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Abstract

Background: Tooth loss is a relevant oral health indicator among older adults, as it captures
cumulative disadvantage and has demonstrated patterning by race/ethnicity and socioeconomic
conditions. How these geographic disparities evolved during the COVID-19 period has received less
attention. Objective: We aimed to describe changes in the spatial distribution of total tooth loss among
adults aged 265 years in the United States across three time periods: pre-pandemic (2018), peak-
pandemic (2020), and post-pandemic recovery (2022) at the ZIP Code Tabulation Area (ZCTA) level.
Methods: We conducted repeated cross-sectional ecological analyses, linking CDC PLACES estimates
of tooth loss prevalence to ZCTA-level covariates from the American Community Survey for 2018,
2020, and 2022 (contiguous US). We summarized year-specific distributions, estimated pooled OLS
models with year and yearxrace/ethnicity-majority interactions, and fitted year-specific spatial
models (SLM/SEM), geographically weighted regression (GWR), and Getis-Ord Gi* hot spot analyses
with Queen contiguity weights. Results: Mean prevalence decreased from 15.9% (2018) to 14.4%
(2022), and geographic clustering persisted across years. Black-majority ZCTAs consistently had
higher prevalence than other majority categories. Spatial dependence was strongest in 2020, when
spatial lag effects were larger and GWR results suggested substantial geographic heterogeneity in the
associations between socioeconomic covariates and tooth loss. Hot spot maps reveal persistent
clustering in the Southeast region, with a wider spatial footprint in 2020 and partial re-emergence of
cold spots by 2022. Conclusions: Tooth loss prevalence remained geographically clustered and
unevenly distributed across the pre-pandemic, peak-pandemic, and recovery years examined. The
pandemic period was associated with stronger spatial dependence and wider geographic clustering
of high-prevalence areas, highlighting the importance of place-sensitive oral health strategies.

Keywords: spatial epidemiology; tooth loss; geographically weighted regression; hot spot analysis;
spatial lag model; spatial error model

1. Introduction

Total tooth loss (edentulism) among older adults represents a major public health issue that
greatly impacts overall health, quality of life, and longevity [1,2]. It is a condition that
disproportionately affects vulnerable populations, reflecting broader societal inequities [3,4].
Complete tooth loss in individuals leads to a decline in nutritional intake because people tend to eat
softer foods which lack nutritional value and may result in malnutrition as well as other health issues
[1,2.5]. Tooth loss leads to cognitive impairments such as dementia and Alzheimer's disease [6,7] and
results in social isolation which affects mental health [8,9]. Recent studies show tooth loss functions
as an indicator of shorter life expectancy which emphasizes the vital connection between oral health
and overall systemic health [10-12].
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The existing evidence highlights socioeconomic and racial differences in tooth loss frequency
among older populations [3,4,13]. The socioeconomic status of individuals plays a defining role since
those from low-income backgrounds encounter major obstacles to dental care access which results in
untreated dental issues and increased edentulism risk [3,4,14]. Non-Hispanic Black and Hispanic
populations experience higher tooth loss rates than other groups when education and income levels
are accounted for [13,15,16]. The disparity in dental care access is intensified by various contextual
elements including geographic location and the socioeconomic conditions within communities which
affect dental service access and health education [3,14].

The reduction of tooth loss rates in developed nations stems from better dental treatments and
preventive practices yet these benefits have not reached all communities equally [17]. Disparities
based on socioeconomic status and race persist, and in some cases, may be widening [15,18,19]. While
these disparities are often reported as national averages, they are fundamentally rooted in the
physical environment where individuals live and age. To understand how these disparities evolve
over time we must adopt a longitudinal perspective which enables the study of temporal changes
and identification of factors behind ongoing or growing inequities.

Traditional analyses of tooth loss that ignore spatial relationships fail to properly address the
complex connections between individual-level risk factors and geographic locations of individuals
[20]. Analyzing spatial patterns of tooth loss through geospatial methods helps identify geographic
clusters while understanding how location influences oral health results and overcoming traditional
aspatial analytical limitations [21,22]. Geographic Information Systems (GIS) uncover localized tooth
loss patterns which remain hidden in broader aggregate data and pinpoint areas with high
prevalence caused by dental care access issues and transportation barriers along with community
resource challenges [21-23]. An accurate region-based understanding enables effective design of
specific interventions while ensuring resources are distributed properly. However, identifying where
clusters exist is only the first step; understanding why they persist or expand requires moving beyond
static, single-point observations.

Cross-sectional studies provide valuable information about prevalence at specific points but lack
capability to determine causation or examine how socioeconomic/racial factors interact with tooth
loss over time [24].Cross-sectional studies cannot establish if low SES leads to tooth loss or whether
tooth loss results in low SES and fail to measure how life-course factors cumulatively affect oral health
[25,26]. In contrast to cross-sectional studies, longitudinal analysis enables researchers to track
temporal changes in these relationships and assess how disparities develop over time and the
effectiveness of interventions [15,27].

The timeframe from 2018 to 2022 presents a crucial window to study variations in tooth loss
disparities. This timeframe encompasses the COVID-19 pandemic, which profoundly disrupted
healthcare access and utilization, potentially exacerbating existing inequities in dental care, especially
for vulnerable populations [28,29]. During this timeframe socioeconomic conditions and public
health priorities changed while the correlation between these changes and oral health outcomes
became essential to evaluate [30]. Given this volatility, there is an urgent need for research that maps
these changes with high geographic precision.

1.1. Study Objectives and Novelty

Building on this need, the present research addresses important literature voids through a
comprehensive longitudinal geospatial investigation of total tooth loss in the U.S. geriatric
demographic at ZIP Code Tabulation Areas (ZCTAs) from 2018 through 2022. The research evaluates
how the geographic distribution of total tooth loss in older adults changed during the years studied
while mapping it across these periods. The research examines the evolution of socioeconomic and
racial factors' correlation with total tooth loss while determining if specific regions show growing or
shrinking tooth loss disparities over time. The research examines how specific socioeconomic risk
factors have evolved in their importance for geographic tooth loss variation from 2018 to 2022, with
a focus on identifying the characteristics of regions where these patterns are most pronounced. Our
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aim is to describe how spatial patterning and associations with race/ethnicity and socioeconomic
context shifted across the pre-pandemic (2018), peak-pandemic (2020), and recovery (2022) periods,
rather than to estimate a causal effect of the pandemic.

Our research provides multiple contributions to the existing body of oral health disparities
literature. First, we integrate CDC PLACES and ACS data at the ZCTA level and for three time points
(2018, 2020, 2022) in order to capture a more fine-grained view of how geographic patterning and
correlates of geriatric tooth loss may have shifted across pre-pandemic, peak-pandemic, and recovery
periods. Second, we employ a complementary set of spatial approaches (Moran’s I and Getis—Ord
Gi* for clustering, spatial lag and spatial error models for dependence, and geographically weighted
regression (GWR) to characterize spatial non-stationarity) in order to move beyond the national
average and identify where associations may differ across place. Third, by examining tooth loss in
relation to racial/ethnic composition and socioeconomic context during a period of major disruption,
we help identify where inequities appear to persist or expand, and we situate tooth loss as part of a
broader profile of later-life health risk, including multimorbidity. [31-34]

Taken together, these results begin to clarify how place, social conditions, and racialized patterns
of disadvantage may intersect with tooth loss among older adults. This kind of geographic specificity
can be valuable for directing prevention and access efforts (especially where clustering remains)
rather than assuming a homogeneous national pattern.

2. Materials and Methods
2.1. Overview of Data Sources and Study Area

We used ZCTA-level demographic, socioeconomic, and health indicators to examine geriatric
total tooth loss across three periods: pre-pandemic (2018), peak pandemic (2020), and post-pandemic
recovery (2022). Covariates representing socioeconomic and demographic measures were obtained
from 5-year estimates of the American Community Survey (ACS) for 2018, 2020, and 2022. The
outcome of total tooth loss prevalence among adults (265 years) was obtained from CDC PLACES for
the respective years. ZCTA boundary files were obtained from TIGER/Line shapefiles for 2018, 2020,
and 2022 to construct spatial weights.

2.2. Data Integration and Preparation

The PLACES data were merged to the ACS ZCTA file using the ZCTA identifier for each year
(2018 PLACES + 2018 ACS; 2020 PLACES + 2020 ACS; 2022 PLACES + 2022 ACS). The resulting
analytic samples contain 30,358 ZCTAs in 2018, 29,808 in 2020, and 29,760 in 2022, and represent
ZCTAs with non-missing PLACES tooth loss and ACS covariates after merging.

We performed complete-case analysis, dropping observations with missing values on variables
used in our models. The number of dropped observations was small. Continuous predictors were
standardized (mean 0, SD 1). For pooled OLS, means/SDs were computed on the stacked dataset. We
defined a race/ethnicity “majority category” using a plurality rule (largest share among White, Black,
Hispanic, and Other) and modeled it using indicator variables, with a Hispanic majority as the
reference category.

2.3. Statistical and Spatial Analyses

Analytic strategy: We used a step-wise analytic approach to address a series of related questions.
Pooled OLS models were used to provide a global baseline and to summarize the average
associations across years. Global Moran's I was used to assess for spatial dependence and Getis—Ord
Gi* for visual interpretation. To quantitatively assess the presence of spatial dependence in a
regression framework we fit year-specific spatial lag (SLM) and spatial error (SEM) models. GWR
was used as the primary approach to assess for spatial non-stationarity in covariate associations and
to summarize geographic variation in local coefficients.
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Descriptive statistics (mean, median, standard deviation, and percentiles) were calculated
separately for each year. Mean differences in tooth loss prevalence across 2018, 2020, and 2022 were
assessed using one-way ANOVA with post hoc Tukey HSD comparisons.

We applied pooled OLS models to stacked ZCTA-year observations (n = 89,926) in order to
assess the association between the covariates and tooth loss prevalence. Models included indicators
for year, and in the interaction specification, year-race/ethnicity majority terms (2018 and Hispanic-
majority ZCTAs were the reference categories). Variance inflation factors and the condition number
were used to assess multicollinearity. All hypothesis tests were two-sided with a = 0.05.

Spatial weights were defined using Queen contiguity on year-specific ZCTA polygons
(TIGER/Line 2018, 2020, 2022) which allowed ZCTAs to become neighbors when they possessed a
shared boundary or vertex. The resulting contiguity-based weights matrix W was used for Global
Moran’s I, Getis—-Ord Gi*, as well as year-specific spatial lag (SLM) and spatial error (SEM) models.
The contiguity weights matrix W was row-standardized (row sums = 1), so Wy represents the average
of neighboring ZCTA values.

Spatial autocorrelation in tooth loss prevalence was measured using Global Moran’s I for each
study year. Spatial regression models were estimated separately for each year to account for changes
in spatial patterns of dependence over time. Models were estimated using spatial lag (SLM) and
spatial error (SEM) specifications. For the SLM, we modeled spatial dependence in the outcome as
y = pWy + XB + &, where y is the dependent variable (tooth loss percentage), o is the spatial lag
coefficient, Wy represents the spatially lagged dependent variable, X is a matrix of independent
variables, {3 is a vector of regression coefficients, and ¢ is the error term. Direct, indirect, and total
effects were calculated for each predictor variable. For SEM we used y = Xf + ¢ withe = AW, +
u, where 1 captures spatial dependence in the error process. We used SLM/SEM results to interpret
whether the spatial patterns observed in Geographically weighted regression (GWR) coincided with
outcome spillovers (SLM) or spatially structured unobservables (SEM), rather than treating these
models as competing alternatives.

GWR models were fit for each year to characterize spatially varying associations between
covariates and tooth loss prevalence. The GWR model can be expressed as: y; = By (u;,v;) +
Y Br (Wi, vy ) xy + & where (u;,v;) are the coordinates of the ith ZCTA, B, (u;v;) is the
intercept, B (u;, v; ) are the local regression coefficients for the kth predictor variable at location i, x;;,
is the value of the k;, predictor variable at location i, and ¢; is the error term. A Gaussian kernel
function and AICc-based bandwidth selection were used. Coordinates were derived from PLACES
geolocation points (longitude/latitude; EPSG:4326).

Spatial analyses were implemented in Python using GeoPandas and PySAL.

3. Results

3.1. Descriptive Statistics: Tooth Loss Prevalence

Across U.S. ZIP Code Tabulation Areas (ZCTAs), total tooth loss prevalence among adults aged
65 and older declined over time. The mean prevalence decreased from 15.9% (2018) to 15.3% (2020)
and then to 14.4% (2022), and the median declined from 15.0% (2018) to 14.5% (2020) and then to
13.4% (2022). Dispersion was comparable across years (standard deviation (SD): 6.1 in 2018, 5.6 in
2020, 6.4 in 2022), though in 2020 there reduction in dispersion. The interquartile range also declined
during the observed period, the 25th percentile decreased from 11.7% (2018) to 11.4% (2020) and then
t0 9.9% (2022), and while the 75th percentile decreased from 19.2% (2018) to 18.4% (2020) and then to
17.7% (2022). Observed minima were 3.0% (2018), 3.3% (2020), and 1.9% (2022) while maxima were
59.9% (2018), 53.9% (2020), and 56.8% (2022).

Figure 1 (kernel density estimates) shows that the distribution's peak moved to the left side from
2018 to 2022, which is in line with the overall decrease in prevalence of dental loss. The total tooth
loss prevalence distribution exhibited less dispersion in 2020 when compared to the distributions
from 2018 and 2022.
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Figure 1. Kernel Density Estimate (KDE) of Total Tooth Loss Prevalence (2018, 2020, 2022). * This figure
demonstrates the Kernel Density Estimate (KDE) plots which illustrate tooth loss patterns among older adults
(265 years) across U.S. ZCTAs for the years 2018, 2020, and 2022. The density curves display tooth loss rates
distribution and show how prevalence changed during the study period. The leftward movement of the curve
represents a decrease in tooth loss rates while changes in the distribution's range reflect shifts in disparity levels.
Table Al reports year-specific descriptive statistics for total tooth loss prevalence among adults aged >65 years,

providing distributional detail beyond the pooled summaries shown in the main manuscript.

3.2. Descriptive Statistics: Covariates

Covariates exhibited time-varying trends which is consistent with broad socioeconomic
changes. The educational attainment rate has increased during the period studied: the average
percentage of adults over 65 years of age who completed secondary education has increased from
61.4% (2018) to 62.8% (2022), and the average number of bachelor's degree or higher has increased
from 21.2% to 23.7%. The median household income has risen from $59,187 (2018) to $73,352 (2022),
in line with rising monthly costs for housing (from $925 to $1,088). The average proportion of
residents over the age of 65 increased from 18.6% to 20.2%, while the average number of over 65s per
unit remained stable at 0.5%. The average uninsured rate for adults aged over 65 remained low and
stable (0.6%). The average poverty rate of adults aged over 65 years has increased slightly (9.4% to
10.0%). The female population proportion decreased slightly (53.7% to 53.2%). Table A2 presents
year-wise mean, median, and variability measures for key socioeconomic and demographic
indicators at the ZCTA level to contextualize temporal structural changes.

3.3. ANOVA and Pairwise Comparisons

A one-way ANOVA revealed that there were statistically significant differences in the means of
tooth loss prevalence between years (F=417.64, p <0.001). Tukey HSD post-hoc tests showed that all
pairwise comparisons were statistically significant (p < 0.001): 2018 vs 2020 (mean difference —0.6,
95% CI [-0.7, —=0.5]), 2018 vs 2022 (mean difference —1.4, 95% CI [-1.5, —1.3]), and 2020 vs 2022 (mean
difference -0.8, 95% CI [-0.9, -0.7]). Table A3 provides Tukey HSD post hoc comparisons of total
tooth loss across study years, detailing pairwise differences and confidence intervals not shown in
the main results.

3.4. Ordinary Least Squares (OLS) Regression: Without Interaction Terms

In pooled OLS models without interaction terms (n=89,380 ZCT A-year observations), covariates
explained a substantial proportion of variation in tooth loss prevalence (R?=0.609; adjusted R?=0.609;
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F=9,943; p <0.001; AIC =492,437; BIC = 492,578; Table 1). Unless stated otherwise, p-values are two-
sided.

Clear directional patterns emerged (Table 1). Variables associated with higher tooth loss
included: percent uninsured among adults 265 (3 =0.0419, 95% CI [0.03, 0.054], p < 0.001), adults 265
per housing unit (§ = 5.5219, 95% CI [5.207, 5.837], p < 0.001), percent below poverty among adults
265 (8 =10.0723, 95% CI [0.069, 0.076], p < 0.001), and race/ethnicity-majority indicators relative to the
omitted reference category (White-majority: 3 =2.88, Black-majority: p =7.48, Other-majority: 3 =7.30;
all p<0.001). Variables associated with lower tooth loss included educational attainment (high school:
[3=-0.112, bachelor’s or higher: 3 =-0.131; both p <0.001), higher percentage of residents aged 265 (3
=-0.1485, p <0.001), higher monthly housing costs (3 =-0.003, p <0.001), and higher median income
(B =-6.56E-05, 95% CI [-6.74E-05, -6.38E-05], p < 0.001). Female percentage among adults >65 was not
associated with tooth loss in this model (3 = 0.0014, p = 0.733).

Year indicators (relative to 2018) were statistically significant (2020: 3 = 0.0933, 95% CI [0.032,
0.155], p = 0.003; 2022: 3 = 0.4515, 95% CI [0.388, 0.515], p < 0.001), reflecting conditional differences
after covariate adjustment.

Table 1. Ordinary Least Squares (OLS) Regression Results Without Interaction Terms.

Model Fit Statistics Value

Dependent variable Total tooth loss
(265 years, %)
Number of observations 89380
R2 0.609
Adjusted R2 0.609
F-statistic 9943
Prob (F-statistic) <0.001
Log-likelihood -246200
AIC 492437
BIC 492578
Durbin—-Watson statistic 1.414
Breusch-Godfrey LM statistic 7841
Breusch-Godfrey p-value <0.001
Variable Coef ?;rcrl t P>ltl 95% CI VIF

Contstant 28.545 0.145 196.304<0.001 [28.26, 28.83] 162.213
Percent Uninsured (>=65 years) 0.042 0.006 7.033 <0.001 [0.03,0.054] 1.079
séfi)s chool graduate or higher (=65 0112 0.001 -87.952<0.001 [-0.114, -0.109] 2.475
Bachelor's degree or higher (6>=5 Years) -0.131 0.001 -93.914 <0.001 [-0.134, -0.128] 3.196
Population Percentage (>=65 years) -0.149 0.003 -44.157 <0.001 [-0.155, -0.142] 5.435

Number of individuals (>=65 years) per

. . 5.522 0.161 34.383 <0.001 [5.207,5.837] 5.141
housing unit

Monthly Housing Costs in ZCTA -0.0030 0.000 -62.706 <0.001 [-0.003, -0.003] 3.888
Median income in ZCTA -0.0000656  0.000 -73.018 <0.001 [_ggggggggi "~ 3.989

Percent bel ty level (>=
ercent below poverty level (>=65 0.072 0.002 43.841 <0.001 [0.069,0.076] 1.307

years)

Female Percentage (>=65 years) 0.00140 0.001 0.990 0.322 [-0.001,0.004] 1.036
Year_Dummy_2020 (referenced 2018) 0.093 0.031 2980 0.003 [0.032,0.155] 1.345
Year_Dummy_2022 (referenced 2018) 0.452 0.033 13.880 <0.001 [0.388,0.515] 1.447
White_Majority Zipcode (>=65 years) 2.882 0.089 32.349 <0.001 [2.707,3.056] 4.474
Black_Majority Zipcode (>=65 years) 7.481 0.105 70.929 <0.001 [7.274,7.687] 3.020
Other_Majority Zipcode (>=65 years) 7.302 0.124 58.764 <0.001 [7.058,7.545] 2.386

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0362.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 February 2026 d0i:10.20944/preprints202602.0362.v1

7 of 31

* Notes: Ordinary least squares estimates are reported with non-robust standard errors. Year indicators use 2018

as the reference category. ZCTA denotes Zip Code Tabulation Area.

3.5. OLS Regression with Year x Race/Ethnicity-Majority Interactions

The interaction model (n = 89,380) remained strongly significant (R? = 0.596; adjusted R? = 0.596;
F =7,769; p < 0.001; AIC = 495,268; BIC = 495,437; Table 2). Main-effect directions for socioeconomic
variables were consistent with the non-interaction model: uninsured percentage (3 =0.042, p <0.001)
and poverty (3=0.0772, p <0.001) were positively associated with tooth loss, whereas education (high
school 3 = -0.113, bachelor’s or higher (3 = -0.1314) and income (3 = —6.73E-05) were negatively
associated (all p <0.001).

Year indicators became negative in the presence of interactions (2020 vs 2018: 5 = —3.0848, 95%
CI [-3.371, —2.799], p < 0.001; 2022 vs 2018: = —2.2575, 95% CI [-2.535, —1.98], p < 0.001), indicating
that year differences depend on the race/ethnicity-majority category.

Interaction terms showed large, positive differentials relative to the omitted race/ethnicity-
majority reference group (Table 2). For 2020, interaction coefficients were: White-majority (8 = 3.06,
95% CI [2.773, 3.349], p < 0.001), Black-majority (3 =7.108, 95% CI [6.75, 7.467], p < 0.001), and Other-
majority (8 = 6.095, 95% CI [5.671, 6.519], p < 0.001). For 2022, interactions were similarly positive:
White-majority (8 =2.513, 95% CI [2.233, 2.793], p < 0.001), Black-majority (3 =7.5347, 95% CI [7.182,
7.887], p < 0.001), and Other-majority (p = 7.449, 95% CI [7.032, 7.867], p < 0.001). Female percentage
in this model was statistically significant but small in magnitude (3 = 3.30E-03, 95% CI [1.0E-03, 6.0E-
03], p=0.02).

Table 2. Ordinary Least Squares (OLS) Regression Results With Interaction Terms.

Model Fit Statistics Value

Dependent variable Total tooth loss
(265 years, %)
Number of observations 89380
R2 0.596
Adjusted R2 0.596
F-statistic 7769
Prob (F-statistic) <0.001
Log-likelihood -247910
AIC 495268
BIC 495437
Durbin-Watson statistic 1.402
Breusch—-Godfrey LM statistic 8128
Breusch-Godfrey p-value <0.001
Variable Coef lsitrj t P>ltl 95%CI VIF
Constant 31.62 0.14 229.90<0.001 [31.35, 31.89] 113.31
Percent Uninsured (>=65 years) 0.04 0.01 6.98 <0.001 [0.03,0.05] 1.07
High school graduate or higher (>=65 011 0.00 -89.60<0.001 [-0.12,-0.11] 2.36
Years)
Bachelor's degree or higher (6>=5 Years) -0.13 0.00 -94.14<0.001 [-0.13,-0.13] 3.10
Population Percentage (>=65 years) -0.15 0.00 -44.75<0.001 [-0.16,-0.15] 5.41
Number of individuals (>=65 years) per 5.60 0.16 34.35<0.001 [5.28,592] 5.12
housing unit
Monthly Housing Costs in ZCTA -0.003 0.00 -60.81<0.001[-0.003, -0.004] 3.86
o . [-0.0000691, -

Median income in ZCTA -0.0000673 0.00 -74.02<0.001 0.0000656] 3.96
Percent below poverty level (>=65 years) 0.08 0.00 46.30 <0.001 [0.07,0.08] 1.30
Female Percentage (>=65 years) 0.0033 0.00 2.38 0.020 [0.001, 0.006] 1.03
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Year_Dummy_2020 (referenced 2018) -3.08 0.15 -21.16<0.001 [-3.37,-2.8] 28.25
Year_Dummy_2022 (referenced 2018) -2.26 0.14 -15.95<0.001 [-2.54,-1.98] 26.54
Interactive_year_2020_with_White Majorit =, 015 20.83<0.001 [2.77,335] 27.41
y (referenced to 2018, Hispanic)
I i 202 ith_BI Majori
nteractive_year_2020_with_Black_Majorit 7.11 0.18 38.89 <0.001 [6.75,747] 250
y (referenced to 2018, Hispanic)
I i 2020_with_Oth jori
nteractive_year_2020_with_Other_Majorit 6.10 022 2820<0.001 [5.67,652] 1.74
y (referenced to 2018, Hispanic)
Interactive_year_2022_with_White Majorit , 0.14 17.60 <0.001 [2.23,2.79] 25.75
y (referenced to 2018, Hispanic)
I i 2022_with_BI Majori
nteractive_year_2022_with_Black_Majorit 7.53 0.180 41.92 <0.001 [7.18,7.89] 2.41
y (referenced to 2018, Hispanic)
Interactive_year_2022_with_Other_Majorit 7 45 021 3499 <0.001 [7.03,7.87] 171

y (referenced to 2018, Hispanic)

3.6. Spatial Autocorrelation (Global Moran’s I)

Global Moran’s I shows strong spatial clustering of tooth loss prevalence during all years (Table
3). Clustering was strongest in 2018 and 2020 and remained substantial in 2022 (z-scores
approximately 205.27, 212.74, and 184.59, respectively; all p < 0.001), consistent with non-random
geographic patterning of high and low prevalence ZCTAs.

Table 3. Moran's I Test for Spatial Autocorrelation of Tooth Loss (2018-2022).

Year Moran’sI  p-value  Z-score Interpretation

2018 0.71 0.00 205.27 Strong spatial clustering

2020 0.71 0.00 212.74 Strong spatial clustering (slightly lower than 2018)
2022 0.63 0.00 184.59 Strong but weaker clustering than previous years

3.7. Hot Spot Analysis (Getis-Ord Gi)*

Hot spot analysis using the Getis—Ord Gi* statistic revealed statistically significant spatial
clustering of high- and low-prevalence ZCTAs in 2018, 2020, and 2022 (Figures 2—4). In pre-pandemic
(2018), ZCTAs in the Southeast, Appalachia, and parts of the Midwest formed high-prevalence
clusters, while those in the Northeast, the West Coast, and parts of the Upper Midwest formed low-
prevalence clusters. In peak-pandemic (2020), the spatial distribution of high-prevalence clustering
became more extensive geographically, with additional high-prevalence clusters observed in parts of
the Midwest and South, while low-prevalence clusters were still observed but with less overall
coverage. In post-pandemic (2022), ZCTAs with low prevalence formed clusters in parts of selected
regions, while high-prevalence clustering was maintained in the Southeast and some rural areas. The
maps of hot spot analysis outputs show evidence of spatial clustering in all three periods, with
shifting geographic distributions of hot and cold spots over time (Figures 2—4).
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2018 Spatial Distribution of Gi* Categories

Gi* Categories
Very Low

1) - Low
. Moderate

- High

Figure 2. Hot Spot Analysis (Getis-Ord Gi) of Tooth Loss Prevalence in 2018. * The figure represents the spatial
distribution of tooth loss prevalence among older adults in 2018 based on the Getis-Ord Gi* statistic. ZCTAs are
classified into four categories: The map uses four color codes to show prevalence levels: black for high prevalence
areas and red for moderate prevalence areas with orange indicating low prevalence and pale yellow showing
very low prevalence. Regions with significantly higher tooth loss rates form hot spots mostly located in the
Southeast and Midwest areas while cold spots appear more frequently across the Northeast and West Coast.

2020 Spatial Distribution of Gi* Categories

Gi* Categories

L = Moderate
- High

Figure 3. Hot Spot Analysis (Getis-Ord Gi) of Tooth Loss Prevalence in 2020. * The shown figure represents the
geographic spread of tooth loss rates in 2020 using Getis-Ord Gi* analysis. The geographic range of hot spots
reached further into the Midwest and Southern U.S. in comparison to 2018, while cold spots reduced, especially
in urban regions. The COVID-19 pandemic disrupted access to dental care which appears to be causing an

increase in disparities.
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2022 Spatial Distribution of Gi* Categories

Gi* Categories
Very Low
- Low
. Moderate
- High

Figure 4. Hot Spot Analysis (Getis-Ord Gi) of Tooth Loss Prevalence in 2022. * The figure depicts how tooth loss
prevalence clusters geographically for the year 2022. Some urban areas have demonstrated recovery through the
reemergence of cold spots, yet high-prevalence clusters continue to persist in the Southeast and rural areas. The
continued presence of high tooth loss areas demonstrates how structural barriers and socioeconomic inequality

affect oral healthcare availability for elderly populations.

3.8. Spatial Lag Model (SLM)

Spatial lag models (SLM) exhibited statistically significant spatial dependence for all three time
periods (Tables 4-6), which corresponded to the periods before, during, and after the pandemic (2018,
2020, and 2022, respectively). The size of the spatial dependence was not consistent, however.

Spatial dependence was statistically significant, yet relatively small, in the year before the
pandemic (2018). Model fit was good (Pseudo R?=0.719; AIC =150,789), and the spatial lag parameter
was small (0 =0.0617, SE =0.0007, z = 89.05, p <0.001; Table 4). The pre-pandemic pattern of statistical
significance with small magnitude indicates that the spatial dependence was weakly present in the
period before the pandemic, though most of the variation could have been attributable to variation
between ZCTAs with the same characteristics.

Table 4. Spatial Lag Model (SLM) Results for 2018.

Model Fit Statistics Value
AIC: 150788.770
Schwarz criterion 150871.537
Pseudo R-squared 0.719
Spatial Pseudo R-squared 0.613

Variable Coefficient Std Err z-Statistic Probability

Constant 22.596 0.205  110.017 <0.001
Percent Uninsured (>=65 years) 0.029 0.010 2.991 0.003
High school graduate or higher (>=65 Years) -0.083 0.002  -43.711 <0.001
Bachelor's degree or higher (>=65 Years) -0.097 0.002  -45.893 <0.001
Percentage of Population (>=65 years) -0.151 0.006  -25.314 <0.001
Number of individuals (>=65 years) per housing unit 5.383 0.286 18.832 <0.001
Monthly Housing Costs in ZCTA -0.001 0.000  -12.215 <0.001
Median income in ZCTA 0.000 0.000 -52.622 <0.001
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Percent below poverty level (>=65 years) 0.071 0.003 25.968 <0.001
Coefficient for the spatially lag 0.062 0.001 89.047 <0.001
Variable Direct  Indirect Total
Percent Uninsured (>=65 years) 0.029 0.002 0.031
High school graduate or higher (>=65 Years) -0.083 -0.006  -0.089
Bachelor's degree or higher (>=65 Years) -0.097 -0.006 -0.104
Percentage of Population (>=65 years) -0.151 -0.010 -0.161
Number of individuals (>=65 years) per housing unit 5.383 0.354 5.737
Monthly Housing Costs in ZCTA -0.001 0.000 -0.001
Median income in ZCTA 0.000 0.000 0.000
Percent below poverty level (>=65 years) 0.071 0.005 0.076

Spatial dependence was substantially greater during the peak of the pandemic. The spatial lag
coefficient was much larger, at o = 0.6452 (SE = 0.0043, z = 150.33, p < 0.001), and the model fit was
slightly better (Pseudo R? =0.7873; AIC =143,483; Table 5). This increase in spatial dependence, both
in terms of statistical significance and magnitude, is consistent with the idea that tooth loss prevalence
was highly aligned with prevalence in surrounding ZCTAs during the pandemic, that is, ZCTAs with
similar levels of tooth loss were more clustered than before or after the pandemic.

Table 5. Spatial Lag Model (SLM) Results for 2020.

Model Fit Statistics Value
AIC: 143482.792
Schwarz criterion 143565.765
Pseudo R-squared 0.787
Spatial Pseudo R-squared 0.636

Variable Coefficient  Std Err z-Statistic Probability
Constant 5.415 0.067 80.647 <0.001
Percent Uninsured (>=65 years) 0.114 0.016 7.323 <0.001
High school graduate or higher (>=65 Years) -0.752 0.023 -32.559 <0.001
Bachelor's degree or higher (>=65 Years) -1.041 0.027 -39.201 <0.001
Percentage of Population (>=65 years) -0.742 0.036 -20.776 <0.001
Num.ber of .1nd1V1duals (>=65 years) per 0.496 0.035 14.342 <0.001
housing unit
Monthly Housing Costs in ZCTA -0.195 0.030 -6.450 <0.001
Median income in ZCTA -1.384 0.029 -47.980 <0.001
Percent below poverty level (>=65 years) 0.426 0.017 25.027 <0.001
Coefficient for the spatially lag 0.645 0.004 150.326 <0.001
Variable Direct Indirect Total

Percent Uninsured (>=65 years) 0.114 0.207 0.321
High school graduate or higher (>=65 Years) -0.752 -1.367 -2.118
Bachelor's degree or higher (>=65 Years) -1.041 -1.893 -2.935
Percentage of Population (>=65 years) -0.742 -1.350 -2.092
Num.ber of '1nd1V1duals (>=65 years) per 0.497 0.903 1.399
housing unit
Monthly Housing Costs in ZCTA -0.195 -0.355 -0.550
Median income in ZCTA -1.384 -2.516 -3.900
Percent below poverty level (>=65 years) 0.426 0.774 1.200

Spatial dependence was still statistically significant, and substantial, during the post-pandemic
recovery period (2022). However, it was attenuated compared to 2020 (o = 0.5711, SE = 0.0052, z =
110.27, p<0.001), and the model fit was worse (Pseudo R?=0.7071; AIC = 153,664; Table 6). The spatial
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effects were smaller during the post-pandemic recovery period, but the magnitude did not return to
what was observed in the year before the pandemic.

Table 6. Spatial Lag Model (SLM) Results for 2022.

Model Fit Statistics Value
AIC: 153663.559
Schwarz criterion 153746.171
Pseudo R-squared 0.707
Spatial Pseudo R-squared 0.587

Variable Coefficient  Std Err z-Statistic  Probability

Constant 16.038 0.248 64.733 <0.001
Percent Uninsured (>=65 years) 0.045 0.010 4.536 <0.001
High school graduate or higher (>=65 Years) -0.062 0.002 -28.541 <0.001
Bachelor's degree or higher (>=65 Years) -0.079 0.002 -33.381 <0.001
Percentage of Population (>=65 years) -0.119 0.006 -20.977 <0.001

Number of individuals (>=65 years) per

. . 4.096 0.269 15.252 <0.001
housing unit
Monthly Housing Costs in ZCTA 0.000 0.000 -2.259 0.024
Median income in ZCTA 0.000 0.000 -44.291 <0.001
Percent below poverty level (>=65 years) 0.071 0.003 25.845 <0.001
Coefficient for the spatially lag 0.571 0.005 110.270 <0.001
Variable Direct Indirect Total
Percent Uninsured (>=65 years) 0.045 0.060 0.105
High school graduate or higher (>=65 Years) -0.062 -0.082 -0.144
Bachelor's degree or higher (>=65 Years) -0.079 -0.105 -0.184
Percentage of Population (>=65 years) -0.119 -0.158 -0.277
Num'ber of }nd1V1duals (>=65 years) per 409 5455 9.550
housing unit
Monthly Housing Costs in ZCTA 0.000 0.000 0.000
Median income in ZCTA 0.000 0.000 0.000
Percent below poverty level (>=65 years) 0.071 0.094 0.165

Direct/indirect decomposition revealed that multiple predictors had both within-ZCTA and
spillover associations (Tables 4-6). For example, in 2018, the total effect of adults 265 per housing unit
was 5.7366 (direct 5.3827, indirect 0.3539), while total effects of the education measures were negative
(high school total —0.0886; bachelor’s or higher total —0.1036). At the peak of the pandemic in 2020,
indirect (spillover) components were substantially larger than in 2018 for multiple predictors (e.g.,
uninsured total 0.3208, with indirect 0.2070). This shift aligns with the elevated spatial lag parameter
observed in 2020, indicating stronger cross-area linkage during this period. In 2022, effect directions
were similar, although indirect components were generally smaller than in 2020, consistent with
partial attenuation of spatial spillovers.

3.9. Spatial Error Model (SEM)

Spatial error models (SEM) revealed statistically significant residual spatial autocorrelation in
all years of study (Tables 7-9), indicating continued evidence of spatial structure after accounting for
observed covariates.

In 2018, before the start of the pandemic, A = 0.7953 (SE = 0.0044, z = 178.99, p < 0.001), AIC =
142,360 and Pseudo R? = 0.6095 (Table 7). During the peak of the pandemic (2020), A was similarly
high (A =0.7881, SE = 0.0045, z =175.57, p < 0.001; AIC = 144,176; Pseudo R? = 0.5867; Table 8). During
the first full post-pandemic recovery year (2022), A was lower, but still large (A = 0.6830, SE = 0.0058,
z=118.41, p <0.001; AIC = 154,568; Pseudo R? = 0.5457; Table 9).
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Table 7. Spatial Error Model (SEM) Results for 2018.
Model Fit Statistics Value
AIC: 142360
Schwarz criterion 142434
Mean dependent var 16
S.D. dependent var 6
Pseudo R-squared 1
Log likelihood -71171
Sigma-square ML 7
S.E of regression 3
Variable Coefficient Std Err z-Statistic Probability
Constant 26.707 0.174  153.386 <0.001
Percent Uninsured (>=65 years) 0.049 0.008 6.174 <0.001
High school graduate or higher (>=65 Years) -0.053 0.002  -30.723 <0.001
Bachelor's degree or higher (>=65 Years) -0.073 0.002  -36.992 <0.001
Percentage of Population (>=65 years) -0.149 0.005  -29.225 <0.001
Number of individuals (>=65 years) per housing unit 5.408 0.247  21.866 <0.001
Monthly Housing Costs in ZCTA -0.002 0.000  -20.553 <0.001
Median income in ZCTA 0.000 0.000  -50.086 <0.001
Percent below poverty level (>=65 years) 0.058 0.002 25983 <0.001
Lambda 0.795 0.004 178.992 <0.001
Table 8. Spatial Error Model (SEM) Results for 2020.
Model Fit Statistics Value
AIC: 144176
Schwarz criterion 144251
Mean dependent var 15
S.D. dependent var 6
Pseudo R-squared 1
Log likelihood -72079
Sigma-square ML 7
S.E of regression 3
Variable Coefficient Std Err z-Statistic Probability
Constant 24.999 0.161  155.488 <0.001
Percent Uninsured (>=65 years) 0.041 0.007 6.289 <0.001
High school graduate or higher (>=65 Years) -0.041 0.002  -26.779 <0.001
Bachelor's degree or higher (>=65 Years) -0.063 0.002  -35.792 <0.001
Percentage of Population (>=65 years) -0.093 0.004 -22.931 <0.001
Number of individuals (>=65 years) per housing unit 2.852 0.197  14.501 <0.001
Monthly Housing Costs in ZCTA -0.003 0.000  -30.549 <0.001
Median income in ZCTA 0.000 0.000 -43.063 <0.001
Percent below poverty level (>=65 years) 0.040 0.002  21.512 <0.001
Lambda 0.788 0.004 175.568 <0.001

Table 9. Spatial Error Model (SEM) Results for 2022.

Model Fit Statistics Value
AIC: 154568
Schwarz criterion 154642
Mean dependent var 14
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S.D. dependent var 6
Pseudo R-squared 1
Log likelihood -77275
Sigma-square ML 12
S.E of regression 3

Variable Coefficient Std Err z-Statistic Probability
Constant 26.843 0.230 116.531 <0.001
Percent Uninsured (>=65 years) 0.055 0.010 5.551 <0.001
High school graduate or higher (>=65 Years) -0.059 0.002  -24.919 <0.001
Bachelor's degree or higher (>=65 Years) -0.085 0.003 -32.351 <0.001
Percentage of Population (>=65 years) -0.132 0.006  -22.589 <0.001
Number of individuals (>=65 years) per housing unit 4.134 0.279  14.844 <0.001
Monthly Housing Costs in ZCTA -0.002 0.000 -20.115 <0.001
Median income in ZCTA 0.000 0.000 -41.864 <0.001
Percent below poverty level (>=65 years) 0.058 0.003  21.287 <0.001
Lambda 0.683 0.006  118.410 <0.001

SEM results overall indicate continued evidence of spatial structure in the data after accounting
for measured covariates throughout the study period, especially before and during the peak
pandemic year. These results should be interpreted with caution, as changes in A may also reflect
broader changes in the regional environment not specific to any single area’s relationships.

3.10. Geographically Weighted Regression (GWR)

Given the evidence of spatial dependence and clustering, we next examined whether covariate
associations varied across space using GWR. GWR models had improved fit compared to the
corresponding global regressions during all three time periods (Tables 10-12), consistent with
spatially varying associations. GWR in the year before the pandemic began (2018) had R? = 0.898 and
adjusted R? = 0.872 compared with the global regression R? = 0.618 (Table 10). Fit remained high
during the peak year of the pandemic (2020) (R? = 0.877; adjusted R? = 0.847; Table 11). Fit during the
post-pandemic recovery year (2022) declined but remained high (R?=0.816; adjusted R?=0.781; Table

12).
Table 10. Geographically Weighted Regression (GWR) Results for 2018.
Model Fit Statistics Global " wr
Regression
AIC: 158960 132322
AlCc: 158962 135334
BIC: 106130 181177
R2: 0.618 0.898
Adjusted R2 0.618 0.872
Variable Mean STD Min Median Max

Intercept 14.808 2281 0.829 14.877 29.156
Percent Uninsured (>=65 years) 0.168 0.929 -14.623 0.106 7.144
High school graduate or higher (>=65 Years) -0.991 1.096 -6.024 -0.832 3.758
Bachelor's degree or higher (>=65 Years) -1.328 1.247 -6.487 -1.191 3.990
Percentage of Population (>=65 years) -2.076 2.183 -15.626 -1.661 7.510
Number of individuals (>=65 years) per housing unit 1.546 1.870 -7.237 1.247 10.639
Monthly Housing Costs in ZCTA -1.402 2226 -17.471 -1.269 8.653
Median income in ZCTA -2.651 1.803 -11.835 -2.351 4.888
Percent below poverty level (>=65 years) 0.643 0.779 -2.827 0.523 4.540
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Table 11. Geographically Weighted Regression (GWR) Results for 2020.
Model Fit Statistics Globa‘l GWR
Regression
AIC: 159588 136157
AlCc: 159590 139076
BIC: 72008 185014
R2: 0.598 0.877
Adjusted R2 0.598 0.847
Variable Mean STD Min Median Max
Intercept 14.526 2169 2.727 14.478 26.317
Percent Uninsured (>=65 years) 0.255 1.142 -19.818 0.134 17.001
High school graduate or higher (>=65 Years) -0.992 1.184 -8.729 -0.802 2.588
Bachelor's degree or higher (>=65 Years) -1.346 1.329 -9424 -1.215 3.077
Percentage of Population (>=65 years) -1.578 1.964 -14.644 -1.241 4.887
Number of individuals (>=65 years) per housing unit 1.083 1.651 -4.494 0.809 10.064
Monthly Housing Costs in ZCTA -1.634 1.864 -18.698 -1.456 5.306
Median income in ZCTA -2.040 1.502 -10.418 -1.794 4.730
Percent below poverty level (>=65 years) 0.602 0.793 -1.867 0456 4.270
Table 12. Geographically Weighted Regression (GWR) Results for 2022.
Model Fit Statistics Global  cyp
Regression
AIC: 163614 147509
AlCc: 163616 149226
BIC: 217169 185050
R2: 0.555 0.816
Adjusted R2 0.555 0.781
Variable Mean STD Min Median Max
Intercept 13.360 2.012 6.224 13.390 25.118
Percent Uninsured (>=65 years) 0.208 0.845 -5.720 0.154 7.092
High school graduate or higher (>=65 Years) -1.088 1.261 -7.173 -0.947 4.091
Bachelor's degree or higher (>=65 Years) -1.488 1.399 -8.192 -1.407 5.952
Percentage of Population (>=65 years) -1.916 2.090 -13.552 -1.567 4.230
Number of individuals (>=65 years) per housing unit 1.358 1.832 -6.463 1.134 11.637
Monthly Housing Costs in ZCTA -1.521 2.147 -12.023 -1.334 6.770
Median income in ZCTA -2.612 1.868 -10.920 -2.234 3.068
Percent below poverty level (>=65 years) 0.721 0.856 -1.712 0.614 4.334

Local coefficient summaries reinforce this picture (Tables 10-12). The distributions of local
estimates (mean, SD, and min/median/max) showed wide geographic spread in effect size, and for
some predictors, coefficients appear to change sign across regions. In practical terms, a predictor that
looks “protective” in one part of the country may be weak, null, or even reversed elsewhere. That
kind of variability is consistent with place-specific contexts, although it could also reflect sensitivity
to local sample density or bandwidth choices rather than purely substantive differences.

Overall, across pre-pandemic, peak pandemic, and recovery periods, GWR results indicate
persistent geographic variation in predictor-outcome relationships that global models are likely to
average away (Tables 10-12).

Additional spatial diagnostics and model comparisons are provided in the Appendix. The
Appendix Table A4 compares the relative performance of Spatial Lag and Spatial Error models across
years using standard model fit criteria, and Appendix Table A5 reports year-specific estimates of
spatial dependence parameters (rho and lambda), which highlights shifts in the dominant sources of
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spatial autocorrelation over time. Appendix Table A6 summarizes variations in key socioeconomic
predictors across spatial models and study years, with spillover effects most pronounced in 2020 and
attenuating by 2022.

4. Discussion

This study examined ZCTA-level disparities in geriatric tooth loss across three periods: pre-
pandemic (2018), peak pandemic (2020), and post-pandemic recovery (2022). In this study we
assessed how socioeconomic factors, racial composition, and spatial dependence were associated
with tooth loss prevalence over time. For this purpose, we purposefully combined global and local
modeling approaches. Pooled OLS models provide an estimate of the average association and allow
for comparability across years, while SLM/SEM models correct for spatial dependence, which can
bias standard regression results. GWR then adds to these results by identifying where associations
are stronger, weaker, or even inverted, which has the potential to inform place-specific vulnerability
and recovery trajectories.

4.1. Overall Trends and Persistent Disparities

Although the mean and median tooth loss percentages decreased over the study period, possibly
reflecting improvements in dental care access or preventative measures (more research is needed to
confirm these particular drivers), the rising standard deviation in post-pandemic (2022) combined
with the continuous right tail in the KDE graphs indicates a widening of discrepancies. This pattern
shows that a some ZCTAs experienced persistently higher tooth loss despite overall improvement,
highlighting the need to address inequities.

4.2. Socioeconomic and Demographic Factors: Elaborating on Mechanisms

The regression analyses supported the well-documented impact of socioeconomic determinants
on oral health outcomes. In accordance with the research findings of Guarnizo-Herrefio and Wehby
[35], Bernabé et al. [36], Mohammadi et al. [37], and Guo et al. [38], a greater level of educational
achievement was linked to a lower tooth loss. Likewise, and in alignment with the results presented
by Guarnizo-Herrefio and Wehby [35] as well as studies concerning income and access to healthcare
[39], an elevated median income was associated with lowered tooth loss. In contrast, increased
poverty rates [35] and the lack of insurance coverage [40—42] were found to correlate with higher
instances of tooth loss, thereby highlighting the importance of socioeconomic resources in both
accessing and utilizing dental care services.

The strong positive correlation between persons per housing unit among adults aged >65 years
and tooth loss prevalence warrants further examination to understand the implications of this
variable. Household crowding in older-adult households may signal economic strain and housing
instability, which can be associated with less routine dental care, lower diet quality, and reduced
access to basic oral hygiene supplies (e.g., toothbrushes, floss, fluoride toothpaste) [41]. Household
crowding may also be a proxy for multigenerational living situations, which may be associated with
less time and ability to focus on preventive care, follow-up appointments, or care-seeking for dental
issues in a timely manner because of competing caregiving responsibilities.

Crowding may also reflect household conditions that make regular hygiene routines and
appointment-keeping more difficult (e.g., limited bathroom access, transportation constraints, or
competing demands on time). Finally, some studies have posited a potential path from close-contact
living conditions to increased microbial transmission [83-87]. To what degree this pathway
contributes to tooth loss among older adults remains to be seen. In sum, the observed association is
more likely reflective of a combination of constrained resources and care-seeking opportunities and
broader household-level circumstances that track with disadvantage, rather than a single causal
mechanism.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202602.0362.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 February 2026 d0i:10.20944/preprints202602.0362.v1

17 of 31

4.3. Racial Disparities: A Contradiction and Exacerbation

The notable and enduring racial inequities, particularly the elevated incidence of tooth loss in
areas predominantly inhabited by Black populations and those classified as "Other," are consistent
with a substantial body of research that elucidates systemic inequalities prevalent in healthcare, as
emphasized by Williams et al. [43], Phelan and Link [44], and Borrell et al. [45]. The preliminary OLS
model, without interaction terms, seemingly contradicted the overarching trend of diminished tooth
loss, as it showed positive coefficients for the year variable. Nonetheless, this contradiction was
corrected by incorporation of race-year interaction terms. This adjustment clarified that, despite an
overall reduction in tooth loss, racial disparities intensified, particularly in the peak-pandemic (2020).
This observation is in direct alignment with the findings of Guarnizo-Herrefio and Wehby [35], who
reported elevated tooth loss rates among Black and Hispanic adults, and Shelley et al. [39], who
suggested analogous disparities within the older adult demographic. This study findings build upon
this existing literature by illustrating the exacerbation of these disparities in the context of the COVID-
19 pandemic, in accordance with investigations that document the pandemic's disproportionate
repercussions on marginalized communities [46-50].

Several mechanisms may have contributed to this exacerbation. Service disruptions, including
clinic closures and reduced capacity —reported in prior work during the pandemic period (e.g.,
Oberoi et al. [51]; Jiang et al. [50]) —may have played an important role, particularly in marginalized
communities. A heightened apprehension with regards to infection, potentially exacerbated within
populations exhibiting elevated incidences of pre-existing health conditions, may have discouraged
older adults from pursuing dental care, as indicated by studies into dental service utilization during
the pandemic [52,53]. Finally, the economic effects of the pandemic, including loss of employment
and financial hardship, were disproportionately experienced by minority groups [54], which may
have shifted priorities away from dental care, particularly for those without insurance [55-57].

4.4. Spatial Dependence and Heterogeneity: Localized Interventions

The results derived from Moran's I analysis supported the presence of significant spatial
autocorrelation in the prevalence of tooth loss, aligning with the findings of Schnell et al. [58] and
Feng et al. [59] in other oral health domains. This observed clustering indicates that tooth loss is not
dispersed randomly, but rather is affected by factors that exhibit geographical clusters. Such factors
encompass the aggregation of socioeconomic disadvantage, as emphasized by Jia et al. [60], the
diffusion of health-related behaviors within communities [61], and the spatial distribution of
healthcare accessibility, as reported by Lima et al. [62] and Tsai and Perng [63]. The observed decline
in Moran’s I over time suggests a modest reduction in spatial dependence, which may reflect changes
in clustering patterns over time, including the possibility of intervention effects or broader shifts in
how disparities are distributed.

The Spatial Lag Model (SLM) yielded additional empirical evidence regarding spatial dynamics
(Table 13). The pronounced and positive spatial spillover effects, notably in the peak-pandemic
(2020), are consistent with conclusions drawn from other public health inquiries employing spatial
lag methodologies, such as the research conducted by Jia et al. [60] concerning public health services
and Zeng's [64] investigation into socioeconomic development and mortality rates. The notable
indirect consequences of poverty observed in our SLM suggest that initiatives aimed at alleviating
poverty within a specific Zip Code Tabulation Area (ZCTA) could yield beneficial outcomes for oral
health in adjacent ZCTAs, thereby underscoring the necessity for regional intervention strategies.
The substantial Lambda values identified within the Spatial Error Model (SEM) across all analyzed
years indicate the existence of spatially autocorrelated unobserved variables, which may encompass
state-level dental policy frameworks (for more detailed analysis refer Table 14) , as evidenced by
studies on Medicare dental coverage [65—67], or disparities in the accessibility of specialized dental
care services [62,63]. The transition from the predominance of the SEM in pre-pandemic (2018) to the
preeminence of the SLM in peak-pandemic (2020) and post-pandemic (2022) might indicate an
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evolving contextual framework, with the spatial spillover effects becoming increasingly salient
during and in the aftermath of the pandemic.

Table 13. Summary of Spatial Lag Model Performance & Socioeconomic Effects Over Time.

Variable 2018 2020 2022 Trend & Interpretation
Pseudo R? 0.719 0.787 0.707 Best model fit in 2020, slight decline in 2022.
Spatial Pseudo R? 0613 0.636 0587 .Spatlal dependence strongest in 2020, weaker
in 2022.
AIC (Model Fit) 150789 143483 153664 Best model fit in 2020, worsened in 2022.
ial in 2020, th
Spatial Lag Coefficient (o) 0062 0645 0571 opatial dependence peaked in2020, then

weakened.
Huge impact in 2020 due to COVID-related
Percent Uninsured (>=65 years) 0.031 0.321 0.105 healthcare access issues. Decreased in 2022
but still significant.
Biggest impact in 2020, possibly due to
-0.089 -2.118 -0.144 disparities in access to dental care. Stabilized
in 2022.
0104 -2.935 -0184 Stronigest. eff.e.ct in 2020, weakened in 2022
(>=65 years) but still significant.
Aging population had the most impact in
2020, but spatial spillover reduced in 2022.
Strongest impact in 2022, suggesting
5737 1.399 9.552 household crowding effects worsened post-
COVID.
Had a stronger effect in 2020, possibly due to
economic hardships during the pandemic.
Income disparities peaked in 2020 but had
Median Income in ZCTA 0.000 -3.900 0.000 little impact in 2022, suggesting a shift in
determinants of tooth loss.
Poverty had the highest effect in 2020, but
0.076 1.200 0.165 still strongly contributes to disparities in
2022.

*Notes: Comparison of model fit statistics, spatial dependence, and direct/indirect effects of key socioeconomic
factors on tooth loss from 2018-2022.

High School Graduate (>=65
years)

Bachelor’s Degree or Higher
Population (>=65 years) -0.161 -2.092 -0.277

Individuals per Housing Unit
(>=65 years)

Monthly Housing Costs -0.001 -0.550 0.000

Percent Below Poverty (>=65
years)

Table 14. Summary of Spatial Error Model (SEM) Performance and Interpretation of Coefficients.

. 2018 2020 2022 .
Variable SEM SEM SEM Trend & Interpretation

Model fit worsened in 2022, suggesting
new unobserved influences on tooth loss.
Schwarz Criterion (BIC) 142434 144251 154642 Consistent trend.

Explanatory power declined, suggesting
stronger spatial heterogeneity over time.
Model fit degraded over time, likely due to
shifting regional disparities.

AIC 142360 144176 154568

Pseudo R? 0.610 0.587 0.546

Log Likelihood -71171 -72079 -77275

Sigma-Square ML 6753 6522 11.746 Error variar'u:e increased sign.ificantly' in'
2022, meaning more unexplained variation.

Greater residual variability in 2022,

S.E. of Regression 2599 2554 3.427 meaning larger differences in regional

effects.

Rebounded in 2022, suggesting access to

P t Uni d (>= .04 .041 0.
ercent Uninsured (>=65 years) 0.049 0.0 0.055 healthcare still varies regionally.
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High School Graduate (>=65 0053 -0.041 -0.059 Ec.lucatlc.)n s 1m.pact 1ncrea§ed in 2022,

years) reinforcing its importance in oral health.
Higher education had the strongest effect

-0.073 -0.063 -0.085 in 2022, likely due to better self-care and

healthcare access.

Bachelor’s Degree or Higher
(>=65 years)

Stronger protective effect in 2018,
Population (>=65 years) -0.149 -0.093 -0.132 weakened in 2020, but partially rebounded
in 2022.
Crowding had the strongest effect in 2018,
5408 2.852 4.134 was weaker in 2020, and rebounded in 2022
as economic stressors persisted.
Monthly Housing Costs in Weaker effect in 2022, suggesting housing
ZCTA -0.002-0.005 -0.002 affordability had a diminished role.
Stable effect, meaning income remained a
key protective factor.
Worsened in 2022, meaning economic
0.058 0.040 0.058 disparities continued to drive tooth loss
inequalities.
Spatial autocorrelation weakened in 2022,
Lambda (Spatial Error Term) 0.795 0.788 0.683 meaning unobserved geographic factors are
less dominant now.

Individuals per Housing Unit
(>=65 years)

Median Income in ZCTA 0.000 0.000 0.000

Percent Below Poverty (>=65
years)

*Notes: Evaluation of SEM results across years, indicating changes in explanatory power, model fit, and spatial

heterogeneity.

Detailed cross-model comparisons of key socioeconomic predictors underlying these spatial
dynamics are provided in Appendix Table A6.

The GWR models further supported spatial non-stationarity (Table 15). The extensive variability
observed in the local coefficients, akin to the spatial disparities identified by Hipp and Chalise [68] in
their examination of diabetes prevalence and by Davis et al. [69] in their investigation of dental care
accessibility, emphasizes the need for tailored interventions. The pronounced negative correlation
between the attainment of a bachelor's degree and incidences of tooth loss in urban environments,
for instance, may indicate a heightened availability of dental practitioners, more extensive insurance
provisions, or elevated levels of oral health knowledge in these locales, as contrasted with rural
counterparts, as indicated by investigations into disparities in access to care [70].

Table 15. Geographically Weighted Regression (GWR) Model Performance and Interpretation of Coefficients
(2018-2022).

Metric 2018 GWR 2020 GWR 2022 GWR Trend & Interpretation
Model fit was highest in 2018, but
declined over time, likely due to
external disruptions (e.g., COVID-
19, policy shifts).

Suggests increasing external
influences affecting disparities.
(e.g., policy changes, economic
shifts).

Best model fit in 2018, worsened
AIC 132322 136157 147509 over time, indicating changing
patterns in disparities.

Model complexity increased
slightly, especially post-2020.

R2 0.898 0.877 0.816

Adjusted R? 0.872 0.847 0.781

BIC 181177 185014 185050
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Uninsured seniors had the

strongest impact on tooth loss in
0.168 0.255 0.208 2020 (COVID-19 impact). The effect

weakened in 2022 as healthcare

Percent Uninsured (>=65
years)

access recovered.
Consistently reduces tooth loss,
High School Graduate (>=65 0.991 0,992 1,088 with a slightl'y strong?r effect in
years) 2022. Education remained a key
protective factor.
Higher education consistently
reduced tooth loss, with the
-1.328 -1.346 -1.488 strongest effect in 2022. Likely due
to greater awareness and access to
dental care.

Bachelor’s Degree or Higher
(>=65 years)

Aging population showed the
strongest protective effect in 2018,
weakened in 2020, but slightly
recovered in 2022.

Crowding became a weaker

Population (>=65 years) -2.076 -1.578 -1.916

Individual Housi . . in 202 .
ndividuals per Housing Unit 1546 1.083 1.358 predictor in O 0 but T‘ebounded in
(>=65 years) 2022, suggesting persistent
economic stress in some areas.
Stronger effect in 2020, indicating

Monthly Housi ts i
onthly Housing Costs in -1.402 -1.634 -1.521 economic pressures during

ZCTA
c COVID-19, slightly weaker in 2022.
Income had the strongest impact in
Median Income in ZCTA 2651 2040 2612 018 weakened in 2020 (possibly

due to pandemic shocks), then
partially recovered in 2022.
Poverty consistently worsened
tooth loss, with the strongest effect

0.643 0.602 0.721 in 2022. Suggests long-term
economic disparities worsened
post-pandemic.

Percent Below Poverty (>=65
years)

*Notes: The performance metrics and key coefficients from the Geographically Weighted Regression (GWR)
models for total tooth loss prevalence among the geriatric population across U.S. ZCTAs for the years 2018, 2020,
and 2022.

4.5. Hot Spot Analysis (Getis-Ord Gi): Localized Clusters of Tooth Loss

The Getis-Ord Gi* analysis (Table 16) shows that there is significant spatial clustering of tooth
loss prevalence, which is in agreement with studies that emphasize geographic and socioeconomic
differences in oral health [88,89]. The concentration of persistent hot spots in the Southeast and
Appalachia reflects well-documented patterns of regional health inequalities. The persistent hot spots
in Southeast regions throughout pre-pandemic (2018), peak pandemic (2020), and post-pandemic
(2022) support the established knowledge of the "Stroke Belt" phenomenon, though studies like the
REGARDS study present alternative results [90]. The spread of hot spots to the Midwest and Texas
in peak-pandemic (2020) with their ongoing presence in post-pandemic (2022), is consistent with the
possibility that pandemic-era disruptions were accompanied by a widening of existing inequalities,
as suggested by Spirito et al. [91] and Bambra et al. [92], who discovered pandemic effects led to more
oral health problems in susceptible populations.

Table 16. Hot Spot Analysis (Getis-Ord Gi) — Key Trends in Tooth Loss Clustering (2018-2022).
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Year Hot Spots (High Tooth Loss) Cold Spots (Low Tooth Loss) Interpretation
Concentrated in the Southeast, Strongest in the West Coast, Structural disparities were
2018 . . :
Appalachia, and Midwest. Northeast, and urban centers. already in place.

Shrunk significantly,
especially in previously
stable regions.

Expanded into Midwest, Texas,
and urban areas.

Pandemic worsened disparities
2020 i

and disrupted dental care access.
Post-pandemic, disparities
remained, with long-term factors
driving the trends.

02 2Remained strong in Southern Some recovery in urban and
and rural regions. high-income areas.

* Note: Summary of spatial clustering trends, showing the evolution of high-prevalence (hot spots) and low-

prevalence (cold spots) regions across study years.

Getis-Ord Gi* methods have been applied in prior oral health and health disparities studies [93—
96]. The observed decline of cold spots in peak-pandemic (2020) is consistent with the possibility that
reduced access to dental care during this period may have affected areas that previously exhibited
lower prevalence, reflecting the findings of Lucena et al. [97] and Celik and Ata [98]. By post-
pandemic (2022), a degree of recovery is observable in urban locales; however, inequalities in rural
regions remain evident.

Medicaid dental coverage at the state level plays a vital role in determining these disparities
[27,99]. The enduring existence of hot spots in the Southeast indicates weaker public health
infrastructure and reduced Medicaid dental service coverage as documented in several studies
[16,89,100,101]. The re-emergence of cold spots in some urban areas by the post-pandemic period
(2022) may reflect improved service availability, public health efforts, or changes in insurance
coverage, although these mechanisms cannot be confirmed in the present analysis. Further
interventions are needed, like workforce development, telehealth initiatives, community
engagement, and policy reforms, as previous studies showed. [102-105].

4.6. Limitations

This study is constrained by several limitations. The employment of ZCTA-level data, although
facilitating extensive geographic representation, may obscure significant variations within these
regions, as ZCTAs are predominantly structured for postal delivery and may not accurately reflect
integrated communities. Moreover, the observational character of the study, utilizing secondary data,
inhibits the establishment of definitive causal inferences, and the presence of unobserved
confounding variables cannot be discounted. The racial classifications employed are limited, yielding
a constrained comprehension. Furthermore, the 2018-2022 timeframe creates limitations for
analyzing long-term trends and fails to evaluate the severity of tooth loss.

4.7. Future Research

Future research should prioritize inquiries that enable more stringent causal inferences, such as
quasi-experimental methodologies that evaluate the consequences of particular policy interventions,
thus broadening the current research that examines the progression of disparities over time [71-73].
In consideration of the notable spatial diversity exposed by GWR models, there is an essential
demand for qualitative investigations and mixed-methods frameworks to shed light on the distinct
mechanisms that underlie these localized discrepancies. To illustrate, an investigation into the ways
state-level dental policies, as described by Wolownik [65] and Elani et al. [67], interface with local
socioeconomic conditions to impact access to care constitutes a valuable research pathway.
Longitudinal studies that extend beyond the post-pandemic (2022) are important for evaluating the
enduring impacts of the pandemic and the efficacy of interventions, thereby augmenting the
contributions of scholars investigating temporal trends in disparities. Lastly, research that utilizes
more granular geographic data (e.g., census tracts) would provide a more nuanced comprehension
of spatial patterns.
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4.8. Policy Implications (Prioritized)

Based on our findings, the following policy interventions are recommended, prioritized by their
potential impact:

1. Targeted Interventions in Hotspots: The findings from the GWR and hotspot analysis highlight
the value of prioritizing resources for ZCTAs that exhibit consistent high levels of dental attrition
and significant correlations with socioeconomic factors such as poverty, inadequate educational
achievement, and insufficient insurance coverage. This observation is consistent with the
advocacy for spatially focused interventions as posited by several researchers [70,74,75].

2. Expand Access to Affordable Care: The expansion of Medicare oral health coverage [65-67] and
the correction of 'dental coverage disparities’ [76] are of critical significance, especially in the
context of the unequal effects of inadequate insurance on marginalized populations, which is
supported by empirical findings underscoring the importance of insurance coverage [40—42].

3. Address Social Determinants: Policies that target poverty alleviation, housing insecurity, and
food insecurity are anticipated to yield considerable indirect advantages for oral health, as
evidenced by empirical studies concerning the social determinants of health [77].

4. Community-Based Programs: Initiatives involving community health workers [78,79], mobile
dental units [80], and culturally customized oral health education [81,82] have the potential to
enhance accessibility and encourage preventive practices, especially within marginalized
populations, thus building upon well-established research regarding effective community-
based interventions.

5. Conclusions

This study investigation elucidates an intricate and continuously evolving landscape
characterized by disparities in geriatric tooth loss, which reflects a multifaceted and dynamic nature
of inequality within this demographic. Although there has been an observable decline in overall
instances of tooth loss, it is critical to acknowledge that significant disparities based on racial and
socioeconomic lines continue to persist and, in certain contexts, have even exacerbated, particularly
in the wake of the COVID-19 pandemic which has served to amplify pre-existing inequities. The
pronounced spatial characteristics of these disparities, which include marked spillover effects as well
as considerable spatial heterogeneity, further emphasize the imperative for spatially targeted
interventions that are multi-faceted in nature and tailored to address the unique challenges presented
by these inequities. The COVID-19 pandemic has functioned as a magnifying lens, effectively
illuminating the precarious state of oral health equity and accentuating the pressing necessity for
systemic reforms aimed at rectifying both the immediate accessibility of dental care services and the
fundamental social determinants that underpin health disparities. Addressing these complex issues
necessitates a collaborative and concerted effort that is firmly grounded in geographically precise
data, coupled with a steadfast commitment to tackling the root causes of inequality that persist within
the realm of geriatric oral health.
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Appendix A

Appendix A.1

Table Al. Descriptive Statistics of Total Tooth Loss Among U.S. Geriatric Population (2018-2022).

2018 2020 2022
Mean 15.87 15.25 14.44
Standard Deviation 6.09 5.64 6.41
Min Value 3.00 3.30 1.90
25% 11.70 11.40 9.90
Median value 15.00 14.50 13.40
75% 19.20 18.40 17.70
Max Value 59.90 53.90 56.80

* Note: Summary statistics (mean, standard deviation, min-max range, quartiles) for total tooth loss prevalence

(265 years) over the study period.
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Appendix A.2

Table A2. Descriptive Statistics of Key Socioeconomic and Demographic Variables (2018-2022).

Mean Median Standard Deviation

2018 2020 2022 2018 2020 2022 2018 2020 2022

Percent Uninsured (>=65 years) 0.620 0.620 0.630 0.000 0.000 0.000 2.130 2.320 2.210
$;§i;Ch°°1 graduate or higher (>=65 .\ /1 (54 6277 62.80 6370 64.30 1518 1597 15.97

Bachelor's degree or higher (6>=5 Years) 21.19 22.64 23.71 17.60 19.00 20.10 15.74 16.47 16.60
Population Percentage (>=65 years) 18.63 19.53 20.16 17.39 18.09 18.69 8.33 894 9.11
Number of individuals (>=65 years) per

. . 0.470 0.490 0.500 0.450 0.470 0.480 0.170 0.180 0.190
housing unit

Monthly Housing Costs in ZCTA 926 962 1088 792 820 926 472 504 568
Median income in ZCTA 59188 63673 73352 54079 58042 67140 24898 26988 30807
gzzji;t below poverty level (=65 937 940 10.04 7.60 740 810 854 897 8.94
Female Percentage (>=65 years) 53.65 53.43 53.15 54.32 54.22 5390 9.00 9.69 9.49

* Note: Mean, median, and standard deviation values of socioeconomic indicators such as insurance status,

education level, income, poverty rate, and housing costs among older adults in ZCTAs.

Appendix A.3
Table A3. Tukey HSD Test for Total Tooth Loss Comparisons Across Years.
Mean
Groupl Group2 -adj lower upper reject
p P difference ¢ Pper 1€)

Total tooth loss (>=65 years) in  Total tooth loss (>=65 years) in 0.62 0.00 -074 -0.50 TRUE

2018 2020

Total tooth loss (>=65 years) in Total tooth loss (>=65 years) in

2018 2022 -1.43 0.00 -1.55 -1.31 TRUE
Total tooth loss (>=65 years) in Total tooth loss (>=65 years) in

2020 2022 -0.81 0.00 -0.93 -0.69 TRUE

* Note: Statistical comparison of total tooth loss between 2018, 2020, and 2022, showing mean differences, p-

values, and confidence intervals.
Appendix A4

Table A4. SLM vs SEM Model Performance Comparison.

Metric SLM ~ SEM ~ SLM = SEM  SLM  SEM Trend & Interpretation
(2018) (2018) (2020) (2020) (2022) (2022) P

SLM had a better fit in 2020, but SEM
was better in 2018 and 2022.

SLM explained more variance than
SEM, particularly in 2020 and 2022.
SLM had a stronger likelihood in 2020
-71200 -71170 -72050 -72078 -77220 -77275 and 2022, indicating significant spillover
effects.

AIC 150789 142360 143483 144176 153664 154568
PseudoR? 061 0.61 079 059 071 055

Log
Likelihood

* Note: SLM achieved better performance in the years 2020 and 2022 which indicates an increase in the strength
of spillover effects between neighboring regions after the pandemic period. The greater performance of SEM in
2018 indicates the stronger impact of unobserved regional factors compared to direct spillovers before the

pandemic emerged.
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Appendix A.5

Table A5. Spatial Dependence: Lambda (SEM) vs. Rho (SLM).

Lambda Rho (SLM Lambda Rho(SLM Lambda Rho (SLM

Metri
eMIC (GEM2018) 2018) (SEM2020) 2020) (SEM 2022)  2022)

Trend & Interpretation

In 2018, SEM (lambda) was stronger,
0.80 0.10 0.80 0.60 0.70 0.60  butin 2020 & 2022, SLM (rho) was
stronger.

Spatial
Dependence

* Note: Unobserved factors primarily caused spatial autocorrelation in 2018 as SEM demonstrated higher
strength. The direct spillover effects between ZCTAs grew stronger during the years 2020 and 2022 which
demonstrates that adjacent areas impacted each other as SLM became the prevailing model. After the pandemic

tooth loss prevalence in one region had a direct impact on neighboring regions.
Appendix A.6

Table A6. Key Predictors (Comparison Across SEM and SLM).

Variable SLM SEM SLM SEM SLM SEM Trend & Interpretation
(2018) (2018) (2020) (2020) (2022) (2022)
Uninsured status had a larger
0.03 0.05 0.11 0.04 0.05 0.06 spillover effectin 2020 (SLM), but by
2022, it was more localized (SEM).
Education had a stronger impact in

SLM for 2020, suggesting regional

Percent Uninsured
(>=65 years)

High School

Graduate (>=65 years) 008 -0.05 -0.75 -0.04 -0.06 -0.06 clusters of educated areas influencing
neighbors.
Bachelor’s Degree or SLM shows education-related
-0.10 -0.07 -1.04 -0.06 -0.08 -0.
Higher (>=65 years) 010 -0.0 04 -0.06 -0.08 spillover effects were highest in 2020.

Aging populations influenced

Population (=65 15 15 -0.74 -0.09 -012 -0.13 neighboring regions more in 2020

years) (SLM stronger).

Individuals per Housing crowding effects were
Housing Unit (>=65 538 541 050 2.85 4.10 4.13 strongestin 2018, declined in 2020,
years) then partially rebounded in 2022.
Median Income in In 2020 and 2022, income had stronger
ZCTA 0.00 0.00 -1.38 0.00 -2.61 0.00 spillover effects (SLM).

Poverty had stronger spillover effects
0.07 0.06 0.43 0.04 0.07 0.06 in 2020, but returned to local effects in
2022.

* Note: In 2020 poverty, uninsured rates, and education experienced the most significant spillover effects. Spatial

Percent Below
Poverty (>=65 years)

dependence diminished by 2022 which resulted in disparities becoming more region-specific. The influence of

education showed the greatest regional impact in 2020 yet shifted towards localized effects by 2022.
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