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Abstract

Extreme heat is the deadliest weather-related hazard in the United States, yet its burden is
distributed unevenly within cities and is compounded by high household energy costs that
restrict access to protective cooling. We develop and demonstrate a transparent, reproducible
framework for allocating a fixed pool of 1,000 cooling and weatherization program slots across the
126 populated 2022 census tracts intersecting the Richmond, Virginia heat-mapping footprint.
We summarize afternoon air temperature, afternoon heat index, and evening air temperature
from the 2021 National Integrated Heat Health Information System (NIHHIS)–CAPA Strategies
community-science campaign by tract using zonal statistics, and we combine these with counts
of low-income (0–80% of Area Median Income, AMI) households and modeled energy burden
from the U.S. Department of Energy Low-Income Energy Affordability Data (LEAD) tool.
Three priority indices—Heat-Only, Energy-Only, and a balanced Joint-Priority index—drive a
constrained proportional allocation algorithm that distributes exactly 1,000 slots among selected
tracts subject to a floor of 25 and a ceiling of 200 slots per tract. We propagate zonal sampling
uncertainty and LEAD estimation uncertainty through a 1,000-run Monte Carlo simulation.
The three strategies select overlapping but materially different tract portfolios: Heat-Only and
Joint-Priority allocations are strongly concordant (Pearson r = 0.89; selection Jaccard = 0.83),
whereas Heat-Only and Energy-Only diverge most (Pearson r = 0.61; Jaccard = 0.47). The
Joint-Priority strategy selects 27 tracts (20 in the City of Richmond and 7 in Henrico County),
concentrating resources in a stable inner-city core while capturing roughly 36% of the study
area’s low-income households. Monte Carlo analysis shows that only a small core of tracts
is robustly selected across all trials, while many mid-ranked tracts are conditionally selected,
underscoring the value of reporting selection probabilities alongside point allocations. We deliver
tract GEOIDs, final slot counts, three allocation maps, and a full sensitivity analysis. We stress
that the heat surface is a campaign-day snapshot of ambient conditions and not a measure of
household-level risk, and we discuss the policy trade-offs between targeting heat exposure and
targeting energy burden.
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Figure 1: Graphical abstract. Workflow linking the 2021 NIHHIS–CAPA Richmond community heat-
mapping rasters and the 2022 DOE LEAD energy-burden dataset through tract-level zonal statistics and
Monte Carlo uncertainty propagation to three priority indices (Heat-Only, Energy-Only, Joint-Priority) and a
constrained allocation of 1,000 program slots.

1 Introduction

Extreme heat is now the leading cause of weather-related mortality in the United States and much
of the world, and its toll is rising as the climate warms [1–3]. A multicountry analysis attributed
roughly 0.9% of all deaths in the study populations to heat, and the warm-season mortality burden
of recent decades is increasingly traceable to anthropogenic climate change [2, 4]. Country-level
temperature–mortality damage functions further indicate that this burden will grow substantially
under continued warming absent adaptation [5]. The danger is not distributed evenly across
the calendar or the map. Heat waves kill through cumulative physiological strain, and elevated
nighttime and evening temperatures are especially hazardous because they deny the body the
overnight recovery on which thermoregulation depends [3, 6]. The canonical epidemiology of the
1995 Chicago heat wave established that mortality clustered among socially isolated, chronically ill,
and low-income residents, and that access to a working air conditioner reduced the odds of death by
approximately 80% [7, 8]. Air conditioning and building weatherization are therefore not luxuries
but life-saving public-health infrastructure, and their uneven availability is a central axis of heat
inequity.

The physical driver of intra-urban heat disparities is the urban heat island (UHI), the tendency
of built-up areas to retain and re-radiate heat because of their surface materials, canyon geometry,
reduced vegetation, and anthropogenic heat release [9]. Crucially for equity, the UHI is not uniform
across a city. Within a single metropolitan area, near-surface air temperatures can vary by several
degrees Celsius over short distances as a function of tree canopy, impervious surface fraction, and
land-cover configuration [10–12]. The standardization of intra-urban thermal contrasts through
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the Local Climate Zone framework has made these differences measurable and comparable across
cities [12, 13]. A growing body of evidence demonstrates that these fine-scale thermal patterns track
historical and contemporary patterns of disadvantage. Neighborhoods subjected to mid-twentieth-
century mortgage “redlining” by the Home Owners’ Loan Corporation are today systematically
hotter—by as much as 2–7◦C of land-surface temperature—than their non-redlined counterparts, a
legacy of decades of disinvestment in trees, parks, and cooling infrastructure [14, 15]. Nationally,
low-income residents and communities of color are exposed to disproportionately intense surface
UHIs [16], and neighborhood microclimate has been shown to interact with social vulnerability
to elevate heat-stress risk [17, 18]. Richmond, Virginia is a paradigmatic case: it was among the
cities in which the redlining–heat association was first quantified, and its stark thermal gradients
motivated one of the earliest and most influential community heat-mapping campaigns [14].

Community heat-mapping campaigns coordinated through the National Integrated Heat Health
Information System (NIHHIS) and its implementing partner CAPA Strategies have transformed
the empirical basis for local heat policy. Trained volunteers drive pre-planned routes at fixed
morning, afternoon, and evening windows on a hot day, logging ambient temperature and humidity
with GPS-referenced sensors; machine-learning models then interpolate the traverse observations,
together with satellite and land-cover predictors, into wall-to-wall air-temperature and heat-index
surfaces at fine spatial resolution [19, 20]. These campaign products capture the ambient thermal
environment far more faithfully than satellite land-surface temperature alone, which systematically
overstates daytime and understates canopy-layer nighttime heat [10]. It is essential, however, to
interpret these surfaces correctly: they represent the ambient conditions along the routes on the
specific campaign day, not the heat actually experienced inside any dwelling, and certainly not
household-level health risk, which additionally depends on building envelope, air-conditioning access,
occupant health, and behavior [19]. Throughout this study we treat the Richmond heat surface as a
campaign-day exposure snapshot and not as a household risk metric.

The second dimension of heat vulnerability is economic. Even where cooling equipment is
physically present, high energy costs cause households to ration or forgo it. Energy burden—the
share of household income spent on home energy—is the standard metric of this stress, with 6% and
10% commonly used as thresholds for “high” and “severe” burden [21, 22]. Low-income households,
and disproportionately Black, Hispanic, and Native American households, face energy burdens
several times the median, a disparity that persists after controlling for income [22–24]. Energy
insecurity—the inability to meet basic household energy needs—is now recognized as a distinct social
and environmental determinant of health, associated with adverse respiratory, cardiovascular, and
mental-health outcomes and with unsafe coping behaviors such as leaving a home dangerously hot
[23, 25]. Weatherization—air sealing, insulation, and efficiency upgrades—directly reduces energy
burden and improves thermal safety, though program evaluations caution that realized savings can
fall short of engineering projections and that program reach is uneven [26]. The U.S. Department of
Energy’s Low-Income Energy Affordability Data (LEAD) tool provides the most granular publicly
available estimates of household energy expenditure, income, and burden, disaggregated by AMI
bracket, tenure, building vintage, and fuel at the census-tract scale [27].

Heat exposure and energy burden are conceptually distinct and only partially co-located. A
tract may sit in a scorching, low-canopy corridor yet house relatively affluent residents, or it may be
comparatively cool yet contain many cost-burdened low-income families. Programs that deliver both
cooling assistance (for example, efficient air conditioners, heat-pump installation, or cooling-center
access) and weatherization must therefore decide how to weight physical heat against economic
vulnerability when targeting finite resources. This is fundamentally a problem of distributional
environmental justice [28, 29]. The field has produced a rich toolkit of screening instruments—
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CalEnviroScreen, EJSCREEN, and the federal Justice40 framework among them—that combine
environmental and social indicators into composite disadvantage scores to guide investment [28]. Yet
composite indices embed consequential and often opaque choices about normalization, weighting,
and aggregation, and their rankings can be sensitive to those choices and to the spatial units used
[29–31]. In the heat-adaptation domain specifically, analyses of cooling-center siting reveal that
access is frequently misaligned with the populations at highest risk, motivating explicit, auditable
allocation methods [32].

Two methodological hazards attend any tract-level allocation built on raster and modeled inputs.
The first is the modifiable areal unit problem (MAUP): statistics aggregated to census tracts depend
on the size and shape of those tracts, so associations and rankings can shift under alternative
zonations [33–35]. The second is input uncertainty: zonal summaries of a heat raster carry sampling
error, and LEAD figures are model estimates rather than measurements. Point-estimate rankings can
convey a false precision that obscures how sensitive the resulting allocation is to these uncertainties.
Best practice in composite-indicator construction is therefore to accompany rankings with formal
uncertainty and sensitivity analysis, typically via Monte Carlo simulation [30, 31, 36].

In this paper we integrate these threads into a single, transparent, and reproducible allocation
framework for Richmond, Virginia, and we use it to interrogate the policy trade-offs among
competing definitions of priority. Our specific objectives are to: (i) summarize the 2021 NIHHIS–
CAPA afternoon temperature, afternoon heat index, and evening temperature surfaces at the 2022
census-tract scale by zonal statistics; (ii) integrate tract-level counts of 0–80% AMI households
and modeled low-income energy burden from the 2022 DOE LEAD Virginia dataset; (iii) construct
Heat-Only, Energy-Only, and Joint-Priority indices and use them to drive a constrained proportional
allocation of exactly 1,000 program slots with a per-tract floor of 25 and ceiling of 200; (iv) propagate
zonal and LEAD uncertainty through a 1,000-run Monte Carlo simulation to quantify allocation
stability and selection probability; and (v) compare the three strategies, delivering tract GEOIDs,
final slot counts, three allocation maps, and sensitivity results. Our contribution is not a claim
that any single weighting is optimal, but rather a defensible, auditable procedure that makes the
consequences of the heat-versus-burden trade-off explicit and that reports the uncertainty in its
own recommendations.

2 Methods

2.1 Study area and data sources

The study area comprises the 2022 vintage U.S. Census Bureau TIGER/Line census tracts that
intersect the spatial footprint of the 2021 Richmond community heat-mapping campaign [37, 38].
After spatial filtering and removal of tracts with no valid heat-raster coverage, 127 tracts remained;
one of these (GEOID 51087980100, a water/institutional tract) contains no LEAD household records
and was carried through the spatial layers but excluded from the allocation pool, leaving 126
populated tracts eligible to receive slots. The pool spans three jurisdictions: the independent City
of Richmond (75 tracts), Henrico County (41 tracts), and Chesterfield County (10 tracts).

Three primary datasets were used. First, the NIHHIS–CAPA Richmond 2021 heat rasters (Open
Science Framework project 3xvmg, archive file kw5bc) comprise six single-band GeoTIFFs on a
shared 10 m grid in the UTM Zone 18N projection (EPSG:32618), giving morning, afternoon, and
evening surfaces of both air temperature and heat index in degrees Fahrenheit [38]. Consistent with
the campaign design, we used the afternoon air temperature (af_t), afternoon heat index (af_hi),
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and evening air temperature (pm_t) layers. Second, the 2022 DOE LEAD Virginia dataset (Open
Energy Data Initiative submission 6219; DOI 10.25984/2504170) provides modeled household
counts and energy expenditures disaggregated by AMI bracket, tenure, building vintage, and heating
fuel [27]. Third, the 2022 TIGER/Line Virginia tract shapefile supplied the tract geometries and
11-digit GEOID keys [37].

2.2 Spatial processing and zonal statistics

Tract geometries were reprojected from their native NAD83 geographic coordinates (EPSG:4269)
to UTM Zone 18N (EPSG:32618) to match the rasters and to permit metrically accurate area
and distance operations. For each tract and each of the three heat layers we computed zonal
statistics—the mean and standard deviation of all valid (non-nodata) raster pixels falling within
the tract polygon—using a per-tract raster window and a rasterized geometry mask. Tracts with
no valid pixels across all layers were dropped. The resulting tract means span 89.5–92.5◦F for
afternoon air temperature (study-area mean 90.8◦F), 91.9–98.5◦F for afternoon heat index (mean
95.7◦F), and 85.7–90.0◦F for evening air temperature (mean 87.9◦F). The per-tract pixel standard
deviations were retained to characterize within-tract thermal heterogeneity and to parameterize the
uncertainty analysis. We emphasize again that these summaries describe ambient campaign-day
conditions and not household-level exposure or risk.

2.3 Socioeconomic integration

LEAD records were aggregated to the tract level using the 11-digit GEOID (LEAD field FIP). The
low-income population was defined as households in the 0–80% AMI band, formed by summing the
0–30%, 30–60%, and 60–80% AMI brackets. Tract-level energy burden was computed using the
unbiased ratio-of-sums estimator rather than the mean of household-level ratios, i.e.

Energy burden =
∑

i (ELEPi + GASPi + FULPi) · UNITSi∑
i HINCPi · UNITSi

, (1)

where the sums run over LEAD rows i within a tract, ELEP, GASP, and FULP are annual electricity,
gas, and other-fuel costs, HINCP is household income, and UNITS is the modeled household count.
This estimator, computed overall and for the 0–80% AMI subset, correctly weights households by
number and avoids the small-denominator instability of averaging ratios; the statewide implied
burden of 1.94% matched an independent sanity check. Among the 126 populated tracts, modeled
low-income energy burden ranges from 3.2% to 9.8% (mean 6.2%), and 0–80% AMI household
counts range from 49 to 1,648 per tract, totaling 89,726 low-income households across the study
area. The socioeconomic table was left-joined to the tract geometries, preserving all boundaries.

2.4 Priority indices

Five tract-level variables—afternoon air temperature, afternoon heat index, evening air temperature,
low-income energy burden, and low-income household count—were each min–max normalized to
the interval [0, 1] across the 126-tract pool:

x̃i = xi − minj xj

maxj xj − minj xj
. (2)
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From these we defined three composite priority indices. The Heat-Only index is the unweighted
mean of the three normalized thermal variables,

Iheat
i = 1

3

(
ãf_ti + ãf_hii + p̃m_ti

)
, (3)

capturing the intensity of ambient daytime and evening heat. The Energy-Only index is multiplica-
tive,

Ienergy
i = b̃urdeni × ÑLI

i , (4)

so that a tract scores highly only when it combines a high low-income energy burden and a large
number of low-income households; this favors places where weatherization would relieve both
intense per-household stress and a large affected population, rather than tracts that are burdened
but sparsely populated or populous but only mildly burdened. The Joint-Priority index is the
equal-weight average of the two,

I joint
i = 0.5 Iheat

i + 0.5 Ienergy
i , (5)

representing a balanced program that values physical heat exposure and economic vulnerability
equally. The equal weighting is a transparent default; the framework accommodates alternative
weights, and the Monte Carlo analysis below characterizes the stability of the resulting allocation.

2.5 Constrained allocation algorithm

Each strategy distributes exactly S = 1,000 slots among a selected set of tracts subject to a per-tract
floor of L = 25 and ceiling of U = 200 slots. We first defined a scale-aware allocation weight
Pi = Ii · NLI

i that multiplies a tract’s index by its low-income household count, so that resources
track the number of households a program could plausibly serve. For a candidate portfolio size K,
the top-K tracts by Pi receive a proportional pre-allocation si = S · Pi/

∑
j∈top-K Pj ; an iterative

clip-and-redistribute loop then enforces the [L, U ] bounds by capping tracts above U and raising
tracts below L, redistributing the surplus or deficit proportionally among the unclipped tracts until
the bounds are satisfied and the counts sum to S. To avoid the two degenerate regimes—too few
tracts, which forces every tract to the ceiling, or too many, which forces every tract to the floor—we
selected the optimal K from the “valid range,” the set of K for which the pure proportional split
already lies within [L, U ] without clipping, choosing the K that maximizes the total priority

∑
i Pi

of the selected tracts. This procedure preserves proportionality while respecting the operational
bounds. The selected portfolio sizes were K = 28 for Heat-Only, K = 22 for Energy-Only, and
K = 27 for Joint-Priority, with realized per-tract allocations spanning 25–53, 25–93, and 26–69
slots, respectively; all three sum exactly to 1,000.

2.6 Monte Carlo uncertainty propagation

To characterize how the allocation responds to input uncertainty, we ran a 1,000-trial Monte
Carlo simulation (fixed seed for reproducibility). In each trial we perturbed the inputs and
recomputed the indices and the constrained allocation at the baseline optimal K. Zonal (heat)
uncertainty was modeled by drawing each tract’s three temperature means from a normal distribution
centered on the observed mean with standard deviation equal to the standard error of the mean,
SEM = σpixel/

√
npixel, where σpixel and npixel are the within-tract pixel standard deviation and

valid-pixel count. LEAD estimation uncertainty was modeled by perturbing low-income energy
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burden with a coefficient of variation of 10% and low-income household counts with a coefficient of
variation of 15%, using a median-preserving log-normal distribution truncated at zero to respect the
non-negativity of both quantities. For every tract and strategy we recorded, across the 1,000 trials,
the mean and standard deviation of allocated slots, the 2.5th and 97.5th percentiles (a 95% Monte
Carlo interval), and the selection probability—the fraction of trials in which the tract received
any allocation. This choice of noise model reflects the two dominant, independent error sources:
finite-sample zonal averaging of the raster and the modeled nature of LEAD estimates [30, 36].
The framework is deliberately agnostic to the MAUP: because it operates on fixed 2022 tracts, its
rankings are conditional on that zonation, a limitation we return to in the Discussion [33, 34].

2.7 Strategy comparison

We compared the three strategies pairwise using four metrics: the fraction of tracts whose slot
counts differ (slot mismatch), the fraction whose binary selection status differs (selection mismatch),
the Pearson and Spearman correlations of the per-tract slot vectors, and the Jaccard similarity
of the selected tract sets. All analyses were implemented in Python using geopandas, rasterio,
numpy, and pandas; maps were produced in matplotlib with layers reprojected to EPSG:32618 for
metrically accurate scale bars.

3 Results

3.1 Tract-level heat and energy-burden landscape

The 126 populated tracts exhibit a coherent but heterogeneous heat-and-burden landscape. Afternoon
heat index, the most policy-relevant thermal exposure, varies by 6.6◦F across tracts (91.9–98.5◦F),
and evening air temperature—an indicator of the overnight relief that governs physiological recovery—
varies by 4.3◦F (85.7–90.0◦F). Low-income energy burden spans a threefold range (3.2–9.8%), with a
study-area mean of 6.2% that sits at the conventional “high-burden” threshold, and more than half
of the tracts exceed it. Critically, the thermal and economic dimensions are only partially aligned:
the multiplicative Energy-Only index rewards tracts that pair severe burden with large low-income
populations, which need not be the hottest tracts. This partial decoupling is what makes the choice
of priority definition consequential, as the allocations below make explicit.

3.2 Heat-Only allocation

The Heat-Only strategy selects 28 tracts and distributes 1,000 slots across them, with per-tract
allocations from 25 to 53 (Figure 2). The highest allocations fall in a compact set of central corridors
combining high afternoon heat index with substantial low-income populations: Census Tract 607
(53 slots; afternoon heat index 96.2◦F), Tract 204 (48 slots), Tract 610.02 and Tract 305.01 (44
slots each; heat index 96.0–96.2◦F), and Tract 706.01 (43 slots). Because the Heat-Only index
ignores economic vulnerability, it draws in a distinct set of tracts—twelve tracts selected under
Heat-Only are not selected under Energy-Only—that are thermally extreme but not necessarily
among the most energy-burdened, including several in northern and eastern Henrico County. The
spatial signature (Figure 2) is a concentrated hot core near the city center with satellite selections
along peripheral heat pockets.
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Figure 2: Heat-Only allocation. Per-tract cooling/weatherization slots under the Heat-Only priority index
(28 selected tracts; 1,000 slots; 25–53 slots per tract). Unselected tracts are shown in neutral grey; selected
tracts are shaded by slot count (truncated YlOrRd palette). The allocation concentrates in central high-heat-
index corridors, with satellite selections in peripheral heat pockets. Colormaps differ across Figures 2–4 and
encode strategy-specific slot ranges; they are not directly comparable between panels.

3.3 Energy-Only allocation

The Energy-Only strategy is the most concentrated of the three, selecting only 22 tracts but permit-
ting individual allocations up to 93 slots—nearly the operational ceiling—because the multiplicative
index produces a small number of very high-priority tracts (Figure 3). The largest allocations
go to Census Tract 607 (93 slots; low-income burden 7.3% and 1,648 low-income households, the
largest such population in the study area), Tract 708.03 (80 slots; burden 7.7%, 1,466 households),
Tract 204 (64 slots), Tract 604 (60 slots; burden 8.0%), and Tract 2010.03 in Henrico County (59
slots). Six tracts are selected under Energy-Only but not under Heat-Only, reflecting places where
economic burden and population scale, rather than ambient heat, drive priority. The concentration
of the Energy-Only allocation means that fewer neighborhoods are served, but those that are receive
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substantially deeper investment—a direct expression of the trade-off between breadth and depth of
program reach.

Figure 3: Energy-Only allocation. Per-tract slots under the Energy-Only priority index (22 selected
tracts; 1,000 slots; 25–93 slots per tract; truncated Purples palette). The multiplicative burden×population
index yields a small number of deeply funded tracts, concentrating resources where both energy burden and
the low-income population are large.

3.4 Joint-Priority allocation

The balanced Joint-Priority strategy selects 27 tracts with allocations from 26 to 69 slots (Figure 4),
occupying an intermediate position between the breadth of Heat-Only and the concentration of
Energy-Only. Twenty of the 27 selected tracts lie in the City of Richmond and seven in Henrico
County; no Chesterfield County tract is selected. Together the 27 Joint-Priority tracts contain 32,112
low-income households, roughly 36% of the study area’s low-income households, indicating that
the allocation reaches a substantial share of the population it is intended to serve while remaining
geographically focused. The five largest allocations—Census Tract 607 (69 slots), Tract 204 (55),
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Tract 604 (50), Tract 706.01 (47), and Tract 708.03 (46)—are tracts that rank highly on both
dimensions, combining afternoon heat indices near 95–96◦F with low-income burdens of 5.7–8.0%
and low-income populations exceeding 1,200 households. Table 1 lists all 27 tracts with their
GEOIDs, jurisdictions, final slot counts, key heat and burden metrics, and Monte Carlo selection
statistics. The spatial pattern (Figure 4) is a stable inner-city core centered on the highest-priority
tracts, with a ring of moderately funded tracts extending into inner Henrico County.

Figure 4: Joint-Priority allocation. Per-tract slots under the balanced Joint-Priority index (0.5 Iheat +
0.5 Ienergy; 27 selected tracts; 1,000 slots; 26–69 slots per tract; viridis palette). The allocation concentrates
in a central core (peak in Census Tract 607) and extends into inner Henrico County, balancing heat exposure
and energy burden.

10



Table 1: Joint-Priority allocation: all 27 selected tracts. Tracts are ordered by final slot count.
Heat index and evening temperature are tract-level zonal means (◦F); low-income (LI) energy burden and
household count are from the 2022 DOE LEAD 0–80% AMI aggregation. Selection probability (psel) and the
95% Monte Carlo (MC) slot interval are from the 1,000-run simulation. A lower MC interval bound of 0
indicates trials in which the tract fell below the 25-slot floor and was therefore assigned no slots. RC = City
of Richmond; HN = Henrico County.

GEOID Tract Juris. Slots Heat idx. Eve. T LI burden LI h/holds psel 95% MC CI
(◦F) (◦F) (%) (n) (slots)

51760060700 607 RC 69 96.2 88.3 7.31 1648 1.00 42–96
51760020400 204 RC 55 95.4 89.4 6.98 1422 1.00 35–77
51760060400 604 RC 50 95.7 88.7 8.04 1225 1.00 32–70
51760070601 706.01 RC 47 95.1 88.1 5.70 1563 1.00 31–67
51760070803 708.03 RC 46 94.7 87.0 7.67 1466 0.97 0–69
51087201003 2010.03 HN 45 95.4 88.2 7.09 1352 0.98 27–66
51760020200 202 RC 42 94.6 89.7 7.76 1205 0.97 0–60
51760040400 404 RC 42 94.9 88.8 7.80 1192 0.98 25–59
51760071100 711 RC 40 96.9 86.3 5.55 1591 0.96 0–59
51760010800 108 RC 37 96.0 88.7 7.64 1058 0.93 0–57
51087200807 2008.07 HN 37 95.5 87.0 6.79 1282 0.90 0–54
51087201504 2015.04 HN 36 96.0 88.1 7.49 1106 0.92 0–54
51760030100 301 RC 36 96.4 89.3 6.04 1066 0.96 0–50
51760030501 305.01 RC 35 96.0 88.9 4.66 1185 0.98 25–51
51087200805 2008.05 HN 33 95.9 88.2 7.30 1023 0.87 0–49
51087201406 2014.06 HN 33 95.2 88.5 5.71 1209 0.87 0–49
51760070700 707 RC 32 94.9 87.0 5.80 1389 0.73 0–49
51760061002 610.02 RC 31 96.2 88.7 3.52 1392 0.94 0–45
51760041100 411 RC 30 95.7 89.1 6.20 931 0.76 0–42
51760061001 610.01 RC 29 96.4 88.4 5.11 1002 0.72 0–42
51087200600 2006 HN 29 93.9 87.7 6.82 1103 0.59 0–42
51760060800 608 RC 29 96.3 88.5 7.23 882 0.65 0–41
51760040202 402.02 RC 28 97.2 89.8 4.24 850 0.77 0–41
51760020502 205.02 RC 28 95.9 89.8 3.41 966 0.77 0–39
51760030200 302 RC 28 96.1 89.4 5.08 911 0.71 0–39
51760020501 205.01 RC 27 96.0 89.1 3.30 1190 0.73 0–39
51087200305 2003.05 HN 26 95.7 88.7 5.19 903 0.53 0–39

3.5 Strategy comparison

The three strategies overlap substantially but are far from interchangeable (Table 2). Heat-Only
and Joint-Priority are the most concordant pair: their per-tract slot vectors correlate at Pearson
r = 0.89 (Spearman ρ = 0.90), they disagree on the selection status of only 4% of tracts, and their
selected sets have a Jaccard similarity of 0.83. This tight coupling arises because the low-income
household count enters both the Heat-Only allocation weight (Pi = Iheat

i ·NLI
i ) and the Joint-Priority

index, so both strategies favor populous, hot tracts. Energy-Only and Joint-Priority are moderately
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concordant (r = 0.84, ρ = 0.76, Jaccard = 0.58). The Heat-Only and Energy-Only pair diverges the
most, with the weakest correlation (r = 0.61, ρ = 0.57), a selection mismatch of 14%, and a Jaccard
of only 0.47—that is, the two “pure” strategies agree on fewer than half of their selected tracts.
This confirms quantitatively that targeting physical heat and targeting energy burden are genuinely
different policies, and that the Joint-Priority strategy operates as a compromise that leans slightly
toward the heat dimension because of the shared population weighting.

Table 2: Pairwise comparison of allocation strategies. Slot and selection mismatch are the fractions
of the 126 pool tracts that differ in slot count and in binary selection, respectively. Pearson r and Spearman
ρ compare the per-tract slot vectors; Jaccard is the similarity of the selected tract sets.

Strategy pair Slot mismatch Selection mismatch Pearson r Spearman ρ Selection Jaccard

Heat vs. Energy 0.27 0.14 0.61 0.57 0.47
Heat vs. Joint 0.22 0.04 0.89 0.90 0.83
Energy vs. Joint 0.25 0.10 0.84 0.76 0.58

3.6 Uncertainty and selection robustness

The Monte Carlo analysis reveals that the Joint-Priority point allocation, though it identifies a
clear priority ordering, rests on a spectrum of selection stability rather than a set of unambiguous
choices (Figure 5). Across the 1,000 trials, only two tracts—Census Tract 607 and Tract 204—are
selected in essentially every trial (psel ≥ 0.999), constituting a robustly prioritized core that any
reasonable perturbation of the inputs would retain. A further 13 tracts are selected with high
probability (0.90 ≤ psel < 0.999), so that 15 of the 27 baseline tracts have psel ≥ 0.90 and 20 have
psel ≥ 0.75. The remaining seven baseline selections are more marginal (psel < 0.75, the lowest being
Tract 2003.05 at 0.53), meaning they are chosen at the baseline but are displaced by higher-scoring
competitors in a substantial minority of trials. Fifty-five tracts are never selected in any trial.
The mean selection probability among the 27 baseline tracts is 0.86. The selection-robustness
map (Figure 5) shows this structure geographically: a dark-green stable core near the city center,
surrounded by lighter-green and yellow tracts whose inclusion is contingent, and a large field of red
tracts that are consistently outside the priority set.
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Figure 5: Joint-Priority selection robustness. Monte Carlo selection probability (fraction of 1,000
trials in which a tract received any allocation) under the Joint-Priority strategy, binned into discrete classes.
Only a small core (dark green, psel ≥ 0.95) is robustly selected; many tracts are marginal (yellow/light green),
and the majority are never selected (red).

The per-tract error-bar analysis (Figure 6) complements the map by showing the magnitude
as well as the existence of allocation uncertainty. For the top 30 tracts by baseline Joint-Priority
allocation, the highest-ranked tracts have Monte Carlo intervals that remain well above the 25-slot
floor—Census Tract 607, for example, has a 95% interval of 42–96 slots that never approaches
zero—indicating both certain selection and a stable, if wide, funding level. Mid-ranked tracts, by
contrast, have intervals whose lower bound reaches zero (see the psel < 1.0 rows of Table 1), the
visual signature of conditional selection: in some trials they are funded near their baseline level, in
others they drop out entirely. The width of the intervals is driven primarily by the Energy-Only
component, because the log-normal perturbation of burden and household counts (coefficients of
variation of 10% and 15%) introduces more variance than the tight zonal standard errors of the
temperature means, whose large pixel counts make the SEM small. The practical implication is that
point allocations for the top core are reliable operational targets, whereas allocations for marginal
tracts should be treated as provisional and revisited as better data become available.
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Figure 6: Allocation sensitivity for the top 30 Joint-Priority tracts. Points show baseline slot
allocations; horizontal bars span the 95% Monte Carlo interval over 1,000 trials. The 25-slot floor and 200-slot
ceiling are marked. Top-ranked tracts have intervals bounded well above zero (robust selection), whereas
mid-ranked tracts have intervals reaching zero (conditional selection).

4 Discussion

4.1 Principal findings

This study operationalizes a transparent, reproducible, and uncertainty-aware framework for al-
locating a fixed pool of cooling and weatherization resources across census tracts, and applies it
to Richmond, Virginia using community heat-mapping and modeled energy-burden data. Three
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findings stand out. First, the choice of priority definition materially changes which neighborhoods
are served: the “pure” heat and energy strategies agree on fewer than half of their selected tracts
(Jaccard = 0.47), so an implicit or unexamined weighting decision would silently determine winners
and losers. Second, the balanced Joint-Priority strategy behaves as a coherent compromise, concen-
trating 1,000 slots in 27 tracts—a stable inner-city core in the City of Richmond extending into
inner Henrico County—that together house about 36% of the study area’s low-income households
while ranking highly on both heat and burden. Third, and most consequentially for practice, the
Monte Carlo analysis demonstrates that only a small core of tracts is robustly prioritized, while a
majority of the baseline selections are conditional on inputs that carry real uncertainty; reporting a
bare ranked list would therefore overstate the confidence of many individual recommendations.

4.2 Policy implications of the heat-versus-burden trade-off

The divergence between the Heat-Only and Energy-Only allocations is not a defect of the method but
a faithful representation of a genuine policy fork. A Heat-Only strategy directs resources to where
the ambient thermal hazard is greatest and, because heat is the proximate driver of heat mortality
and morbidity, aligns most directly with acute public-health protection during heat events [1, 3, 7].
It is the natural logic for interventions whose benefit scales with heat exposure—emergency cooling,
heat-pump deployment in the hottest corridors, or shade and canopy investment in low-canopy blocks
[11, 14]. An Energy-Only strategy, by contrast, directs resources to where the economic barrier
to cooling is highest and the affected population largest; it aligns with the logic of weatherization
and bill relief, which reduce energy burden and the energy-insecurity coping behaviors—rationing
air conditioning, leaving homes dangerously hot—that convert affordability stress into health risk
[23, 25, 26]. The two logics are complementary rather than contradictory: heat determines where
protective cooling is most needed, while burden determines whether residents can afford to use
it. The multiplicative construction of our Energy-Only index further embeds an equity-of-scale
principle, favoring tracts where relief reaches many households, consistent with distributional-justice
framings that weight both the intensity and the reach of benefits [28]. For a program that funds both
cooling and weatherization, the Joint-Priority strategy is the defensible default precisely because
it refuses to resolve this trade-off by omission, making the equal weighting explicit and auditable
while leaving the weights open to deliberation with affected communities [29].

4.3 Stability and robustness of the joint-priority selections

The robustness results carry a direct operational lesson. The two-tract robust core (Census Tracts
607 and 204) and the broader set of 15 high-probability tracts (psel ≥ 0.90) can be treated as firm
commitments: they combine top-tier heat and burden with large low-income populations, and their
prioritization survives essentially any plausible perturbation of the inputs. The seven marginal
tracts (psel < 0.75), however, are better understood as members of a “bubble” of near-equivalent
candidates competing for the last few portfolio positions; small changes in modeled burden or
household counts reshuffle them. Rather than a weakness, this is actionable intelligence. It suggests
a tiered implementation—funding the robust core with confidence, treating marginal tracts as a
flexible expansion set, and prioritizing ground-truthing (for example, targeted energy-audit sampling
or supplementary heat measurement) in exactly those tracts where the decision is most sensitive to
data quality [30, 36]. That the interval widths are dominated by LEAD’s modeled uncertainty rather
than by zonal sampling error also identifies where investment in better data would most improve
allocation confidence: refining household-level energy estimates would sharpen the allocation more
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than denser heat measurement, given the already large pixel counts underlying the tract heat means.

4.4 Interpreting the heat surface correctly

A central caveat, which we have maintained throughout, is that the NIHHIS–CAPA heat surface
is a campaign-day snapshot of ambient outdoor conditions, not a measure of household-level heat
risk [19, 20]. It reflects the temperatures encountered along volunteer traverse routes on one hot
day, interpolated across space; it does not encode indoor temperatures, building envelope quality,
air-conditioning access, or the health status of residents, all of which mediate the translation from
ambient heat to human harm [17, 18]. Our indices should accordingly be read as prioritization
signals for where ambient exposure and economic vulnerability coincide, not as risk predictions
for individual households. This distinction matters for equity: two tracts with identical ambient
heat may harbor very different true risk depending on housing and health, which is precisely why
we pair the heat surface with energy burden and why we recommend community engagement and
ground-truthing before final program siting.

4.5 Limitations

Several limitations bound the interpretation of our results. First, all tract-level statistics are
conditional on the 2022 census-tract zonation and are therefore subject to the modifiable areal
unit problem; a different partition (for example, block groups) could shift both the zonal heat
summaries and the rankings [33–35]. Second, the heat data derive from a single campaign day and
season, so they capture the spatial pattern of a representative hot afternoon and evening rather
than the full climatological distribution of heat or its interannual variability [3]. Third, the LEAD
figures are model-based estimates rather than measured expenditures; although we propagated their
uncertainty, the assumed coefficients of variation and log-normal form are approximations, and any
systematic bias in LEAD would propagate to the allocation [24, 27]. Fourth, the equal weighting of
the Joint-Priority index, the multiplicative form of the Energy-Only index, the 25/200 slot bounds,
and the 1,000-slot budget are policy parameters rather than empirical quantities; we have shown the
framework’s behavior at defensible defaults, but different values would yield different portfolios, and
the framework is explicitly designed to be re-run under alternatives. Fifth, our priority indices omit
dimensions of vulnerability—age structure, disability, chronic disease prevalence, social isolation,
and tenure—that are known determinants of heat risk and that richer screening tools incorporate
[8, 18, 29]. Finally, the analysis addresses distributional targeting only; it does not model program
uptake, cost-effectiveness, or the procedural- and recognition-justice dimensions that a complete
equity assessment would require [28].

4.6 Future directions

Several extensions follow naturally. The framework could be re-run across multiple zonations
and heat-campaign days to characterize MAUP and temporal sensitivity directly, converting the
present single-zonation analysis into an ensemble [35]. The priority indices could be broadened to
a fuller heat-vulnerability specification incorporating demographic and health covariates, ideally
validated against observed heat-morbidity outcomes [18, 29]. The allocation objective could be
generalized from proportional targeting to an explicit optimization—for instance, maximizing
covered low-income households subject to budget and equity constraints, drawing on the maximal-
covering location literature [39]—and could incorporate access to existing cooling infrastructure so
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as to complement rather than duplicate current resources [32]. Most importantly, the transparent,
uncertainty-annotated outputs produced here are intended as an input to, not a substitute for,
deliberation with the communities they concern, whose lived knowledge of indoor heat and energy
hardship the ambient surface and modeled burden cannot fully capture.

5 Conclusion

We have presented and demonstrated a reproducible framework that integrates community heat-
mapping and modeled energy-burden data to allocate a fixed pool of cooling and weatherization
resources across census tracts, with formal propagation of the underlying uncertainties. Applied
to Richmond, Virginia, the framework distributes 1,000 program slots across 27 tracts under a
balanced Joint-Priority strategy, concentrating resources in a stable inner-city core while capturing
about 36% of the study area’s low-income households and honoring per-tract floors and ceilings. By
comparing Heat-Only, Energy-Only, and Joint-Priority strategies, we make the trade-off between
targeting physical heat and targeting economic burden explicit and quantifiable rather than implicit,
and by reporting Monte Carlo selection probabilities alongside point allocations, we distinguish
firm commitments from provisional ones. The method is deliberately transparent and parameter-
driven so that program administrators and communities can adjust weights, bounds, and budgets
and immediately see the distributional consequences. We underscore that the heat surface is
a campaign-day exposure snapshot and not a household-risk metric, and that the framework’s
outputs are decision-support inputs meant to be refined through ground-truthing and community
engagement. Within those bounds, the approach offers a defensible, auditable path toward equitable
heat-and-energy resource allocation that other cities conducting NIHHIS–CAPA campaigns could
readily adopt.
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