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Abstract The study was conducted to explore the effects of atmospheric pollutants on allergic skin diseases, 
combining principal component analysis and multiple linear regression modeling to statistically analyze the data of 
atmospheric pollutants (PM2.5, PM10, etc.) and outpatient cases of allergic skin diseases in hospitals in Nanchong 
City from 2020 to 2024. The main components of air pollutants were extracted by dimensionality reduction using 
principal component analysis to solve the problem of multicollinearity among variables. Regression models were 
also constructed to analyze the association between principal components and the incidence of allergic skin 
diseases. The results showed that the principal component analysis extracted three principal components in the 
atmospheric pollutants with a cumulative variance contribution of 91.97%.The annual average concentrations of the 
atmospheric pollutants PM2.5, PM10, NO2, SO2, CO, and O3 were 31.267 μg/m³, 51.109 μg/m³, and 24.252 μg/m³, 
respectively, from 2020 to 2024, 7.765 μg/m³, 0.951 mg/m³, and 131.452 μg/m³. The regression model showed that 
a 1-unit increase in atmospheric CO concentration was associated with a significant increase in the risk of allergic 
skin visits by 6.22. The regression model provided a good fit with errors between the predicted and true values of 
the number of visits for urticaria, eczema, and contact dermatitis in 2 general hospitals ranging between 0 and 1. 
The study confirmed that atmospheric oxidizing pollutants are the main environmental risk factors for allergic skin 
diseases in Nanchong City. 
 
Index Terms Principal component analysis, Regression model, Atmospheric pollution, Allergic skin disease 

I. Introduction 
With the rapid development of China's economy and the acceleration of urbanization, the ensuing problem of 
environmental pollution, especially air pollution, has become increasingly prominent, and it has become a major 
environmental threat affecting the health of the population [1], [2]. As the skin can resist microorganisms, ultraviolet 
rays, and chemical stimuli externally, and prevent the loss of water, electrolytes, and nutrients internally, it ensures 
that the human body maintains the relative stability of the internal environment in the complex and changing external 
environment [3]-[5]. Therefore, its as the body's largest organ, and the first barrier to the body's defense function, 
is the main pathway of exposure to atmospheric pollutants, the correlation between atmospheric pollutants and skin 
diseases research is worthy of attention [6]-[8]. Atmospheric pollutants, mainly sulfur oxides (SOx), nitrogen oxides 
(NOx), atmospheric particulate matter (PM), and ozone, can directly or indirectly affect the health of the body, mainly 
in the respiratory system, cardiovascular system, and reproductive system [9]-[11]. At the same time, there is 
growing evidence that air pollution seriously affects skin aging, accelerates skin aging, and disrupts the skin barrier 
function, which leads to an increased risk of skin diseases such as dermatitis, eczema, urticaria, acne, and psoriasis 
[12]-[15]. 

Allergic skin diseases (ASD), mainly mediated by IgE, are a group of inflammatory skin diseases with 
abnormalities of innate and adaptive immunity [16]. The main clinical manifestation of the disease is intense itching, 
which severely interferes with the patient's daily life and work [17]. ASD is prevalent in both the pediatric and adult 
populations, and its high healthcare costs impose a huge economic burden on individuals, families, and society [18], 
[19]. ASD was thought to have a high prevalence in developed countries only in the past, but in the last three 
decades the prevalence of ASD in developing countries has increased in tandem with the However, the prevalence 
of ASD in developing countries has risen along with the process of international industrial transfer in the last 30 
years [20]. A single genetic factor cannot fully explain the rapid increase in global ASD prevalence in recent decades, 
and environmental factors may play a crucial role in the development of ASD [21]-[23]. Therefore, exploring the 
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mechanism of atmospheric pollutants on ASD may provide more preventive ideas for patients at high risk of allergic 
skin diseases [24], [25]. 

In this paper, the diagnosed cases of allergic skin diseases in several general hospitals in Nanchong City from 
2020 to 2024 and the data of atmospheric pollutants including PM2.5, PM10, NO2, SO2, CO, and O3 during the 
period period were collected. The covariance matrix of the atmospheric pollutant data was calculated using principal 
component analysis, and eigenvalue decomposition was performed to screen out the principal components therein 
according to the size of the eigenvalues and solve the multicollinearity problem. On this basis, a regression model 
was constructed between the principal components of the air pollutants and the incidence of allergic skin diseases 
to derive the relationship between the two, and the coefficient of determination R² was combined to explain the 
degree of fit of the model. 

II. Research information 
Allergic skin diseases (ASD) [26] are inflammatory diseases of the skin caused by allergic reactions. Urticaria, 
eczema, and contact dermatitis are the most common allergic skin diseases, and there is a close association 
between their onset and ambient air quality. The aim of this study was to explore the effects of atmospheric pollutants 
on allergic skin diseases in Nanchong City, and to provide a reference basis for the prevention and management of 
allergic diseases. 
 
II. A. Study area 
Located in the northeast of Sichuan Basin and the middle reaches of Jialing River, Nanchong is the second most 
populous city in Sichuan Province and China's excellent tourist city. It is also a national regional center city, the 
northern center city of Chengdu-Chongqing Economic Zone and the regional center city of northeast Sichuan. The 
geographic location is 105°27′~106°58′ east longitude and 30°35′~31°51′ north latitude. The city has 3 districts 
(Shunqing District, Gaoping District, Jialing District) and 1 city and 5 counties (Langzhong City, Nanbu County, 
Yingshan County, Peng'an County, Yilong County, Xichong County), with a population of 7,032,100 people and a 
land area of 12,500 square kilometers. Nanchong City is a subtropical monsoon humid climate zone, with abundant 
rainfall, abundant sunshine, four distinct seasons, hot summer climate, precipitation concentration, and slightly 
cooler and wetter in winter and other characteristics. 
 
II. B. Study population 
The data on allergic dermatology outpatient visits in the study were obtained from the information systems of 2 
general hospitals in Nanchong. These general hospitals serve the majority of residents in the main city area of 
Nanchong, with an annual outpatient volume of approximately 3 million visits. Records of urticaria, eczema, and 
contact dermatitis visits from January 1, 2020, to December 31, 2024, were retrieved from the hospital information 
systems. Patient data included basic information (age, sex, and place of residence) and diagnosis (name of 
diagnosis and date of diagnosis.) Dermatologists at the 2 hospitals diagnosed definitively and according to the 
International Classification Of Diseases (10th revision) as urticaria, eczema, or contact dermatitis. 

We excluded any patients with missing information and patients whose residence was not in the main city of 
Nanchong, and only included all patients with complete information and residence in the main city of Nanchong. 

The Medical Ethics Committee of our hospital approved our study. As this study did not involve tissue samples or 
commercial interests and was a retrospective observational study, informed consent was waived. We are committed 
to keeping patients' personal information strictly confidential, and all research was conducted in accordance with 
the Declaration of Helsinki. 

 
II. C. Environmental data 
Daily atmospheric pollutant data for the time period from January 1, 2020 to December 31, 2024 are collected 
through the National Environmental Monitoring General Station of China. Daily concentrations of atmospheric 
pollutants (PM2.5, PM10, SO2, NO2, CO, and O3) are measured in real time at a number of fixed-site stationary 
centers covering the main urban area of Nanchong City. Because these stations are designed to be located away 
from sources of traffic or industrial air pollution, the measurements are representative of levels throughout the city. 

III. Research methodology 
III. A. Atmospheric pollutant principal component extraction model 
III. A. 1) Principal component analysis methods 
Principal Component Analysis (PCA) [27] is an unsupervised dimensionality reduction method which is widely used 
in multiple linear regression analysis. The purpose of principal component analysis is to find linear combinations of 
a small number of predictors that can be used to reflect information from the original data without losing too much 
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information. This statistical method solves the problem of multicollinearity by converting a broad set of correlated 
variables into a smaller number of uncorrelated variables, which are called principal components. 

Let X   be a n p   matrix, where n   is a number of observations and p   is a set of predictor variables 

1 2, , , pX X X , where X  denotes random observations of 1 2, , , pX X X . The goal of principal component analysis 

is to select a subset of predictor variables that reflects most of the information in the original data set, and an 
important step involves solving the covariance matrix of the data to obtain eigenvalues and eigenvectors. Let ij  

denote the covariance of the variables iX  and jX  in the data matrix, and the matrix ( )ij  can be written as  , 

which is denoted as the variance-covariance array. The values of the diagonal elements of the matrix   are the 
variances of iX  and the covariance matrix   is a symmetric square matrix. 

The principal components (PCs) of principal component analysis (PCA) are linear combinations of the original 

variables 1 2, , ,i i ipx x x  , denoted as i ia x  , where ia   is the scalar. If | | 1ia   , a principal component is a 

normalized linear combination of the original predictor variables in the data matrix. The principal component analysis 
method solves the problem of variable correlation by choosing a series of orthogonal principal components, that is, 
all principal components are uncorrelated with each other; the first principal component, PC1, is uncorrelated with 
PC2, PC2 is uncorrelated with PC3, and so on. There are two commonly used methods for solving principal 
components: 

(1) Eigen-decomposition based on covariance matrix to solve principal components 
Assuming that the eigenvalues of the covariance matrix   of X  are 1 2, , , p   , where 1 2 p     , and 

the orthogonal eigenvectors corresponding to each eigenvalue are 1 2, , , pb b b , then the i th principal component 

1 1 2 2i i i i i ip ipt x b x b x b    , with 1, 2, ,i n  , and p  is the number of predictor variables. The selection of the 

number of principal components k   is based on the cumulative variance contribution rate 1

1

k

ii
p

ii











 , which 

ultimately results in a cumulative contribution rate of the first k  principal components of 85% . 
(2) Solving principal components by singular value decomposition based on covariance matrix 
Singular value decomposition (SVD) is a commonly used matrix decomposition method. The specific steps of 

using singular value decomposition for matrix A   are: firstly, calculate the eigenvalues and corresponding 
eigenvectors of TAA , unitize these eigenvectors, and combine them into matrix U . Then calculate the eigenvalues 

and corresponding eigenvectors of TA A , unitize these eigenvectors and combine them into matrix V . Finally, the 

square root of the eigenvalues of TAA  or TA A  is solved for, and a matrix D  is formed with the above values as 
diagonal elements. Then for matrix m nA  , the singular value decomposition is expressed as: 

 TA UDV  (1) 

where U   is the left singular matrix, containing the orthogonal vectors. D   is the diagonal matrix, where the 
elements on the diagonal are called singular values and the other elements are 0. TV  is the right singular matrix, 
which also contains orthogonal vectors. The principal components are expressed as Y XU . 
 
III. A. 2) Principal component extraction process 
Principal Component Analysis converts high dimensional data into low dimensional data through linear 
transformation while retaining the main features of the data. In this process, redundant data are eliminated and the 
overall data accuracy is improved. The specific steps are as follows: 

(1) Normalize the atmospheric pollutant data [28] to ensure that the data are consistent in the scale of each 
feature, so as to avoid the influence of different scales and ensure the comparability of the data. 

(2) Calculate the covariance matrix of the normalized pollutant data set, which can describe the degree of 
correlation between each feature. 

(3) Decompose the eigenvalues of the covariance matrix and calculate the eigenvalues and eigenvectors of the 
components of atmospheric pollutants, which can describe the direction and magnitude of changes in the data. 

(4) Select and rank the eigenvalues to select the principal components. According to the magnitude of the 
eigenvalues, the number of K-dimensional features to be retained is selected and the K-dimensional eigenvectors 
are sorted in order to select the most important features. 
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(5) Project the high dimensional raw data into a lower dimensional space and compute to get the final reduced 
dimensional data. 

In the application of extracting principal components of atmospheric pollutants, the number of K-dimensional 
features selected to be retained is usually smaller than the dimensionality of the original data, so that an effective 
dimensionality reduction effect can be achieved while retaining the main information of the data. The process of 
principal component analysis implementation is shown in Figure 1. 

Data normalisation 

Calculate covariance matrix 

Calculate eigenvalues and eigenvectors 

Eigenvalue selection and ranking 

Data mapping

 

Figure 1: Principal Component Analysis Implementation Process 

III. B. Multiple linear regression models 
Regression analysis [29] is a statistical method that utilizes the relationship between two or more variables so that 
one dependent variable can be predicted using another variable or variables. 

When one independent variable is used to explain the change in the dependent variable, what is used is one-way 
linear regression. When more than one independent variable is used to explain the dependent variable, the 
regression used is multiple regression. When there is a linear relationship between multiple independent variables 
and the dependent variable, it is multiple linear regression [30]. 

 
III. B. 1) Model setup 
If there are p  independent variables used to explain the dependent variable Y : 1 2, , , pX X X , then the equation 

between them is: 

 0 1 1 2 2 p pY X X X           (2) 

where    is the error term and 0 1, , , p     are unknown parameters. The n   sets of observations 

 1 2, , , ,i i ip ix x x y  of the independent variables 1 2, , , pX X X  with 1, 2, ,i n  , are satisfied: 

 0 1 1 2 2i i i p ipy x x x           (3) 

There are certain settings for the variables in Eq. 
First of all, the independent variables 1 2, , , px x x  are not random variables in the multivariate linear equation. 

Also the error term i , 1, 2, ,i n   is a random variable, which is generated by a combination of factors. Since 

the error random variable   is random, the dependent variable Y  is also random. We first assume that the error 
term i , 1, 2, ,i n   satisfies the following assumptions, viz: 
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Set the dependent variable about the independent variable in the form of equation (2). 
The regression model is now written in matrix form: 

 

11 1 11 1

21 2 22 2
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x xy
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

    



 (5) 

Noting the column vectors or matrices in (5) as y , X ,  , and   in that order, the matrix form of (5) can again 
be written as: 

 y X     (6) 

where y   is a 1n  -dimensional observed variable. X   is a known matrix in ( 1)n p    dimension.    is the 

( 1) 1p   -dimensional vector of unknown parameters.   is the vector of random errors. The Markov assumption 

is that: 

     20,cov nE I     (7) 

In summary, the linear regression model is: 

     2, 0,cov ny X E I         (8) 

III. B. 2) Least squares estimation of model parameters 
For regression analysis, a question that must be investigated is how the parameters should be estimated. For the 
problem of how to estimate the parameter vector   using the observations of the independent and dependent 
variables, the method usually used is Gaussian least squares. The idea is that according to the regression model 
above, it is known that X   is the predicted value of the dependent variable obtained from the model's prediction 
of multiple independent variables in the training sample, but the value of the dependent variable is actually known 
to be y . So the distance between the actual y  and the predicted X   is this: 

      2 T
Q y X y X y X         (9) 

Then find   such that  Q   is minimized. Now expand (9) as: 

   2T T T TQ y y y X X X       (10) 

Take the partial derivative with respect to   so that its value is zero to obtain the system of equations: 

 T TX X X y   (11) 

Solution for: 

   T TX X X y


  (12) 

Here  TX X


 is any generalized inverse of TX X . According to the extremal theory of calculus,   is just a 

stationary point of the function  Q  . It remains to be shown that   indeed minimizes  Q  . For any   there 

is: 

 

    
    
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22
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T T
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y X X X

X y X

    

    

  

     

    

  

 (13) 
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Since   satisfies (11),   0TX y X   , which follows: 

     22 T
Ty X y X X X            (14) 

Again, since TX X  is a positive definite array, and so: 

     22
Q y X y X Q         (15) 

This shows that   does minimize  Q  : 

    1T TX X X y


  (16) 

At this point,   is called the least squares estimate of  . 

 
III. B. 3) Decision factors 

An extremely important metric in regression analysis is the coefficient of determination 2R , which measures how 
well the independent variables 1 2, , , px x x  fit the dependent variable y . The 2R  is the proportion of the sum of 

squared deviations explained by the model to the total sum of squared deviations, i.e: 
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
 (17) 

Obviously 20 1R  , the larger its value, the better the model fit. 
 

III. B. 4) Residual analysis 
Residuals are commonly used to detect and assess the degree of discrepancy between a hypothesized model 
(including the assumptions made) and the observed data. Residuals are utilized to evaluate the model as well as 
to determine the presence or absence of outliers in the data. 

For regression equations: 

 0 1 1 2 2i i i p ipy x x x           (18) 

The residuals are defined as ˆi i ie y y  . There are as many residual values as there are data. The residual is 

the difference between the actual observation y  and the regression value, and the residual ie  can be thought of 

as an estimate of the error term i . The residual 0 1
ˆ ˆˆi i i i ie y y y x      , and the error term 0 1i i iy x     . 

The expectation of the residuals ie  is equal to zero and the variance: 

 2var( ) (1 )i iie h   (19) 

where 
2( )1 i

ii
xx

x x
h

n L


   , called the leverage value. The residuals also satisfy the constraints 

1

0
n

i
i

e


   and 

1

0
n

i i
i

x e


 . This indicates that the residuals 1 2, , , ne e e  are correlated, not independent. 

According to the above properties, residual analysis contains the following main elements: 
(1) Whether the residuals obey a normal distribution with zero mean. 
(2) Whether the residuals obey a normal distribution with equal variances. 
(3) Whether the sequence of residuals is independent. 
(4) The use of residuals to detect outliers present in the sample. 
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IV. Effects of atmospheric pollutants on allergic skin diseases 
IV. A. Atmospheric pollutant principal component extraction results 
Principal component analysis is a method of eliminating covariance between variables, a statistical method of 
transforming initial variables with certain correlation into a set of uncorrelated indicators through the process of 
dimensionality reduction. That is, using fewer indicators to replace and reflect the original more information, the 
processing done is a mathematical linear transformation, and these integrated indicators are the main components 
of the original multiple indicators. 

Using principal component analysis to extract the principal components of the original variables PM2.5 (X1), PM10 
(X2), NO2 (X3), SO2 (X4), CO (X5), O3 (X6) and other six atmospheric pollutant indicators. Table 1 shows the data 
information of the principal components of the atmospheric pollutants, including the order of the eigenroots from the 
largest to the smallest, the contribution rate of each principal component and the cumulative contribution rate. Figure 
2 shows the gravel plot of principal components and eigenvalues. From the table, it can be seen that the eigenroot 
of the 1st principal component is 3.362 and the total variation is 56.03%. The eigenroot of the 2nd principal 
component is 1.475 and it explains 24.58% of the total variation. The eigenroot of the 3rd principal component is 
0.681 and the first 3 eigenroots have a cumulative contribution of 91.97%. Based on the cumulative contribution of 
more than 85%, i.e., these principal components collectively retain more than 85% of the original amount of 
information, the first 3 principal components are selected here. Meanwhile, combined with the gravel plot, the trend 
of the inflection point of the characteristic curve can also indicate that the first 3 principal components should be 
selected to replace the original variables for principal component analysis. 

Table 1: Data on the main components of atmospheric pollutants 

variable 1 2 3 4 5 6 

Characteristic root 3.362 1.475 0.681 0.303 0.119 0.06 

Contribution rate 56.03% 24.58% 11.35% 5.05% 1.98% 1.00% 

Cumulative contribution rate 56.03% 80.62% 91.97% 97.02% 99.00% 100% 

 

Figure 2: The rubble of the main composition and eigenvalues 

The matrix of factor score coefficients in Table 2 is the result of principal component analysis, from which the 
original variables of each geographic factor of the principal components can be expressed as linear equations of 
three principal components with the following equations: 
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 (20) 

where  1,2,3,4,5,6,7,8,9istdX i   denotes the standard indicator variable. 
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Table 2: Factor score coefficient matrix 

 
Principal component 

1 2 3 

X1 0.148 0.022 0.022 

X2 0.485 0.372 0.372 

X3 0.147 0.305 0.305 

X4 0.049 0.278 0.278 

X5 0.188 0.044 0.044 

X6 0.259 0.141 0.141 

 
Table 3 shows the descriptive statistics of each atmospheric pollutant indicator from 2020 to 2024. The annual 

average concentrations of atmospheric oxidizing pollutants PM2.5, PM10, NO2, SO2, CO, and O3 were 31.267 μg/m³, 
51.109 μg/m³, 24.252 μg/m³, 7.765 μg/m³, 0.951 mg/m³, and 131.452 μg/m³, respectively. The standardized indicator 
variables can be derived from the means and standard deviations in the table: 
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 (21) 

Table 3: Descriptive statistics of atmospheric indicators 

Indicators Mean value Standard deviation 

X1 31.267 10.752 

X2 57.109 9.842 

X3 24.252 7.236 

X4 7.765 1.544 

X5 0.951 0.348 

X6 131.452 26.916 

 
The regression equations of principal components 1Z  , 2Z  , and 3Z   with the dependent variable contact 

dermatitis and other allergic skin diseases incidence reference value Y  were obtained using principal component 
analysis as follows: 

 1 2 323.19 8.91 4.17 1.01 2.16Y Z Z Z     (22) 

Substituting Eq. (20) into the above equation yields a linear regression equation for the dependent variable Y  
and the standard independent variable 1 ~ 6stdX stdX : 

 
1 2 3

4 5 6

23.19 1.53

2.10 2.17 4.25 2.16

12.58 4.25Y stdX stdX tdX

stdX stdX stdX

 
   


 (23) 

Reducing the criterion variables to independent variables and substituting Eq. (21) into Eq. (23) yields a linear 
regression equation for allergic skin diseases and atmospheric oxidized pollutants as: 

 

 

1 2

3 4 5

6

105.73 0.14

0.59 6.22

0.16 2.16 16.781, 0.000

1.28

1.36

Y X X

X X X

X F P

  




 

 

 
 (24) 

where Y   is the reference value of the risk of allergic skin disease visit, 1X   is the average annual PM2.5 

concentration (μg/m³), 2X  is the average annual PM10 concentration (μg/m³), 3X  is the average annual NO2 
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concentration (μg/m³), 4X   is the average annual SO2 concentration (μg/m³), 5X   is the average annual CO 

concentration (mg/ m³), 6X   is the O3 concentration (μg/m³), 16.781F   , 0.00 0.01P     indicating that the 

regression equation is highly significant. 
 
IV. B. Allergic Skin Disease Risk Regression Prediction 
In this section, six indicators of air pollutants, namely PM2.5 (X1), PM10 (X2), NO2 (X3), SO2 (X4), CO (X5), and O3 
(X6), were used as independent variables, and the number of ASD visits was used as the dependent variable. And 
ASD was subdivided into urticaria, eczema and contact dermatitis, and a multiple linear regression model was 
constructed to analyze the strength of the association between air pollutants and the risk of ASD visits. 

Table 4 shows the regression prediction results of the effect of atmospheric pollutants on the risk of ASD visits in 
the total population. In the table, the F-value for model 1 was 16.781, indicating that each unit increase in the 
concentration of the six atmospheric pollutants had a statistically significant effect on the relative risk of ASD visits. 
Among them, the atmospheric CO concentration has the strongest positive association with the risk of ASD 
outpatient visits, with a correlation coefficient of 6.22, and passes the significance test at the 0.001 level. That is, 
for every 1-unit increase in atmospheric CO concentration, the relative risk of an ASD visit increased significantly 
by 6.22. The discriminant coefficient R² of the model reached 0.317, explaining 31.7% of the phenomenon. 

According to disease typing, this study found that the contamination models for urticaria and eczema were overall 
similar to those for contact dermatitis and ASD. From models 2 to 4, the risk of urticaria, eczema with contact 
dermatitis visits by each atmospheric pollutant passed the test of significance at the 0.05 level or even lower. 
Atmospheric CO concentration had the greatest effect on the risk of urticaria, eczema and contact dermatitis, with 
regression coefficients ranging from 6.03 to 6.38. The explanatory strength of R² reached 0.275 to 0.334. In 
conclusion, the increase in the concentration of air pollutants significantly enhanced the risk of allergic skin diseases 
in Nanchong City. 

Table 4: The regression prediction of the risk effect of ASD visits 

Independent variable 
Model 1 Model 2 Model 3 Model 4 

ASD Urticaria Eczema Contact dermatitis 

X1 0.14*** 0.19** 0.11* 0.18** 

X2 1.28*** 1.42*** 1.23*** 1.14*** 

X3 0.59*** 0.55*** 0.68* 0.34** 

X4 1.36*** 1.26** 1.37** 1.13*** 

X5 6.22*** 6.03*** 6.38*** 6.27*** 

X6 0.16*** 0.12** 0.06** 0.24** 

R² 0.317 0.275 0.334 0.296 

F 16.781 11.497 13.275 17.425 

Note: *, **, *** represent passing the test of significance at the 0.5, 0.01, and 0.001 levels, respectively. 

 

 

Figure 3: The comparison of the predicted value and the real value of the patient 

Figure 3 shows the results of the comparison between the predicted and true values of the number of visits for 
urticaria, eczema and contact dermatitis in 2 general hospitals in Nanchong City, China, derived from the regression 
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model. From the figure, it can be seen that the predicted number of urticaria, eczema and contact dermatitis visits 
in each hospital has a relatively high degree of fit to the true value, with a maximum error of 1 person. The paired-
sample two-sided t-test of the predicted and true values of the number of visits for urticaria, eczema and contact 
dermatitis in each hospital showed that the P-values between the predicted and true values ranged from 0.816 to 
0.934, which were all greater than 0.05, indicating that there was no significant difference between the two. 

V. Conclusion 
The article mines the data of atmospheric pollutants in Nanchong City in recent years as well as the diagnosed 
cases of allergic dermatosis in several hospitals, focusing on the exploration of the influence of atmospheric 
pollutants on allergic dermatosis in Nanchong City. The data of air pollutants are normalized, and the principal 
component analysis is used to calculate the characteristic roots of the multidimensional variables and extract the 
main components of them. The correlation between the principal components of the air pollutants and the incidence 
of allergic skin diseases was further analyzed by combining the regression analysis model, and the degree of 
influence of the principal components on the incidence of allergic skin diseases was also predicted. 

The study utilized principal component analysis to obtain three principal components in the air pollution indicators, 
with variance contribution rates of 56.03%, 24.58%, and 11.35%, respectively. According to the descriptive statistics 
of air pollutants in Nanchong City from 2020 to 2024, the linear regression equation of allergic skin diseases and 
air oxidized pollutants was obtained as follows: 

1 2 3 4 5 61.28 2105.73 0.14 0.5 61. .369 6. 2 0 16 2.1Y X X X X X X         . The regression results showed that 
elevated concentrations of air pollutants in the atmosphere exhibited a significant positive correlation with the risk 
of allergic skin visits. The predicted values for the number of hospital visits for urticaria, eczema and contact 
dermatitis were not significantly different from the true values, with p-values greater than 0.05 between them. 
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