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Summary
What is already known on this topic?

Mississippi ranks poorly in health-related quality of life (HRQoL), with
persistent disparities in rural and socioeconomically disadvantaged
areas, such as the Delta, linked to smoking, uninsurance, and structur-
al inequities.

What is added by this report?

This longitudinal analysis (2015—-2025) used a principal component
analysis—derived composite HRQoL index and advanced spatial meth-
ods to show symptom-based improvements (convergence in physic-
ally and mentally unhealthy days, reversal in disadvantaged sub-
groups) but persistent gaps in self-rated health and hot spots of poor
health in the Delta.

What are the implications for public health practice?

Tailored interventions in the Delta could address modifiable drivers
(smoking, uninsurance), convert recent gains into lasting improve-
ments, and advance health equity in the South.

Abstract

Introduction

Mississippi ranks among the lowest US states in health-related
quality of life (HRQoL), with disparities most severe in rural and
socioeconomically disadvantaged counties, particularly the Missis-
sippi Delta. Understanding long-term spatial and temporal pat-
terns is critical for equity-focused public health strategies. We
aimed to describe geographic disparities in HRQoL across Missis-
sippi’s 82 counties from 2015 through 2025, identify persistent hot

spots of poor health, assess convergence with national averages,
and inform tailored interventions.

Methods

We used County Health Rankings & Roadmaps data (2015-2025)
to construct an annual principal component analysis—derived com-
posite HRQoL index from Behavioral Risk Factor Surveillance
System measures (poor/fair health, physically unhealthy days,
mentally unhealthy days). Local indicators of spatial association
(LISA), emerging hot spot analysis (EHSA), and a spatial autore-
gressive lag model with year fixed effects assessed clustering, spa-
tiotemporal trends, and predictors.

Results

We found persistent disadvantage in poor/fair health in Missis-
sippi (stable gap of 6 to 7 percentage points above national aver-
ages) but recent convergence in physically unhealthy days and re-
versal in mentally unhealthy days (fewer days in disadvantaged
subgroups). LISA identified a persistent hot spot in the Delta and
contraction of cold spots along the Gulf Coast by 2025. EHSA
showed sporadic and consecutive hot spots concentrated in the
Delta. The spatial autoregressive lag model confirmed significant
dependence (p = 0.13, P<.001), with adult smoking and uninsur-
ance as leading modifiable predictors.

Conclusion

Mississippi’s HRQoL trajectory shows symptom-based improve-
ments but persistent structural inequities and geographic disparit-
ies. Expanding smoke-free policies, strengthening primary care ac-
cess, and increasing health insurance coverage are high-impact
strategies to reduce disparities and advance health equity in the
South.

Introduction

Health-related quality of life (HRQoL) is a multidimensional con-
struct encompassing physical, mental, and social well-being and is
commonly assessed by using the Centers for Disease Control and
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Prevention’s Healthy Days measures from the Behavioral Risk
Factor Surveillance System (BRFSS) (1). HRQoL is strongly in-
fluenced by socioeconomic conditions — including income, edu-
cation, rural residence, and access to health care — that shape
chronic disease risk and contribute to persistent inequities across
US communities (2,3).

Mississippi consistently ranks among the lowest US states in HR-
QoL and related health outcomes, with particularly severe disparit-
ies in rural and socioeconomically disadvantaged counties, espe-
cially those in the Mississippi Delta. Rates of poor physical and
mental health days, poor or fair self-rated health, and chronic con-
ditions such as diabetes and smoking-related diseases are higher in
Mississippi than in the rest of the US (4,5). These gaps reflect
long-standing structural inequities, limited health care access, and
negative social determinants of health, with life expectancy in
some rural areas lagging several years behind national norms (6).

Despite growing research on HRQoL, substantial gaps remain in
longitudinal spatial analyses of multidimensional HRQoL, particu-
larly in states with stark health disparities, such as Mississippi.
National studies have identified clusters of low HRQoL in the
southeastern US, including the Delta (3,7). However, applications
of advanced spatial clustering methods — such as local indicators
of spatial association (LISA) and emerging hot spot analysis (EH-
SA) — to BRFSS-derived County Health Rankings & Roadmaps
(hereinafter, County Health Rankings) data are scarce. Most prior
work has emphasized single-year or disease-specific outcomes
rather than broad, temporal trends in composite HRQoL, leaving
policymakers without detailed insights for equity-focused inter-
ventions amid postpandemic shifts in HRQoL indicators and
health care access.

This study addresses these gaps by examining longitudinal trends
and geographic disparities in HRQoL across Mississippi’s 82
counties from 2015 through 2025. Using a principal component
analysis (PCA)—derived composite HRQoL index and advanced
spatial analyses, we aimed to identify persistent hot spots of poor
HRQoL, evaluate convergence of average scores in Mississippi
with national averages, and uncover socioeconomic and behavior-
al drivers to inform precise, equity-focused public health strategies
and chronic disease prevention in regions with a high burden of
poor HRQoL.

Methods

Study setting and data source

We obtained county-level data for Mississippi from the County
Health Rankings program for release years 2015 through 2025 (8).
This program provides standardized annual measures derived from

national surveys and administrative sources, including the BRFSS,
National Center for Health Statistics mortality files, and US
Census Bureau population estimates. We restricted analyses to
Mississippi’s 82 counties and accessed data in December 2025.
All data were publicly available and deidentified; therefore, insti-
tutional review board approval was not required.

HRQoL measures and composite index

We used 3 core HRQoL measures from County Health Rankings:
percentage of adults reporting fair or poor health, average number
of physically unhealthy days in the past 30 days, and average
number of mentally unhealthy days in the past 30 days (8). HR-
QoL measures are derived from BRFSS and use validated small-
area estimation techniques for reliable county-level estimates
(9,10). Higher values indicate poorer HRQoL. Because of multi-
year BRFSS aggregation, each County Health Rankings release
has a lag of 2 to 3 years (eg, the 2025 release primarily reflects
conditions in ~2022) (9,10).

We applied PCA annually to the 3 core HRQoL measures
(2015-2025) to construct a multidimensional composite index.
PCA is parsimonious, data-driven, and widely used in public
health index construction to reduce dimensionality while minimiz-
ing subjective weighting. We considered alternative approaches,
such as equal-weight indices and factor analysis; however, equal
weighting imposes arbitrary assumptions, and factor analysis is
more suited to latent construct modeling, whereas PCA provides
strong internal consistency and interpretability.

Annual PCA was used to preserve year-specific covariance struc-
tures among HRQoL indicators, allowing the composite index to
reflect contemporaneous relationships among physical, mental,
and self-rated health. This annual approach is consistent with lon-
gitudinal public health analyses that use County Health Rankings
data when indicator relationships may shift over time (eg, postpan-
demic mental health dynamics) (11). The first principal compon-
ent was retained (higher values = worse HRQoL), explaining
59.2% to 97.4% of the total variance (mean, 86.2%). We merged
the resulting scores into the Mississippi county-year data set. The
composite showed strong construct validity; pooled Pearson cor-
relations (r) were 0.90 for poor or fair health, 0.77 for physically
unhealthy days, and 0.46 for mentally unhealthy days (all P val-
ues <.001).

Covariates

We selected covariates to align with the major domains of County
Health Rankings — health behaviors, clinical care, and social and
economic factors (8). After assessing multicollinearity, we re-
tained 9 variables for inclusion in the spatial autoregression (SAR)
lag model: the ratio of population to dentists, preventable hospital
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stays, adult smoking prevalence, diabetes prevalence, injury-
related death rate per 100,000, percentage of non-Hispanic Black
residents, percentage of adults aged 65 years or older, percentage
of adults without health insurance, and median household income.
Missing values were imputed by using the median within each re-
lease year, and variance inflation factors indicated acceptable
levels of multicollinearity (all <5).

Subgroup analyses

We conducted subgroup analyses to assess whether recent HR-
QoL convergence differed by socioeconomic context. We used
median cutoffs to dichotomize the following socioeconomic indic-
ators annually: uninsurance, unemployment, educational attain-
ment, median household income, child poverty, racial composi-
tion, and age structure. We calculated median values separately for
Mississippi counties and all non-Mississippi counties for each re-
lease year, ensuring that high strata and low strata reflected year-
specific distributions in each population (8). For each subgroup,
we calculated pooled mean (SD) for the 3 core HRQoL measures
across the 2023-2025 County Health Rankings releases, reflect-
ing conditions from approximately 2020 through 2022. We com-
puted mean differences (Mississippi counties minus non-
Mississippi counties), P values, and Cohen d effect sizes to quanti-
fy disparities, convergence, or reversals across socioeconomic
strata (28). This stratification approach parallels methods used in
prior county-level analyses of premature mortality and health dis-
parities in Mississippi (11).

Spatial analyses

Spatial analyses used 2023 US Census TIGER/Line county bound-
aries. We constructed row-standardized Queen contiguity weights
from county centroids for consistency across years (12). We as-
sessed global spatial autocorrelation annually with Moran [ to
evaluate clustering, dispersion, or randomness of HRQoL values
(13). LISA analyses then identified significant (P < .05) spatial
clusters of county-level composite HRQoL scores and classified
counties as high—high (hot spots), low—low (cold spots), high—low,
or low—high (12) (Box).

Box. Classification of Clusters of Health-Related Quality of Life
(HRQol) Identified by Local Indicators of Spatial Association (LISA)
and Emerging Hot Spot Analysis (EHSA). Higher values indicate
poorer HRQoL.

LISA

High—High (hot spot): County with worse HRQoL than average, sur-
rounded by counties with worse HRQoL than average.

Low—Low (cold spot): County with better HRQoL than average, sur-
rounded by counties with better HRQoL than average.

High—Low: County with worse HRQoL than average, surrounded by
counties with better HRQoL than average.

Low—High: County with better HRQoL than average, surrounded by
counties with worse HRQoL than average.

Not significant: No statistically significant clustering or spatial outlier
pattern detected.

EHSA

New hot spot: A county that became a significant hot spot in the most
recent study period and had not been identified previously as a signific-
ant hot spot.

New cold spot: A county that became a significant cold spot in the
most recent study period and had not been identified previously as a
significant cold spot.

Consecutive hot spot: A county that has been a significant hot spot for
a series of recent consecutive periods but not throughout the entire
study period.

Consecutive cold spot: A county that has been a significant cold spot
for a series of recent consecutive time periods but not throughout the
entire study period.

Sporadic hot spot: A county that was identified as a significant hot spot
in multiple nonconsecutive time periods, indicating intermittent cluster-
ing of poor HRQoL.

Sporadic cold spot: A county that was identified as a significant cold
spot in multiple nonconsecutive time periods, indicating intermittent
clustering of favorable HRQoL.

Diminishing hot spot: A county that has remained a significant hot spot
over time but whose intensity has decreased significantly, indicating a
weakening concentration of poor HRQoL.

Intensifying hot spot: A county that has remained a significant hot spot
over time and whose intensity has increased significantly, indicating a
strengthening concentration of poor HRQoL.

Oscillating hot spot: A county that alternated between hot spot and
cold spot status during the study period, indicating unstable or highly
variable spatial patterns.

No pattern: A county for which no significant spatiotemporal clustering
pattern was detected during the study period.

We selected LISA because of its location-specific clustering in-
formation, essential for detecting persistent Delta hot spots and
distinguishing them from outliers. LISA statistics used 999 per-
mutations; choropleth maps applied a consistent scale across years
for comparability.
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EHSA, implemented via the pyehsa Python library, assessed tem-
poral evolution by using the space—time Getis-Ord Gi* statistic
with k = 2 temporal neighborhoods and 499 Monte Carlo permuta-
tions (14). We used the Mann—Kendall test to evaluate Gi* z score
trends, classifying counties as new, consecutive, sporadic hot
spots, sporadic cold spots, or no pattern (15). We chose EHSA be-
cause of its ability to detect emerging, intensifying, diminishing,
or persistent patterns not visible in LISA alone.

Spatial regression modeling

We performed spatial regression modeling to determine key pre-
dictors of county-level HRQoL while accounting for geographic
dependence and spillover effects. Strong spatial clustering of HR-
QoL — especially persistent disadvantage in the Mississippi Delta
— necessitated a spatial approach to obtain unbiased estimates and
to distinguish local covariate effects from influences transmitted
through neighboring counties. A SAR lag model with year fixed
effects (2015 as reference) was estimated via maximum likeli-
hood, using the PCA-derived composite HRQoL score as the de-
pendent variable. This specification was selected for its strong per-
formance in prior Mississippi analyses (11) and its ability to cap-
ture substantive spatial spillovers. The model included 9 covari-
ates plus a row-standardized Queen-contiguity spatial lag of the
outcome. Year fixed effects controlled for temporal trends, and
diagnostics confirmed no multicollinearity (variance inflation
factor <5) and minimal residual spatial autocorrelation. We ad-
dressed temporal dynamics by including year fixed effects in the
SAR model to control for time-specific trends, and these dynam-
ics were explicitly modeled in the EHSA framework, which incor-
porated a temporal neighborhood structure and evaluated trends by
using the Mann—Kendall test.

Sensitivity analyses

To evaluate the robustness of the HRQoL composite index and
spatial modeling results, we conducted 3 sensitivity analyses.
First, to assess potential effects of mild nonlinearity in the
unhealthy-days measures, we applied a log(1 + x) transformation
to the physically unhealthy days and mentally unhealthy days vari-
ables before PCA and reconstructed the composite HRQoL index.
Second, to address potential concerns about comparability of an-
nual PCA scores across years, we conducted a pooled PCA using
all county-year observations from 2015 through 2025 and re-
estimated the SAR lag model using the pooled composite score.
Third, we fitted a Bayesian hierarchical spatiotemporal model us-
ing the Besag—York—Mollié 2 (BYM?2) specification with weakly
informative priors and No-U-Turn Sampler (NUTS) estimation to
evaluate the robustness of findings under an alternative frame-
work that explicitly models structured and unstructured spatial
random effects, fully propagates uncertainty, and applies partial

pooling to stabilize small-area estimates (16). Results from these
analyses were compared with those of the primary annual PCA-
based SAR model to assess consistency of spatial patterns, pre-
dictor effects, and model inferences.

Results

Trends in HRQoL measures

Adults in Mississippi consistently reported more poor physical
health days than adults nationally, with gaps ranging from 0 days
(2023 release, reflecting conditions in ~2020) to 0.81 days (2020
release, reflecting conditions in ~2017) (Table 1). Disparities were
largest in the 2020 and 2021 releases but narrowed substantially
thereafter.

For poor mental health days, values in Mississippi increased
across earlier releases, consistent with national trends. However,
the increases in Mississippi counties were generally smaller than
increases in non-Mississippi counties. As a result, the
Mississippi—US gap narrowed over time and eventually reversed
beginning with the 2023 release (reflecting conditions in
~2020-2022), with negative gaps of —0.18 (in 2024) to —0.28 days
(in 2025). This pattern indicates a relative improvement compared
with national trends rather than an absolute decline in the number
of poor mental health days in Mississippi. In contrast, the percent-
age of adults in Mississippi reporting poor or fair health (range,
21.9%—26.7%) remained persistently higher than the percentage
nationally (range, 15.9%-20.5%) across all releases, with a stable
gap of approximately 6 to 7 percentage points, reflecting a chron-
ic disparity in overall self-rated health.

Subgroup differences in recent convergence of
HRQoL measures

Of the 3 core HRQoL measures, poor mental health days showed
the clearest reversal: in nearly every high-burden subgroup, Mis-
sissippi reported fewer mentally unhealthy days than comparable
non-Mississippi counties (moderate to large effects, d =
0.23—-0.83) (Table 2). The strongest reversals occurred in the most
disadvantaged communities — those with a high rate of child
poverty, low educational attainment, low income, unemployment,
or a high percentage of non-Hispanic Black residents — indicat-
ing comparatively better recent mental well-being conditional on
socioeconomic disadvantage.

Poor physical health days showed mixed convergence. The
statewide gap narrowed, and many high-burden subgroups showed
small or nonsignificant differences (eg, high rates of uninsurance
and unemployment, high percentage of non-Hispanic White resid-
ents). Several disadvantaged strata even favored Mississippi (neg-
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ative gaps), particularly groups with high rates of child poverty,
low educational attainment, and low income. However, larger pos-
itive gaps persisted in advantaged subgroups (eg, low rate of child
poverty, d= 0.53; high rates of some college education, d= 0.51),
suggesting that convergence was driven primarily by improve-
ments in Mississippi’s most socioeconomically disadvantaged
counties. The measure for poor or fair health remained persist-
ently worse in Mississippi than in non-Mississippi US counties
across all releases.

Spatial clustering patterns

LISA and EHSA demonstrated persistent yet evolving geographic
disparities in HRQoL in Mississippi (Figure 1 and Figure 2). LISA
identified significant local clusters in 2016 and 2025. In 2016, we
observed significant clusters in 22 counties, including a promin-
ent hot spot (poor HRQoL) in 8 Delta counties and a cold spot
(better HRQoL) in 10 counties along the Gulf Coast and central/
suburban counties. By 2025, the number of significant clusters de-
clined to 15 counties, with the Delta hot spot persisting and ex-
panding to 9 counties, while the cold spot contracted sharply to 4
counties.

LISA cluster classification
B High-High
== High-Low
B Low-Low
3 Low-High
[ Not significant

Figure 1. Local indicators of spatial association (LISA) cluster maps for the
principal component analysis—based composite health-related quality-of-
life score in Mississippi Counties. A) 2016; B) 2025. Data source: County
Health Rankings & Roadmaps, 2015-2025 releases.

)

EHSA trend classification
Consecutive cold spot
Consecutive hold spot
New hot spot

No pattern detected
Sporadic cold spot
Sporadic hot spot

l =
~ .7 ™~

Figure 2. Emerging hot spot analysis (EHSA) of trends in health-related
quality-of-life scores in Mississippi counties from 2015 through 2025. Data
source: County Health Rankings & Roadmaps, 2015-2025 releases.

gaonmn

EHSA of trends (2015-2025) produced Gi* z-scores from —5.155
to 4.966, with 231 of 899 county-year observations significant at P
less than or equal to .05 (25.7%). Most counties (69.5%) showed
no detectable pattern, while detectable trends concentrated in the
Delta: sporadic hot spots (9 counties), sporadic cold spots (8
counties), consecutive hot spots (3 counties), consecutive cold
spots (4 counties), and 1 new hot spot in a southern coastal-
adjacent county. We found no diminishing, intensifying, or oscil-
lating hot spots.

The opinions expressed by authors contributing to this journal do not necessarily reflect the opinions of the U.S. Department of Health and Human Services,

the Public Health Service, the Centers for Disease Control and Prevention, or the authors’ affiliated institutions.

www.cdc.gov/pcd/issues/2026/26_0175.htm « Centers for Disease Control and Prevention 5



PREVENTING CHRONIC DISEASE

PUBLIC HEALTH RESEARCH, PRACTICE, AND POLICY

VOLUME 23, E42
SEPTEMBER 2026

Quantitative confirmation of spatial patterns

The SAR lag model (Table 3) indicated substantial spatial depend-
ence, with a positive and significant spatial lag coefficient (p =
0.125, P<.001), meaning that county HRQoL levels were influ-
enced by those of neighboring counties even after adjusting for co-
variates. Key predictors of worse HRQoL included adult smoking
(strongest effect), uninsurance, diabetes prevalence, percentage of
non-Hispanic Black residents, injury-related deaths, and prevent-
able hospital stays, while higher median household income was
strongly protective. Neither the percentage of adults aged 65 years
or older nor the population-to-dentist ratio showed significant as-
sociations.

Year fixed effects were generally positive and significant relative
to 2015, with the largest increase in 2025 (coefficient = 1.893, P <
.001), suggesting a worsening of composite HRQoL in the most
recent period. The high pseudo R* (0.840) and the significant spa-
tial spillover term underscore the model’s strong explanatory
power for geographic variation in HRQoL.

Sensitivity analyses

In the sensitivity analysis that assessed robustness to mild nonlin-
earity, the transformed composite correlated highly with the ori-
ginal (pooled r=0.9992; year-specific r> 0.9984) and produced
nearly identical spatial patterns. Because results were unchanged,
the primary analyses used the untransformed composite for inter-
pretability and consistency with standard HRQoL reporting.

In the sensitivity analysis that comprised a pooled PCA using all
county-year observations, results were highly consistent with the
primary annual PCA specification. Spatial dependence remained
significant (p = 0.121, P=.002), and key predictors — including
adult smoking (f = 22.86, P<.001), uninsured adults (B = 6.13, P
<.001), and percentage of non-Hispanic Black residents (f = 1.12,
P <.001) — were unchanged in direction and significance. Model
fit remained strong (pseudo R? = 0.878). These findings indicate
that variation in PCA loadings across years did not materially af-
fect substantive conclusions (Appendix).

The Bayesian hierarchical model produced consistent findings,
confirming significant spatiotemporal patterning (spatial mixing ps
= 0.526; 95% high-density interval [HDI], 0.068-0.999). Rate of
adult smoking (posterior mean B coefficient = 0.580; 95% HDI,
0.518-0.645), percentage of non-Hispanic Black residents (0.604;
95% HDI, 0.462—-0.749), injury-related deaths (0.183; 95% HDI,
0.103-0.260), and dentist shortages (posterior mean B coefficient
=0.111; 95% HDI, 0.015-0.207) emerged as credible predictors
of worse HRQoL, while uninsurance showed no credible effect
(posterior mean B coefficient = —0.009; 95% HDI, —0.093 to
0.075).

Discussion

This study provides a comprehensive longitudinal assessment of
HRQoL in Mississippi from 2015 through 2025 using a PCA-
derived composite index from County Health Rankings data. The
trajectory was mixed: self-rated poor or fair health remained per-
sistently higher in Mississippi than in the rest of the nation (stable
gap of 6 to 7 percentage points), reflecting deep-rooted structural
inequities documented in prior work (17—19). This persistent gap
aligns with the dominant contribution of self-rated health to the
first principal component, whereas convergence in symptom-based
domains (physically and mentally unhealthy days) drove more fa-
vorable recent patterns, along with persistent geographic cluster-
ing of disadvantage identified in spatial analyses. In the most re-
cent releases (2023-2025, reflecting conditions in ~2020-2022),
gaps in physically unhealthy days narrowed and gaps in mentally
unhealthy days reversed, with the latter favoring the state’s most
socioeconomically disadvantaged subgroups (eg, high rate of child
poverty, low educational attainment, and unemployment). These
improvements should be interpreted cautiously because they re-
flect conditions only through ~2022 and precede full postpandem-
ic recovery. The reversal may reflect community resilience and the
buffering effects of social networks documented in disadvantaged
populations (20,21), although causal inference is limited.
However, the absence of parallel improvement in self-rated health
suggests that short-term symptom relief has not translated into
broader perceptions of well-being, likely due to continued expos-
ure to poverty, racial inequities, and chronic underinvestment in
health infrastructure. The divergence between persistently elev-
ated self-rated health measures and more variable unhealthy-day
metrics likely reflects differences in construct sensitivity and tem-
poral responsiveness. Self-rated health captures broader, more
stable perceptions of well-being shaped by long-standing structur-
al conditions such as poverty, chronic disease burden, and access
to care, whereas unhealthy-day measures are more sensitive to
short-term fluctuations, including pandemic-related stressors,
health care disruptions, and temporary socioeconomic supports.
This distinction helps explain why recent improvements in
symptom-based indicators did not translate into corresponding
changes in overall health perception, which may require sustained
structural change over longer periods of time. These findings
translate into clear public health implications: counties identified
as having a persistently high burden of poor HRQoL — particu-
larly in the Mississippi Delta — are priority areas for place-based
intervention strategies. The combination of sustained geographic
clustering and strong socioeconomic predictors indicates that im-
provements in HRQoL are unlikely to emerge from individual-
level interventions alone but instead require coordinated regional
approaches addressing health care access, economic disadvantage,
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and behavioral risk factors. Although dichotomizing subgroups re-
duces precision, the presence of multiple significant contrasts with
moderate to large effect sizes (Cohen d up to 0.83) indicates that
the findings are robust and meaningful.

LISA further confirmed enduring geographic disparities. The Mis-
sissippi Delta consistently emerged as a stable hot spot of poor
HRQoL in 2016 and 2025, underscoring entrenched structural dis-
advantage in this region. In contrast, the cold spot of better HR-
QoL along the Gulf Coast and suburban counties weakened sub-
stantially by 2025, shrinking from 10 to 4 counties. This erosion of
relative advantages suggests either diffusion of modest statewide
improvements in symptom-based HRQoL or persistent barriers
that limited further gains in formerly advantaged regions, even as
core Delta hot spots remained remarkably stable. From a policy
perspective, this reinforces the need for geographically targeted in-
terventions rather than uniform statewide strategies.

The SAR lag model quantified significant spillover effects and
identified adult smoking and uninsurance as the strongest modifi-
able predictors of worse HRQoL, followed by diabetes prevalence
and racial composition. Many Mississippi counties still lack com-
prehensive smoke-free ordinances, particularly in regions such as
the Delta. Previous studies indicate that areas without such
policies tend to have higher smoking prevalence and poorer health
outcomes, which may contribute to persistently worse HRQoL
across multiple indicators (22—-24). Sensitivity analyses reinforced
these findings: a log(1 + x) transformation of unhealthy-days
measures produced a nearly identical composite (pooled r =
0.9992), and Bayesian hierarchical models confirmed significant
spatiotemporal patterning while yielding more conservative cov-
ariate estimates (eg, uninsurance not credibly different from zero),
likely due to spatial confounding absorbed by random effects
(25,26). Although annual PCA introduces variation in component
interpretation across years, sensitivity analyses using a pooled
PCA — with a fixed component structure — produced substant-
ively identical findings. Spatial dependence remained significant,
and the same key predictors of HRQoL, including smoking, unin-
surance, and socioeconomic composition, were consistently identi-
fied. These results strengthen confidence that the observed spatial
and socioeconomic patterns reflect underlying population health
processes rather than artifacts of index specification.

EHSA revealed additional intra-Delta complexity. Persistent hot
spots dominated the region, reflecting long-standing structural dis-
advantage, yet sporadic hot spots (9 counties) and sporadic cold
spots (8 counties) coexisted in close proximity. This heterogen-
eity reflects a high baseline burden of poor HRQoL driven by ex-
treme poverty, limited health care access, chronic disease, and his-
torical disinvestment, combined with county-level fluctuations
from temporary economic shifts, differential public health inter-

ventions, hospital openings/closures, seasonal agricultural cycles,
or BRFSS estimation variability. These oscillating patterns high-
light the dynamic nature of inequities even in a severely disadvant-
aged region and demonstrate the value of longitudinal spatiotem-
poral tools like EHSA for detecting subtle shifts obscured in cross-
sectional analyses. From a policy perspective, the presence of
sporadic cold spots suggests that targeted, place-based interven-
tions — such as expanded primary care access, tobacco control,
and insurance enrollment — can produce measurable improve-
ments even amid broader structural challenges. Sustained invest-
ment in high-variance counties could convert intermittent gains in-
to persistent improvements, accelerating convergence with nation-
al trends and advancing health equity in the South.

Policy implications are direct and actionable. Expanding compre-
hensive smoke-free air policies statewide — particularly in the
Delta, where protections are limited — represents a potentially
high-impact strategy to reduce smoking-related HRQoL, as adult
smoking was the strongest and most consistent predictor across
both models (24). Local ordinances currently cover only about
37% of the population, and a statewide law is pending at the time
of manuscript preparation. Similarly, Medicaid expansion —
which Mississippi had not implemented during the study period
(with 2025 bills failing in committee) — would address persist-
ently high uninsurance rates and improve access to preventive and
chronic disease care in Delta counties, even though Bayesian es-
timates were more conservative regarding uninsurance as a direct
driver (27). Place-based investments targeting the persistent hot
spots — tobacco control, diabetes prevention, and primary care
enhancement — along with sustained support for social determin-
ants of health are essential to translate recent symptom-based
gains into durable improvements in overall well-being, particu-
larly as relative advantages in other regions continue to erode.

Strengths and limitations

Strengths of this study include its longitudinal design spanning 11
years of County Health Rankings & Roadmaps data, the construc-
tion of a robust PCA-derived composite HRQoL index (with sens-
itivity analyses confirming robustness to mild nonlinearity in re-
cent years), the application of advanced spatial analytic tech-
niques (including global Moran I, LISA clustering, and SAR mod-
eling) (13) to elucidate persistent geographic patterns, and sub-
group analyses that — despite some information loss from dicho-
tomization — identified multiple significant subgroups with
moderate-to-large effect sizes (Cohen d up to 0.83), demonstrat-
ing inferential robustness (28).

This study has several limitations, many inherent to the County
Health Rankings & Roadmaps ecosystem and BRFSS-derived
measures: a 2- to 3-year data lag potentially delays detection of re-
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cent HRQoL shifts; reliance on model-based small-area estimates
for key covariates (eg, adult smoking and uninsurance rates) with
varying precision may attenuate associations during rapid societal
changes (29); the use of county-level data may obscure substan-
tial within-county variability, particularly in larger or socioeco-
nomically diverse counties, potentially limiting the precision of
spatial inference (30); and self-reported measures may be suscept-
ible to recall, social desirability, and cultural reporting biases (31).

Additional study-specific limitations include the PCA-derived
composite index assuming linear relationships and being domin-
ated by self-rated poor or fair health, which may underrepresent
evolving multidimensional dynamics (eg, postpandemic mental
health shifts) (32); dichotomization in subgroup analyses causing
information loss and reliance on arbitrary cutpoints (33); the SAR
lag model imposing homogeneous spatial dependence without al-
lowing spatially varying coefficients or multilevel random effects,
and not explicitly modeling temporal autocorrelation beyond year
fixed effects, which may have led to underestimation of temporal
dependence and limited the ability to capture dynamic changes
over time (25,26); a predominantly cross-sectional panel structure
limiting modeling of true temporal trajectories or lagged effects
(34); and the ecological design precluding individual-level causal
inference (35).

Conclusion

Mississippi’s HRQoL trajectory reflects a tension between mod-
est symptom-based improvements (observed through conditions in
~2020-2022) and enduring disparities in overall well-being. The
persistent Delta hot spot and erosion of Gulf Coast advantages
highlight the urgent need for targeted, place-based interventions to
address structural inequities. Policy efforts should prioritize Delta-
focused strategies, including expanded tobacco control (eg, com-
prehensive smoke-free policies), diabetes prevention, and expan-
sion of health insurance coverage to tackle the key modifiable
drivers identified in the SAR model. Sustained federal and state
investments — building on pandemic-era supports — could accel-
erate convergence with national trends, but long-term progress
will require confronting deep-rooted inequities to improve not just
acute symptoms but holistic perceptions of health in the state’s
communities most vulnerable to poor health outcomes.
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Tables

Table 1. Trends in Average Health-Related Quality of Life Measures in Mississippi and Non-Mississippi Counties, 2015-2025%

No. of poor physical health days in past 30

No. of poor mental health days in past 30

days days In general, poor or fair health
Galp,b
o T b R T b T Non- percentage

Year Mississippi Non-Mississippi | Gap Mississippi Non-Mississippi | Gap Mississippi, % | Mississippi, % | point
2015 4.37 3.81 0.56 415 3.54 0.61 23.2 17.1 6.1
2016 4.26 3.80 0.46 4.09 3.66 0.43 22.7 16.8 5.9
2017 4.57 3.90 0.67 4.32 3.77 0.55 24.0 16.8 7.2
2018 4.32 3.91 0.41 4.26 3.92 0.34 23.5 17.3 6.2
2019 4.32 3.91 0.41 4.26 3.92 0.34 23.5 17.3 6.2
2020 4.78 3.97 0.81 4.72 4.15 0.57 25.2 17.7 7.4
2021 5.01 4.37 0.64 5.25 4.66 0.59 26.6 19.9 6.6
2022 4.70 4.33 0.37 5.50 4.87 0.63 26.7 20.5 6.2
2023 3.52 3.52 0.00 4.56 4.81 -0.25 21.9 15.9 6.0
2024 415 3.89 0.26 5.04 5.22 -0.18 24.5 17.5 7.0
2025 4.48 4.46 0.02 5.37 5.65 -0.28 254 19.4 6.0

& Measures were derived from Behavioral Risk Factor Surveillance System and typically reflect conditions with a 2- or 3-year lag; for example, the 2025 re-
lease primarily uses 2022 data, while earlier releases aggregate multiple prior years.
b Mississippi counties minus non-Mississippi counties. Any inconsistency in math is due to rounding.
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Table 2. Subgroup Differences in Health-Related Quality-of-Life Measures Between Mississippi and Non-Mississippi Gounties, 2023—2025°

No. of poor physical health days, mean (SD) No. of poor mental health days, mean (SD)
Subgroup Non-Mississippi | Mississippi Gapb Cohen d® | Non-Mississippi | Mississippi Gapb Cohen d°
Uninsured children (% of children aged <19 y without health insurance)
Low 3.88 (0.80) 4.04 (0.59) 0.16 (0.05)° 0.20 5.25 (0.73) 4.95 (0.45) -0.30 (0.04)° 0.41
High 4.03 (0.72) 4.06 (0.51) 0.03 (0.05) 0.04 5.20 (0.69) 5.03 (0.37) -0.18 (0.04)° 0.26
Uninsured adults (% of adults aged <65 y without health insurance)
Low 3.76 (0.77) 3.87 (0.57) 0.11 (0.05)f 0.14 5.13 (0.73) 4.90 (0.43) -0.23 (0.04)® 0.32
High 4.15 (0.70) 4.23 (0.46) 0.08 (0.04) 0.11 5.32 (0.67) 5.08 (0.38) -0.24 (0.04)° 0.36
Unemployment (% of those aged >16 y who are unemployed but seeking work)
Low 3.72 (0.68) 3.85 (0.53) 0.13 (0.05)° 0.19 5.01 (0.68) 4.93 (0.40) -0.08 (0.04)f 0.13
High 4.20 (0.77) 4.25 (0.50) 0.05 (0.05) 0.07 5.44 (0.68) 5.05 (0.42) -0.39 (0.04)° 0.59
Some college (% of adults aged 25-44 y with some postsecondary education)
Low 4.37 (0.68) 4.26 (0.48) ~0.11 (0.04)f 0.17 5.53 (0.65) 5.05 (0.41) -0.48 (0.04)° 0.75
High 3.54 (0.60) 3.84 (0.53) 0.30 (0.05)° 0.51 4.92 (0.64) 4.92 (0.41) 0.00 (0.04) 0.01
Median household income
Low 4.35 (0.71) 4.28 (0.48) -0.07 (0.04) 0.10 5.51 (0.68) 5.04 (0.42) —0.47 (0.04)® 0.70
High 3.56 (0.59) 3.82 (0.52) 0.25 (0.05)° 0.43 4.94 (0.62) 4.94 (0.41) —-0.00 (0.04) 0.01
High school graduation (% of a ninth-grade cohort that graduates from high school in 4 years)
Low 3.91 (0.75) 4.16 (0.50) 0.25 (0.04)° 0.34 5.15(0.72) 5.02 (0.40) -0.13 (0.04)® 0.18
High 4.03 (0.79) 3.92 (0.57) -0.11 (0.06)f 0.15 5.35 (0.68) 4.95 (0.44) -0.41 (0.04)° 0.60
Children in poverty (% of children aged <18 y living in poverty)
Low 3.53 (0.58) 3.85 (0.53) 0.31 (0.05)° 0.53 4.90 (0.62) 4.95 (0.42) 0.05 (0.04) 0.08
High 4.38 (0.68) 4.26 (0.49) -0.12 (0.05)d 0.18 5.56 (0.64) 5.03 (0.41) -0.53 (0.04)° 0.83
% Non-Hispanic White (% of the resident population identifying as non-Hispanic White)
Low 4.04 (0.73) 4.19 (0.55) 0.15 (0.05)° 0.20 5.28 (0.65) 4.98 (0.43) -0.30 (0.04)° 0.47
High 3.87 (0.78) 3.91 (0.52) 0.04 (0.05) 0.05 5.18 (0.77) 5.00 (0.40) -0.17 (0.04)° 0.23
% Non-Hispanic Black (% of resident population identifying as non-Hispanic Black or African American)
Low 3.86 (0.79) 3.89 (0.51) 0.03 (0.05) 0.04 5.11 (0.75) 4.99 (0.40) ~0.12 (0.04)° 0.16
High 4.05 (0.73) 4.21 (0.54) 0.16 (0.05)¢ 0.22 5.34 (0.65) 4.99 (0.43) -0.36 (0.04)° 0.55
% Below 18 years of age (% of the total resident population that is under 18 years of age)
Low 3.93 (0.74) 4.04 (0.50) 0.11 (0.05)f 0.14 5.27 (0.69) 4.96 (0.40) -0.32 (0.04)° 0.46
High 3.98 (0.78) 4.06 (0.59) 0.08 (0.05) 0.10 5.18 (0.73) 5.02 (0.43) -0.16 (0.04)° 0.22
% 65 and older (% of the total resident population that is 65 years of age or older)
Low 3.99 (0.78) 3.98 (0.60) -0.01 (0.05) 0.01 5.25 (0.68) 4.95 (0.42) -0.30 (0.04)° 0.44
High 3.92 (0.75) 4.12 (0.49) 0.20 (0.05)° 0.27 5.21 (0.74) 5.02 (0.40) -0.18 (0.04)° 0.25

& Data are pooled mean (SD) from County Health Rankings & Roadmaps releases 2023-2025 (reflecting approximately 2020-2022 conditions).
b Mississippi counties minus non-Mississippi counties.

¢ Cohen dvalues >0.5 indicate moderate to large effects.

4 P < .01; determined by ttest for mean differences.

¢ P < .001; determined by t test for mean differences.

fp< .05; determined by t test for mean differences.
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Table 3. Spatial Autoregressive Model Results for the Principal Component Analysis—Based Health-Related Quality-of-Life Composite Score, Mississippi,
2015-2025%°

Variable Coefficient® (SE) zvalue Pvalue
Constant -8.10 (0.58) -14.05 <.001
Ratio of population to dentists 0 1.66 10
Preventable hospital stays 0 2.58 .01
Prevalence of adult smoking, % 29.06 (1.13) 25.77 <.001
Prevalence of diabetes, % 3.12(1.10) 2.84 .005
Injury-related deaths (per 100,000) 0 2.56 .01
% Non-Hispanic Black 0.99 (0.19) 5.25 <.001
% Aged 265y -1.26 (1.03) -1.23 .22
Adults without health insurance, % 7.68 (1.19) 6.44 <.001
Median household income 0 -9.07 <.001
Year®

2016 0.66 (0.11) 6.29 <.001
2017 0.92 (0.11) 8.52 <.001
2018 1.20 (0.12) 9.90 <.001
2019 1.00 (0.19) 5.39 <.001
2020 1.12 (0.18) 6.08 <.001
2021 0.08 (0.18) 0.41 .68
2022 0.78 (0.17) 4.69 <.001
2023 1.21 (0.15) 7.87 <.001
2024 1.27 (0.16) 8.08 <.001
2025 1.89 (0.17) 11.28 <.001
p (spatial lag) 0.13 (0.04) 3.38 <.001

& All covariates were obtained from County Health Rankings & Roadmaps releases (2015-2025), derived from the Behavioral Risk Factor Surveillance Sys-
tem, Centers for Medicare & Medicaid Services, Area Health Resources Files, National Center for Health Statistics, and American Community Survey, as
documented by County Health Rankings & Roadmaps.

N =899 county-year observations. Pseudo R? = 0.840. Spatial pseudo R? = 0.840.

¢ Coefficients represent direct effects; higher values indicate worse health-related quality of life.

92015 is reference category.

The opinions expressed by authors contributing to this journal do not necessarily reflect the opinions of the U.S. Department of Health and Human Services,
the Public Health Service, the Centers for Disease Control and Prevention, or the authors’ affiliated institutions.
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Appendix. Sensitivity Analysis: Spatial Autoregressive Model Results for the Pooled
Principal Component Analysis—Based Health-Related Quality-of-Life Composite
Score, 2015-20252b

Variable Coefficient® (SE) zvalue Pvalue
Constant -7.22 (0.47) -15.28 <.001
Ratio of population to dentists 0 1.79 .07
Preventable hospital stays 0 212 .03
Prevalence of adult smoking, % 22.86 (0.92) 24.76 <.001
Prevalence of diabetes, % 1.40 (0.90) 1.56 A2
Injury-related deaths (per 100,000) 0 2.34 .02
% Non-Hispanic Black 1.12 (0.16) 713 <.001
% Aged 265 y -0.53 (0.84) -0.63 .53
Adults without health insurance, % 6.13 (0.98) 6.27 <.001
Median household income® 0 -7.26 <.001
Year 2016 0.21 (0.09) 2.43 .02
Year 2017 1.08 (0.09) 12.25 <.001
Year 2018 0.95 (0.10) 9.62 <.001
Year 2019 0.83 (0.15) 5.45 <.001
Year 2020 1.96 (0.15) 12.97 <.001
Year 2021 1.97 (0.15) 13.20 <.001
Year 2022 2.40 (0.14) 17.73 <.001
Year 2023 0.17 (0.13) 1.37 A7
Year 2024 1.57 (0.13) 12.14 <.001
Year 2025 2.75(0.14) 20.05 <.001
p (spatial lag) 0.12 (0.04) 3.13 .002

& All covariates were obtained from County Health Rankings & Roadmaps releases (2015-2025), derived from the Behavioral Risk Factor Surveillance
System, Centers for Medicare & Medicaid Services, Area Health Resources Files, National Center for Health Statistics, and American Community Survey,
as documented by County Health Rankings & Roadmaps.

N =899 county-year observations. Pseudo R?=0.878. Spatial pseudo R?=0.878.

¢ Coefficients represent direct effects; higher values indicate worse health-related quality of life.

42015 is reference category.

The opinions expressed by authors contributing to this journal do not necessarily reflect the opinions of the U.S. Department of Health and Human Services,
the Public Health Service, the Centers for Disease Control and Prevention, or the authors’ affiliated institutions.
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