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Abstract: This paper presents a case study on the IPUMS NHIS database, which provides data from censuses and surveys on the health 

of the U.S. population, including data related to COVID-19. By addressing gaps in previous studies, we propose a machine learning 

approach to train predictive models for identifying and measuring factors that affect the severity of COVID-19 symptoms. Our 

experiments focus on four groups of factors: demographic, socio-economic, health condition, and related to COVID-19 vaccination. 

By analysing the sensitivity of the variables used to train the models and the VEC (variable effect characteristics) analysis on the 

variable values, we identify and measure importance of various factors that influence the severity of COVID-19 symptoms. 
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1. Introduction 

The COVID-19 pandemic, officially recognized in 

2020, has dramatically changed all aspects of life 

around the world. The increasing mortality rate led to a 

crisis in the health care systems and subsequent 

national lockdowns, which in turn negatively affected 

economic and social welfare. Health care delivery was 

also adversely affected by outpatient medical facilities 

ceasing routine patient care. Medical risk factors 

influencing symptom severity and increased mortality 

rate have been well studied and reported in the 

literature. At the same time, additional factors of a 

social and demographic nature remain understudied  

in the literature. The purpose of this cross-sectional 

study was to use data from the US National Health 

Survey to estimate the potential impact of 

demographic, socio-economic, and general health 

factors on the severity of symptoms experienced by 

diagnosed COVID-19 cases. 

The literature shows that studies related to the impact 

of COVID-19 on various aspects using the data we use 

include the study of socio-demographic and behavioural 

factors associated with receiving a seasonal flu vaccine 
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[1]; utilization of medical care [2]; disruptions in cancer 

care and treatment [3]; racial and ethnic disparities in 

health outcomes [4]; differences in access to health care 

according to sexual orientation [5]. The literature also 

suggests that the most common approach to data 

analysis is statistical [1, 2, 3, 5]. 

In order to estimate the risk factors contributing to 

severity of COVID-19 symptoms, this study uses 

logistic regression predictive models trained by the data, 

combined with sensitivity and VEC (variable effect 

characteristic) analysis of variables. 

The remainder of the paper is organized as follows: 

Section 2 provides an overview of the methods used to 

analyse data; Section 3 discusses the data used; Section 

4 presents and discusses experimental results; and 

Section 5 gives conclusions. 

2. Methods 

2.1 CRISP-DM 

The CRISP-DM framework is a widely used approach 

to data analysis and mining, consisting of six main phases 

(Fig. 1) for successful transformation, development, 

testing, and deployment of machine learning solutions [6]. 
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Fig. 1  The CRISP-DM methodology and its phases. 
 

This study uses the CRISP-DM methodology as a 

research approach. 

The first stage is business understanding, defining 

the project goals from a business perspective and 

turning that knowledge into a data mining problem 

definition. 

From this point of view, the main objective of this 

study is to train binary classification models that can 

predict severity of COVID-19 symptoms based on 

various features from available data. The data 

understanding stage includes initial data collection and 

activities to understand the meaning of the data, 

identify data quality issues, and obtain an initial 

understanding of the data. The data preparation stage 

includes all activities to build the final dataset from the 

initial raw data. The modelling stage is focused on 

training classification models and optimizing their 

parameters for maximum performance. Finally, the 

evaluation stage involves a thorough evaluation of the 

models and a review of all CRISP-DM stages. The 

deployment stage is not applicable to this study. 

2.2 Logistic Regression 

This research uses binary logistic regression as 

machine learning technique for binary classification. It 

measures relationship between one or more 

independent variables Xi and a categorical dependent 

variable Y by estimating probabilities using the logistic 

function (1). 

 

(1) 

also known as odds ratio, where βi are regression 

coefficients. The logistic function will always produce 

an S-shaped curve as shown in Fig. 2, so values of Y 

close to 0 indicate low probability of belonging to the 

success class 1 and values close to 1 indicate high 

probability of belonging to that class. The coefficients 

βi are estimated using the maximum likelihood 

technique on the training data. 

3. Dataset 

This study uses cross-sectional microdata collected 

from the IPUMS NHIS, providing information on U.S. 

population health [7]. The extracted dataset initially 

contained 68 variables and 75,101 records from years 

2021-2022. With reference to the CRISP-DM data 

understanding and preparation stages, variables were 

reduced to 33 to avoid multicollinearity. Records were 

also reduced to 4,340 representing only diagnosed 

COVID-19 cases. 

Variables were grouped by meaning into four 

categories, namely: 

 Demographic: year, region of residence, urban-

rural, age, sex, sex orientation, marital status, race, 

Hispanic ethnicity, US born, and citizenship. 
 

 
Fig. 2  Logistic regression function. 
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Fig. 3  Correlation matrix plot. Positive and negative correlations are represented by colored circles. 
 

 Socio-economic: education, max family education, 

employment, delayed medical care due to cost, 

unaffordable medical care, unaffordable medicines, 

worried about paying medical bills, less medications to 

save money, unable to pay medical bills, health 

insurance, and private health insurance. 

 Health condition: health status, usual place for 

medical care, arthritis, asthma, high cholesterol, diabetes, 

heart attack, liver condition, and stroke. 

 COVID-19 related: covid vaccination, number of 

vaccinations, and covid severity symptoms (dependent 

variable). 

The correlation analysis of variables illustrated in 

Fig. 3 showed very strong positive and negative 

correlations between variables with a value above 0.8, 

which led to the elimination of four more variables: 

SEXORIENTATION, YBARCARE, USUALPLACE, 

and HISPET. 

We further analysed these factors by training 

predictive models based on logistic regression, which 

is discussed in the next section. 

4. Experiments and Analysis 

The focus of our experiments was to investigate the 

relationship between different factors and the severity 

of symptoms of diagnosed COVID-19 cases. For that 

purpose, in R [8] we trained four logistic regression 

classifiers with data from each of the four categories to 

examine in detail the factors within those categories. 

With reference to the modelling stage of CRISP-DM, 

we set aside 20% of the data for testing purposes   

only and the rest of 80% were split for training and 

validation purposes in 2:1 ratio. To avoid training bias 

caused by composing “lucky sets” we used 5-fold 

cross-validation and averaged results from 10 instances 

of each classifier. Metrics used to evaluate performance 

were prediction accuracy (Acc), sensitivity (TPR), 

specificity (TPR), precision, and F1. We also performed 

Receiver Operating Characteristics (ROC) analysis [9] 

of the classifiers and calculated the Area Under the 
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Table 1  Performance metrics of logistic regression models 

trained by four categories of variables. 

 Demographic 
Socio- 

economic 
Health COVID-19 

Acc 68.29 71.06 72.33 72.33 

AUC 0.70 0.76 0.76 0.76 

TPR 56.25 74.05 76.84 76.84 

TNR 60.64 47.27 46.78 46.78 

Precision 62.14 59.86 60.74 60.74 

F1 59.05 66.20 67.85 67.85 

 

Curve (AUC) metric to evaluate the overall performance 

regardless of the choice of threshold operating point for 

mapping predicted probability to a class label. 

Table 1 shows the performance metrics for each 

classifier. According to accuracy, as the primary 

performance estimator for a classifier, factors related to 

overall health and COVID-19-related to vaccination 

categories play an equally important and most significant 

role in COVID-19 symptoms. This is confirmed by the 

equal and highest values of all other metrics. The next 

in importance is the category of socio-economic factors. 

It shows slightly lower accuracy in predictions but the 

same AUC value of 76%, almost equalizing the 

importance of this category with the previous two. 

However, the demographic factors generally play the 

least significant role in COVID-19 symptoms, with 

some exceptions. This is confirmed by the lowest 

values of nearly all metrics in the table. To rank 

variable significance, we used the sensitivity analysis 

method [10], which varies each input variable through 

its range from min to max value and use the gradient 

measure to rank it. To analyse how individual variable 

values contribute to the output, we performed a VEC 

analysis [11] on some significant non-binary variables. 

The following sections show those details for each 

category of factors. 

4.1 Demographic Factors 

Demographic factors in the data include REGION—

region of residence; URBRRL—urban-rural residence; 

AGE—age; SEX—gender; MARST—current marital 

status; RACENEW—self-reported race; USBORN—

U.S. born; and CITIZEN—citizenship. 

The sensitivity analysis performed on the trained 

model by these variables ranks their importance, as 

seen in Fig. 4. AGE dominates over the others with a 

score of 60%, while the remaining 40% is shared 

among CITIZEN, MARST, and USBORN. The rest of 

the variables have, in practice, no significance towards 

the severity of symptoms. When examining how values 

of AGE affect the symptoms through VEC (Fig. 5), an 

almost linear dependence between increasing age and 

worsening of symptoms can be observed. 
 

 
Fig. 4  Significance of demographic variables. 
 

 
Fig. 5  VEC analysis of AGE. 
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Fig. 6  Significance of socio-economic variables. 

4.2 Socio-Economic Factors 

Socio-economic factors in the data include 

EMPSTAT—employment status; EDUC—educational 

attainment; MAXEDUC—highest level of education of 

all the adults in the family; DELAYCOST—delayed 

medical care due to cost; YBARMEDS—could not 

afford prescription medicines; WORMEDBILL—worried 

about paying medical bills; YSKIMPMEDYR—took 

less medication to save money; HINOTCOVE—health 

insurance coverage status; and HIPRIVATEE—private 

health insurance. 

The sensitivity analysis conducted on this model 

ranks the importance of the variables, as seen in Fig. 6. 

The group of three variables, EMPSTAT, EDUC, and 

DELAYCOST, dominate over the others with similar 

scores, showing a combined significance of 75%, while 

the remaining six variables share a 25% significance, 

making them less significant, overall. According to the 

results, the main socio-economic factors that influence 

severity of symptoms are primarily economic, 

reflecting financial ability to bear the costs of treatment, 

as well as educational, perhaps related to the 

assumption that more educated people take more 

adequate and timely decisions about risks and 

necessary actions for treatment. Also educated people 

are generally better paid and secure financially. 

The study on how EDUC values affect symptoms 

through VEC (Fig. 7) shows that the relationship 

between education attainment and severe symptoms is 

almost linear, with an increase in patients’ education 

levels leading to a decrease in symptom severity. 
 

 
Fig. 7  VEC analysis of EDUC.  
 

 
Fig. 8  Significance of health variables. 
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4.3 Health Factors 

The third group of factors are related to health and 

include HEALTH—a healthy state; ARTHGLUPEV—

autoimmune conditions; ASTHMAEV—asthma; 

CHOLHIGHEV—high cholesterol; DIABETICEV—

diabetes; HEARTATTEV—had a heart attack; and 

LIVERCHRON—chronic liver disease. 

Similarly, the sensitivity analysis performed on this 

model ranks the variable significance, as seen in Fig. 8. 

Results show that the leading factor is presence of 

autoimmune disease (24%), followed by the overall 

health state (17%), and a group of three factors for the 

presence of asthma, diabetes, and stroke (13% each). 

The least significant factors are those related to high 

cholesterol, liver condition, and heart attack (combined 

20%). 

The study of how overall health outcomes affect 

symptoms through VEC analysis (Fig. 9) shows that 

while the self-reported overall health status varies from 

excellent to poor, the severity of symptoms changes 

from low to high. 

4.4 COVID-19-Related Factors 

The fourth group of COVID-19-related factors contains 

two variables: CVDSHT—at least one covid vaccination; 

and CVDSHTNUM—number of covid vaccinations. 
 

 
Fig. 9  VEC analysis of HEALTH. 

Sensitivity analysis performed on this model ranks 

the presence of vaccination as most significant with 

73%, as seen in Fig. 10. The second significant factor 

with 27% is the number of vaccinations. Studying how 

the number of vaccinations affects symptoms through 

VEC analysis (Fig. 11) shows that the relationship 

between that number and severe symptom is inversely 

proportional. 
 

 
Fig. 10  Significance of COVID-19-related variables. 
 

 
Fig. 11  VEC analysis of CVDSHNUM. 
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5. Conclusions 

The aim of this study is to investigate factors 

affecting the severity of symptoms in COVID-19 

disease, using data from surveys conducted between 

2021-2022 in the U.S. The data contain four sets of 

variables related to demo-graphic, socio-economic, 

health, and COVID-19 vaccination indicators. 

Although the specialized medical literature has studied 

extensively severity of symptoms from medical 

perspective, factors of demographic, social, economic, 

and health-related nature still deserve a better 

estimation. We explore those factors by training 

predictive models with available data and estimate their 

significance through sensitivity and VEC analyses. The 

results discussed in the paper show that in addition to 

the importance of some health factors and the role of 

COVID-19 vaccination, socio-economic factors such 

as financial status and education level of patients also 

play an important role. Another outcome from this 

approach is measuring of the factor importance. 

Those findings and discussion can be seen as a basis 

for decision making and policy development in the 

domain. 
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