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Abstract

The present study aims to investigate the relationship between the neutrophil-percentage-to-albumin ratio (NPAR) and
asthma using least absolute shrinkage and selection operator (LASSO) regression and Boruta algorithm. Based on the
National Health and Nutrition Examination Survey database from 2001 to 2018, a total of 31,138 eligible participants were
included in this study. The participants were randomly divided into a training cohort and a validation cohort in a 7:3 ratio.
LASSO regression and Boruta algorithm were applied to the training cohort for assessment, selection of the optimal model,
and identification of potential confounding factors. A nomogram prediction model, receiver operating characteristic curve,
calibration curve, and decision curve analysis were constructed to evaluate the model’s ability to predict the risk of asthma
and its stability. These analyses aim to provide a reference for clinical diagnosis and treatment. The study demonstrated that
after adjusting for potential confounding factors, the NPAR was positively correlated with asthma incidence (P < 0.01). The
area under the curve for the training set was 0.66 for LASSO regression and 0.64 for Boruta algorithm, indicating that LASSO
regression exhibited superior performance. Through LASSO regression, 10 variables were selected, including gender, race,
smoking status, hypertension, diabetes, cancer, poverty-income ratio, BMI, cardiovascular disease, and age. A nomogram
prediction model was constructed based on these predictors. The calibration curve showed good fit between the two groups.
A higher NPAR is significantly positively correlated with an increased risk of asthma.
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Abbreviations NLR Neutrophil-to-Lymphocyte Ratio
AUC Area under the curve NPAR Neutrophil-percentage-to-albumin ratio
BMI Body mass index PIR Poverty-to-income ratio
COPD Chronic obstructive pulmonary disease ROC Receiver operating characteristic
CVD Cardiovascular Disease Th2 T helper type 2
DCA Decision curve analysis
FENO Fractional exhaled nitric oxide
LASSO Least Absolute Shrinkage and Selection Introduction
Operator
MSE Mean-square error Asthma is a chronic inflammatory airway disease charac-
NCHS National Center for Health Statistics terized by airway hyper responsiveness and reversible air-
NETs Neutrophil extracellular traps flow obstruction. It is estimated that the number of asthma
NHANES National Health and Nutrition Examination patients worldwide reached 262 million in 2019, imposing a
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substantial economic and health burden on patients, families,
and society [1]. Asthma is generally classified into two types:
extrinsic asthma and intrinsic asthma. Extrinsic asthma,
also known as allergic asthma, is the main type of asthma,
caused by allergens and primarily characterized by inflam-
mation driven by abnormal T helper type 2 (Th2) responses,
intrinsic asthma is triggered by various factors, such as the
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use of aspirin, pulmonary infections, exercise, colds, stress,
obesity, genetics, and pathogen infections [2, 3]. Based on
the state of Th2 inflammation, asthma is divided into two
groups: Th2-high and Th2-low asthma. Th2-high asthma is
characterized by eosinophilic airway inflammation, which
is associated with increased blood eosinophil counts or ele-
vated fractional exhaled nitric oxide (FENO), while Th2-low
asthma includes neutrophilic asthma and paucigranulocytic
asthma [4].

IL-17 is a pro-inflammatory cytokine produced by a sub-
set of T helper cells. Studies have shown that IL-17 can
activate neutrophils in the airways, induce their migration,
and thereby maintain immune defense and inflammatory
responses in the airways [5]. IL-17 plays a crucial role in
regulating neutrophilic inflammation, airway hyper respon-
siveness, and pulmonary remodeling [6, 7]. Research has
also demonstrated that neutrophils, as core effector cells in
inflammatory responses, are significantly associated with
asthma severity when their percentage is elevated [8, 9].

Serum albumin is the most abundant protein in human
plasma, serving not only as an important nutritional indica-
tor but also possessing anti-inflammatory and antioxidant
properties. Studies have shown that decreased serum albu-
min levels, or hypoalbuminemia, are associated with an
increased risk of asthma and mortality [10—12]. The NPAR,
which reflects both neutrophil and nutritional inflammatory
status, may have a potential association with asthma risk.
Therefore, this study analyzed data from the NHANES,
using LASSO regression and Boruta algorithm to investi-
gate risk factors for asthma.

Methods
Data sources

The NHANES is a national survey program conducted by
the National Center for Health Statistics (NCHS) to assess
the health and nutritional status of adults and children in
the United States through interviews, physical examinations,
and laboratory tests. The NHANES study protocol adheres
to the STROBE guidelines for observational research and
has been approved by the NCHS Research Ethics Review
Board. All participants have provided informed consent.
Detailed NHANES data can be accessed at “https://www.
cdc.gov/nchs/nhanes/”.

Definition of NPAR and asthma

NPAR Calculation: The NPAR is calculated as the percentage
of neutrophils (%) divided by serum albumin (g/dL). Asthma
Diagnosis: Asthma diagnosis in this study was based on two
questions: (1) “Has a doctor or other health professional
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ever told you that you have asthma?” (2) “Do you still have
asthma?” Participants who answered “yes” to either question
were classified as having asthma.

Study variables

The data collected from the NHANES included demographic
information (age, gender, race, education level, PIR, and mari-
tal status), physical examination data (BMI), and questionnaire
survey data (smoking habits, alcohol consumption frequency,
hypertension, diabetes, asthma, cancer, and CVD).

Statistical analysis

After using the na.omit function to remove missing values,
the data were analyzed. LASSO regression and Boruta algo-
rithm are both types of machine learning methods. LASSO
regression is an improved method of linear regression, primar-
ily used for feature selection and model regularization. For
LASSO regression, linear scaling normalization was applied
to the variables, with a maximum of 1,000 iterations. For posi-
tive indicators, the maximum value of the indicator Xmax was
taken, and each observed value of the variable was divided by
the maximum value, i.e., X'=X/max (where X > 0). For nega-
tive indicators, the minimum value of the indicator Xmin was
taken, and the minimum value was divided by each observed
value of the variable, i.e., X'=Xmin/X (where X > 0). In com-
parison, the Boruta algorithm determines the relevance of fea-
tures by comparing their importance with that of randomly
permuted (noise) features. The Boruta algorithm employs the
feature selection method of random forests, setting the number
of trees in the random forest to 1,000 in order to enhance the
stability and accuracy of the model.

The data in this study were analyzed using R version 4.4.2.
Categorical variables were compared using the chi-square test,
while continuous variables were compared using the ¢ test.
Continuous variables are presented as mean + standard devia-
tion, and categorical variables are presented as percentages
(%). The data were randomly divided into a training cohort
and a validation cohort in a 7:3 ratio. In the training cohort,
LASSO regression and Boruta algorithm were applied to ana-
lyze risk factors for asthma. The method with the higher AUC
was selected to construct a nomogram prediction model. ROC
curves, calibration curves, and DCA curves were plotted to
validate the prediction model. A P value <0.05 was considered
statistically significant.
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Results

Characteristics of participants

After excluding participants with missing data, a total of
31,138 participants from the NHANES 2001-2018 were

included in this study. Compared with non-asthma patients,
individuals who were female, younger, of other Hispanic,
non-Hispanic White, non-Hispanic Black, or other races,
with partial college education, divorced, separated, never
married, or cohabitating, with low PIR, high BMI, current
smokers, with diabetes, CVD, cancer, and high NPAR had
an increased risk of asthma (P < 0.05) (Table 1).

Table 1 Demographic Baseline Chart of NHANES Participants from 2001 to 2018

Characteristics Overall (N=31,138) Asthma (N=4,325) Non-asthma (N=26,813) P value
Gender <0.001
Male 16,365 (51%) 1,904 (42%) 14,461 (53%)

Female 14,773 (49%) 2,421 (58%) 12,352 (47%)

Age 46.56 +(16.41) 44.45 +(16.34) 46.92 +(16.39) <0.001
Race <0.001
Mexican American 4,987 (7.7%) 397 (4.5%) 4,590 (8.3%)

Other Hispanic 2,417 (4.8%) 384 (5.5%) 2,033 (4.7%)

Non-Hispanic White 15,193 (72%) 2,219 (73%) 12,974 (72%)

Non-Hispanic Black 6,055 (9.6%) 976 (11%) 5,079 (9.3%)

Other Race—Including Multi-Racial 2,486 (5.8%) 349 (6.2%) 2,137 (5.8%)

Education Level <0.001
Less than 9th grade 2,771 (4.2%) 276 (3.2%) 2,495 (4.4%)

9-11th grade 4,317 (10%) 582 (9.7%) 3,735 (10%)

High school graduate/GED or equivalent 7,249 (24%) 943 (22%) 6,306 (24%)

Some college or AA degree 9,461 (32%) 1,526 (36%) 7,935 (31%)

College graduate or above 7,340 (30%) 998 (29%) 6,342 (30%)

Marital status <0.001
Married 16,593 (57%) 2,030 (52%) 14,563 (58%)

Spouse Deceased 2,173 (4.9%) 285 (4.7%) 1,888 (5.0%)

Divorced 3,435 (11%) 567 (12%) 2,868 (10%)

Separated 996 (2.3%) 161 (2.8%) 835 (2.3%)

Never married 5,373 (17%) 900 (20%) 4,473 (17%)

Living with partner 2,568 (8.2%) 382 (8.4%) 2,186 (8.2%)

Ratio of family 3.12+(1.62) 2.94+(1.68) 3.15+(1.61) <0.001
BMI(kg/m2) 28.82+(6.72) 29.99 +(7.79) 28.63 +(6.50) <0.001
Smoke 0.023
Never 15,222 (50%) 2,002 (48%) 13,220 (50%)

Former 8,630 (27%) 1,192 (27%) 7,438 27%)

Current smoker 7,286 (23%) 1,131 (25%) 6,155 (23%)

Alcohol Frequency 4.47 +(18.55) 4.16 +(15.10) 4.52+(19.07) 0.782
Diabetes <0.001
Yes 9,717 27%) 1,571 (31%) 8,146 (27%)

No 21,421 (73%) 2,754 (69%) 18,667 (73%)

Borden 3,807 (9.0%) 650 (11%) 3,157 (8.7%)

CVD <0.001
Yes 2,898 (7.3%) 559 (11%) 2,339 (6.7%)

No 28,240 (93%) 3,766 (89%) 24,474 (93%)

Cancer 0.005
Yes 2,939 (9.7%) 461 (11%) 2,478 (9.4%)

No 28,199 (90%) 3,864 (89%) 24,335 (91%)

NPAR 1,383.10+(257.54) 1,400.11+(271.13) 1,380.26 +(255.10) 0.005
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LASSO regression analysis and Boruta algorithm

Through LASSO regression analysis, 10 variables were
selected, including gender, race, smoking, hypertension,
diabetes, cancer, PIR, BMI, CVD, and age. The LASSO
coefficient curve (Fig. 1) illustrates the changes in coef-
ficients of each predictor variable as lambda varies. The
x-axis represents the logarithmic transformation of lambda,
while the y-axis represents the coefficients. Each line cor-
responds to a variable, and as lambda increases, the coef-
ficients gradually shrink to zero. The cross-validation error
plot (Fig. 2) displays the cross-validated mean-square error
(MSE) for different values of lambda. The x-axis indicates
the logarithmic transformation of lambda, and the y-axis
shows the cross-validated MSE, with error bars representing
the standard error of the MSE. The vertical line indicates
the lambda value that minimizes the MSE, representing the
optimal balance between model complexity and predictive
accuracy.

Through analysis using the Boruta algorithm, 14 vari-
ables were identified: gender, race, smoking, hypertension,
diabetes, cancer, PIR, BMI, CVD, age, NPAR, alcohol
consumption, education, and marital status. The feature
selection results of the Boruta algorithm are shown in
Fig. 3, where variables in the green area are marked as
important features. The score variation plot of the Boruta
algorithm is presented in Fig. 4, with the x-axis represent-
ing the number of iterations and the y-axis representing
the feature importance score (Z-score). Green indicates
features that have been confirmed as important, while blue
represents shadow features, which are random features
used for comparison.

As shown in Table 2, a comparison of LASSO regres-
sion and Boruta algorithm is presented.
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Fig.3 Feature selection results
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Construction of the nomogram prediction model
and plotting of the ROC curve, calibration curve,
and DCA curve

The AUC for the LASSO regression model was 0.66, while
that for the Boruta algorithm was 0.64, indicating superior
performance of the LASSO regression method. A nomo-
gram prediction model was constructed based on the vari-
ables identified by LASSO regression (Fig. 5), and the ROC
curve (Fig. 6), calibration curve (Fig. 7), and DCA curve
(Fig. 8) of the prediction model were plotted.

Discussion

This study employed LASSO regression and the Boruta
algorithm to investigate the relationship between NPAR
and asthma. Analysis of data from the NHANES from 2001
to 2018 revealed that higher NPAR is associated with an
increased risk of asthma (P <0.05). Compared with non-
asthma patients, females, younger age, race (other Hispanic,
non-Hispanic White, non-Hispanic Black, other races), par-
tial college education, marital status (divorced, separated,
never married, living with partner), lower PIR, higher BMI,

Classifier run

current smoking, diabetes, CVD, cancer, and higher NPAR
are associated with an increased risk of asthma (P <0.05).

Female patients are at an increased risk of developing
asthma. Studies have found that women with premenstrual
asthma are usually older, have more severe asthma, higher
BMI, and longer duration of asthma. In addition, they are
more likely to be aspirin-sensitive and often experience
dysmenorrhea, premenstrual syndrome, shorter menstrual
cycles, and longer menstrual bleeding duration [13]. Another
study investigated the relationship between BMI, diabe-
tes, and asthma risk, revealing a strong association among
asthma, type 2 diabetes, and increased BMI in adults, espe-
cially in females [14]. These findings suggest that asthma
and metabolic syndrome may share common etiological
factors.

Patients with diabetes have an increased risk of develop-
ing asthma. Studies have shown that individuals with dia-
betes have a significantly higher risk of developing asthma,
chronic obstructive pulmonary disease (COPD), pulmonary
fibrosis, and pneumonia, while the risk of lung cancer does
not show a significant increase [15]. This may be related
to the decline in lung function observed in patients with
diabetes. Another study suggested that the increased risk of
pulmonary diseases in patients with diabetes could be due to
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Table 2 Comparison of LASSO Regression and Boruta Algorithm
Characteristics LASSO Boruta Selection LASSO Coef LASSO WaldZ LASSO P-value Boruta Z-Score
Selection

Gender Confirmed 19.8

Male Yes 0.33 8.62 <0.0001

Age Yes Confirmed -0.02 -12.47 <0.0001 46.9

Race Confirmed 40.7

Mexican American NA NA NA NA

Other Hispanic Yes 0.78 9.21 <0.0001

Non-Hispanic White Yes 0.71 10.61 <0.0001

Non-Hispanic Black Yes 0.69 9.41 <0.0001

Other Race—Including Multi-Racial Yes 0.66 7.41 <0.0001

Education Level Confirmed 22.1

Less than 9th grade NA NA NA NA

9-11th grade No 0.02 0.27 0.79

High school graduate/GED or equivalent No 0.01 0.17 0.87

Some college or AA degree Yes 0.25 3.01 0.0027

College graduate or above Yes 0.29 3.16 0.0016

Marital status Confirmed 19.4

Married NA NA NA NA

Spouse Deceased No 0.14 1.75 0.08

Divorced Yes 0.21 3.51 0.0004

Separated No 0.18 1.84 0.07

Never married Yes 0.12 2.18 0.03

Living with partner No 0.08 1.11 0.27

Ratio of family Yes Confirmed -0.07 -5.59 <0.0001 24.9

BMI(kg/m2) Yes Confirmed 0.02 9.66 <0.0001 25.7

Smoke Confirmed 9.1

Never Yes 0.16 3.54 0.0004

Former Yes 0.16 343 0.0006

Current smoker NA NA NA NA

Alcohol Frequency No Confirmed 0.0004 0.35 0.7264 17.6

Diabetes Yes Confirmed 0.24 4.20 <0.0001 14.1

CVD Yes Confirmed 0.49 7.95 <0.0001 28.7

Cancer Yes Confirmed 0.25 3.96 <0.0001 17.6

NPAR No Confirmed 0.00 -0.05 0.96 7.6
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Fig.6 ROC curve of the nomo-
gram
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the systemic inflammatory state caused by diabetes, which
may adversely affect respiratory health [16].

The relationship between CVD and asthma has garnered
increasing attention in recent studies. Multiple investiga-
tions have demonstrated a significant association between
asthma and the incidence of CVD. For instance, individu-
als with asthma have a notably higher risk of developing

04 0.6 0.8 1.0

High Risk Threshold

cardiovascular events, particularly heart failure and myo-
cardial infarction [17]. Moreover, the coexistence of asthma
and CVD may lead to higher mortality, especially in obese
individuals [18]. Several potential mechanisms underlie the
association between asthma and CVD. Both asthma and
CVD involve chronic inflammatory processes, which may
represent a crucial link between the two conditions [19]. In
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asthma patients, airway and systemic inflammation could
exacerbate the burden on the cardiovascular system, thereby
increasing the risk of cardiovascular events. Additionally,
the use of asthma medications may also impact cardiovas-
cular health. For example, certain asthma treatments might
either exacerbate cardiovascular symptoms or potentially
offer some benefits for cardiovascular health [20].

Patients with cancer may face an increased risk of various
complications, including asthma. Research has shown that
cerebrovascular events and related mortality among cancer
patients exhibit seasonal variations, suggesting that certain
seasons may predispose these patients to specific health
issues [21]. This seasonal variation may be related to the
immune system status of cancer patients, and changes in
the immune system could also increase the risk of asthma.
Another study investigated the relationship between asthma
severity and cancer incidence, finding that asthma patients
had a significantly higher cancer incidence compared to con-
trols without respiratory diseases [22]. This finding further
supports the notion that asthma may increase the risk of can-
cer in patients, as asthma severity is associated with immune
system changes and inflammatory responses that could also
impact the health status of cancer patients.

In children and adolescents, the neutrophil-to-lymphocyte
ratio (NLR) has been identified as a significant systemic
inflammatory marker associated with the occurrence of
asthma [23]. Although NLR and NPAR are distinct indica-
tors, both involve the proportion of neutrophils, suggesting
that NPAR may play a similar role in asthma risk. In adults,
elevated NPAR is significantly associated with an increased
risk of metabolic syndrome, which in turn is linked to vari-
ous chronic inflammatory diseases, indicating that it may
influence asthma occurrence through inflammatory pathways
[24]. Another study has shown that NPAR, as an inflam-
matory marker, is positively correlated with the incidence
of depression, which is also associated with asthma [25].
This suggests that NPAR may indirectly increase the risk of
asthma. To our knowledge, we are the first to investigate the
relationship between NPAR and asthma, and our findings
indicate that elevated NPAR may increase the risk of asthma.

In this study, the LASSO regression method demonstrated
superior performance. Through LASSO regression analysis,
we identified 10 variables: gender, race, smoking, hyper-
tension, diabetes, cancer, PIR, BMI, CVD, and age. Based
on these predictive variables, we constructed a nomogram
model and developed calibration, ROC, and DCA curves to
assess the potential for predicting the risk in asthma patients.
Although LASSO regression did not explicitly reveal the
relationship between NPAR and asthma, analysis of the
NHANES indicated a significant association between ele-
vated NPAR and increased asthma risk. Regarding the direct
relationship between NPAR and asthma, a study examin-
ing the association between NPAR and all-cause mortality
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and cancer-specific mortality in cancer patients found that
higher NPAR is related to increased mortality risk. This
finding indirectly supports the potential impact of NPAR
as an inflammatory marker in diseases like asthma [26]. In
asthma, the increase in neutrophils is commonly associated
with more severe disease manifestations, airway obstruc-
tion, and resistance to corticosteroid therapy [27]. Moreo-
ver, neutrophils are closely related to the heterogeneity of
asthma, particularly in refractory severe asthma, which may
be associated with potential pathogens in the airways. These
pathogens may activate the innate immune response, thereby
leading to the recruitment and activation of neutrophils [28].
The increase in NPAR may reflect the activated state of neu-
trophils in patients with asthma, which may be related to the
inflammatory phenotypes of asthma. Studies have found that
neutrophils in patients with asthma can release a variety of
mediators, including neutrophil extracellular traps (NETs),
which may play an important role in the pathophysiology of
asthma [29]. The formation of NETs may be associated with
airway remodeling and excessive mucus secretion in patients
with asthma, both of which are important features of asthma
pathophysiology. Additionally, changes in NPAR may be
related to the systemic inflammatory status of patients with
asthma. Studies have shown that systemic inflammation in
patients with asthma may be associated with the activation
and release of neutrophils, which can further exacerbate the
pathological process of asthma [30]. Therefore, NPAR may
be a potential biomarker of neutrophil activity and systemic
inflammatory status in patients with asthma, helping to
identify and manage patients with different inflammatory
phenotypes of asthma.

In summary, although LASSO regression did not
directly reveal the relationship between NPAR and asthma,
analysis of the NHANES further supported the association
between NPAR, as an inflammatory marker, and increased
asthma risk. This is mainly due to the differences in the
model principles, feature selection methods, data process-
ing, and optimization objectives of LASSO regression and
logistic regression. Future research can continue to explore
the specific mechanisms and roles of NPAR in asthma and
other inflammation-related diseases.

This study has several distinct advantages. First, it
utilized a large, nationally representative database and
implemented appropriate covariate adjustments, which
enhanced the reliability of the study findings. Second, the
study comprehensively assessed the impact of NPAR on
asthma risk, filling a gap in previous research and pro-
viding a novel theoretical basis for the early prediction
of asthma risk. Finally, the use of NPAR as a validation
marker in this study offers the benefits of ease of operation
and low cost. It is an easily accessible and cost-effective
biomarker with potential for clinical application.
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This study also has several limitations. First, data col-
lection primarily relied on questionnaires, which may
be subject to recall bias from participants, potentially
affecting the accuracy of the data and, in turn, the reli-
ability of the study conclusions. Second, despite efforts
to control for variables during the study, there may still
be unmeasured or uncontrolled confounding factors that
could interfere with the study results. Third, the NPAR
used in this study was calculated based on the percentage
of neutrophils and serum albumin levels. However, these
measurements may vary depending on factors such as the
time of day, dietary intake, and physical activity levels
of participants at the time of data collection. Fourth, the
AUC values of the two models are 0.66 for LASSO and
0.64 for Boruta, indicating a moderate difference between
the models. LASSO achieves feature selection through L1
regularization. However, when there is high correlation
(multicollinearity) among features, it may randomly select
one of the correlated features and ignore the others. Boruta
is based on random forests and determines important fea-
tures by comparing them with shadow features. However,
its performance may be affected by randomness. In future,
the following methods could be employed to improve the
models. Introducing More Variables: Other clinical or
biochemical variables, such as inflammatory markers and
immune-related indicators, could be considered to enhance
the predictive power of the model. Feature Engineering:
A more in-depth analysis and processing of existing fea-
tures, such as interaction features and polynomial features,
could be conducted to improve the model’s fitting abil-
ity. Model Integration: The feature selection results of the
LASSO and Boruta models could be integrated, or ensem-
ble learning methods (such as random forests, XGBoost)
could be used to improve model performance. Hyperpa-
rameter Optimization: More meticulous hyperparameter
tuning (such as the regularization parameter of LASSO,
the number of iterations of Boruta) could be carried out
to optimize model performance.

Conclusions

Based on the NHANES large-sample data, this study
investigated the correlation between the NPAR and the
risk of asthma. The results showed a significant positive
correlation between NPAR and the risk of asthma, sug-
gesting that NPAR could serve as a potential biomarker
for predicting asthma risk and provide a reference for early
prevention and intervention of asthma.
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