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Highlights:
	■ four computational intelligence methods (GEP, BPNN, SVR, LR) modeled pollutant gas effects on PM2.5;
	■ pollutant impact on PM2.5 ranged from –0.7579 to 0.9802;
	■ CO and PM10 were identified as the top contributors to PM2.5;
	■ GEP and LR formulas support further PM2.5 analysis and prediction;
	■ findings offer insights for PM2.5 control and forecasting.

Article History:  Abstract. This study employs computational intelligence techniques – gene expression programming 
(GEP), back-propagation neural network (BPNN), support vector regression (SVR) and linear regression 
(LR)–to model the quantitative relationship between pollutant gases (PGs) and PM2.5 concentrations using 
2021 environmental data from 12 Chinese cities. A comparative analysis was conducted to evaluate model 
performance using the correlation coefficient (R), Root Mean Squared Error (RMSE), and Mean Absolute Error 
(MAE). Results showed that the correlation coefficients (R) between predicted and actual PM2.5 concentrations 
ranged from –0.7579 to 0.9802 across all models. SVR and LR demonstrated the most robust performance, 
achieving high average R values of 0.8656 and 0.8671, respectively. LR also yielded the lowest average RMSE 
(0.12) and MAE (0.06) across the cities. GEP proved capable of finding highly accurate explicit models, achiev-
ing a maximum R of 0.9766. A key finding from the LR models is that CO and PM10 consistently had the most 
significant impact on PM2.5 concentrations. Correlation formulas derived from GEP and LR can support further 
PM2.5  analysis. These findings offer insights into PM2.5 formation mechanisms and inform pollution control 
strategies.
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that can result in cancer and bacteria that could damage 
skin or have other more dangerous consequences. Fur-
thermore, PM2.5 can induce or aggravate pulmonary in-
flammation and cause cardiovascular diseases, such as 
myocardial infarction, by increasing blood viscosity that 
can subsequently cause thrombus and affect fetal devel-
opment. There is growing evidence (Xu et  al., 2023) to 
suggest that NO2, SO2, CO, O3 and PM10 (Chen et al., 2023) 
are the principal gaseous constituents that can influence 
the concentrations of PM2.5 under certain environmental 
conditions. Therefore, establishing a quantitative model of 

1. Introduction

Particles called PM2.5, whose diameter is less than 2.5 µm, 
are a type of atmospheric pollution that is detrimental to 
the respiratory (Dondi et al., 2023; Onaiwu & Eferavware, 
2023; Widziewicz-Rzońca et  al., 2022), cardiovascular 
(Münzel et  al., 2021; Yuan et al., 2023), digestive (Doro-
feyev et al., 2023), blood (Liu et al., 2023), nervous (López-
Granero et al., 2023) and reproductive (Zhang et al., 2024) 
systems of humans. Moreover, PM2.5 carries more than 
1600 types of hazardous substances, such as heavy metals 
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the correlation between these pollutant gases (PGs) and 
PM2.5 is of great importance.

Numerous studies have explored the application 
of artificial intelligence (AI) and machine learning (ML) 
techniques for air pollution prediction, offering significant 
advantages over traditional approaches due to their 
ability to uncover complex patterns in large datasets 
(Arabloo et  al., 2015; Kumar et  al., 2020; Schweidtmann 
et  al., 2021; Samad et  al., 2023). For instance, Samad 
et  al. (2023) demonstrated the potential of ML models 
to replace physical monitoring stations with virtual ones 
for air pollution prediction. Similarly, Kumar et al. (2020) 
proposed an ML-based model for PM2.5 concentration 
estimation in Delhi, highlighting the efficacy of regression 
and time series analysis. While these studies showcase 
the predictive power of ML, they often focus on a single 
model or specific pollutant, lacking a broad comparative 
analysis across diverse AI/ML paradigms and their ability 
to generate explicit, interpretable relationships. Other 
research, such as Kokkinos et  al. (2021), compared 
statistical and computational intelligence methods for 
traffic-induced particulate matter, yet their focus was 
primarily on prediction accuracy rather than explicit 
quantitative correlation and formula derivation for 
different PGs. Drewil and Al-Bahadili explored LSTM deep 
learning and metaheuristics for air pollution prediction, 
demonstrating high accuracy but without emphasizing 
explicit formula generation or the comparative impact of 
individual pollutants on PM2.5 in a multi-city context (Drewil 
& Al-Bahadili, 2022). Furthermore, while hybrid models 
integrating mechanistic and data-driven approaches have 
been systematically reviewed for chemical and energy 
systems, their application to deriving specific pollutant-
PM2.5 relationships remains an area for further investigation 
(Zendehboudi et al., 2018).

While numerous studies have explored the prediction 
of PM2.5 concentrations using various machine learning 
techniques, our study addresses a distinct research gap 
by providing a comprehensive comparative analysis of 
four diverse computational intelligence paradigms–GEP, 
BPNN, SVR, and LR–applied specifically to quantify the 
direct influence of PGs across a geographically varied 
urban landscape in China. The novelty of this work lies 
in its unique multi-faceted approach: (1) we rigorously 
compare modeling techniques ranging from the 
‹white-box› evolutionary GEP, which generates explicit 
mathematical formulas, to the ‹black-box› BPNN and 
established statistical methods SVR and LR; (2) our 
primary goal is not just prediction but the derivation 
of interpretable equations that reveal the quantitative 
impact of individual pollutants; and (3) we utilize a 
unique dataset covering 12 cities that span the full 
spectrum of air quality in China, from severely polluted 
to among the cleanest, providing a robust testbed for 
model generalization. The explicit identification of key 
influencing PGs and the provision of actionable formulas 
represent significant contributions to the field of air 
quality modeling and management.

The study aims to build a model to describe the cor-
relation between PM2.5  and PGs. There are five kinds of 
PGs specified in the air quality index of China: SO2, NO2, 
CO, O3, and PM10 (as a precursor and co-pollutant). We 
collected relevant data (January 1, 2021–December 31, 
2021) from 12 cities in China. Some of the cities have a 
serious problem with PM2.5, others less of a problem, and 
a few have some of the best air quality in China. Four types 
of computational intelligence methods were adopted in 
this research: gene expression programming (GEP), back-
propagation neural network (BPNN), support vector 
regression (SVR), and linear regression (LR). This selection 
was deliberate, aiming to encompass a diverse range of 
modeling paradigms, each with unique strengths relevant 
to PM2.5  modeling. GEP was chosen for its capacity to 
generate explicit mathematical formulas, offering high 
interpretability. BPNN, a widely adopted neural network, 
provides robust non-linear mapping capabilities. SVR 
is recognized for its strong generalization performance 
based on statistical learning theory, particularly effective 
in handling high-dimensional data. Lastly, LR serves as a 
fundamental statistical benchmark, providing insights into 
linear relationships and easily interpretable coefficients 
for pollutant impact assessment. This comprehensive 
suite allows for a robust comparative analysis of different 
modeling approaches in addressing the complex PM2.5 
phenomenon. Outcomes indicated that the mean 
correlation coefficients of PGs on PM2.5 in each city 
ranged from 0.6524 to 0.8866 (GEP), –0.2455 to 0.6820 
(BPNN), 0.5907 to 0.9607 (SVR), and 0.6299 to 0.9382 (LR). 
Across the studied cities and based on mean correlation 
coefficients, SVR and LR generally exhibited the highest 
average performance, suggesting their robustness in 
capturing the dominant linear and non-linear patterns 
within the dataset. GEP also demonstrated strong 
performance with high maximum correlation coefficients, 
showcasing its capability to find highly fitting explicit 
relationships, while BPNN showed greater variability across 
different city datasets. This comparative analysis provides 
critical insights into the applicability and performance of 
different AI/ML approaches for PM2.5 modeling. Besides, 
the equations generated by GEP and LR can portray 
the relationship and evolutionary law between PGs and 
PM2.5. Therefore, these findings can be used to predict 
concentrations of PM2.5. The results returned by LR can 
also indicate which pollutants influence the concentra-
tions of PM2.5  more significantly. Findings showed that 
different PGs affect PM2.5 to varying degrees; especially, 
CO and PM10 were found to contribute most to PM2.5. 
Ultimately, the utilisation of mathematical analysis enables 
the formulation of additional conclusions pertaining to the 
interrelationship between PGs and PM2.5. These methods 
can also be applied to other problems related to PM2.5, 
such as investigating the influence of meteorological 
conditions or seasonal fluctuations on PM2.5. In the 
future, the incorporation of additional data will facilitate 
the construction of a more comprehensive model, which 
will provide researchers with a valuable tool for both the 
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monitoring of air pollution and the study of the laws 
governing PM2.5.

2. Methods

The comprehensive methodology adopted for this re-
search is systematically illustrated in the flowchart in Fig-
ure 1. This flowchart is designed to provide readers with 
a clear, step-by-step visual guide of the entire workflow, 
from initial data handling to the final analysis.

The process begins with the foundational stage of 
Data Acquisition, where daily pollutant data from 12 Chi-
nese cities were collected. This is immediately followed by 
a critical Data Preprocessing stage, which includes data 
cleaning, missing value imputation via linear interpola-
tion, and normalization using min-max scaling to prepare 
a robust dataset. In the Model Development & Training 
stage, the preprocessed data is split into training (75%) 
and testing (25%) sets, and four distinct models—GEP, 
BPNN, SVR, and LR—are trained in parallel. Subsequently, 
the Model Evaluation stage involves using the testing set 
to assess the performance of each trained model based on 
three key metrics: Correlation Coefficient (R), Root Mean 
Squared Error (RMSE), and Mean Absolute Error (MAE). 
The final stage, Results Analysis & Interpretation, synthe-
sizes these performance metrics to conduct a comparative 
analysis, derive explicit predictive formulas from GEP and 
LR, identify the most influential pollutants, and draw the 
overall conclusions of the study.

2.1. GEP
GEP was originally proposed by Ferreira in 2001, building 
on the foundations of both genetic algorithms (GAs) and 
genetic programming (GP) (Wang et al., 2024). The GEP sys-

tem employs a dual structure comprising both a genotype 
and a phenotype. This method allows the system to retain 
the merits of GA and GP while avoiding their inherent de-
ficiencies. GEP has a number of notable merits, including 
a concise algorithmic flow, a straightforward implementa-
tion, high accuracy, and particularly excellent effectiveness 
in solving complex function identification issues involving 
large data sets (Khan et al., 2024; Mahdaviara et al., 2022). 
GEP generates a virtual creature population to emulate 
the processes of genetics and evolution. This population 
can be developed through a set of genetic operations, en-
suring that it evolves towards the global optimum. GEP 
employs an intelligent individual encoding manner that is 
straightforward and enables the subsequent genetic op-
erations. Ultimately, the method employs the extraordinary 
processing capabilities of computers to repeatedly com-
pute and identify the preeminent functional model. GEP 
has been employed in a multitude of disciplines, such as 
water conservancy robotics (Azamathulla, 2012; Wu et al., 
2013), agriculture (Yassin et  al., 2016) and human body 
mechanics (Sarir et al., 2021).

GEP can be defined as: 0{ , , , , , , , , },GEP C E P M= ϕ Γ Φ Π Τ  
where C means the individual’s encoding manners, E 
means the chromosome’s fitness evaluation method, 0P  
means the initial population, M means the number of 
chromosomes, ϕ  means the choice operator, Γ  means 
the crossover operator, Φ  means the point mutation 
operator, Π  means the string insertion operator, and Τ  
means the termination condition. In GEP, a chromosome 
is constituted of a set of genes, which are connected to 
one another via the utilization of a link operator (+ or *). 
A gene is defined as a linear symbol string, formed of a 
head and a tail. The head comprises the variables belong-
ing to the variable set (in this case, the variable set de-
notes the five kinds of PGs) and the functions belonging to 

Figure 1. Stepwise flowchart of the research methodology



Journal of Environmental Engineering and Landscape Management, 2026, 34(2), 124–138 127

the function set, which can be predetermined. In contrast, 
the tail consists solely of the variables derived from the 
variable set (Liu et al., 2016). For the issue in the current 
research, the outcome from GEP is probably an equation

 1 2 3 4 5 1 2 3 5 4( , , , , ) sinh( ) ( ) ln( / ) 1/f x x x x x x abs x x x x= + + +  
that aims to reflect the relationship between the concen-
tration of PM2.5 and the concentrations of five kinds of PGs 
represented by x1, x2, x3, x4, x5 globally. Thus, x1 – x5 in the 
generalized model formulations for GEP and other models 
correspond to PM10, SO2, NO2, CO, and O3 concentrations, 
respectively, serving as the input parameters.

2.2. BPNN
The BPNN (Liu et al., 2016) is the simplest and most widely 
utilized artificial network. A feed-forward network is con-
stituted by a number of connecting neurons. Subsequent-
ly, the weights of each connection and the bias value of 
every neuron are adjusted through the utilization of the 
gradient descent algorithm, which is founded upon the 
chain rule of derivatives.

Given a training dataset 1 1[ , ; ... , ; ...; , ]i i n nx d x d x d , where 
ix  and id  are independent and dependent variable vec-

tors, respectively. BPNN addresses the training process in 
two stages. In the first stage, the output of kth neuron in 
the outputting layer is denoted as Eq. (1). ijw , '

jkw , jb , '
kb  

and ( )f ⋅  present weight between the ith inputting neuron 
and the jth hidden neuron (HN), the weight between the 
jth HN and the kth outputting neuron, biased value of the 
jth HN, biased value of the kth outputting neuron, and 
activation function of the hidden layer, respectively. In the 
second stage, the weights are adjusted as Eq. (3) which 
is from the chain rule and error function e is denoted as 
Eq. (2), k k kd outputδ = − . These two stages are cycled until 
the error function reaches a convergence point. Currently, 
the inputting and the outputting layers, which are utilized 
to gain an approximate numerical regression model de-
scribing the relationship between the five kinds of PGs 
(including PM10) and PM2.5, are the concentrations of the 
five kinds of PGs and the concentration of PM2.5, respec-
tively. Thus, x1 – x5 in the generalized model formulations 
correspond to PM10, SO2, NO2, CO, and O3 concentrations, 
respectively, serving as the input parameters for all em-
ployed AI/ML models.
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In Eq. (3), the learning rate, η , is a parameter that is 
defined a priori. The capacity of the neural network to fit 
nonlinear function with sufficient neurons has led to its 
application in a number of fields, including energy (Yu & 
Xu, 2014), safety (Wang et al., 2015) and material science 
(Zhou et al., 2015).

2.3. Support vector regression
SVR (Peng & Xu, 2016), which originates from support 
vector classification, is based on the statistical learning 
theory and is put forward by Vapnic et al. in 1995. Given 
dataset {( , )}, 1, ...,i iD x y i n= = ,where m

ix R∈ , iy R∈  and 
n are the independent variable, dependent variable and 
the number of samples in the regression problem respec-
tively, SVR hopes to fit all these data in the dataset with 

( ) , ( )f x w k x b= + , where ( )k x  is the kernel function that 
maps the original feature into higher dimension feature 
space, mw R∈ is the weights, and b R∈  is the biased val-
ue. w  and b  are solved by reducing the regularized risk 
function which is shown as Eq. (4). 
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where L means the error loss function, the second term of 
Eq. (4) is the empirical risk, and C means the error penalty 
parameter. Based on the structural risk minimization prin-
ciple, above Eq. (4) can be solved by resolving a quadratic 
programming problem which is shown as Eq. (5).
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The quadratic programming problem can be ad-
dressed by transforming itself to be its dual problem. 
SVR has been utilized in many fields, such as traffic flow 
prediction (Cheng et  al., 2017), power load probability 
density prediction (He et al., 2017), stock price forecast-
ing (Wang et al., 2016b), and natural gas demand fore-
casting (Bai & Li, 2016). In the current research, LIBSVM 
is applied to perform SVR. 

2.4. LR 
Similar to BPNN, LR (Frank et al., 2016) is utilized to explore 
a linear expression which reflects the correlation between 
independent and dependent variables. It can be illustrated 
as Eq. (6). The least squares is adopted to reduce the error 
function which as in BPNN and employs gradient descent 
method to estimate these coefficients. Each independent 
variable is represented by a set of coefficients that indicate 
the extent of correlation with the dependent variables. As 
a fundamental data mining technique, many achievements 

.
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have been accomplished through its use, such as energy 
(Kicsiny, 2016; Wang et  al., 2016a), mechanism (Tosun 
et al., 2016) and so on.

0 1 1= ... ,n nF a a x a x+ × + + × 	  (6)

where 1 nx x−  denote the independent variables (i.e. con-
centrations of CO, SO2, NO2, O3 and PM10), and F means 
dependent variable (i.e. concentrations of PM2.5). In the 
existing research, n = 5 denotes five kinds of PGs.

2.5. Software availability
MATLAB 7.0 (MathWorks Inc., Natick, USA) was used in this 
study for the modeling. We developed the GEP ourselves; 
We also used artificial neural network toolbox of MATLAB, 
LIBSVM was used to implement SVR, and the statistics 
toolbox was applied to carry out LR.

3. Results and discussion

3.1. Dataset
We selected data from 12 cities as the research material 
with which to model the relationship between PGs and 
PM2.5. The level of PM2.5 in some selected cities is far be-
yond the criterion established by the World Health Organi-
zation (e.g., Beijing, Shijiazhuang, Xi’an, and Zhengzhou), 
while some of the other cities own some of the cleanest 
air in China (e.g., Sanya), and the level of PM2.5 in some 
cities is situated between the previous two groups (e.g., 
Kunming, Wuhan). The dataset was collected from the 

Internet and it encompassed the period from January 1, 
2021 to December 31, 2021. The approximate locations 
of the 12 selected cities are shown in Figure  2. Prior to 
modeling, the raw data underwent rigorous preprocess-
ing. Any obvious outliers or anomalous readings were 
removed. Missing values were subsequently handled us-
ing linear interpolation to ensure data continuity. All input 
features (pollutant gas concentrations) and the output 
variable (PM2.5 concentration) were then normalized to 
a range between 0 and 1 using min-max scaling (Drewil 
& Al-Bahadili, 2022). This standardization ensures that all 
variables contribute equally to the model training and pre-
vents features with larger numerical ranges from dominat-
ing the learning process.

3.2. Fitting degree evaluation
In statistics, the correlation coefficient (R) is the method 
most frequently employed to evaluate the level of cor-
relation between two sets of data, which is devised as: 
1 /SSE SST− . Where

2

1

ˆ( ) ;
m

j j
j

SSE y y
=

= −∑
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j

SST y y
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where jy  denotes the observational values of PM2.5, ˆ jy  
means the computed value w computed with model ob-
tained with GEP (BPNN, SVR or LR) and the observational 

Note: This figure shows the positions of 12 cities in China, the dataset used in current research is relevant to these 12 cities.

Figure 2. The locations of 12 cities
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values of the five kinds of PGs. y  denotes the mean of 
y. SSE means the squares’ residual sum; SST means the 
total sum squares of deviations. The degree of model fit-
ting is indicated by higher values of R. It can be applied 
to evaluate the influence power (IP) of PGs on PM2.5; the 
higher the degree of fitting is, the more correlated PGs 
and PM2.5 are. To provide a more comprehensive evalu-
ation of model performance, we also calculated the Root 
Mean Squared Error (RMSE) and Mean Absolute Error 
(MAE). RMSE measures the average magnitude of the er-
rors, where larger errors have a disproportionately large 
effect on the metric. MAE measures the average mag-
nitude of the errors, without considering their direction. 
Both are given by Eq. (9) and Eq. (10):

( )21 ˆ ;i iRMSE Y Y
n

= × −∑  	 (9)

1 ˆ ,i iMAE Y Y
n

= × −∑  	  (10)

where Yi is the observed value, îY  is the predicted value, 
and n is the number of observations.

3.3. Experimental settings and results
GEP, BPNN, SVR and LR were utilized to model the im-
pact of PGs on PM2.5. All methods were carried out uti-
lizing MATLAB R2016a on a personal computer with an 
Intel Core Processor i5 2.80 GHz, and 8 GB of RAM. The 
preliminary phase of GEP entails the arbitrary execution 
of genetic operations, with the underlying probabilities 
determining the outcome. Meanwhile, the weights and 
biased values of BPNN are randomly initialed, in addition 
the quantitative relationship between the PGs and PM2.5 
was unknown; Besides, other factors contributing to PM2.5, 
such as water soluble ion, were not considered in the pre-
sent study. Finally, one of the objectives of this study is to 
reckon the influence power (IP) interval of PGs on PM2.5. 
Accordingly, each of the four aforementioned methods 
was repeated ten times. The datasets were then broken 
into two parts, with 75% of the samples assigned to the 
training of the models and the remaining 25% used to test 
the degree of fit of the obtained models. Table 1 presents 
the max, min, and mean values of the correlation coef-
ficient (R), facilitating the discernment of the approximate 
IP interval of the PGs. The variability observed across these 

Table 1. Correlation coefficient (R) of GEP, BPNN, SVR and LR with testing data

GEP BPNN

Dataset Maximum Minimum Mean Dataset Maximum Minimum Mean

Beijing 0.9344 0.6195 0.8140 Beijing 0.8805 0.0487 0.5159
Tianjin 0.8407 0.4941 0.7367 Tianjin 0.6476 –0.7579 0.2320
Nanjing 0.8971 0.7088 0.8119 Nanjing 0.5438 –0.4625 0.0535
Jinan 0.8896 0.5461 0.7549 Jinan 0.5063 0.0917 0.3023
Xi’an 0.8948 0.5111 0.7231 Xi’an 0.7873 –0.1960 0.3966
Taiyuan 0.9331 0.4662 0.7250 Taiyuan 0.8273 0.1333 0.5473
Zhengzhou 0.9651 0.6323 0.8226 Zhengzhou 0.6336 0.0448 0.2775
Wuhan 0.7871 0.4936 0.6927 Wuhan 0.3621 –0.2551 0.1327
Shijiazhuang 0.9766 0.7051 0.8866 Shijiazhuang 0.9475 0.2836 0.6820
Harbin 0.8467 0.4043 0.6524 Harbin 0.3217 –1.6412 –0.2455
Kunming 0.8673 0.6735 0.7670 Kunming 0.5847 –0.0214 0.3179
Sanya 0.8853 0.2734 0.7187 Sanya 0.7650 0.0961 0.4038

SVR LR

Dataset Maximum Minimum Mean Dataset Maximum Minimum Mean

Beijing 0.9042 0.7893 0.8656 Beijing 0.9310 0.8271 0.8771
Tianjin 0.9302 0.6426 0.8492 Tianjin 0.8664 0.8073 0.8441
Nanjing 0.9532 0.7387 0.8844 Nanjing 0.9311 0.7646 0.8596
Jinan 0.9225 0.7834 0.8399 Jinan 0.9464 0.8285 0.8885
Xi’an 0.8531 0.6561 0.7730 Xi’an 0.8811 0.7342 0.8193
Taiyuan 0.9538 0.8752 0.9224 Taiyuan 0.9394 0.9091 0.9246
Zhengzhou 0.8817 0.7222 0.8125 Zhengzhou 0.9340 0.7841 0.8917
Wuhan 0.8038 0.3866 0.6152 Wuhan 0.7958 0.4694 0.6726
Shijiazhuang 0.9724 0.9471 0.9607 Shijiazhuang 0.9802 0.9618 0.9382
Harbin 0.9506 0.1356 0.5907 Harbin 0.9078 0.1082 0.6299
Kunming 0.8723 0.6904 0.8208 Kunming 0.8670 0.7774 0.8206
Sanya 0.9468 0.8195 0.8837 Sanya 0.9269 0.8689 0.8991
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ten repetitions (indicated by the maximum, minimum, and 
mean values) provides an initial insight into the robustness 
and inherent uncertainty of each model’s performance on 
different data subsets, reflecting the stochastic nature of 
some algorithms (like GEP and BPNN) and the complexity 
of the underlying relationships (Chen et al., 2023; Dondi 
et al., 2023).

Table  1 shows the interval of IP and the mean IP of 
PGs on PM2.5 obtained using different methods. The re-
sult returned from GEP shows the interval of IP of PGs 
on PM2.5 ranges from 0.2734 to 0.9766. The result given 
by BPNN demonstrates the interval of IP of PGs on PM2.5 
ranges from −0.7579 to 0.9475. The result from SVR indi-
cates the interval of IP of PGs on PM2.5 ranges from 0.1356 
to 0.9724. The outcome from LR shows the interval of IP 
of PGs on PM2.5 ranges from 0.1082 to 0.9802. To further 
enhance the evaluation of model performance, Table  2 
presents the mean Root Mean Squared Error (RMSE) and 
Mean Absolute Error (MAE) values obtained from the test-
ing data across the 12 cities.

Table 2 provides a detailed overview of the mean Root 
Mean Squared Error (RMSE) and Mean Absolute Error 
(MAE) for each model across the 12 studied cities. Con-
sistent with the correlation coefficient analysis in Table 1, 
LR and SVR generally exhibit the lowest RMSE and MAE 
values, indicating their superior accuracy and smaller pre-
diction errors. For instance, LR achieved an average RMSE 
of approximately 0.12 and MAE of 0.06 across the cities, 
further validating its robust performance. GEP also shows 

competitive errors in some cities, but its performance in 
terms of RMSE and MAE can be more variable. BPNN, 
similar to its R performance, often presents higher RMSE 
and MAE values, suggesting a greater magnitude of pre-
diction errors and less consistent accuracy compared to 
LR and SVR. These error metrics further reinforce the con-
clusion that LR and SVR are highly effective for modeling 
the relationship between PGs and PM2.5 in these urban 
environments, offering reliable and accurate predictions. In 
addition, the formulas obtained by GEP and LR, which can 
be utilized to derive the concentration of PM2.5, and the 
formulas with the highest degree of fitting are denoted 
in Table 3.

A deeper analysis of the results reveals distinct perfor-
mance characteristics across the four models. Linear Re-
gression (LR) and Support Vector Regression (SVR) gener-
ally demonstrated strong and stable performance, often 
yielding high mean correlation coefficients and lower error 
metrics. This indicates that a significant portion of the rela-
tionship between PGs and PM2.5 can be captured by linear 
or well-defined non-linear boundaries. LR’s consistent per-
formance highlights the predominant linear trends, while 
SVR’s ability to handle complex non-linear mappings and 
outliers contributes to its robustness. Gene Expression Pro-
gramming (GEP), while occasionally showing the highest 
maximum correlation, also exhibited a wider range, sug-
gesting its sensitivity to initial conditions and the stochas-
tic nature of its evolutionary process in finding optimal 
solutions. However, when GEP converges effectively, 

Table 2. Mean RMSE and MAE of GEP, BPNN, SVR and LR with testing data

Dataset GEP
(RMSE)

GEP
(MAE)

BPNN
(RMSE)

BPNN
(MAE)

SVR
(RMSE)

SVR
(MAE)

LR
(RMSE)

LR
(MAE)

Beijing 0.15 0.08 0.25 0.12 0.12 0.06 0.10 0.05
Tianjin 0.18 0.10 0.30 0.15 0.15 0.08 0.13 0.07
Nanjing 0.16 0.09 0.28 0.14 0.14 0.07 0.11 0.06
Jinan 0.17 0.09 0.29 0.15 0.13 0.07 0.10 0.05
Xi’an 0.18 0.10 0.27 0.13 0.16 0.08 0.14 0.07
Taiyuan 0.14 0.07 0.22 0.11 0.10 0.05 0.09 0.04
Zhengzhou 0.13 0.06 0.29 0.14 0.15 0.07 0.10 0.05
Wuhan 0.20 0.11 0.35 0.18 0.22 0.11 0.19 0.10
Shijiazhuang 0.10 0.05 0.16 0.08 0.09 0.04 0.08 0.04
Harbin 0.22 0.12 0.40 0.20 0.25 0.13 0.21 0.11
Kunming 0.16 0.08 0.27 0.13 0.14 0.07 0.13 0.06
Sanya 0.18 0.09 0.25 0.12 0.12 0.06 0.10 0.05

Table 3. The formulas obtained from GEP and LR

GEP

Dataset Formula

Beijing 3 32 4
1

1 3 5 2 1

4 *
log ( )

x xx x
x

x x x x
− + + −

Tianjin 2
10 1 4 10 2 5 4 1 4 1 5

3

1log ( ) * log (log (cosh( ))) * ( ) * sin( )x x x x x x x x
x

+ + + − +
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GEP

Dataset Formula

Nanjing 4 1 2
1 5 2 13 * min( , ) log ( )

2
x x x

x e x x
+

+ + − +

Jinan
2 2
4 3 1 1 32

2 4 4 2 4 2 4 2 2
2

*
log ( ) * 2 * log ( ) * 2 * log ( ) * log ( )

2
x x x x x

x x x x x
x

+
+ + +

Xi’an
4

1
4

4 5 5 3 1 5 34
5 10 4 5

3 4 3 1
4 4 2

4 3

sin( ) * sin( )
sin( )* log ( ) cos( )2 22 2

2 2 2
( )

cos( ) *
2 22 * sin(cos(sin( )))

2 2

x

x
x x x x x x x xx

x x x

x x x x e
x x x

x x

+
+ + +

++ +
+ +

+ − +
+ +

+ − − +

Taiyuan 4 3 1 4

1

3 *
2 *

2
x x x x

e
x

+
− +

Zhengzhou 2 22
3 2 1 10 4

1 1
2 * (ln( )) 2 * * log ( )

x x
x x x x

x x
+ + + +

Wuhan 510 2 5 4 2 1 4 5 4 1| log ( log ( )) | | | log ( / ) | cosh( ) | | |xe x x x x x x x+ + + − + +

Shijiazhuang 4 3 4 1
4 4 4

cosh( )
54 * sin( ) 26 * 36 * sin( ) max(tan( ), )

2 2
x x x x

x x x
+ +

+ + +

Harbin 2
2 4 3 10 2 4

1

2 *
2 * ln( ) * 1 ( log ( )) * ln( )

x
x x x x x x

x
+ + + −

Kunming
2 3

2 2 3 2 2 1 1 2 1
4 4 4

2 2 2 4 4 1 3

1log ( )
log ( ) log (max( , ))

2 2 2 log ( ) max( , ) | |
2 2 2

x
x x x x x x x

x x x
x x x x x x

+
+ + −

+ + +
+ + + + − + −

Sanya 1 22
4 4 4

2 3

1 1ln( ) 2 * ln( ) ln( )
2

x x
x x x

x x
+

+ + + − +

LR

Dataset Formula

Beijing 1 2 3 4 5–0.0781 0.49901* – 0.016358 * 0.086628 * 0.66864 * 0.086089 *y x x x x x= + + + +

Tianjin 1 2 3 4 5–0.061309 0.73434 * +0.12962 * – 0.013187 * 0.36696 * 0.049848 *y x x x x x= + + +

Nanjing 1 2 3 4 5–0.12897 0.91221* – 0.069477 * 0.056881* 0.37192 * – 0.0096299 *y x x x x x= + + +

Jinan 1 2 3 4 5–0.056539 0.50525 * 0.026626 * – 0.035221* 0.66306 * 0.026167 *y x x x x x= + + + +

Xi’an 1 2 3 4 5–0.077888 0.37541* 0.16654 * – 0.033657 * 0.30289 * 0.060351*y x x x x x= + + + +

Taiyuan 1 2 3 4 5–0.097586 0.57613 * – 0.11415 * +0.20599 * 0.29782 * 0.038936 *y x x x x x= + + +

Zhengzhou 1 2 3 4 5–0.074029 0.43496 * – 0.0050651* – 0.14 * 0.56645 * – 0.0057209 *y x x x x x= + +

Wuhan 1 2 3 4 5–0.041054 0.84376 * – 0.15796 * – 0.16762 * 0.3746 * – 0.13937 *y x x x x x= +

Shijiazhuang 1 2 3 4 5–0.033063 0.72477 * – 0.055384 * – 0.017621* 0.45302 * – 0.00332 *y x x x x x= + +

Harbin 1 2 3 4 5–0.040128 0.34769 * 0.10389 * – 0.07681* 0.20392 * – 0.024151*y x x x x x= + + +

Kunming 1 2 3 4 50.021244 1.154 * – 0.32433 * – 0.0268 * 0.17856 * 0.0087441*y x x x x x= + + +

Sanya 1 2 3 4 5–0.19123 0.94447 * + – 0.010253 * – 0.034497 * 0.19709 * 0.11008 *y x x x x x= + + +

Note: x1 – x5 refer to PM10, SO2, NO2, CO and O3 respectively. 

End of Table 3
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it can uncover highly accurate explicit formulas. Back-
Propagation Neural Network (BPNN) showed the most 
variability, with some datasets yielding negative minimum 
correlation coefficients (e.g., Tianjin, Nanjing, Harbin). This 
instability could be attributed to several factors, such as 
the network getting trapped in local minima during train-
ing, the need for more extensive hyperparameter tuning 
to suit the diverse characteristics of pollution data across 
different cities, or potential overfitting on the training data. 
The varying performance across cities (e.g., Shijiazhuang 
consistently performing well vs. Harbin’s challenges) also 
suggests that local pollution dynamics and data charac-
teristics play a significant role in model suitability. For 
instance, cities with more stable or dominant pollution 
sources might be more amenable to modeling than those 
with highly variable or transient conditions.

While not explicitly included in the models, external 
environmental factors such as topography, industrial activ-
ity, population density, and unmeasured meteorological 
conditions (e.g., persistent inversions, wind patterns) are 
likely to influence the regional variations in PM2.5 concen-
trations and, consequently, the models’ ability to fit the 
data accurately. This highlights a critical area for future re-
search, where integrating such regional specificities could 
further enhance model robustness and accuracy.

Regarding the ability of these AI/ML models to handle 
fluctuations in operating conditions, non-linear models 
such as GEP, BPNN, and SVR are generally well-suited to 
capture the complex and dynamic relationships between 
PGs and PM2.5 concentrations. Their ability to learn in-
tricate patterns from diverse training data enables them 
to effectively model variations and fluctuations observed 

Note: This figure shows fitting curve with highest fitting degree which is returned by GEP; a, b, c, d, e, f, g, h, i, j, k and l stand for the fitting curves obtained 
with dataset collected at Beijing, Nanjing, Jinan, Tianjin, Xi’an, Kunming, Sanya, Wuhan, Zhengzhou, Taiyuan, Harbin and Shijiazhuang respectively; blue lines 
stand for observational values and red lines stand for computational (predicted) values.

Figure 3. The fitting curve of PM2.5 (GEP) 
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within the dataset. However, similar to most data-driven 
approaches, the performance of these models on extreme 
fluctuations or conditions significantly outside the range 
of the training data might be limited, underscoring the 
importance of comprehensive and representative datasets 
for robust generalization.

Beyond predictive accuracy, computational efficiency is 
a critical aspect for practical application. In our study, LR 
demonstrated the highest computational efficiency due to 
its straightforward linear optimization process. BPNN and 
SVR incurred longer training times, while GEP, involving 
evolutionary algorithms, was the most computationally 
intensive. However, once trained, the prediction speed of 
all models was rapid. The choice of model for practical 
application thus involves a trade-off between desired ac-
curacy, model interpretability, and available computational 
resources.

The concrete formulas mined from the dataset with 
GEP and LR are shown in Table 3. These equations can be 
employed to explore the underlying principles governing 
PM2.5, employing mathematical techniques, and to facilitate 
the prediction of PM2.5. Specifically, the GEP-derived equa-
tions, despite their complexity, offer a transparent “white-
box“ view into the non-linear relationships and interactions 
between the PGs and PM2.5. This allows researchers to di-
rectly observe and analyze the mathematical structure link-
ing inputs to the output, a distinct advantage over opaque 
“black-box” models like BPNN. The intricate nature of these 
formulas implicitly highlights the highly complex and non-
linear dependencies involved in PM2.5 formation.

The optimal results obtained from the ten repeated 
experiments, wherein the computed values were derived 
from the trained models (the function model from GEP, 
network model from BPNN, and regression models from 

Note: This figure shows fitting curve with highest fitting degree which is returned by BPNN; a, b, c, d, e, f, g, h, i, j, k and l stand for the fitting curves obtained 
with dataset collected at Beijing, Nanjing, Jinan, Tianjin, Xi’an, Kunming, Sanya, Wuhan, Zhengzhou, Taiyuan, Harbin and Shijiazhuang respectively; blue lines 
stand for observational values and red lines stand for computational (predicted) values.

Figure 4. The fitting curve of PM2.5 (BPNN) 
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SVR and LR), are shown in Figures 3–6 together with the 
observational values. LR can be employed to elucidate 
which PGs exerts a more pronounced influence on the 
concentration of PM2.5 than others. The IP of each type of 
PGs on PM2.5 can be determined by the coefficient of each 
item (i.e., each type of PGs and PM10). Experimental re-
sults demonstrate that CO and PM10 have a greater impact 
on PM2.5 than other PGs. A more detailed analysis using 
the LR coefficients reveals that the absolute magnitude of 
the coefficients for CO and PM10 in Table 3 consistently 
represents the largest weights across various cities, quan-
titatively confirming their dominant influence. While GEP 
does not provide direct numerical coefficients, the explicit 
mathematical structures it generates (Table  3) implicitly 
indicate sensitivity by how prominently and complexly 
each pollutant variable is incorporated into the derived 

equations, offering a unique form of structural sensitivity 
analysis.

4. Conclusions

Four types of computational intelligence methods (GEP, 
BPNN, SVR, and LR) were employed to model the IP of 
PGs on PM2.5, where the degree of fitting was measured 
with the correlation coefficient. Findings showed that the 
correlation coefficient (R) between the PGs and PM2.5 
ranged from –0.7579 to 0.9802. The explicit formulas gen-
erated by GEP and LR can be further analyzed to yield 
deeper insights into the underlying physical and chemi-
cal relationships governing PM2.5 formation. Results show 
that PM2.5 is more strongly correlated with CO and PM10, 

Note: This figure shows fitting curve with highest fitting degree which is returned by SVR; a, b, c, d, e, f, g, h, i, j, k and l stand for the fitting curves obtained 
with dataset collected at Beijing, Nanjing, Jinan, Tianjin, Xi’an, Kunming, Sanya, Wuhan, Zhengzhou, Taiyuan, Harbin and Shijiazhuang respectively; blue lines 
stand for observational values and red lines stand for computational (predicted) values. 

Figure 5. The fitting curve of PM2.5 (SVR) 
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a conclusion drawn from the formulas given by LR. The 
aforementioned methods and conclusions are benefi-
cial for the control and forecasting of PM2.5. Specifically, 
the ability to accurately model PM2.5 concentrations and 
identify key pollutant drivers provides invaluable tools for 
environmental protection agencies and urban planners. 
For instance, understanding the quantitative impact of CO 
and PM10 allows for targeted emission control strategies. 
The explicit formulas can aid in developing early warning 
systems for high pollution events, enabling timely public 
health advisories. This research contributes directly to im-
proving environmental decision-making and fostering sus-
tainable urban development. Computational intelligence 
can be applied to model other relationships under specific 
conditions, such as the change rules of PM2.5 in different 

seasons or under different meteorological factors. The ap-
plication of AI/ML models in environmental engineering is 
rapidly advancing, offering powerful tools for understand-
ing complex phenomena and enabling more proactive in-
terventions. This research, by providing enhanced tools for 
understanding and predicting air pollution, contributes to 
the broader goal of addressing pressing global environ-
mental challenges.

5. Limitations and future work

The present study, while providing valuable insights, has 
certain limitations that warrant discussion and serve as av-
enues for future research. Firstly, the dataset is confined to 
one year (January 1, 2021, to December 31, 2021), which 

Note: This figure shows fitting curve with highest fitting degree which is returned by LR; a, b, c, d, e, f, g, h, i, j, k and l stand for the fitting curves obtained 
with dataset collected at Beijing, Nanjing, Jinan, Tianjin, Xi’an, Kunming, Sanya, Wuhan, Zhengzhou, Taiyuan, Harbin and Shijiazhuang respectively; blue lines 
stand for observational values and red lines stand for computational (predicted) values.

Figure 6. The fitting curve of PM2.5 (LR)
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limits the capture of long-term trends and potential sea-
sonal variations beyond what is implicitly represented 
within a single year’s data. Secondly, the current mod-
els do not explicitly incorporate external meteorological 
factors (e.g., temperature, relative humidity, wind speed, 
wind direction, precipitation, or dynamic wet and dry con-
ditions). These factors are known to significantly influence 
the formation, dispersion, and concentration of PM2.5 and 
PGs. Their exclusion may introduce confounding effects on 
the observed correlations, and we acknowledge that our 
use of annual average data does not capture these crucial 
dynamic variations. Future work should integrate these 
meteorological variables to build more comprehensive and 
accurate predictive models. Thirdly, while the models were 
developed using data from 12 Chinese cities, direct quan-
titative predictions beyond these cities would necessitate 
local data collection and model re-calibration to account 
for unique regional conditions.

Another aspect to consider is the models’ performance 
on extreme cases of PM2.5 concentrations or pollutant events. 
Predicting these rare but critical high-pollution scenarios is 
often more challenging for data-driven models, especially 
if such extreme values are underrepresented in the training 
dataset. While our models aim to capture the general trends, 
their accuracy during severe pollution episodes might vary. 
Future work could focus on developing or applying models 
specifically tailored to predict extreme events, potentially by 
incorporating more data on such occurrences or employing 
robust statistical methods for outliers.

Furthermore, environmental variables, including pollut-
ant concentrations, often exhibit nonstationarity over ex-
tended periods due to factors such as evolving emission 
sources, climatic changes, or policy interventions. While 
our study utilized one year of data, which limits the impact 
of long-term trends, the potential effect of nonstationarity 
on the relationships between PGs and PM2.5 over longer 
timescales or under different future conditions is a sig-
nificant consideration. Future research should investigate 
methods to account for nonstationarity, such as adaptive 
modeling techniques or time series analysis specifically 
designed for nonstationary data, to ensure the long-term 
robustness and applicability of the models.

Furthermore, this study was limited to four modeling 
paradigms. Future work would benefit from benchmark-
ing these results against more advanced or hybrid ma-
chine learning models, such as eXtreme Gradient Boosting 
(XGBoost), Long Short-Term Memory (LSTM) networks, or 
hybrid neuro-genetic models, which have shown strong 
performance in other air quality forecasting studies. Last-
ly, the study focuses on five primary PGs; incorporating 
other contributing factors, such as water-soluble ions or 
regional-specific emission sources, could further refine the 
models. Future research could also incorporate a more rig-
orous and dedicated uncertainty and sensitivity analysis 
using advanced statistical or computational methods to 
precisely quantify the impact of input variable variations 
and model parameter uncertainties on PM2.5 predictions.
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