agricultural
land conversion risk (see Appendix Table A.1 for the full list of predictor vari-
ables and their corresponding Justice40 burden categories). We also include
the log-transformed distance to the nearest interstate highway to capture
infrastructural connectedness while correcting for skewness. All variables ex-
cept the DAC binary and freeway distance are in percentiles, as provided by
CEJST. This avoids arbitrary thresholds and maintains comparability across
states and dimensions.

We used bootstrapped standard errors based on 1,000 replications to en-
sure inference robustness. Following estimation, we decomposed total effects
into direct effects (representing a covariate’s impact on the tract’s own out-
come), indirect effects (spillover effects from neighboring tracts), and total
effects (the sum of direct and indirect impacts). This decomposition makes
visible how local and neighboring structural burdens interact to shape spa-
tial disparities in infrastructure access. Appendix A.3 reports the full SDM
coefficient estimates and robustness checks. Prior to model estimation, we
conducted spatial autocorrelation diagnostics, including Moran’s I and La-
grange Multiplier tests, and compared model fit against spatial error and
spatial lag alternatives to confirm the presence of spatial dependence and
justify the use of a Spatial Durbin Model (see Appendix sections A.1 and
A.2).

2.4. Augmented Inverse Probability Weighting Model

To evaluate whether disparities in AFC proximity by DAC status persist
after accounting for structural confounding, we implemented an augmented
inverse probability weighting (AIPW, or doubly robust) estimator. AIPW
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reweights the sample to balance DAC and non-DAC tracts on observed co-
variates, thereby reducing bias from structural differences such as poverty,
pollution, and network proximity. We used stabilized weights and trimmed
observations outside the 1st and 99th percentiles to ensure overlap and reduce
variance [23, 24, 25].

Let Di ∈ {0, 1} indicate DAC status under CEJST v1.0, and let Yi =
log(distance to nearest AFCi). With covariates Xi (CEJST percentiles and
log freeway distance), we first estimate the propensity score

ê(Xi) = P (Di = 1 | Xi),

construct stabilized weights

wi =
Di · P (D = 1)

ê(Xi)
+

(1−Di) · P (D = 0)

1− ê(Xi)
,

trim extreme weights (1st/99th percentiles), and then estimate the outcome
model

Yi = α + τDi +X⊤
i γ + εi

by weighted least squares using wi. Standard errors are obtained via nonpara-
metric bootstrap (1,000 replications). This specification is doubly robust: τ
is consistent if either the treatment or outcome model is correctly specified.
Balance diagnostics and common support are reported in Appendix A.5.

3. Results

3.1. Disadvantaged communities face systematically greater distances to AFCs

DACs are, on average, located significantly farther from AFCs than non-
DAC tracts. On average, DACs are located 6.93 miles from the nearest
AFC, compared to 4.53 miles for non-DACs; this is a difference of 2.4 miles,
or about 53% farther (Table 1). This difference is not driven by outliers but
is consistent across the full distribution of tracts (Appendix, Fig. A1).

Table 1: Welch Two Sample t-test comparing mean distance to AFCs between DAC and
non-DAC tracts.

Non-DAC DAC t df p-value 95% CI
4.53 6.93 -18.3 15,566 ¡2.2e-16 [-2.65, -2.14]
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3.2. Spatial clustering reveals regional concentration of poor AFC access

We examine the geography of access disparities using Local Moran’s I
to detect spatial autocorrelation in distance to AFCs. The results, visual-
ized in Figure 1, reveal that poor access is geographically clustered. Areas
shaded in red represent high-high clusters: tracts with longer distances to
AFCs surrounded by similarly under-served neighbors. Global Moran’s I con-
firms strong spatial clustering in tract-level distances to AFCs (I = 0.812,
p < 0.001), indicating that these patterns reflect systematic spatial depen-
dence rather than random distribution. In particular, clusters of limited
AFC access are concentrated in regions such as southern Georgia, Alabama,
and eastern Mississippi. Conversely, areas shaded in blue represent spatial
outliers: tracts with notably shorter or longer distances to AFCs than their
surrounding neighbors. For example, in parts of western North Carolina and
central Georgia, some tracts with shorter distances to AFCs are surrounded
by neighbors with much longer distances, indicating sharp local contrasts in
infrastructure access.

3.3. Spatial spillovers amplify inequalities beyond tract boundaries

We estimate a SDM to assess how disparities in AFC proximity are shaped
by both tract-level characteristics and the attributes of neighboring areas.
The model decomposes effects into (1) direct effects, which capture how a
tract’s own characteristics influence access, and (2) indirect effects, which
capture how characteristics of neighboring tracts shape a tract’s own access.

Table 2 reports decomposed effects for each predictor. Traffic proximity
and volume has a total effect of −0.587; p < 0.001 on distance to AFC, driven
primarily by indirect effects: areas surrounded by dense traffic, which tend to
have higher emissions and mobility demand, have significantly closer access to
AFCs. PM2.5 exposure shows a mixed spatial pattern: tracts with high pol-
lution levels tend to be located closer to AFCs (direct = −0.198; p < 0.001),
while tracts adjacent to those high-pollution areas tend to be located farther
from AFCs (indirect = 0.308; p < 0.001), resulting in a net positive total
effect. This spatial mismatch suggests that while core pollution hotspots are
prioritized for AFC siting, adjacent areas with comparable burdens remain
under-served.

Similarly, tracts with high housing burden (total = 0.184; p = 0.064)
are also associated with reduced access. Meanwhile, tracts with high diesel
particulate matter exposure have significantly better access to AFCs (total
= −0.177; p = 0.036), primarily due to strong direct effects. This likely
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Figure 1: Local Moran’s I for tract-level distance to AFCs, excluding tracts with popula-
tions below 1,000. Positive values (red) indicate clusters where tracts with greater distance
to AFCs are surrounded by similarly underserved neighbors. Negative values (blue) in-
dicate spatial outliers. Gray indicates areas with no significant spatial clustering. Green
lines represent AFCs.

reflects the alignment of AFCs with freight corridors and trucking routes
that contribute to pollution.

Proximity to highways is strongly associated with better AFC access at
the tract-level (0.720; p < 0.001), reflecting the highway-based siting rules of
NEVI. However, the indirect effect is sharply negative (−0.676; p < 0.001),
suggesting that tracts located near others that are also close to freeways may
still be bypassed. This indicates that NEVI investments are tightly clustered
along specific corridors and do not necessarily extend benefits to neighboring
areas, even when those areas are also well-positioned in the highway network.
In contrast, DAC status does not have a statistically significant direct or
indirect effect, suggesting that observed proximity gaps are explained by
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Table 2: Decomposed SDM impacts on logged distance to AFCs. Bootstrapped to 1,000
simulations. All variables except DAC status (binary) and freeway distance (logged) are
percentiles. The model includes a control for rural–urban classification. Each cell presents
the coefficient estimate with 95% confidence interval and p-value. Appendix A.3 reports
the full SDM coefficient estimates and robustness checks.

Variable Direct Effect Indirect Effect Total Effect

DAC binary
-0.014 [-0.032, 0.003]
p = 0.104

-0.105 [-0.449, 0.240]
p = 0.551

-0.119 [-0.476, 0.238]
p = 0.514

Poverty rate
0.008 [-0.003, 0.019]
p = 0.143

0.119 [-0.096, 0.333]
p = 0.279

0.127 [-0.096, 0.350]
p = 0.264

Energy burden
0.001 [-0.009, 0.011]
p = 0.893

-0.100 [-0.260, 0.059]
p = 0.217

-0.100 [-0.265, 0.060]
p = 0.235

Agricultural loss rate
0.014 [0.004, 0.023]
p = 0.005

-0.051 [-0.166, 0.064]
p = 0.384

-0.037 [-0.156, 0.081]
p = 0.537

Diesel PM exposure
-0.124 [-0.143, -0.105]
p < 0.001

-0.053 [-0.215, -0.108]
p = 0.016

-0.177 [-0.343, -0.012]
p = 0.036

PM2.5 exposure
-0.198 [-0.286, -0.110]
p < 0.001

0.308 [0.193, 0.423]
p < 0.001

0.110 [0.036, 0.184]
p = 0.003

Traffic proximity & volume
-0.065 [-0.075, -0.055]
p < 0.001

-0.522 [-0.692, -0.352]
p < 0.001

-0.587 [-0.763, -0.411]
p < 0.001

Housing burden
0.002 [-0.009, 0.013]
p = 0.743

0.182 [-0.004, 0.368]
p = 0.056

0.184 [-0.011, 0.378]
p = 0.064

Freeway distance
0.720 [0.707, 0.733]
p < 0.001

-0.676 [-0.784, -0.569]
p < 0.001

0.044 [-0.064, 0.151]
p = 0.424

structural burdens rather than designation alone.
Figure 2 visualizes the spatial distribution of estimated effects from the

SDM on tract-level distance to AFCs. Panel A shows the composite direct
effect of a tract’s own burdens on its AFC access. Panel B shows the indi-
rect (spillover) effects of burdens in neighboring tracts. Panel C combines
both into total effects. These maps highlight regions where the joint influ-
ence of local and surrounding burdens most strongly shapes AFC access.
Panel C reveals that in many areas, indirect effects offset direct effects, em-
phasizing the importance of spatial interdependencies in producing access
inequalities. These findings reveal that AFC deployment under NEVI is spa-
tially uneven, reflecting and reinforcing existing patterns of environmental
and socio-economic burdens.

3.4. DAC gaps are mediated by structural burdens and geography

DACs are located significantly farther from AFCs in descriptive compar-
isons, but the DAC indicator is not statistically significant in the SDM once
structural burdens and network geometry are controlled for. To test whether
DAC status continues to predict access after accounting for these covariates,
we estimated an AIPW model.

Table 3 reports coefficients from an AIPW-weighted OLS of logged dis-
tance with covariate adjustment. The DAC coefficient is negative and highly
significant (β̂ = −0.034, p = 0.0012), corresponding to an estimated 100

(
e−0.034−
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Figure 2: Normalized SDM effects on logged distance to nearest AFCs. Panel A shows
direct effects, Panel B shows indirect (spillover) effects, and Panel C shows total effects.
Bootstrapped to 1,000 simulations. All predictors are in percentiles except DAC status
(binary) and freeway distance (logged).

1
)
≈ −3.3% decrease in distance for DAC tracts on average. This pattern

indicates that the descriptive DAC gap operates primarily through structural
burdens and network proximity rather than the DAC classification.

11



Table 3: Augmented inverse probability weighted OLS estimates for logged distance to
AFC corridors. Weights are stabilized and trimmed at the 1st and 99th percentiles to
ensure overlap. The model includes a control for rural–urban classification.

Predictor Coefficient Std. Error p-value

Intercept 0.760 0.0126 < 0.001
DAC Binary -0.034 0.0104 0.0012
Poverty Rate 0.0257 0.0078 0.0010
Energy Burden 0.0058 0.0074 0.434
Ag. Loss Rate 0.0358 0.0067 < 0.001
Diesel PM -0.1793 0.0097 < 0.001
PM2.5 Exposure 0.0581 0.0052 < 0.001
Traffic Proximity -0.1447 0.0082 < 0.001
Housing Burden 0.0061 0.0079 0.437
Freeway Distance (log) 0.4241 0.0065 < 0.001

R2 (Adj.) 0.573
Residual Std. Error 0.549 (df = 15,244)

Post-AIPW spatial lag models (Appendix Table A.8) reveal strong and
statistically significant spatial dependence in the residuals (Wald and LR
tests, p < 0.001), underscoring that spatial interdependencies remain impor-
tant even after covariate adjustment. Taken together, the SDM and AIPW
results indicate that the descriptive DAC gap is generated primarily through
structural burdens and network proximity; once these are balanced, DAC
designation itself is not the independent driver of poorer access. Robustness
checks, including alternative DAC definitions and centroid specifications, are
reported in Appendix E.

3.5. Equity shortfalls are structural but can be addressed by policy

Equity shortfalls in AFC siting are structural, but they are not im-
mutable. To illustrate, we simulate an equity scenario in which the aver-
age distance to AFCs for DACs is reduced by 40%. This was achieved by
reallocating AFC distance values from non-DAC tracts to DAC tracts, pri-
oritizing those most disadvantaged, while holding the total number of tracts
with AFC access constant. This counterfactual approximates the intent of
Justice40 and demonstrates how strategic realignment of AFCs can generate
substantial equity gains. As shown in Table 4, this approach closes the prox-
imity gap between DACs and non-DACs and significantly reduces spatial
spillovers of disadvantage. The share of DAC tracts within five miles of an
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AFC increases from 64.0% to 73.0%, matching non-DACs. Importantly, these
improvements extend beyond individual communities: the spatial clustering
of exclusion declines markedly. The indirect (spillover) effect shrinks by more
than 60%, from −0.105 to −0.038, underscoring that spatial inequality is not
fixed, but can be reshaped through targeted policy.

Table 4: Summary of Access Inequality and Spatial Spillover Impacts for DAC Status.
Panel A reports direct measures of AFC proximity for DAC and non-DAC tracts under
current deployment and the forward-looking equity scenario. Panel B reports spatial
Durbin Model impacts for DAC status, decomposing total, direct, and spillover (indirect)
effects under current and equity scenarios.

Panel A: Access Distance Summary
Community Type Mean Distance (miles) Median Distance (miles) % Within 5 Miles
Current Deployment
Non-DAC 4.53 2.41 71.9%
DAC 6.93 2.57 64.0%
Equity Scenario
Non-DAC 4.53 2.41 71.9%
DAC 4.16 1.54 73.0%
Panel B: Spatial Spillover Impacts for DAC Status
Scenario Direct Effect Indirect (Spillover) Total Effect
Current Deployment -0.014 -0.105 -0.119

[-0.032, 0.003; p = 0.102] [-0.453, 0.244; p = 0.556] [-0.483, 0.232; p = 0.518]
Equity Scenario -0.335 -0.038 -0.374

[-0.350, -0.319; p ¡ 0.001] [-0.137, 0.071; p = 0.556] [-0.482, -0.042; p = 0.039]

While illustrative, this scenario carries important caveats. It does not in-
corporate constraints imposed by the existing highway network, such as prox-
imity to highways or NEVI’s 50-mile spacing rules. These are core features
of NEVI’s current siting logic. While this may limit its direct applicability,
the simplification allows us to illustrate the effects of prioritizing disadvan-
taged communities and highlight the redistributive potential of alternative
siting strategies. We acknowledge that actual siting decisions are shaped by
additional spatial and regulatory constraints, and future work could extend
this analysis by incorporating those constraints into a spatial optimization
model that more closely reflects real-world deployment dynamics.

4. Discussion & Conclusion

Infrastructure often reflects planning choices, institutional priorities, and
bureaucratic routines that tend to reinforce, rather than redress, entrenched
inequities in access and investment [1]. In the context of climate policy, equity
in the clean energy transition is therefore not merely a challenge of infras-
tructure expansion, but a spatial governance challenge that determines who
benefits from public investment and who is left out. Once in place, infrastruc-
ture shapes access and exclusion for decades, locking in spatial patterns of
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mobility, investment, and opportunity [10, 26, 27]. Siting decisions are thus
not only technical, but political: they define the spatial terms of inclusion
in the clean energy economy. Despite NEVI’s alignment with the Justice40
initiative, our results show that historically burdened communities are likely
to remain structurally farther from AFCs. This is not simply a planning
oversight; it reflects how spatial inequality is embedded in the provision of
infrastructure.

Our findings show that DACs are systematically located farther from
NEVI-proposed AFCs, even after controlling for rural–urban status and ex-
isting highway access. These disparities are not fully explained by tract-level
demographic or environmental burdens. Instead, they reflect broader spatial
patterns shaped by legacy infrastructure, uneven regional connectivity, and
planning frameworks that have historically failed to ensure equitable access.
In this context, disadvantage is not simply about who a community is, but
where it is. The geography of NEVI’s proposed deployment places many
DACs in locations structurally disconnected from high-priority corridors, ex-
tending spatial exclusion into the clean energy transition [28, 11].

Our analysis also reveals that the role of DAC designation is more com-
plex than descriptive comparisons alone suggest. In the SDM, the DAC
indicator is not statistically significant once structural burdens and network
proximity are controlled for. Similarly, in the AIPW analysis, the DAC co-
efficient is negative, indicating that after balancing covariates, DACs are not
independently farther from AFCs. This apparent reversal highlights that
disadvantage operates primarily through the structural and geographic bur-
dens disproportionately borne by DACs rather than through the DAC clas-
sification itself. This reinforces our interpretation that access shortfalls are
structural rather than incidental to classification.

A key contribution of this study is to reveal how spatial spillovers com-
pound disadvantage across regions. Existing equity frameworks like Justice40
emphasize distributive fairness within communities but ignore the spatial
dynamics between communities. Our findings show that poor access to EV
infrastructure is not randomly distributed but spatially clustered: disad-
vantaged communities and their neighboring tracts are jointly underserved.
These spillover effects create regional pockets of exclusion, where lack of in-
frastructure in one area reduces the connectivity and economic opportunity
of adjacent areas as well. In this way, spatial inequality compounds structural
disadvantage not just within, but across, communities [29, 30, 2]. Address-
ing these patterns will require moving beyond place-based equity to embrace

14



spatially relational approaches that confront the geographic reproduction of
exclusion.

Greater distance from AFC infrastructure signals reduced access to fed-
erally supported mobility systems and exclusion from the material benefits
of public investment. This may limit the likelihood of future infrastructure
upgrades, improved air quality, and grid enhancements, particularly in com-
munities already burdened by environmental and economic stressors. These
effects are amplified by spatial spillovers: when disadvantaged tracts are clus-
tered together, the broader region becomes less likely to attract infrastructure
investment. This can occur even when some communities within the cluster
are well-positioned for AFC development when viewed in isolation. Because
infrastructure begets infrastructure, greater distance becomes a proxy for
exclusion from emergent systems of clean mobility and opportunity.

These findings also carry important implications for how equity is oper-
ationalized in federal infrastructure governance. While Justice40 articulates
ambitious equity goals, its siting rules lack proximity thresholds or spatial
distribution criteria. Consequently, NEVI planning defaults to technical met-
rics, such as traffic volume, interconnectivity, and cost-efficiency that privi-
lege high-throughput corridors and bypass marginalized areas. This proce-
dural vagueness renders equity largely symbolic unless it is tied to spatially
grounded mandates. Failure to embed spatial criteria into planning allows
structurally exclusionary systems to persist under the guise of technocratic
neutrality [31].

The absence of clear siting guidelines in NEVI reflects a broader tension
in clean energy transitions: different ideas about what fairness means in in-
frastructure planning often conflict. Should chargers be distributed equally
across all areas? Should they be prioritized for the communities with the
greatest need? Or concentrated in places that maximize efficiency and usage?
These trade-offs are rarely acknowledged, yet they shape who gains access
to clean energy infrastructure. NEVI’s current siting approach appears to
favor proportionality and network efficiency, reinforcing technocratic prin-
ciples that emphasize throughput over equity. Reducing access disparities
for historically under-served communities requires a corrective distributive
approach—one that explicitly prioritizes structurally disadvantaged areas.
Without making these normative commitments transparent, equity frame-
works risk becoming rhetorical instruments rather than enforceable design
principles [2].

Even with its limitations, our simulation underscores a critical insight:

15



infrastructure disadvantage is not a spatial inevitability; it is a policy out-
come. By demonstrating how a modest reallocation can reduce both direct
and spillover disparities, the scenario highlights the transformative potential
of spatially explicit mandates, such as regional siting thresholds or minimum
DAC coverage targets. Without such mandates, the clean energy transition
risks replicating the geography of the fossil fuel economy [32, 2]. But realiz-
ing this promise demands more than analytic tools; it requires institutional
reform. Embedding spatial justice into infrastructure governance is not only
normatively essential but practically necessary. It ensures that transitions
are not only technologically sound and economically efficient, but socially
legitimate and democratically accountable.
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Appendix A. Supplementary Data, Methods, and Results

Table A.5: Variables Used in Analysis and Corresponding Justice40 Burden Categories

Variable Justice40 Burden Category

DAC Binary Not a burden category; binary des-
ignation for DAC

Poverty Burden (Percentile) Health & Housing
Energy Burden (Percentile) Energy
Housing Burden (Percentile) Housing
Expected Agriculture Loss
Rate (Percentile)

Climate Change

Diesel Particulate Matter Ex-
posure (Percentile)

Health

PM2.5 Exposure (Percentile) Health
Traffic Proximity and Volume
(Percentile)

Transportation

Freeway Distance (logged) Not in Justice40; included as geo-
graphic control
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Figure A.3: Distribution of tract-level distance to AFCs by DAC status. Density plots
show that DACs are systematically farther from AFCs than non-DAC tracts. The right-
shifted distribution for DACs indicates that the difference in proximity is consistent across
the entire distribution, not driven by outliers.

Appendix A.1. Spatial Dependence Diagnostics

Table A.6: Global Moran’s I Tests for Spatial Autocorrelation. Moran’s I statistics indicate
strong and statistically significant positive spatial autocorrelation in both the raw log
distance to AFC corridors and the residuals from a covariate-adjusted OLS model. The
high Moran’s I values and low p-values confirm spatial clustering and support the need
for spatial econometric modeling.

Test Variable Moran’s I Expectation p-value

Log Distance to AFC Corri-
dors (raw variable)

0.8116 -0.00006 < 0.001

OLS Residuals (model with
covariates)

0.8734 -0.00006 < 0.001
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Figure A.4: Distribution of the number of neighboring tracts under a first-order Queen
contiguity criterion. Neighborhood sizes range from 1 to 25 tracts, with a median of 6.
This structure captures both edge and vertex adjacency and forms the basis for the spatial
weights matrix used in the Spatial Durbin Model.
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Figure A.5: Distribution of census tract area (in square kilometers) across the ten south-
eastern U.S. states included in the study. Tract sizes range from less than 1 km2 to over
600 km2, with a right-skewed distribution and a median of approximately 123 km2. This
spatial heterogeneity underscores the use of geometric centroids and spatial econometric
methods in the analysis.
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Table A.7: Lagrange Multiplier (LM) Tests for Spatial Dependence in OLS Residuals.
These tests assess whether residuals from the non-spatial OLS model exhibit spatial au-
tocorrelation. All tests reject the null hypothesis of no spatial dependence at the 0.001
significance level. The robust LM tests confirm the presence of both spatial error and
spatial lag dependence, justifying the use of a SDM.

Test Description Test Statistic p-value

LM Test for Spatial Error Depen-
dence (RSerr)

23,859 < 0.001

LM Test for Spatial Lag Dependence
(RSlag)

21,758 < 0.001

Robust LM Error Test (adjRSerr) 2,183.3 < 0.001

Robust LM Lag Test (adjRSlag) 82.25 < 0.001

SARMA Test (joint error + lag de-
pendence)

23,941 < 0.001

Appendix B. Multicollinearity Checks

Table B.8: Variance Inflation Factors (VIF) for OLS Model Predictors. All VIF val-
ues fall well below the common threshold of 10, indicating no evidence of problematic
multicollinearity among the explanatory variables. This supports the stability and inter-
pretability of coefficient estimates in the spatial regression models.

Predictor Variable VIF
Diesel PM Exposure 3.98
Poverty Rate 3.26
Traffic Proximity 2.79
Housing Burden 2.83
Energy Burden 2.76
Disadvantaged Status 2.08
Agricultural Loss Rate 1.96
Freeway Distance (log) 1.89
PM2.5 Exposure 1.14
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Appendix C. Model Selection Comparison

Table C.9: Comparison of Spatial Regression Models: Spatial Lag (SLM), Spatial Error
(SEM), and Spatial Durbin Model (SDM). The dependent variable is the logged distance
to the nearest AFC corridor. The SDM outperforms both SLM and SEM across key
fit metrics, including log likelihood, residual variance, and AIC. High and statistically
significant spatial coefficients in all models confirm strong spatial dependence. The SDM
also resolves nearly all residual autocorrelation (Moran’s I LM test = 15.81; p < 0.001),
supporting its use as the preferred specification.
Model Statistic SLM SEM SDM
Number of observations 15,566 15,566 15,566
Log likelihood -7,124.666 -2,353.599 -2,243.105
Residual variance (σ2) 0.1187 0.0606 0.0606
Spatial coefficient (ρ or λ) 0.8899 0.9527 0.9407
Asymptotic SE of spatial coeffi-
cient

0.0036 0.0025 0.0028

z-value (spatial coefficient) 247.08 384.51 338.91
Wald test for spatial dependence 61,048; p < 0.001 147,840; p < 0.001 114,860; p < 0.001
Likelihood ratio (LR) test 17,809; p < 0.001 22,853; p < 0.001 22,485; p < 0.001
LM test for residual autocorrela-
tion

266.73; p < 0.001 — 15.81; p = 0.00007

Akaike Information Criterion
(AIC)

14,271 4,731.2 4,528.2

Spatial weights matrix Row-standardized Queen Row-standardized Queen Row-standardized Queen
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Appendix D. SDM Results and Robustness Checks

Table D.10: Spatial Durbin Model (SDM) Coefficient Estimates. This table reports the
full coefficient estimates from the SDM used to model logged distance to AFC corridors.
The model includes a spatial lag of the dependent variable (ρ = 0.940) and spatial lags of
all covariates. A row-standardized Queen contiguity matrix defines spatial relationships.
Standard errors are asymptotic.

Variable Estimate Std. Error p-value

Intercept 0.0803 0.0076 < 0.001
Disadvantaged Status (DAC) -0.0109 0.0061 0.073
Poverty Rate 0.0038 0.0038 0.322
Energy Burden 0.0026 0.0046 0.568
Ag. Loss Rate 0.0119 0.0045 0.008
Diesel PM -0.1670 0.0108 < 0.001
PM2.5 Exposure -0.1692 0.0475 < 0.001
Traffic Proximity -0.0486 0.0042 < 0.001
Housing Burden -0.0029 0.0036 0.429
Freeway Distance (log) 0.7316 0.0073 < 0.001
Rural Indicator 0.0079 0.0110 0.469

Spatially Lagged Covariates
Lagged DAC Status -0.0040 0.0114 0.726
Lagged Poverty Rate 0.0022 0.0069 0.748
Lagged Energy Burden -0.0090 0.0065 0.166
Lagged Ag. Loss Rate -0.0135 0.0058 0.020
Lagged Diesel PM 0.1619 0.0120 < 0.001
Lagged PM2.5 Exposure 0.1755 0.0478 < 0.001
Lagged Traffic Proximity 0.0150 0.0066 0.023
Lagged Housing Burden 0.0166 0.0064 0.009
Lagged Freeway Distance (log) -0.7293 0.0084 < 0.001
Lagged Rural Indicator 0.0252 0.0136 0.063

Spatial Lag of Dependent Vari-
able (ρ)

0.9396 0.0028 < 0.001

Residual Variance (σ2) 0.0603
Log Likelihood -2198.003
AIC 4442.0
Sample Size 15,549 tracts

22



Table D.11: Residual Diagnostic Tests for Model Assumptions. The Breusch–Pagan test,
run on the OLS baseline model, indicates significant heteroskedasticity, supporting the
use of bootstrapped standard errors in the SDM. The Jarque–Bera test shows that SDM
residuals deviate from normality, a common feature in large spatial datasets. The low
Moran’s I value suggests minimal residual spatial autocorrelation. Sample size is 15,566
census tracts.

Test Statistic df p-value

Global Moran’s I (SDM
residuals)

0.0131 – 0.0023

Breusch–Pagan (OLS residu-
als)

1942.0 9 < 0.001

Jarque–Bera (SDM residu-
als)

71,224.0 2 < 0.001

Figure D.6: Density plot of residuals from the SDM. The distribution is approximately cen-
tered around zero, indicating no systematic bias. The shape is uni-modal and reasonably
symmetric, suggesting acceptable model specification with respect to residual distribution.
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Figure D.7: Residuals versus fitted values from the SDM. While residuals are generally cen-
tered around zero, the funnel-like pattern suggests mild heteroskedasticity, particularly at
lower fitted values. However, the overall structure does not indicate model misspecification
severe enough to invalidate the results, especially given the reduced spatial autocorrelation
in residuals.

Figure D.8: Normal Q-Q plot of residuals from the SDM. The residuals generally follow
a normal distribution, though there is modest deviation in the tails. This pattern is
common in large spatial datasets and does not suggest substantial violation of normality
assumptions that would undermine inference.

24



Moran's I

−20

−10

0

Figure D.9: This map visualizes the spatial distribution of Local Moran’s I values for
residuals from the SDM. Blue areas indicate positive spatial autocorrelation in residuals
(clusters of similar values), while red areas represent negative spatial autocorrelation (spa-
tial outliers). Most tracts show Moran’s I values near zero, suggesting weak or negligible
residual spatial dependence across much of the study area. This reinforces the finding from
the global Moran’s I test that residual autocorrelation is minimal (Moran’s I = 0.013; p
= 0.0023), supporting the adequacy of the SDM specification.

Appendix E. Inverse Probability Weights Analysis

To further test for residual spatial dependence, we estimate two spatial
lag models. The first uses residuals from the IPW-weighted OLS regression
as a covariate (Column 1, Table E.12), while the second regresses the resid-
uals themselves as the dependent variable in a spatial lag model (Column 2,
Table E.12). The first model yields a small and bounded spatial coefficient
(ρ = 0.074), suggesting that residual dependence is largely addressed by the
IPW adjustment. The second model, however, shows a high spatial autocor-
relation coefficient (ρ = 0.946), indicating that while spatial processes remain
embedded in the residual distribution, they are not driving the IPW model’s
estimates.
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Table E.12: Post-IPW Spatial Lag Models to Test for Residual Spatial Dependence.

Model Statistic Residuals as Covariate Residuals as Outcome

Spatial Coefficient (ρ) 0.074 0.946
Asymptotic SE of ρ 0.0028 0.0027
Wald Statistic 687.8; p < 0.001 126,540; p < 0.001
Likelihood Ratio Test 671.8; p < 0.001 25,293; p < 0.001
Log Likelihood 12,390.42 -8,258.30
Residual Variance (σ2) 0.0119 0.1304
AIC -24,773 16,523

Appendix E.1. Inverse Probability Weighting Diagnostics
To assess the validity of our inverse probability weighting (IPW) ap-

proach, we report balance diagnostics, effective sample size, and overlap vi-
sualization for the trimmed and stabilized model.

Overlap:. Figure E.10 displays the estimated propensity score distributions
for DAC and non-DAC tracts after trimming observations outside the 1st
and 99th percentiles. The density curves show strong overlap between the
groups, indicating that the common support assumption is satisfied.
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Figure E.10: Propensity score distributions after trimming at the 1st and 99th percentiles.
DAC and non-DAC tracts show strong overlap.
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Covariate Balance:. Table E.13 presents standardized mean differences (SMDs)
for covariates before and after weighting. While balance is improved overall,
a few covariates remain moderately imbalanced (e.g., poverty, energy burden,
housing burden), with post-weighting SMDs exceeding 0.25.

Table E.13: Covariate balance summary before and after applying inverse probability
weights. Reported values are standardized mean differences (SMDs) after weighting.

Covariate SMD (After Weighting)

Propensity Score 0.737
Poverty Rate 0.778
Energy Burden 0.697
Ag. Loss Rate 0.024
Diesel PM Exposure −0.074
PM2.5 Exposure −0.025
Traffic Proximity 0.002
Housing Burden 0.446
Freeway Distance (log) 0.075

Visual Balance Plot.. Figure E.11 provides a visual summary of covariate
balance before and after weighting. The dashed vertical line at 0.1 marks
the conventional threshold for strong balance; covariates above 0.25 may still
exhibit imbalance.

Effective Sample Size.. After trimming and stabilization, the effective sample
size (ESS) is estimated at 6,577 observations. This reflects a substantial
retention of statistical information and mitigates the influence of extreme
weights.
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Figure E.11: Love plot showing standardized mean differences before and after weighting.
Covariates to the right of the vertical line (SMD ¿ 0.25) are considered moderately imbal-
anced, even after weighting.
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