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Introduction

Obesity is one of the most consequential public health challenges in the United States, contributing to elevated risk of type 2 diabetes, cardiovascular disease, certain cancers, and premature mortality. National surveillance data consistently show that adult obesity prevalence has risen over recent decades, yet the magnitude and pace of this increase vary substantially across states. Understanding the drivers of this variation and its trajectory over time is essential for targeting public health interventions.

Physical inactivity is a well-established modifiable risk factor for obesity. Adults who report no leisure-time physical activity are at greater risk of weight gain and obesity-related comorbidities. However, most prior studies examine this relationship cross-sectionally or at the individual level. Less attention has been paid to whether state-level inactivity rates predict state-level obesity trends longitudinally a question relevant to population-level policy.

This study uses state-level repeated measurements from the CDC Behavioral Risk Factor Surveillance System (BRFSS) spanning 2011–2024 to examine: (1) how obesity prevalence has changed over time across U.S. states, (2) whether state-level physical inactivity is associated with obesity prevalence after accounting for time trends, and (3) how much of the variation in obesity is attributable to stable between-state differences versus within-state change over time.

Data

Source
Data were obtained from the CDC's Nutrition, Physical Activity, and Obesity dataset, drawn from the Behavioral Risk Factor Surveillance System (BRFSS). BRFSS is an annual telephone survey conducted in all 50 states and the District of Columbia, collecting self-reported health behavior data from non-institutionalized adults aged 18 and older. The dataset was accessed via the CDC's public data hub (data.cdc.gov).

Sample 
The analytic sample consists of state-year observations for all 50 U.S. states plus the District of Columbia (n = 51 units) across 14 survey years (2011–2024). The maximum possible number of state-year records is 714 (51 × 14); the final analytic dataset contains 709 complete observations after excluding 5 state-year records in which one or both indicators were not reported (affecting four survey years: 2019, 2021, 2023, and 2024).

Three variables were used. Obesity prevalence (`obesity_prev`), the outcome variable, is the percentage of adults with obesity (BMI ≥ 30), derived from "Percent of adults aged 18 years and older who have obesity." Physical inactivity (`inactive_prev`), the primary time-varying predictor, is the percentage of adults reporting no leisure-time physical activity, derived from "Percent of adults who engage in no leisure-time physical activity." Poverty rate (`poverty_rate`) is the percentage of the state population with income below the federal poverty level, obtained from the U.S. Census Bureau's American Community Survey (ACS) 1-year estimates via the `tidycensus` R package (variable `B17001`); it serves as a time-varying covariate to account for socioeconomic disadvantage, a known correlate of both physical inactivity and obesity at the population level. Because ACS 1-year estimates for 2020 were not released due to COVID-19 data collection disruptions, 2020 poverty rates were interpolated as the mean of each state's 2019 and 2021 values.

BRFSS indicators reflect overall (non-stratified) state-level estimates. Territorial observations (Guam, Puerto Rico, Virgin Islands, American Samoa, Northern Mariana Islands) were excluded to maintain a consistent 50-state + DC panel. Crude statewide prevalence estimates were retained for both indicators.

Descriptive Statistics

Over the full analytic period, mean state obesity prevalence was 30.9% (SD = 4.3%; range: 20.2–41.4%), mean physical inactivity was 24.3% (SD = 4.2%), and mean state poverty rate was 13.4% (SD = 3.1%; range: 7.2–24.2%). National mean obesity rose steadily from 27.6% in 2011 to 33.8% in 2024, an increase of 6.2 percentage points over 13 years. Physical inactivity showed no clear secular trend over the same period, fluctuating between approximately 22% and 27%.

Methods

Analytic Approach

The data have a two-level longitudinal structure: annual observations (level 1) nested within states (level 2). Standard regression would underestimate standard errors by ignoring the non-independence of observations within states. We therefore fit a series of linear mixed-effects models (LME) via the `lme4` package in R, with Satterthwaite degrees of freedom approximation for inference (`lmerTest`). All models were estimated using full maximum likelihood to enable likelihood ratio tests (LRT) for nested model comparison.

All models treat state as the level-2 clustering unit with a random intercept at minimum. Time is represented by `year_c`, centered at 2011 (the first observed year), so the intercept reflects predicted obesity prevalence at baseline.


Model Sequence

Four models were fit in sequence to build understanding incrementally. The first, M0, is a null model with a random intercept and no predictors, used to partition variance and compute the intraclass correlation coefficient (ICC). M1 adds `year_c` as a fixed effect to capture the secular increase in obesity prevalence over time. M2 extends M1 by adding both `inactive_prev` and `poverty_rate` as time-varying fixed effects; including both predictors simultaneously isolates the independent contribution of each. Finally, M3 allows the time slope to vary by state, capturing heterogeneity in how quickly obesity is rising across states. M3 is the best-fitting and primary inferential model.

The full model (M3) can be written as:

Y_ij = β₀ + β₁(year_c_ij) + β₂(inactive_prev_ij) + β₃(poverty_rate_ij) + u₀j + u₁j(year_c_ij) + ε_ij

where Y_ij is obesity prevalence for state j in year i; β₀, β₁, β₂, β₃ are fixed effects; u₀j ~ N(0, τ₀²) and u₁j ~ N(0, τ₁²) are state-specific random intercept and slope deviations, assumed jointly normal; and ε_ij ~ N(0, σ²) is the residual error. AIC, BIC, and LRT were used for model comparison. Final inference on fixed effects is drawn from M3 as the best-fitting model.


Results

Variance Decomposition (ICC)

The null model (M0) partitioned total variance in obesity prevalence into between-state (τ² = 12.57) and within-state residual (σ² = 6.09) components. The intraclass correlation coefficient (ICC) was 0.674, indicating that 67.4% of the total variance in state obesity prevalence is attributable to stable differences between states rather than year-to-year fluctuation within states. This large ICC confirms that multilevel modeling is warranted.

Model Comparison

	Model
	Parameters
	AIC
	BIC
	Log-Likelihood

	M0: Null
	3
	3471.7
	3485.4
	-1732.9

	M1: + Time
	4
	2399.9
	2418.2
	-1196.0

	M2: + Inactivity + Poverty
	6
	2392.0
	2419.4
	-1196.0

	M3: + Random slope
	8
	2328.6
	2365.1
	-1156.4




Adding time (M0 to M1) produced the largest improvement in fit (ΔAIC = 1072; LRT χ²(1) = 1073.8, p < 0.001). Adding both inactivity and poverty simultaneously (M1 to M2) yielded a significant improvement (LRT χ²(2) = 12.0, p = 0.002). Allowing the time slope to vary by state (M2 to M3) produced substantial additional improvement (LRT χ²(2) = 67.4, p < 0.001), indicating meaningful heterogeneity in obesity trends across states. M3 was selected as the best-fitting model.

Fixed Effects

Fixed effects from the best-fitting model (M3: random slope, with inactivity and poverty):

	Term
	Estimate
	SE
	t
	p
	95% CI

	Intercept (baseline, 2011)
	23.90
	1.01
	23.6
	< 0.001
	[21.9, 25.9]

	Year
	0.578
	0.022
	26.2
	< 0.001
	[0.535, 0.622]

	Inactivity
	0.057
	0.021
	2.77
	0.006
	[0.017, 0.097]

	Poverty Rate
	0.143
	0.047
	3.02
	0.003
	[0.050, 0.237]




After accounting for inactivity and poverty, obesity prevalence increased by an estimated 0.58 percentage points per year on average (95% CI: 0.54–0.62). This strong secular trend is the dominant driver of rising obesity and likely reflects long-term shifts in diet, built environment, and sedentary behavior not fully captured by the measured predictors. After adjustment for time, poverty, and state-level clustering, higher state inactivity prevalence was independently associated with higher obesity prevalence (β = 0.057, 95% CI: 0.017–0.097, p = 0.006): a 1 percentage point increase in the share of adults with no leisure-time physical activity is associated with a 0.057 percentage point increase in obesity prevalence. Because `inactive_prev` is not within-state centered, this coefficient reflects a blend of between- and within-state variation and should not be interpreted as a purely longitudinal within-state effect. After adjustment for time and inactivity, a 1 percentage point higher state poverty rate was associated with 0.143 percentage points higher obesity prevalence (95% CI: 0.050–0.237, p = 0.003). Both predictors are independently significant, indicating that physical inactivity and socioeconomic disadvantage represent distinct pathways to higher state obesity burden.


Random Effects

Random effects estimates from the best-fitting model (M3):

	Component
	SD
	Variance

	Between state intercept
	2.82
	7.95

	Between state slope
	0.10
	0.010

	Intercept slope correlation
	0.057
	-

	Residual within state 
	1.00
	1.00




The between-state SD in intercepts of 2.82 reflects persistent differences in baseline obesity levels across states. The between-state SD in time slopes of 0.10 confirms that states differ meaningfully in how fast obesity is rising. The estimated correlation between state-level intercepts and slopes was 0.57, indicating that states with higher baseline obesity tend to experience faster subsequent increases the gap between high- and low-obesity states is widening over time. The residual within-state SD was 1.00. Residual diagnostics including a plot of residuals versus fitted values and a normal Q-Q plot showed approximate normality and no systematic patterns, supporting the adequacy of model assumptions.


Discussion

This study examined 14 years of state-level BRFSS data to characterize the longitudinal relationship between physical inactivity and obesity across U.S. states. Three main findings emerge.

First, the dominant feature of obesity trends is a strong, near-universal secular increase. Obesity prevalence rose by approximately half a percentage point per year on average, and the random slope model revealed that this rate varied meaningfully across states some states are gaining faster than others. This heterogeneity is important: it suggests that aggregate national trends obscure diverging state trajectories and that state-specific factors warrant investigation.

Second, the large ICC (0.67) confirms that stable between-state characteristics likely reflecting differences in socioeconomic conditions, built environment, food access, and demographics account for the majority of variance in obesity. Longitudinal models that ignore this clustering would produce misleading inference.

Third, after controlling for time trends and state poverty rates, physical inactivity remains a statistically significant, independent predictor of state obesity prevalence (β = 0.057, p = 0.006). Poverty is also independently associated with obesity (β = 0.143, p = 0.003), consistent with the role of socioeconomic disadvantage in shaping access to healthy food, safe exercise environments, and preventive healthcare. The two predictors are not redundant each captures a distinct pathway to elevated state obesity burden, and both remain significant after mutual adjustment.

Limitations

Several limitations should be noted. First, this is an ecological analysis: associations between state-level aggregates do not necessarily reflect individual-level relationships, and ecological fallacy remains a concern. Second, both BRFSS indicators are self-reported, introducing potential measurement error and social desirability bias. Third, the analysis uses crude prevalence rather than age-adjusted estimates, so differences in state age distributions may confound comparisons. Fourth, while state poverty rates are included, other potential confounders such as racial/ethnic composition, urbanicity, and food environment remain unmeasured.


Conclusion

Using longitudinal mixed-effects models on 14 years of CDC BRFSS and Census ACS data, this study documents a consistent and substantial rise in adult obesity prevalence across U.S. states from 2011 to 2024. After controlling for time trends and state poverty rates, physical inactivity remains a significant independent predictor of obesity, and poverty itself contributes an additional, distinct association. The large between-state ICC underscores the importance of accounting for clustering in longitudinal public health analyses. Future work should incorporate additional state-level covariates such as food environment and urbanicity, apply within-state centering to isolate the longitudinal within-state effect of inactivity, and explore subgroup heterogeneity to better understand the drivers of diverging obesity trajectories across states.
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