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Abstract

U.S. national health expenditures accounted for 17.3% of GDP, raising persistent concerns among insurers,
policymakers, and households. Using the Medical Cost Personal Dataset (n=1,338), which includes
demographic and lifestyle variables, this study examines the determinants of individual health insurance
charges. A multivariate regression framework was used to estimate the effects of age, body mass index (BMI),
smoking status, number of children, sex, and region. The results indicate that smoking increased the predicted
charges by more than $23,000, while age and BMI also had statistically significant positive effects. In contrast,
sex and regional differences were not significant after controlling for other factors. The model explained
approximately 74% of the variance in charges. These findings align with prior evidence on lifestyle-related
risks and provide support for risk-adjusted premium design, highlighting the policy relevance of smoking
cessation and obesity prevention.
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1. Introduction

According to the Centers for Medicare & Medicaid Services (CMS), U.S. national health expenditures
reached USD 4.5 trillion in 2022, accounting for 17.3% of gross domestic product (GDP), and are projected
to grow at an average annual rate of 5.4% through 2031 [1]. Rising healthcare costs have placed sustained
pressure on households, insurers, and policymakers. Health insurance plays a critical role in providing financial
protection, yet premium growth and medical charges continue to outpace wage growth and inflation.
Identifying the factors that drive variation in individual insurance charges is therefore essential for designing
risk-adjusted premium structures and for informing effective public health strategies.

Prior research has consistently highlighted the influence of lifestyle and demographic characteristics on
healthcare expenditures. Smoking has long been recognized as a major driver of costs. Evidence from national
surveys shows that current smokers face substantially greater annual medical spending than nonsmokers do
[2]. Moreover, longitudinal analyses confirm that smoking, along with other behavioral risks, leads to
persistently elevated healthcare costs over time [3]. Obesity, which is commonly measured by body mass index
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(BMI), is another significant determinant. Recent evidence from the Trendelag Health Study in Norway
demonstrated that higher BMI is consistently associated with greater healthcare expenditures, with costs rising
sharply among individuals at the upper end of the BMI distribution [4]. Similar patterns are reported in U.S.
data, where obesity has been estimated to account for approximately $147 billion in annual medical spending
[5]. Age also exerts a fundamental influence, reflecting the growing burden of chronic conditions and long-
term care needs among older populations. CMS data show that individuals aged 65 and older, who constitute
17% of the population, account for 37% of total personal healthcare spending [6], underscoring the fiscal
significance of aging.

In addition to individual risk factors, regional and systemic variation also shape expenditure patterns.
Comparative evidence from Germany has shown that regional differences in healthcare costs can be largely
explained by variations in morbidity and the distribution of medical resources [7]. In the United States, the
Dartmouth Atlas has documented large geographic variations in Medicare spending that are not consistently
associated with better health outcomes, suggesting that contextual and provider-level factors drive cost
disparities [8]. Moreover, population-level estimates indicate that modifiable behavioral risks such as smoking
and high BMI account for a large share of total health spending, underscoring the policy importance of
preventive strategies and actuarial risk adjustment [9].

Despite these insights, much of the evidence to date is derived from large-scale surveys or aggregate
expenditure accounts, which may obscure variation at the individual level. Few studies apply a unified
regression framework to jointly examine demographic, behavioral, and regional determinants via microlevel
insurance data. This paper addresses that gap by analyzing the Medical Cost Personal Dataset (n = 1,338), a
widely used dataset containing individual-level information on health insurance charges and related covariates.
A multivariate regression model was applied to quantify the relative contributions of smoking, BMI, and age
while also evaluating the additional roles of sex, number of children, and region. The study contributes by (1)
confirming the effects of established cost drivers within a transparent regression framework, (2) assessing the
significance of additional demographic and contextual variables, and (3) drawing implications for risk-adjusted
premium design and public health interventions. In this ways, it illustrates the value of accessible microdata for
replicable empirical analysis and policy discussion in health economics.

2. Literature Review

2.1 Smoking and Healthcare Expenditures

Smoking is a major driver of excess medical costs because of its association with chronic diseases. U.S.
survey data show that smokers face substantially higher annual expenditures than nonsmokers do [2]. National
estimates attribute approximately 8—9% of total healthcare spending to smoking, exceeding USD 170 billion
annually [10]. International evidence reinforces this burden, with the WHO reporting that smoking accounted
for 5.7% of global health spending in 2012 [11]. Longitudinal analyses further indicate that reductions in
smoking prevalence translate into measurable cost savings [3]. These findings underscore the economic
importance of tobacco control and justify the inclusion of smoking status in expenditure models.

2.2 Body Mass Index and Obesity

Obesity, measured by BMI, is another key determinant of healthcare expenditures. U.S. estimates suggest
that obesity adds over USD 140 billion in annual medical costs [5]. Using instrumental variables, Cawley and
Meyerhoefer [12] showed that conventional estimates may understate the causal effect, with obesity increasing
costs by approximately USD 2,700 per adult per year. More recent analyses confirm a national burden
exceeding USD 170 billion annually, with severe obesity driving disproportionate costs [13]. OECD countries
also report that overweight- and obesity-related conditions account for a sizable share of health budgets [14].
Collectively, these studies confirm that BMI is a critical predictor of both individual and system-level costs.

2.3  Age and Demographic Determinants

Age is a fundamental predictor, with per capita healthcare spending rising sharply among older adults. In
the U.S., individuals aged 65+ account for 37% of total personal health spending, despite representing 17% of
the population [6]. However, classic health economics research emphasizes that much of this association
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reflects proximity to death rather than age per se [15]. Other demographic factors have mixed effects: sex-
related differences often disappear once morbidity is controlled, whereas the number of dependent children
tends to increase family expenditures but has a limited impact on per capita charges.

2.4  Regional Variation and Systemic Factors

Geographic variation also contributes to expenditure differences. In Germany, disparities are largely
explained by morbidity and resource distribution [7]. In the U.S., Medicare spending varies by more than 40%
across regions, yet higher spending does not consistently yield better outcomes [8, 16]. These findings suggest
that systemic factors—provider practice styles, resource allocation, and postacute care utilization—are key
drivers of regional variation, with implications for both insurers and policymakers.

2.5 Gaps in the Literature

Despite extensive evidence, three gaps remain. First, most analyses rely on aggregate survey or expenditure
data, limiting insight into individual-level heterogeneity. Second, relatively few studies have jointly evaluated
demographic, behavioral, and regional factors within a unified econometric framework. Third, while the costs
of modifiable risks such as smoking and obesity are well established, their interactions with demographic
variables and implications for premium design are less frequently addressed. This study contributes by
applying multivariate regression to microlevel insurance data, offering a transparent assessment of established
determinants and their relative importance.

3. Methodology

3.1 Data Sources

This study employs the Medical Cost Personal Dataset (N=1,338), which is publicly available and widely
used in methodological demonstrations of health expenditure modeling. The dataset contains individual-level
information on annual medical insurance charges and key demographic and lifestyle variables. While not a
nationally representative survey, it provides a transparent microlevel setting that allows for the testing of
established hypotheses regarding healthcare cost determinants.

3.2 Variables

The dependent variable is annual health insurance charges (USD). The independent variables include:

Age: measured in years.

Sex: binary indicator (male = 1, female = 0).

Body mass index (BMI): a continuous variable, defined as weight in kilograms divided by height in meters
squared.

Children: number of dependent children covered by the policy.
Smoker: binary indicator (smoker = 1, nonsmoker = 0).
Region: categorical variable for U.S. geographic regions (Northeast, Northwest, Southeast, Southwest).
The selection of these variables is consistent with prior studies that identified demographic and lifestyle
factors as key drivers of medical expenditures [2, 4, 17].
3.3  Descriptive Analysis

To provide an initial overview, scatter plots were generated to illustrate the bivariate relationships between
charges and two major predictors: age and BMI (Figure 1). Charges increase steadily with age, whereas BMI
also has a positive, although more dispersed, association. These patterns provide preliminary justification for
including age and BMI as explanatory variables in the regression framework.
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Figure 1: Scatter plots of annual health insurance charges by age and BMI
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34 Statistical Considerations

Prior to estimation, descriptive statistics and graphical analyses were used to identify potential outliers and
explore bivariate associations. Pairwise correlations were examined to assess multicollinearity among
predictors, and residual plots were inspected to evaluate normality and heteroskedasticity. While the dataset
does not permit advanced robustness checks such as instrumental variable estimation or longitudinal analysis,
an ordinary least squares (OLS) framework provides a transparent baseline for assessing relative associations.

The regression model is specified as follows:
Charges; = Bo + B14ge; + B2BMI; + B3Children; + BySmoker; + BsSex; + BgRegion; + €;

where Charges; represents annual medical charges for individual i and where ¢; is the error term.

4. Results

4.1 Descriptive Statistics by Region

Table 1 reports summary statistics of annual insurance charges across four U.S. regions. The Southeast
region has the highest mean charges (USD 63,770) and moderate variability, indicating both higher overall
costs and dispersion. Southwest China has the lowest mean (USD 52,591) but the highest standard deviation,
suggesting considerable heterogeneity in expenditures within the region. In comparison, Northeast China and
Northwest China display more consistent patterns, with moderately high means and relatively lower standard
deviations. These regional differences may reflect variations in population health, provider availability, or
local economic conditions.

Table 1. Descriptive statistics of annual insurance charges by region

Region Number Sum Mean Standard deviation
Northeast 324 4343669 58571 11256
Northwest 325 4035712 60021 11072
Southwest 325 4012755 52591 13971
Southeast 364 5363690 63770 11557

4.2  Age and Healthcare Charges

Figure 3 depicts average annual charges by age, with a fitted linear trend line. A positive association is
observed, with charges rising by approximately USD 265 per year of age (R> = 0.71). While the overall trend
is increasing, fluctuations are evident, particularly between the ages of 30 and 50, suggesting heterogeneity
attributable to unobserved health or behavioral factors.
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Figure 2. Average annual insurance charges by age with a fitted trend line
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4.3  Correlation Analysis

Figure 4 presents the correlation matrix of the key variables. Smoking status had the strongest correlation
with charges (r=0.79), followed by age (r = 0.30) and BMI (r = 0.20). Other variables, such as sex and region,
exhibited negligible associations. These patterns provide preliminary evidence that lifestyle-related factors
dominate demographic and geographic determinants in shaping insurance costs.

Figure 3: Correlation matrix of demographic, lifestyle, and regional variables
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4.4  Regression Analysis

Table 2 reports the F test results for the regression model. The overall F statistic of 508.7 (p < 0.001)
confirms that the independent variables jointly explain a significant share of the variation in charges. The
model achieves an R? of 0.742 (adjusted R?>= 0.740), indicating that approximately 74% of the variance in
annual insurance charges is explained by the predictors.

Table 2: F test results for the regression model

Source DF FValue P-Value
Model 6 508.7 <.0001
Error 1063

Total 1069

Table 3 presents the estimated coefficients. Smoking status has the largest effect, with smokers incurring
USD 23,650 higher annual charges than nonsmokers do (p < 0.001). Age and BMI also have significant
positive effects, with each additional year of age associated with USD 257 higher charges and each unit
increase in BMI linked to USD 336 higher charges. The number of children is positively associated with
charges (USD 425 per child, p < 0.01). In contrast, sex and regional indicators are statistically insignificant,
suggesting a limited influence on individual-level variation once behavioral risk is controlled for.

Table 3. Parameter estimates from the multivariate regression model

Variable Parameter Estimate Standard Error T Value P Value
Intercept -1.195¢+04 1086.94 -10.991 <.0001
Age 257.06 13.45 19.109 <.0001
Sex -18.79 375.77 -0.05 0.96
BMI 335.78 31.66 10.607 <.0001
Children 425.09 154.43 2.753 0.006
Smoker 2.365¢+04 465.25 50.829 <.0001
Region -271.28 170.37 -1.592 0.112

Figure 4 compares the predicted and actual charges. Most observations lie close to the 45-degree line,
confirming good model fit, although larger deviations are visible at higher charge levels. Figure 5 shows the
residual distribution, which approximates normality but reveals heavier tails driven by smokers and individuals
with elevated BMI.

Figure 4: Actual versus predicted charges from the regression model
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Figure 5: Residual distribution of the regression model
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5. Conclusion

This study examined the determinants of U.S. health insurance charges via microlevel data and a
multivariate regression framework. The results demonstrate that smoking is by far the most influential
predictor of charges, followed by age and BMI, whereas sex and regional indicators are not statistically
significant. The model explains approximately 74% of the variance in charges, underscoring the importance
of behavioral risk factors in shaping medical expenditures. These findings are consistent with recent evidence
showing that smoking continues to impose a substantial burden on U.S. healthcare spending [18, 19] and that
obesity-related multimorbidity significantly increases costs across demographic groups [20]. Longitudinal
analyses further confirm that lifestyle risks such as smoking and obesity independently drive higher medical
expenditures [17], whereas demographic and regional differences explain relatively little variation once risk
factors are controlled for [21].

The findings have direct implications for policy and practice. For insurers, incorporating behavioral risk
factors such as smoking and BMI into premium design can improve pricing accuracy. For policymakers,
targeted interventions aimed at smoking cessation and obesity prevention could substantially reduce overall
healthcare costs and improve public health outcomes.

Several limitations should be noted. The dataset, while useful for methodological demonstration, is not
nationally representative and lacks detailed clinical information. The cross-sectional design also precludes
analysis of dynamic changes over time. Future research should incorporate longitudinal and nationally
representative data and explore additional explanatory factors, such as genetic predispositions, socioeconomic
status, and detailed behavioral measures.

Overall, the analysis highlights that modifiable lifestyle risks are central drivers of health insurance charges.
By prioritizing prevention and integrating risk adjustment mechanisms, both insurers and policymakers can
move toward a more equitable and sustainable approach to managing healthcare costs.
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