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Article Info ABSTRACT 

Article History: 
In Air Quality Index (AQI) computation, the relationship between AQI and PM2.5 is defined 

through an interpolation approach, which forms a nonlinear relationship between PM2.5 

and AQI, thereby rendering linear regression less capable of representing this relationship. 

This research selects quadratic regression because it explicitly represents the nonlinear 
relationship between PM2.5 and AQI while remaining easy to interpret and minimizing the 

risk of overfitting compared with more complex nonlinear models. However, in time series 

data, this model still generates residuals that violate classical assumptions due to time 

dependence. Hence, a hybrid modeling approach integrates quadratic regression and 
Autoregressive Integrated Moving Average (ARIMA) to represent nonlinear relationships 

while correcting the time dependence on the quadratic regression residuals. This research 

aims to estimate AQI based on PM2.5 in Pontianak in 2024 using the Quadratic Regression-

ARIMA model, also comparing the performance of quadratic regression models and 
quadratic regression-ARIMA models. This research focuses on estimation and interpolation 

within the sample, not forecasting. The dataset consists of 366 daily observations of AQI 

and PM2.5 throughout 2024, obtained from the official air quality monitoring website, AQI. 

The analysis was carried out by estimating the AQI from PM2.5 using a Quadratic 
Regression model, and the regression residuals were rendered stationary before ARIMA 

modeling. The results showed that the Quadratic Regression-ARIMA model yields estimate 

with a better residual structure than the quadratic regression model. The in-sample 

evaluation of the Quadratic Regression-ARIMA model showed better performance, with a 

higher coefficient of determination (𝑅2) of 0.95, compared with 0.91 for quadratic 

regression and 0.80 for linear regression. 
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1. INTRODUCTION 

Air pollution has emerged as a major environmental concern, exerting a substantial influence on overall 

air quality [1]. This is evidenced by the fact that over 90% of the global population inhabits regions where 

air quality levels fall below the thresholds recommended by the World Health Organization (WHO), so the 

assessment of air quality necessitates the use of appropriate indicators [2]. One established metric is the Air 

Quality Index (AQI). A higher index value indicates higher pollutant concentrations, so air quality in the area 

is worsening, whereas lower index values indicate better air quality [3]. Consequently, accurate AQI 

estimates are essential for supporting environmental policies, public health early warning systems, and urban 

air quality assessments [4]. 

The concentrations of various air contaminants are used to determine the AQI, including PM2.5, SO2, 

NO2, CO, and O3 [3]. Among these pollutants, PM2.5 is a major determinant of the AQI and poses the most 

serious threat to human health [5]. Its extremely small size, with a diameter of 2.5 μm or less, enabling it to 

reach the deepest parts of the lungs and pass into the circulatory system [6]. In Pontianak, PM2.5 has become 

an environmental problem due to the tropical climate, urban activities, and frequent forest and land fires [7] 

which produce haze, thereby increasing PM2.5 concentrations and causing fluctuations in the AQI [8]. The 

relationship between PM2.5 and AQI is defined by interpolation between the upper and lower limits of PM2.5 

and AQI. This approach demonstrates a nonlinear relationship between PM2.5 and AQI due to the division 

of index intervals, and PM2.5 intervals vary across concentration ranges [9]. Hence, the linear regression 

approach is less capable of representing this relationship. 

Previous studies have used various nonlinear approach to air quality modeling, such as kernel 

regression [10], support vector regression (SVR) [11], and machine learning methods such as Random Forest 

[12]. However, these methods are typically prediction-oriented and involve more complex model structures, 

meaning that the functional relationships between variables are not explicitly defined mathematically. This 

research focuses on developing simple non-linear models that allow for clear mathematical interpretation. 

Hence, quadratic regression was selected because it explicitly represents the nonlinear relationship between 

PM2.5 and AQI while remaining easy to interpret and minimizing the risk of overfitting compared with more 

complex nonlinear models [13]. Meanwhile, the ARIMA model was preferred to other methods because it 

effectively captures and corrects temporal dependence in the residuals through the autoregressive and moving 

average components. In addition, ARIMA provides well-established diagnostic tests to verify that 

autocorrelation structures have been adequately addressed. Accordingly, integrating the Quadratic 

Regression and ARIMA models is expected to enhance the performance of AQI estimates [14].  

The limitations of the modeling approach in this research are the use of daily observations throughout 

2024 with a total of 366 observations, the restriction to a single location, and the consideration of only one 

type of pollutant, namely PM2.5. However, this approach remains relevant due to the dominant role of PM2.5 

in urban air pollution, including in Pontianak, and its significant impact on public health [8]. Therefore, this 

research aims to estimate AQI based on PM2.5 in Pontianak in 2024 using the Quadratic Regression-ARIMA 

model, and to compare the performance of quadratic regression models and quadratic regression-ARIMA 

models. A hybrid modeling approach that combines regression and time series models has also been used in 

various studies [14]. The novelty of this research is the integration of Quadratic Regression-ARIMA for 

PM2.5-based AQI estimation, capturing the nonlinear relationship between PM2.5 and AQI while modeling 

the remaining temporal dynamics in the data. Therefore, this research is expected to make new contributions 

to the development of hybrid regression and time series models. 

2. RESEARCH METHODS 

The analysis process for this research began with descriptive statistical analysis and regression 

modeling. Since the relationship between the AQI and PM2.5 is by definition nonlinear, quadratic regression 

was used. However, linear regression was also evaluated as a comparison for model performance. The 

estimation results from the quadratic regression model produce residuals that violate the specified 

assumptions, which motivates further analysis by treating the residuals as a time series and modeling them 

using an ARIMA model. Thus, a quadratic regression-ARIMA model was used. After identifying the optimal 

ARIMA specification through standard ARIMA procedures, this research estimates AQI by integrating the 
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quadratic regression and ARIMA models, combining their estimated components, and reassessing the 

resulting residuals to evaluate whether the integration enhances model performance.  

2.1 Quadratic Regression Model 

quadratic regression model is a nonlinear regression technique in which the relationship between the 

independent and dependent variables is modeled by a parabolic curve [15]. However, this model remains 

linear in its parameters and can be expressed as a linear regression model by transforming the variables [16]. 

The formulation of the model is presented below[17]:  

𝑌𝑡 = 𝛽0 + 𝛽1𝑋𝑡 + 𝛽2𝑋𝑡
2 + 𝜀𝑡 ,         (1) 

with:  

𝑌𝑡  : dependent variable for 𝑡; 

𝑋𝑡  : independent variable for 𝑡; 

𝛽0  : constant; 

𝛽1  : linear coefficient; 

𝛽2  : quadratic coefficient; 

𝜀𝑡   : residual for 𝑡. 

2.2 Estimation of Quadratic Regression Model Parameters 

Estimation of quadratic regression model parameters using the least squares method, which reduces 

the sum of squared residuals of regression model equation. The general equation for estimating parameters 

𝛽0, 𝛽1, and 𝛽2 can be obtained as follows [18]:  

[

𝛽̂0

𝛽̂1

𝛽̂2

] = [

𝑛 ∑ 𝑋𝑡
𝑛
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2𝑛
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3𝑛

𝑡=1 ∑ 𝑋𝑡
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𝑡=1

]

−1

[

∑ 𝑌𝑡
𝑛
𝑡=1

∑ 𝑌𝑡𝑋𝑡
𝑛
𝑡=1

∑ 𝑌𝑡𝑋𝑡
2𝑛
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],   (2) 

with:  

𝛽̂0, 𝛽̂1, and 𝛽̂2 : parameter estimates; 

𝑛  : the amount of data. 

2.3 Model Fit Test 

Model fit can be assessed using the F- and t-tests, along with the coefficient of determination (𝑅2) [19]. 

The combined impact of the independent variables on the dependent variable is assessed using the F-test for 

significance. In contrast, the t-test focuses on evaluating the effect of each variable individually. The 

coefficient of determination (𝑅2) has a value between 0 and 1; the closer the value is to 1, the better the model 

explains the variation in the dependent variable. It is calculated by dividing between the Sum of Squares for 

Regression (SSR) and Total Sum of Squares (SST) [20]. The F significance test requires the Mean Square 

Regression (MSR) and Mean Square Error (MSE) values using equations adopted from [21]: 

𝑀𝑆𝑅 =
∑ (𝑌̂𝑡 − 𝑌̅)

2𝑛
𝑡=1

𝑘
, (3) 

𝑀𝑆𝐸 =
∑ (𝑌𝑡 − 𝑌̅)2𝑛

𝑡=1 − ∑ (𝑌̂𝑡 − 𝑌̅)
2𝑛

𝑡=1

𝑛 − 𝑘 − 1
. (4) 

The following F-test, t-test, and coefficient of determination are calculated using equations adopted from 

[21]: 

𝐹𝑐𝑎𝑙𝑐 =
𝑀𝑆𝑅

𝑀𝑆𝐸
, (5) 



2828 Sari, et al.     INTEGRATION OF QUADRATIC REGRESSION-ARIMA MODEL IN ESTIMATING AIR…  

𝑡𝑐𝑎𝑙𝑐 =
𝛽̂𝑖

𝑆𝐸(𝛽̂𝑖)
, (6) 

𝑅2 =
𝑆𝑆𝑅

𝑆𝑆𝑇
=

∑ (𝑌̂𝑡 − 𝑌̅)
2𝑛

𝑡=1

∑ (𝑌𝑡 − 𝑌̅)2𝑛
𝑡=1

, (7) 

with:  

𝛽̂𝑖  : estimate for 𝛽𝑖; 

𝑆𝐸(𝛽̂𝑖)  : standard error for 𝛽̂𝑖; 

𝑌𝑡  : dependent variable for 𝑡 or actual data for 𝑡; 

𝑌̂𝑡  : estimated value for 𝑡;  

𝑌̅  : average of the actual data. 

F-test to examine the null hypothesis that the independent variables collectively do not exert a statistically 

significant influence. In the test criterion, when the resulting p-value exceeds the significance level of 5%, 

the test rejects the null hypothesis, indicating that the independent variables collectively do not exert a 

statistically significant influence. Conversely, a p-value below the significance level leads to rejection of the 

null hypothesis, implying that at least one independent variable collectively exerts a statistically significant 

influence. In addition, a t-test is used to test the null hypothesis that a specific independent variable has no 

statistically significant effect on the dependent variable. In the test criterion, when the resulting p-value 

exceeds the significance level of 5%, the test accepts the null hypothesis, indicating the absence of a 

significant individual effect; a p-value below the significance level results in rejection of the null hypothesis, 

indicating the presence of a statistically significant individual effect. 

2.4 Autoregressive Integrated Moving Average (ARIMA) Model 

ARIMA (p, d, q) formulation, the model involves three parameters, namely AR(𝑝) which denotes 

autoregressive part, MA(𝑞) which denotes the moving average part, and d which denotes the level of 

difference [22]. ARIMA specification with parameters p, d, dan q on 𝑌𝑡 data are presented in the 

following equation as adopted from [23]: 

𝜙𝑝(𝐵)(1 − 𝐵)𝑑𝑌𝑡 = 𝜃𝑞(𝐵)𝑎𝑡 , (8) 

with:  

(1 − 𝐵)𝑑  : the order differentiation for 𝑑;  

𝜙𝑝(𝐵)  : the AR coefficient, with 𝜙𝑝(𝐵) = 1 − 𝜙1𝐵 − 𝜙2𝐵2 − ⋯ − 𝜙𝑝𝐵𝑝; 

𝜃𝑞(𝐵)  : the MA coefficient, with 𝜃𝑞(𝐵) = 1 − 𝜃1𝐵 − 𝜃2𝐵2 − ⋯ − 𝜃𝑞𝐵𝑞;  

𝑎𝑡  : the residual for 𝑡. 

Before determining ARIMA (𝑝, 𝑑, 𝑞), the procedure begins by assessing the data for stationarity, 

namely, the stationarity of both the mean and the variance. Fulfilling the stationarity assumption is important 

to ensure parameter stability and estimation accuracy in ARIMA modelling [24]. If not stationary in variance 

with a lambda (𝜆) value not equal to 1, then a Box-Cox transformation will be performed as follows [24]: 

𝑇(𝑌𝑡) = {
𝑌𝑡

(𝜆)
− 1

𝜆
, 𝜆 ≠ 0

ln 𝑌𝑡 , 𝜆 = 0

, (9) 

The lambda (𝜆) value is used to stabilize the data variance. In cases where the data does not exhibit mean 

stationarity, then a differentiation process will be performed, which is expressed by the backshift operator 

(B) as follows [25]: 

𝐵𝑑𝑌𝑡 = 𝑌𝑡−𝑑   , 𝑑 > 0. (10) 

The Augmented Dickey-Fuller (ADF) test assesses stationarity at the mean, as presented in the following 

equation [24]: 
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𝐴𝐷𝐹𝑐𝑎𝑙𝑐 =
𝜌̂

𝑆𝐸(𝜌̂)
, (11) 

with 𝜌̂ denotes the estimated autoregressive coefficient parameter that indicates the presence of unit roots in 

the time series, whereas 𝑆𝐸(𝜌̂) represents the corresponding standard error of the estimate. In the ADF test, 

the null hypothesis is that the series is non-stationary in the mean at the 5% significance level; if the p-value 

is less than 0.05, the null hypothesis is rejected, indicating mean stationarity, whereas a p-value greater than 

the significance level denotes the opposite. Next, assessment of autocorrelation and partial autocorrelation 

plots for model identification within the ARIMA framework, then parameter estimation and significance 

testing. The procedure tests the null hypothesis that each estimated parameter does not contribute significantly 

to the model. The null hypothesis is rejected if the p-value is below 5%, which means that the parameter 

contributes significantly to the ARIMA model [24].  

Subsequently, perform diagnostic tests to ensure that the ARIMA residuals meet the basic assumptions. 

The Ljung-Box test tests the null hypothesis that the residuals are white noise at the 5% significance level; if 

the p-value is greater than 0.05, the null hypothesis is accepted, indicating that the ARIMA model residuals 

are white noise [26]. Meanwhile, the ARCH-Lagrange Multiplier (ARCH-LM) test examines the null 

hypothesis that the variance of the residuals is constant (i.e., homoscedasticity) or that the residuals exhibit 

no ARCH effect. At a significance level of 5%, if p-values are greater than 0.05, the null hypothesis of 

homoscedasticity is accepted [27]. In addition to statistical tests, residuals were also evaluated visually using 

residual autocorrelation function (ACF) plots and Q-Q plots to verify independence and normality [28]. The 

most appropriate ARIMA model can be identified by evaluating model performance using the Root Mean 

Square Error (RMSE), Akaike Information Criterion (AIC), and Mean Absolute Error (MAE). The optimal 

ARIMA specification is achieved when its performance indicators reach the smallest values [25].  

2.5 Quadratic Regression-ARIMA Model 

The quadratic regression-ARIMA model starts by applying a quadratic regression model to the data, 

then modeling the residuals from the quadratic regression that still contain time patterns with an ARIMA 

model, and finally combining the estimates from the quadratic regression and the ARIMA model. The 

Quadratic Regression-ARIMA equation is presented below: 

𝑌𝑡 = 𝛽0 + 𝛽1𝑋𝑡 + 𝛽2𝑋𝑡
2 + 𝜂𝑡 , (12) 

with 𝜂𝑡 is residual component of the Quadratic Regression model modeled using the ARIMA (𝑝, 𝑑, 𝑞) as 

follows [29]:  

𝜙𝑝(𝐵)(1 − 𝐵)𝑑𝜂𝑡 = 𝜃𝑞(𝐵)𝑎𝑡. (13) 

The analytical procedure in this research began with descriptive statistics, followed by quadratic 

regression to estimate parameters. Subsequent stages included evaluating model adequacy using the F and t 

significance tests, along with the coefficient of determination, and estimating AQI. Further analysis was 

conducted by applying ARIMA modeling to the residuals. This procedure involved testing for stationarity, 

identifying an ARIMA model using ACF and PACF (Partial Autocorrelation Function) plots, estimating 

model parameters, selecting the most suitable ARIMA configuration, and performing diagnostic checks on 

the residuals. After determining the optimal ARIMA model, the quadratic regression residuals are estimated 

using it. Next, in-sample estimation is obtained by integrating the quadratic regression-ARIMA, in which 

quadratic regression residual estimates are processed using ARIMA added to the AQI estimates from the 

quadratic regression model. The residuals from the model were then re-evaluated to assess the integrated 

model's reliability and estimation performance [29].  

2.6 Model Performance Evaluation 

The performance of the models within the sample was evaluated using the coefficient of determination 

(𝑅2). This method is selected because the analysis emphasizes the models’ capability to estimate and 

interpolate over the observation period. The 𝑅2 value serves to compare the performance of the quadratic 

regression model and the Quadratic Regression-ARIMA model with 𝑅2 values closer to 1 represent better 

model performance [20]. 
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3. RESULTS AND DISCUSSION 

The AQI is the dependent variable (𝑌), while the PM2.5 is stated as the independent variable (𝑋). An 

illustration of the connection between the two variables is provided in Fig. 1. 

 

Figure 1. Scatter Plot of Air Quality Index and PM2.5 

The distribution of data points in Fig. 1, indicates that increasing PM2.5 is associated with increasing 

AQI, so the data distribution appears to form a curved pattern, indicating a nonlinear relationship among 

variables. An overview of the data characteristics is provided in Table 1. 

Table 1. Descriptive Statistics 

Variable n Minimum Maximum Average  Standard Deviation 

𝑌 366 19 158 45.178 15.781 

𝑋 366 4 110 12.593 8.615 

The lowest AQI value falls within the good AQI category, which occurred on April 17, while the 

highest AQI value falls within the unhealthy AQI category, which occurred on March 15. The lowest and 

highest PM2.5 concentrations also occurred on the same days as the AQI, with the lowest falling within the 

good category and the highest within the unhealthy category. The average AQI value for the entire year of 

2024 is 45.178 with a standard deviation of 15.781, while the average PM2.5 is 12.593 𝜇𝑔/𝑚³ with a standard 

deviation of 8.615. The time series data plot is shown in Fig. 2. 

 

 
(a)          (b) 

Figure 2. (a) Plot Data for Air Quality Index and (b) Plot Data for PM2.5 Concentration 

As shown in Fig. 2, the AQI and PM2.5 plots exhibit daily fluctuations throughout 2024, with AQI 

increasing significantly in early March, then declining mid-year before rising again toward the end of the 

year. Fluctuations in PM2.5 follow the same pattern as AQI. This may be attributed to external factors such 

as combustion activities or weather conditions. 

3.1 Formation of Quadratic Regression Model 

The initial step in forming a quadratic regression model is to estimate the parameters using the formula in Eq. 

(2), which yields 𝛽̂0 = 11.705; 𝛽̂1 = 2.937; and 𝛽̂2 = −0.015, so that a quadratic regression estimation 

model can be formed as follows: 
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𝑌̂𝑡 = 11.705 + 2.937𝑋𝑡 − 0.015𝑋𝑡
2 . (14) 

Next, model fit testing will be conducted using F and t significance tests, along with along with the 

coefficient of determination. The outcome of the F-test calculations using the formula in Eq. (5) is tabulated 

in Table 2. 

Table 2. F-test 

F statistic p-value 

1768.904 0.000 

The independent factors together exert a significant influence on the dependent variable; in Table 2, at 

the 5% significance level, this yields an F-statistic of 1768.904 and a p-value less than 0.05, leading to the 

rejection of the null hypothesis. Next, a t-test was performed using the formula in Eq. (6), and the results are 

presented in Table 3. 

Table 3. T-test 

Variable t statistic p-value 

𝑋 42.311 0.000 

𝑋2 -20.687 0.000 

As presented in Table 3, at the 5% significance level, the variables 𝑋 and 𝑋2 have p-values of 0.000, 

leading to the rejection of the null hypothesis. These results confirm that each independent variable 

individually exerts a statistically significant influence on the dependent variable. Next, the coefficient of 

determination calculated using Eq. (7) is presented in Table 4. 

Table 4. Coefficient of Determination  

R2 Adjusted R2 

0.91 0.91 

As presented in Table 4, the coefficient of determination (𝑅2) is 0.91, indicating that the model explains 

91% of the variation in the dependent variable, with the remaining 9% attributable to external factors. 

Meanwhile, the adjusted coefficient of determination is also 0.91, indicating that the model still explains 91% 

of the variation in the dependent variable, given the number of variables and the sample size. The residual 

test is shown in Fig. 3. 

 
(a)          (b)     (c) 

Figure 3. (a) Residual Pattern of Quadratic Regression Model, (b) ACF Residuals Plot of Quadratic Regression 

Model, and (c) Q-Q Plot Residuals of Quadratic Regression Model 

As presented in Fig. 3, the residual pattern in Fig. 3 (a), formed from residual points that spread out in 

a non-random pattern and deviate from the zero line, suggests the presence of unexplained information not 

fully captured within the model. Therefore, the assumptions regarding the randomness of residuals are not 

met. The residual autocorrelation function plot in Fig. 3 (b) shows that the autocorrelation values at each lag 

(lag 1, lag 2, etc) are outside the significance line (dashed line). This indicates that the model has not fully 

captured the time pattern in the data, and the residuals still contain a temporal pattern. Based on the Q-Q plot 

in Fig. 3 (c), the residuals deviate from the expected diagonal, indicating a violation of assumptions due to 

several outliers in the dataset, so the residuals are not normally distributed. Based on the residual test, the 

residual components of the quadratic regression model are then modeled using ARIMA. 
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3.2 Formation of ARIMA Model  

Residual outcomes from the quadratic regression are subsequently analyzed with an ARIMA model to 

account for temporal dependencies. The initial stage in constructing the ARIMA model involves examining 

whether the data exhibit stationarity. Testing for variance stability yielded a lambda (𝜆) value of 1.03, 

indicating that the data exhibit variance stationarity, so the procedure can proceed to evaluate mean 

stationarity through the Augmented Dickey-Fuller (ADF) approach in Eq. (11) refer to Table 5. 

Table 5. ADF Test 

Statistic value p-value Stationarity status 

Before differencing 0.65 Non-stationary 

After differencing 0.01 Stationary 

As shown in Table 5, at the 5% significance level, the p-value before the differentiation process exceeds 

0.05, leading to acceptance of the null hypothesis and indicating that the data lack stationarity in the mean. 

Therefore, a differentiation process was necessary. After the differentiation process, a p-value below 0.05 

was obtained, leading to rejection of the null hypothesis and indicating the presence of mean stationarity in 

the data. Identification of the ARIMA structure was carried out by examining ACF and PACF plots of the 

residuals that satisfied stationarity, as shown in Fig. 4. 

  
(a)              (b) 

Figure 4. (a) ACF Plot and (b) PACF Plot 

 

As presented in Fig. 4, truncation after the first lag is evident on the ACF plot, whereas the PACF plot 

displays evident truncations at the first and second lags. For parameter d, its value is determined as 1 because 

the data were differentiated once. Based on both plots, four temporary ARIMA models are obtained: ARIMA 

(2,1,0), ARIMA (1,1,0), ARIMA (0,1,1), and ARIMA (2,1,1). Considering parameters significant, model 

estimation is conducted if they have a p-value below 0.05, thereby qualifying them for integration into the 

ARIMA model. A detailed summary of the estimated ARIMA parameters is presented in Table 6. 

Table 6. Estimation of ARIMA Model Parameters 

Model Parameter p-value 

ARIMA (2,1,0) 
𝜙1 -0.514 0.000 

𝜙2 -0.147 0.004 

ARIMA (1,1,0) 𝜙1 -0.448 0.000 

ARIMA (0,1,1) 𝜃1 -0.640 0.000 

ARIMA (2,1,1) 

𝜙1 0.252 0.000 

𝜙2 0.171 0.005 

𝜃1  -0.865 0.000 

As shown in Table 6, at the 5% significance level, each ARIMA model parameter has a p-value below 

0.05, leading to rejection of the null hypothesis. This means that all parameters contribute significantly to the 

ARIMA model. Subsequently, each significant ARIMA model is evaluated through diagnostic tests, as 

summarized in Table 7.  
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Table 7. Diagnostic Test 

Model 
Ljung-Box 

test (p-value) 

ARCH-LM 

test (p-value) 
Residual independence Residual normality 

ARIMA 

(2,1,0) 
0.286 0.876 

  

ARIMA 

(1,1,0) 
0.236 0.124 

  

ARIMA 

(0,1,1) 
0.575 1 

  

ARIMA 

(2,1,1) 
0.985 0.999 

  

As shown in Table 7 the Ljung-Box test at the 5% significance level yields p-values greater than 0.05 

for all ARIMA models, leading to acceptance of the null hypothesis. This result indicates that the residuals 

from all ARIMA models do not exhibit simultaneous autocorrelation, and the white noise assumption is 

satisfied. Visually, the ACF residual plots show that in the ARIMA (2,1,0) model, the autocorrelation value 

at lag 3 exceeds the significance line (dashed line), while in the ARIMA (1,1,0) model, the autocorrelation 

value at lag 2 also exceeds the significance line (dashed line). This discrepancy arises because the ACF plot 

provides a lag-by-lag visual assessment of autocorrelation. In contrast, the Ljung-Box test assesses 

simultaneous autocorrelation over a specified number of lags, so the ARIMA model still satisfies the white 

noise assumption. Conversely, the ARIMA (0,1,1) and ARIMA (2,1,1) models satisfy the white noise 

assumption both visually and statistically, as their autocorrelation values at all lags are within the significance 

level. 

Furthermore, in the ARCH-LM test at a 5% significance level, all p-values are greater than 0.05, so 

the null hypothesis is accepted, representing that the residuals for all ARIMA models satisfy the 

homoscedasticity assumption. Additionally, the residual normality plots show that the points generally align 

closely with the diagonal, suggesting a normal distribution. Hence, all ARIMA models satisfy the diagnostic 

test. Furthermore, the optimal ARIMA model is determined by evaluating RMSE, AIC, and MAE, where 

smaller values indicate a better model. The AIC, RMSE, and MAE values are summarized in Table 8. 

Table 8. Best Model Selection 

Model AIC RMSE  MAE 

ARIMA (2,1,0) 1817 2.88 1.86 

ARIMA (1,1,0) 1823.04 2.91 1.88 

ARIMA (0,1,1) 1798.29 2.82 1.86 

ARIMA (2,1,1) 1789.53 2.77 1.82 
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As presented in Table 8, the smallest AIC, RMSE, and MAE values were achieved by the ARIMA (2,1,1) 

model, identified as the optimal model, whose equation is formulated as follows:  

𝜂𝑡 = 1.252𝜂𝑡−1 − 0.081𝜂𝑡−2 − 0.171𝜂𝑡−3 + 𝑎𝑡 + 0.865𝑎𝑡−1 (15) 

3.3 Quadratic Regression-ARIMA Model 

After obtaining the Quadratic Regression model and ARIMA model from Quadratic Regression 

residuals, the next step is to form a Quadratic Regression-ARIMA model by combining the two models. 

Based on Eqs. (14) and (15), the Quadratic Regression-ARIMA estimation model is as follows: 

𝑌̂𝑡 = 11.705 + 2.937𝑋𝑡 − 0.015𝑋𝑡
2 + 1.252𝜂𝑡−1 − 0.081𝜂𝑡−2 − 0.171𝜂𝑡−3 + 0.865𝑎𝑡−1. 

This model shows that when PM2.5 equals zero, the estimated AQI in period t is 11.705, indicating that the 

estimated AQI is unaffected by PM2.5 but remains influenced by other pollutants. Accordingly, even though 

the PM2.5 value is 0, the estimated result still has a value because the estimate reflects the influence of other 

pollutants or environmental factors that the model does not explicitly incorporate. When the PM2.5 increases 

by 1 𝜇𝑔/𝑚3, the estimated AQI value is expected to increase by 2.937. Still, this effect does not continue 

because there is a negative coefficient of 0.015 on the square of PM2. 5, which indicates that after exceeding 

a concentration of approximately 98 𝜇𝑔/𝑚3, an increase in PM2.5 has a negative impact on the estimated 

AQI. At the same time, the previous day's influence also affects the estimated AQI, such that if the estimated 

AQI was higher the previous day, today's estimate tends to increase by 1.252, but if the model overestimated 

the previous two or three days, today's estimate will decrease by 0.081 and 0.171, respectively. If the model 

underestimated the previous day, it will adjust today's estimate upward by 0.865 to correct for the error. The 

next step is to examine the residuals to evaluate characteristics of the residuals produced by the model. The 

residual test can be observed in Fig. 5. 

 

 
(a)          (b)     (c) 

 

Figure 5. Residual Pattern of Quadratic Regression-ARIMA Model, (b) ACF Residuals Plot of Quadratic Regression-

ARIMA Model, and (c) Q-Q Plot Residuals of Quadratic Regression-ARIMA Model 

 

As presented in Fig. 5, the residual pattern in Fig. 5 (a) consists of residual points dispersed randomly 

around zero without creating any particular pattern, suggesting the absence of association between the 

residuals and either time or the predictor variables. Therefore, the assumption of residual randomness is 

satisfied, and the model is good at estimating. The residual autocorrelation function plot in Fig. 5 (b) 

demonstrates that the autocorrelation values at each lag (lag 1, lag 2, etc) are within the significance line 

(dashed line), which indicates that there is no significant autocorrelation between the residuals. Thus, it 

satisfies the assumption of residual independence, in which the residuals do not contain time. Based on the 

Q-Q plot in Fig. 5 (c), the data distribution approaches the diagonal line, indicating that the residual 

component conforms to a normal distribution. Therefore, the assumption of residual normality is met. These 

results demonstrate that the quadratic regression-ARIMA model yields better residual characteristics than 

those before the addition of the ARIMA component. Thus, integrated quadratic regression and ARIMA 

demonstrate effective capability in identifying patterns within the data. However, since the approach is carried 

out gradually, the final results still contain cumulative errors originating from both model components. 

3.4 Model Performace Evaluation 

The performance evaluation of the quadratic regression model and the quadratic regression-ARIMA 

model was performed using the 𝑅2 value. As an additional comparison, the results from the linear regression 
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were also presented, which clarified the difference in performance between the linear and nonlinear models, 

as presented in Table 9. 

Table 9. Model Performance Evaluation  

Model R2 

Linear Regression 0.80 

Quadratic Regression 0.91 

Quadratic Regression-ARIMA 0.95 

As shown in Table 9, the linear regression model yielded an R² of 0.80. In contrast, the quadratic 

regression model yielded an R² value of 0.91, indicating that the nonlinear approach better explains the 

variation in the air quality index than linear regression. Furthermore, the quadratic regression-ARIMA model 

exhibited the highest R² value of 0.95. This increase in the R² value indicates that the addition of the ARIMA 

component captured the time dependence of the residuals in the quadratic regression model, thereby 

improving estimation performance. Findings from this study reveal that PM2.5 exerts a notable influence on 

the AQI. This is consistent with previous research findings indicating that PM2.5 is one of the factors 

significantly influencing changes in the AQI [6].  

4. CONCLUSION 

From the analytical outcomes, it may be inferred that the Quadratic Regression-ARIMA model is a 

relevant approach for estimating the AQI based on PM2.5 in Pontianak City for 2024. However, since this 

approach focuses on interpolation and estimation within the sample, the results obtained are limited to the 

data and time period of this study. The use of this hybrid model is motivated by the nonlinear relationship 

and temporal dependence inherent in the data. The results showed that the Quadratic Regression-ARIMA 

model yields estimate with a better residual structure than the quadratic regression model. The in-sample 

evaluation of the Quadratic Regression-ARIMA model showed better performance, with a higher 𝑅2 of 0.95, 

ompared with 0.91 for quadratic regression and 0.80 for linear regression. This improvement in the hybrid 

model's performance occurred because the ARIMA component was able to model the time dependence in the 

residuals that could not be fully explained by quadratic regression. This approach can support environmental 

policy-making and air quality monitoring. However, this research has several limitations, including the use 

of daily observations throughout 2024, totaling 366 observations, the restriction to a single location, and the 

consideration of only one type of pollutant. Further research is recommended to explore other modeling 

methods, such as nonparametric approaches, ensemble models, Long Short-Term Memory (LSTM), and to 

include additional pollutants and different locations to enhance the generalizability and performance of 

models in future studies. 
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