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The study aimed to develop an accurate predictive model to 
identify individuals without health insurance due to 
unemployment. The study participants comprised 2,496 
individuals who lacked general health insurance coverage in 
the United States for the period 2020-2023. Microdata 
records from the National Health Interview Survey available 
in the Integrated Public Use Microdata Series (IPUMS) 
served as the data source. The response variable was a 
binary variable indicating whether an individual had no 
health insurance (uninsured) due to unemployment. 
Statistical analyses involved descriptive measures: 
frequencies, percentages, and quartiles, and inferential 
tests: Pearson’s chi-squared test, Wilcoxon rank-sum test, 
and Goodman and Kruskal’s measures. For predictive 
analysis, data were partitioned into training and testing sets, 
with class imbalance addressed using the Synthetic Minority 
Over-sampling Technique (SMOTE). Binary logistic 
regression and probit models were applied, and model 
performance was assessed using accuracy, precision, recall, 
and F1 score. Most participants reported being in good, very 
good, or excellent health. The demographic and health-
related factors in this study had limited standalone 
predictive values. However, Probit and Logit models 
identified obesity, age, lower education, and lack of 
healthcare access as critical risk factors. Furthermore, the 
prediction performance metrics for both Logit and Probit 
models were identical.  
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Introduction 

   Lack of health insurance significantly impacts overall health and well-being, especially 

among unemployed individuals [1[,]2]. Individuals often lose their health insurance coverage 

when they become unemployed, making unemployment a critical factor in the prevalence of 

uninsured adults [3]-[5]. Individuals without health insurance due to unemployment pose a 

challenge to the health sector. According to Claxton et al. [6], loss of a job does not only mean 

loss of income but also loss of employer-related health insurance and a higher out-of-pocket 

healthcare cost [7].  The loss of income implies that the uninsured would also pay the full price 

for their medications [8].  

   Several factors account for the loss of health insurance due to unemployment. The most 

common factors include the changing nature of work, the changing nature of the labor market, 

and employers’ neglect of health outcomes [9]. A study of middle-aged adults in the United 

States by Kwon et al. [10] identified unstable employment and unskilled manual jobs as risk 

factors for loss of insurance coverage. Additionally, individuals with poor health and incomes 

below the federal poverty level were also at risk of being uninsured [10]. 

   Pratap et al. [9] characterized unemployment not only as an economic issue, but also 

as a public health problem. The rise in opioid overdose, for example, can be attributed in part 

to waning economic opportunities in the United States [11]. Loss of insurance coverage due to 

unemployment has had negative effects on health indicators [12], including mental health 

[13],[14]. For instance, [13] reported that unemployed individuals were more in danger of 

committing suicide than their insured counterparts. According to Nguyen et al. [7], an 

unemployment insurance claim has a statistically significant negative effect on prescription 

drug utilization. Unemployment-related reductions in prescription refills are highest in states 

without expanded Medicaid services—their out-of-pocket costs skyrocketed by 168%.  In a 

study of North Carolina in the United States, Shafer et al. [15] reported that 15% of unemployed 

individuals gained Medicaid coverage statewide, adding that the percentage was higher in 

socially vulnerable counties. 

   Researchers have suggested preventive measures as key to solving the public health 

crisis caused by loss of insurance coverage due to unemployment [9]. Stroud et al. [16] noted 

that while young adults are covered by provisions of the Affordable Care Act, little attention is 

paid to them in the healthcare system. Therefore, they recommended investing in the health 

and well-being of young adults [16]. Unemployment benefits are used as a stopgap to help 

reduce the harmful effects of unemployment on depression [17]. Cylus et al. [18] reported that 

a 63% increase in benefits mitigated the effects of unemployment on health, concluding that 

unemployment benefits have the potential to enhance health.  Another preventive measure 

suggested to mitigate the negative effects of loss of insurance coverage is the provision of rapid 
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housing. There is evidence showing that the provision of rapid housing positively impacted 

short-term health outcomes, such as hospitalizations and shorter periods of hospitalization 

[19]. A critical factor in the effectiveness of preventive measures, the early identification of 

individuals who lack health insurance due to unemployment, is an area that has been given 

little attention. Therefore, there is a need to develop predictive models for the identification of 

such individuals.  

A. Rationale for the Study 

The rationale for this study was to develop an accurate predictive model to identify 

individuals without health insurance due to unemployment. This focus is essential and would 

be beneficial to insurers, collection agencies, and policymakers for effective policy 

interventions. Predictors will help those agencies in terms of planning, decision making, and 

monitoring and evaluation of the target population, individuals without health insurance due 

to unemployment. 

B. Objectives of the Study 

The objectives of the study were threefold:  

• To quantify the strength and direction of pairwise association among risk 

(demographic and health-related) factors.  

• To identify significant risk (demographic and health-related) factors that contribute to 

the outcome.  

• To develop and evaluate the performance of predictive models based on the identified 

significant risk factors. 

Material and Methods 

A. Participants 

The study sample comprised 2,496 individuals in the United States who lacked general 

health insurance coverage between 2020 and 2023. This sample size was obtained following a 

structured data cleaning process. After restricting the dataset to the variables of interest and 

removing duplicate records, 3,566 unique observations remained. Next, 314 observations with 

missing information were excluded, leaving 3,252 observations (91.2%). The missing data 

were minimal and did not show any clear pattern related to the study outcomes or key 

predictors. Given the small proportion of missingness, a complete-case approach was adopted 

to maintain consistency across analyses without meaningfully affecting the sample size. We 

then examined unusually extreme values to ensure accuracy in the dataset. Rather than 

removing all outliers automatically, each case was reviewed carefully. Only those observations 

that appeared to reflect likely data-entry errors were excluded. This step resulted in the 
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removal of 756 additional observations, producing a final sample of 2,496 individuals, 

representing approximately 70.0% of the post-selection dataset. 

B. Data and Variables 

The study utilized microdata records from the National Health Interview Survey available 

in the Integrated Public Use Microdata Series (IPUMS) [20]. IPUMS is a widely recognized 

repository of harmonized census and survey data from around the world integrated across 

time and space. The response variable was HINOUNEMPR, a binary variable indicating whether 

an individual had no health insurance (uninsured) due to unemployment (1 = Yes, 0 = No). The 

predictor variables included a range of risk factors related to demographic, socioeconomic, and 

health-related characteristics. These variables were selected based on their relevance to health 

insurance coverage (Table 1). 

Table 1. Variable Definition 

Code Definition Type 

REGION Region where the individual resides Categorical 
AGE Age in years Continuous 
SEX Sex of the individual Categorical 
MARSTCUR Current marital status Categorical 
RACENEW Race/ethnicity Categorical 
EDUC Education level Categorical 
HEALTH Self-reported health Categorical 
BMICAT BMI category Categorical 
USUALPL Usual place for care Categorical 
HINOUNEMPR Reason for no insurance: Unemployment  Categorical 
SMOKFREQNOW Current smoking frequency Categorical 

C. Statistical Analyses 

Descriptive statistics, including frequencies, percentages, and quartiles, were computed to 

provide an overview of the demographic, socioeconomic, and health-related characteristics of 

the study participants. These statistics outlined the general profile of the study population, 

revealing both the distribution and variability in key variables. Several inferential statistical 

tests were conducted to examine associations between the predictor and response variables. 

Pearson’s Chi-Squared Test was used to assess associations between categorical variables 

(REGION, SEX, MARSTCUR, RACENEW, EDUC, BMICAT, USUALPL, and SMOKFREONOW) and 

the response variable. The Wilcoxon Rank Sum Test was applied to compare the distribution 

of AGE between uninsured individuals due to unemployment and those who were not, serving 

as a nonparametric alternative to the t-test for comparing two independent samples. In 

addition, Goodman and Kruskal's Tau was used to evaluate pairwise associations among the 

categorical predictors, where a value of zero signifies no association and a value of one 

indicates perfect association. 

Before modeling, the cleaned data set was divided into a training set (approximately 70% 

of the data) and a testing set (approximately 30%). This partition allowed the model to be 
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trained in one subset and evaluated on an independent subset, thereby reducing the risk of 

overfitting. The training data exhibited class imbalance, with a disproportionately higher 

number of insured individuals compared to those uninsured. To address this, the Synthetic 

Minority Over-sampling Technique (SMOTE) [21] was employed to generate synthetic samples 

of the minority class, resulting in a more balanced dataset and improved model performance. 

Binary Logistic Regression and Probit models (classification methods), both incorporating 

SMOTE, were then applied to model the probability of being uninsured due to unemployment 

based on the predictor variables. All significance tests were conducted at the 0.05 level to 

ensure statistical robustness and to minimize the likelihood of Type I errors. 

To determine the most appropriate classification method, model performance was 

evaluated using the testing set. A confusion matrix was constructed, and key evaluation 

metrics: accuracy, precision, recall, and F1 score were calculated to quantify and compare the 

predictive performance of the classification methods. All statistical analyses were performed 

using R version 4.3.0 and RStudio version 2023.06.1+524. 

Results and Discussions 

Table 2 shows a univariate analysis of demographic factors for a sample size of N 

=2,496. Most of the participants were from the South (54.21%), followed by the North Central 

Midwest (20.91%), West (16.87%), and Northeast (8.01%). This indicates a significant 

regional concentration in the South. The median age of the participants was 43 years, with an 

interquartile range (IQR) of 33 to 55 years, which suggests a relatively wide age distribution. 

There was a higher proportion of males (63.70%) compared to females (36.30%). A significant 

portion of the participants were under the "Other" category (41.15%), which included 

divorced, separated, or widowed individuals. Never-married individuals made up 31.33%, and 

married individuals accounted for 27.52%. The participants were 81.01% White, 12.06% 

Black, and 6.93% other races. Additionally, their educational backgrounds varied, with the 

largest group having a high school education (40.71%). The others were higher education 

(25.20%), some college (17.75%), and less than a high school education (16.35%). 

Table 2. Summary Statistics of Demographic Factors 

Characteristic 𝑵 = 𝟐, 𝟒𝟗𝟔1 

REGION  
Northeast 200 (8.01%) 
North Central Mid-West 522 (20.91%) 
South 1,353 (54.21%) 
West 421 (16.87%) 
AGE 43 (33, 55) 
SEX  
Female 906 (36.30%) 
Male 1,590 (63.70%) 
MARSTCUR  
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Characteristic 𝑵 = 𝟐, 𝟒𝟗𝟔1 
Never Married 782 (31.33%) 
Married 687 (27.52%) 
Other 1,027 (41.15%) 
RACENEW  
Black 301 (12.06%) 
White 2,022 (81.01%) 
Other 173 (6.93%) 
EDUC  
Less Than High School 408 (16.35%) 
High School 1,016 (40.71%) 
Some College 443 (17.75%) 
Higher Education 629 (25.20%) 

Table 3 provides a univariate analysis of health-related factors. The majority of 

participants reported their health status as "Good" (34.46%) or "Very Good" (31.05%). A smaller 

proportion reported "Excellent" health (17.63%), while 16.87% reported "Fair/Poor" health. 

This indicates that most participants perceived their health as good or very good, with few 

reporting less favorable health status. The distribution across BMI categories is relatively even, 

with 33.97% classified as "normal weight", 33.73% as "overweight", and 32.29% as "Obese". 

Most participants (61.66%) had USUALPL, while 38.34% did not. This could have implications 

for access to and continuity of care. Also, only 4.73% of participants had a history of 

unemployment, with the vast majority (95.27%) reporting no such history. Smoking habits were 

divided, with 44.67% reporting smoking every day, 43.07% not smoking at all, and 12.26% 

smoking some days. This highlights a significant portion of daily smokers, which could be a 

critical factor in health outcomes. 

Table 3. Summary Statistics of Health-Related Factors 

Characteristic 𝑵 = 𝟐, 𝟒𝟗𝟔1 

HEALTH  
Fair Poor 421 (16.87%) 
Excellent 440 (17.63%) 
Very Good 775 (31.05%) 
Good 860 (34.46%) 
BMICAT  
Normal Weight 848 (33.97%) 
Overweight 842 (33.73%) 
Obese 806 (32.29%) 
USUALPL  
1 1,539 (61.66%) 
0 957 (38.34%) 
HINOUNEMPR  
1 118 (4.73%) 
0 2,378 (95.27%) 
SMOKFREONOW  
Not at all 1,075 (43.07%) 
Some Days 306 (12.26%) 
Every Day 1,115 (44.67%) 

                                                                     1n (%) 

 



 JPHS Vol. 5, No. 02, August 2026, pp. 402-414   

408                                                                                                           P-ISSN 2961-9106 ● E-ISSN 2961-8681 

Table 4 provides the results of the Pearson's chi-square and the Wilcoxon rank-sum tests.  

For Pearson's chi-square, REGION, SEX,  MARSTCUR, RACENEW, HEALTH, BMICAT, USUALPL, 

and SMOKFREONOW were each not statistically associated with HINOUNEMPR.   Additionally, 

AGE, based on the Wilcoxon rank-sum test, was found not to be statistically significant between 

the two groups HINOUNEMPR. All tests were performed at the 0.05 level of significance. Further 

multivariate analysis could help better understand the relationships and potential confounding 

factors. 

Table 4. Descriptive and Inferential Analysis by HINOUNEMPR 

Characteristic 
𝟏 (𝒀𝒆𝒔) 

 𝑵 =  𝟏𝟖¹ 
𝟎 (𝑵𝒐) 

𝑵 =  𝟐, 𝟑𝟕𝟖 p-value2 

REGION   0.2469 

• Northeast 8 (6.78%) 192 (8.07%)  
• North Central Midwest 31 (26.27%) 491 (20.65%)  
• South 55 (46.61%) 1,298 (54.58%)  
• West 24 (20.34%) 397 (16.69%)  
AGE 41 (33, 51) 43 (33, 53) 0.1568 
SEX   0.3107 

• Female 48 (40.68%) 858 (36.08%)  
• Male 70 (59.32%) 1,520 (63.92%)  
MARSTCUR   0.0808 

• Never Married 48 (40.68%) 734 (30.87%)  
• Married 28 (23.73%) 659 (27.71%)  
• Other 42 (35.59%) 985 (41.42%)  
RACENEW   0.7622 

• Black 15 (12.71%) 286 (12.03%)  
• White 93 (78.81%) 1,929 (81.12%)  
• Other 10 (8.47%) 163 (6.85%)  
EDUC   0.0077 

• Less than High School 10 (8.47%) 398 (16.74%)  
• High School 41 (34.75%) 975 (41.00%)  
• Some College 25 (21.19%) 418 (17.58%)  
• Higher Education 42 (35.59%) 587 (24.68%)  
HEALTH   0.6066 

• Fair/Poor 18 (15.25%) 403 (16.95%)  
• Excellent 25 (21.19%) 415 (17.45%)  
• Very Good 32 (27.12%) 743 (31.24%)  
• Good 43 (36.44%) 817 (34.36%)  
BMICAT   0.4929 

• Normal Weight 37 (31.36%) 811 (34.10%)  
• Overweight 37 (31.36%) 805 (33.85%)  
• Obese 44 (37.29%) 762 (32.04%)  
USUALPL   0.1098 

• Yes 81 (68.64%) 1,458 (61.31%)  
• No 37 (31.36%) 920 (38.69%)  
SMOKFREONOW   0.8758 

• Not at all 53 (44.92%) 1,022 (42.98%)  
• Some Days 15 (12.71%) 291 (12.24%)  
• Every Day 50 (42.37%) 1,065 (44.79%)  
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Fig. 1 and Fig. 2 represent Goodman and Kruskal's Tau, which measures the association 

between two categorical variables within the overall data and the oversampled training set, 

respectively. Zero indicates no association, and one indicates perfect association. The higher 

the value, the stronger the association. Each variable has multiple values, which correspond to 

different levels. For example, regions have K=4, meaning there are four levels (Northeast, 

North Central, Midwest, South, West). There were no associations among each pair of 

categorical risk factors based on the Goodman-Kruskal tau metric (Tau values ≤ 0.03). This 

implies that the risk factors examined (predictor variables) were not or were weakly 

associated with one another. 

 
Fig. 1. Goodman & Kruskal’s Tau Measure (Overall Data) 

 

Fig. 2. Goodman & Kruskal’s Tau Measure (Oversampled Training Set) 
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Fig. 3 shows the p-values for the risk factors in both the Logit (Logistic regression) and 

the Probit models based on the oversampled training set. Apart from RACENEW and HEALTH 

(Good and Very Good), other risk factors (REGION, SEX, MARSTCUR, EDUC, BMICAT, USUALPL, 

SMOKEFREQNOW) were identified as statistically significant at the 0.05 level by both the Logit 

and the Probit models. 

 
Fig. 3. P-values: Logit & Probit Models (Oversampled Training Dataset) 

Fig. 4 shows the estimated odds ratios for various risk factors in both the Logit and the Probit 

models. An odds ratio (OR) greater than 1 indicates that the risk factor is associated with 

higher odds of the outcome, while an OR less than 1 means lower odds. If the OR is 1, there's 

no effect. The Logit and Probit models identified obesity, age, lower education, and lack of 

healthcare access as critical (statistically significant) risk factors.  

 

Fig. 4. Estimated Odds Ratios: Logit & Probit Models (Oversampled Training Dataset) 
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The prediction performance metrics for both Logit and Probit models were nearly 

identical, as shown in Table 5. Both models demonstrated high and comparable accuracy, with 

Probit marginally outperforming the Logit model by 0.14%.  

Table 5. Out-of-Sample Prediction Performance Metrics 

Metric Logit (%) Probit (%) 

Accuracy 81.30 81.44 
Recall 83.90 84.02 
Precision 95.90 95.93 
F1 Score 89.20 89.35 

Discussion  

The results of the current study showed that slightly over two-thirds of the participants 

were either overweight or obese. Research has identified obesity as a risk factor for exiting 

paid employment [22], as it is significantly associated with higher rates of unemployment and 

disability [23]. Another finding of the study was that lower education was a significant 

predictor of lack of health insurance due to unemployment. For instance, the prevalence of 

diabetes was found to be higher among individuals with less than a high school education than 

among those with a high school education [24].  

The results identified that age is a major risk factor for lack of health insurance because 

of unemployment. This finding is supported by Virgolino et al. [13], who reported that men and 

young adults were the most at risk of being unemployed. Stroud et al. [16] recommended that young 

adults aged 18- 26 years be treated as a distinct subgroup in health planning and programming, 

as little attention is paid to this group once they graduate from pediatric to adult medical care.  

Lack of healthcare access was found to be another critical risk factor in identifying 

individuals without healthcare insurance due to unemployment. This is consistent with Rinne 

et al. [25], who reported no employment status differences for the need for services from 

doctors and nurses. However, the unemployed had higher odds of having unmet healthcare 

needs when health-related factors were taken into consideration. Unemployment must be 

considered a public health issue, as limited access to healthcare could result in physical and 

mental health crises [26]. 

The demographic and health-related factors in the current study had limited 

standalone predictive value. That is, the factors in this were not statistically significant when 

assessed individually. However, when studied within the framework of logit and probit models, 

the researchers observed statistical significance as well as high predictive performance. 

Therefore, for accurate prediction of the demographic and health-related factors, practitioners 

should consider them jointly rather than in isolation. The predictive performances of the two 

models were similar. However, the probit model had a slightly higher predictive ability 

compared to the logit model. The implication is that the probit model had better potential than 
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the logit to assist in identifying individuals with no insurance due to unemployment. The 

contribution to existing modeling is for practitioners to use these variables (Demographic and 

health-related factors) in combination rather than in isolation. Another contribution made by 

this paper is that there was a slight difference in the predictive performances of the two models. 

This has the potential of guiding practitioners in making informed decisions as to which of the 

two models to use. 

A major limitation of the study is that potential confounders were not accounted for. 

Some common confounding variables could be the type of employment lost, the length of 

unemployment, and whether the previous insurance was employer-related or through private 

insurance. In addition, the definition of studied variables, such as Region and Health Status, 

could potentially affect the results of the study. For example, there could be variability within 

regions that were not accounted for in the present study. Moreover, Health Status as a variable 

in this study was measured subjectively through self-reporting. 

Conclusion 

Most participants in the present study reported being in good, very good, or excellent 

health. The demographic and health-related factors in this study had limited standalone 

predictive values. However, Probit and Logit models identified obesity, age, lower education, 

and lack of healthcare access as critical risk factors for determining individuals without health 

insurance due to unemployment. Furthermore, the prediction performance metrics for both 

Logit and Probit models were identical. 
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