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ARTICLE INFO ABSTRACT

Keywords: Monitoring PCDD/Fs emissions from municipal solid waste incinerations (MSWIs) is of paramount importance,

MS‘_NI. yet it can be time-consuming and labor-intensive. Predictive models offer an alternative approach for estimating

Emissions their levels. However, robust models specific to PCDD/Fs were lacking. In this study, we collected 190 PCDD/Fs

Indlc_aFor - samples from 4 large-scale MSWIs in China, with the average PCDD/Fs levels and TEQ levels of 0.987 ng/m° and

Traditional statistical method 3 . oo N A L L.

. . 0.030 ng TEQ/m”, respectively. We developed and evaluated predictive models, including traditional statistical

Machine learning method . X . N ) oo
methods, e.g., linear regression (LR) as well as machine learning models such as back propagation-artificial
neural networks (BP ANN) and random forest (RF). Correlation analysis identified 2,3,4,7,8-PeCDF,
1,2,3,6,7,8-HxCDF, 2,3,4,6,7,8-HxCDF were better indicator congeners for PCDD/Fs estimation (R? > 0.9, p
< 0.001). The predictive results favored the RF model, exhibiting a high R? value and low root mean square error
(RMSE) and mean absolute error (MAE). Additionally, the RF model showed excellent prediction ability during
external validation, with low absolute relative error (ARE) of 10.9 %-12.6 % for the three indicator congeners in
the normal PCDD/F TEQ levels group (<0.1 ng TEQ/! m3) and slightly higher ARE values (13.8 %-17.9 %) for the
high PCDD/F TEQ levels group (>0.1 ng TEQ/m®). In conclusion, our findings strongly support the RF model’s
effectiveness in predicting PCDD/Fs TEQ emission from MSWIs.

mounting MSW volumes.
Polychlorinated dibenzo-p-dioxins and dibenzofurans (PCDD/Fs)

1. Introduction

Rapid economic growth, industrialization, and urbanization in China
have resulted in an unprecedented increase in municipal solid waste
(MSW). Municipal solid waste incinerators (MSWIs) have become
indispensable in reducing both the weight (up to 75 %) and volume (up
to 90 %) of MSW, particularly in areas facing limited landfill space
(Cheng and Hu, 2010; Domingo et al., 2015; Rovira et al., 2015). The
demand for incineration has grown significantly, with the volume of
MSW sent for incineration in China soaring from 46.3 million tons in
2013 to 146.08 million tons in 2020 (National Bureau of Statistics of
China, 2020, National Bureau of Statistics of China (2013)). This un-
derscores the importance of efficient waste management strategies,
where MSWIs are essential to curb the environmental impact of
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primarily form through chlorine-involved combustion process such as
waste incineration and 17 PCDD/Fs congeners with chlorine substitu-
tion in 2,3,7,8 positions have comparable or even higher toxicity than
other congeners, inducing adverse health effects (e.g., reproductive ef-
fects, dermal toxicity, and carcinogenic effects) (Van den Berg et al.,
1998; Pan et al., 2013; Zhou et al., 2018). Consequently, MSWIs have
garnered increasing attention as significant sources of PCDD/Fs emis-
sions. Despite China’s adoption of the more stringent GB18485-2014
emission standard, MSWIs still face public opposition due to not-in-
my-backyard (NIMBY) concerns (Sun et al, 2017). Therefore,
continued monitoring and regulating PCDD/Fs emissions from MSWIs
remain essential to mitigate their adverse impacts on public health and
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the environment.

Accurately analyzing of PCDD/Fs involves substantial labor and
financial expense, making it essential to identify indicator congeners
capable of effectively quantifying and predicting toxic equivalent (TEQ)
levels of PCDD/Fs emissions from MSWIs. Zhu et al. (2018) employed
the linear regression (LR) model to conclude that 1,2,3,4,7,8,9-HpCDF,
OCDF could serve as suitable indicator congeners for the prediction of
PCDD/Fs TEQ levels based on the analysis of 57 flue gas samples. Li et al.
(2017) utilized LR models and analyzed 36 flue gas samples to identify
1,2,3,7,8,9-HxCDF and 1,2,3,4,7,8-HxCDF as indicator congeners for the
prediction of PCDD/Fs TEQ levels. The aforementioned studies have
primarily relied on the LR model to establish relationship between
congeners and PCDD/Fs with relatively sample size. However, the
intricate relationship between congeners and PCDD/Fs TEQ levels may
limit the effectiveness of the LR model in capturing this complexity.
Furthermore, the impact of limited data on statistical power and appli-
cability emphasizes the necessity for a model trained with a compre-
hensive dataset capable of predicting PCDD/Fs emission. Machine
Learning (ML) presents another popular alternative for predictive
modeling (Murphy, 2012). Artificial neural networks (ANN) and
random forest (RF) were two prominent ML methods known for their
ability to uncover intricate relationships between input and output
variables. These models have shown promising performance in fore-
casting various pollutants such as trihalomethane, heavy metals, par-
ticulate matter (PM;o and PM, ), polycyclic aromatic hydrocarbons
(PAHs) and water quality constituents (e.g., total nitrogen (TN), total
phosphorus (TP) and total suspended solids (TSS)) in previous studies
(Behrouz et al., 2022; Leng et al., 2017; Voukantsis et al., 2011; Wu
etal., 2013; Xuetal., 2022). Bunsan et al. (2013) were among the first to
apply ANN to model PCDD/Fs emission from an MSWI, utilizing vari-
ables such as hydrogen chloride and temperature in the mixing chamber.
However, the challenge of establishing a highly accurate and robust
model for predicting PCDD/Fs emission remains a pressing question.

In this study, we gathered 190 samples from four representative
large-scale MSWIs in China. The aims were to explore characteristics of
PCDD/Fs emissions in the flue gas, as well as evaluate potential indicator
congeners for PCDD/Fs prediction. Subsequently, an extensive
comparative analysis was conducted between the traditional method
(LR) and two ML approaches, namely, back propagation (BP) ANN and
RF, to determine the most appropriate prediction model for PCDD/Fs
TEQ emissions. Furthermore, the model’s applicability to ensure robust
and reliable results was validated.

2. Materials and methods
2.1. Sample collection

A total of 190 flue gas samples were collected from four MSWIs in
Southern China (depicted in Supplementary) using automatic isokinetic
sampling system (TECORA, Italy). This system consists of a heated ti-
tanium probe, a sampling box equipped with a quartz fiber filter and a
water-cooled trap. To capture particle-bound *PCDD/Fs and vapor-
phase ¥PCDD/Fs, quartz fiber filters and Amberlite XAD-2 adsorbent
resin (Supleco, Bellefonte, PA) were utilized (Mei et al., 2015). Prior to
sampling, resins were spiked with 1000 pg/sample 13C;,-labeled Sam-
pling Surrogate Standard (EPA 23 SSS) (Wellington Laboratories,
Guelph, Canada) to assess the sampling campaigns. At each sampling
site, three consecutive samples were collected, with each sample being
collected for a minimum duration of 2 h. All samples were carefully
wrapped in aluminum foil, sealed in polyethylene bags, and then stored
at —20°C before analysis.

2.2. PCDD/Fs extraction and analysis

Prior to pretreatment, 1000 pg of 13C;, -labeled PCDD/Fs, serving as
internal standards (EPA 23 IS), were added to the flue gas samples. The
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extraction of PCDD/Fs were performed using a mixture of dichloro-
methane and hexane (1:1, v/v) in a Soxhlet extractor for 24 h. The ex-
tracts were concentrated to approximately 1 mL and subjected to
purification through a multilayer column, comprising anhydrous so-
dium sulfate, florisil, alkaline alumina, 33 % sodium hydroxide silica,
neutral silica gel, 40 % sulfuric acid silica and anhydrous sodium sulfate
from the bottom to the top. The final elute was further concentrated to
approximately 20 pL under a gentle nitrogen stream and spiked with
400 pg 13C12—labeled >PCDD/F injection standards, containing 13C12—
1,2,3,4-TCDD and '3C;,-1,2,3,7,8,9-HxCDD.

Seventeen PCDD/Fs congeners were separated using a high-
resolution gas chromatography (HRGC) (Agilent 6890 N, Agilent
Technologies, Santa Clara, CA) equipped with a DB-5MS (60 m x 0.25
mm x 0.25 pm) capillary column and analyzed with a high-resolution
mass spectrometry (HRMS) (Micromass Autospec Ultima, Waters, Mil-
ford, MA). The gas chromatography (GC) temperature program was
initiated at 140 °C (held for 2 min), and then it was increased to 220 °C
at a rate of 8 °C/min. Subsequently, there was a further increase at a rate
of 1.4 °C/min to 260 °C, followed by a final ramp to 320 °C (held for 4
min). The ion source temperature was set at 250 °C with an ionization
energy of 35 eV. The HRMS was operated in the selected ion monitoring
(SIM) mode, and the mass resolution was tuned to be over 10,000.

2.3. Quality assurance

A comprehensive quality assurance and quality control procedure
was implemented in each batch of 10 field samples, comprising proce-
dural blanks and ongoing precision recovery assessments. The recovery
rates of the 13C;, -labeled PCDD/Fs (EPA 23 SSS and EPA 23 1S) were
carefully evaluated, showing ranges of 73 % to 102 % and 47 % to 120
%, respectively. The limits of detection (LOD) for PCDD/Fs in the flue
gas samples were meticulously determined, with values ranging from
0.0015 to 0.036 ng/m® (Table S1). It is worth noting that procedural
blanks exhibited PCDD/F levels below the LODs. To ensure the utmost
accuracy, all the reported results were blank subtracted and corrected
with the recoveries of spiked standards.

2.4. Statistical analysis

Statistical differences were assessed using the non-parametric Mann-
Whitney U test. The normality of the data was examined using the
Shapiro-Wilk (S-W) test. Pearson correlation was utilized for data con-
forming to a normal distribution, while Spearman correlation was cho-
sen for non-normally distributed data. All statistical analyses were
conducted using SPSS Statistics 29.0.

2.5. Development of prediction models

Indicator congeners were confirmed using Pearson correlation
analysis, and to meet the assumption of normal distribution, the raw
data was log-transformed before performing the correlation analysis.
For those congeners that did not follow a normal distribution even after
Log transformation, Spearman correlation analysis was chosen.

2.5.1. Linear regression (LR) model

LR model is a common choice for predicting PCDD/Fs TEQ levels, as
demonstrated by several studies (Li et al., 2018, 2017; Oh et al., 2004;
Zhu et al., 2018). The general liner regression equation, depicted Eq. (1),
enables researchers to utilize selected independent variables to make
predictions concerning outcomes.

PCDD/FsTEQlevels = A X indicatorcongener + B 1)
2.5.2. Back propagation (BP) ANN model

ANN models have gained popularity for establishing reliable map-
ping relationship prediction model (Wu et al., 2020), with BP ANN being
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among the most widely used variants. Similar to ANN, the BP ANN
structure comprises three layers: input, hidden, and output. The weights
that describe the connection between three layers were adjusted during
training to minimize the mean squared error (MSE) between the net-
work’s estimated and measured data (Mohamed, 2019). BP neural
network effectively overcomes the local minimum defects of the original
neural network and offers benefits such as rapid convergence and high
accuracy. In this study, a BP ANN model for predicting PCDD/Fs TEQ
levels was developed using the ‘newrb’ function (net = newff(inputn,
outputn, hiddennum)) within MATLAB software (R2021b). The number
of nodes in the hidden layer played a crucial role in the BP ANN model
and was determined using the empirical formula (Eq. (2)).

Hiddenlayernodesnumber = \/(M + N + A 2

where M represents the number of nodes in the input layer, N is the
number of nodes in the output layer, and A is typically an integer
ranging between 1 and 10.

2.5.3. RF model

RF is a potent machine learning model proposed by Breiman. (2001),
designed specifically for regression problems. The fundamental princi-
ple of RF involves combining a set of binary decision trees. Each tree is
constructed using a bootstrap sample extracted from the learning data-
set, along with a randomly selected subset of features (input variables or
predictors) at each node. The myy (the number of explanatory variables
sampled for splitting at each node) and ngees (the number of trees
grown) were the two key hyperparameters (Li et al., 2020). Our results
indicated that an optimized combination of myy = 2 and Ngees = 10
resulted in minimized errors across all indicators. The predictions from
all individual decision trees are aggregated to make the final prediction.
A notable advantage of the RF model lies in its capability to limit
overfitting without substantially reducing prediction accuracy, as
demonstrated in other studies (Zhou et al., 2020).

2.6. Evaluation criterion of the models

Four evaluation criteria of models were selected to comprehensively
assess the prediction performance, considering insights from prior
research (Lin et al., 2020; Chen et al., 2021). These criteria include the
absolute relative error (ARE), correlation coefficient (RZ), root mean
square error (RMSE) and mean absolute error (MAE). Superior predic-
tion accuracy is indicated by high R? values and lower ARE, RMSE, and
MAE values. The calculations for these criteria can be performed using
Egs. (3-6).

|PCDD/FSTEQ,iicied — PCDD/FSTEQ |

ARE = 3

| PCDD/FSTEQ, v ! @
i i 2
RE—1— ZN (PCDD/FSTEQPrediczed B PCDD/FSTEQ"CW“’) (4)
52 (PCDDFSTEQ) s~ PODDFSTEGL)
. : 2
PCDD/FSTEQ' . — PCDD/FsTEQ' .

RMSE — ZN( / Qprg(]l(j}e\(; / Qa(tual) (5)
EN’PCDD/ FSTEQ!,jiseq — PCDD/FSTEQ, .,

MAE = 6)

N

where N is the number of samples, PCDD/Fs TEQpregictea and PCDD/Fs
TEQqctuar denoted the predicted and observed PCDD/Fs TEQ values,
respectively.
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3. Results and discussion
3.1. Characteristics of PCDD/Fs emissions

PCDD/Fs emissions of 4 typical large-scale MSWIs were extensively
studied in 2018, and the detailed data were presented in Table S2 and
Table S3. The average PCDD/Fs levels and TEQ levels were 0.987 ng/m>
(0.108 to 5.188 ng/m>) and 0.030 ng TEQ/m? (0.005 to 0.099 ng TEQ/
m®), respectively. Notably, there was no significant difference between
the levels of PCDD/Fs congeners and similar statistical results were
noted for TEQ levels. Compared to previous studies conducted in China
before the 2014 promulgation of the new emission standard (Chen et al.,
2017; Liu et al., 2013; Ni et al., 2009; Shi et al., 2008), we observed
relatively lower PCDD/Fs levels (Table S4). This suggests that the
advanced technology implemented in the large-scale MSWI’s combus-
tion chamber effectively controls PCDD/Fs emissions. Another contrib-
uting to factor for the reduced PCDD/Fs levels could be the full
implementation of MSW classification, as specific preconditions can
efficiently improve the heat value of incinerated MSW, thereby signifi-
cantly reducing the formation of PCDDs/Fs in the combustion chambers
(Shi et al., 2008; Zhang et al., 2015).

The proportion of each congener to PCDD/Fs levels in flue gas was
shown in Table S5. The dominant congeners were 1,2,3,4,6,7,8-HpCDD
and OCDD (p < 0.05), accounting for 66.69 % of the total concentration
of PCDD/Fs in flue gas. Regarding TEQ levels, 2,3,4,7,8-PeCDF emerged
as the most significant toxic congener, contributing to 29.13 % of total
PCDD/Fs TEQ levels. These results were consistent with previous studies
(Liu et al., 2013; Coutinho et al., 2015), reinforcing the critical role of
2,3,4,7,8-PeCDF in PCDD/Fs control.

3.2. Correlation analysis between congeners and PCDD/Fs TEQ levels

The S-W normality test revealed that log transformation of 1,2,3,7,8-
PeCDF, 2,3,4,7,8-PeCDF, 1,2,3,4,7,8-HxCDF, 1,2,3,6,7,8-HxCDF,
2,3,4,6,7,8-HxCDF, 1,2,3,4,6,7,8-HpCDF, 1,2,3,4,7,8,9-HpCDF, and
PCDD/Fs TEQ levels followed a normal distribution. Pearson correlation
analysis demonstrated significant correlations (p < 0.05) between these
congeners and PCDD/Fs TEQ levels (Table S6). However, for the
remaining congeners (2,3,7,8-TCDF, 1,2,3,7,8,9-HxCDF, OCDF, 2,3,7,8-
TCDD 1,2,3,7,8-PeCDD, 1,2,3,4,7,8-HxCDD, 1,2,3,6,7,8-HxCDD,
1,2,3,7,8,9-HxCDD, 1,2,3,4,6,7,8-HpCDD, OCDD), which did not
conform to a normal distribution, Spearman correlation analysis was
employed. The results demonstrated significant correlations (p < 0.05)
between these congeners and PCDD/Fs TEQ levels as well (Table S6).
Based on the strength of their correlations with the PCDD/Fs TEQ levels,
we selected 2,3,4,7,8-PeCDF (R2 = 0.914), 1,2,3,6,7,8-HxCDF (R2 =
0.908) and 2,3,4,6,7,8-HxCDF (R? = 0.904) as the most robust in-
dicators for predicting PCDD/Fs TEQ levels. Li et al. (2017) and Zhu
et al. (2018) employed the LR model to conclude that congeners
1,2,3,7,8,9-HxCDF, 1,2,3,4,7,8-HxCDF, 1,2,3,4,7,8,9-HpCDF, OCDF)
could serve as suitable indicators for prediction. The outcome in this
study was inconsistent with those of previous studies, which may be
attributed to the sample size.

3.3. Modelling key indicators for PCDD/Fs TEQ levels

The indicators for predicting PCDD/Fs TEQ levels in this study were
selected based on a dataset comprising 190 samples. Out of these, 150
datasets (No. 1-150) were utilized for training the predictive models,
while the remaining 40 datasets (No. 151-190) were reserved for testing
the models’ performance. The input variables used for predicting PCDD/
Fs TEQ levels were three candidates (2,3,4,7,8-PeCDF, 1,2,3,6,7,8-
HxCDF and 2,3,4,6,7,8-HxCDF), chosen due to their strong correla-
tions with PCDD/Fs TEQ levels. The prediction models based on the
linear regression (LR) were expressed mathematically as Egs. (7-9).
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Table 1
The evaluation parameters of the models in training datasets.
Model Parameter 2,3,4,7,8-PeCDF 1,2,3,6,7,8-HxCDF 2,3,4,6,7,8-HxCDF Average
LR R? 0.890 0.920 0.921 0.910
MAE 0.145 0.145 0.148 0.146
RMSE 0.187 0.185 0.193 0.188
ARE 14.6 % 14.5 % 14.8 % 14.6 %
BP ANN R2 0.896 0.925 0.935 0.919
MAE 0.142 0.130 0.129 0.134
RMSE 0.181 0.165 0.165 0.170
ARE 14.2% 13.0 % 12.9 % 13.4%
RF R2 0.941 0.968 0.970 0.960
MAE 0.090 0.089 0.086 0.088
RMSE 0.136 0.117 0.123 0.125
ARE 9.00 % 8.90 % 8.60 % 8.80 %
Table 2
The evaluation parameters of the models in test datasets.
Model Parameter 2,3,4,7,8-PeCDF 1,2,3,6,7,8-HxCDF 2,3,4,6,7,8-HxCDF Average
LR R? 0.837 0.910 0.848 0.865
MAE 0.180 0.185 0.196 0.187
RMSE 0.219 0.250 0.227 0.232
ARE 18.0 % 18.5 % 19.6 % 18.7 %
BP ANN R2 0.835 0.908 0.847 0.863
MAE 0.172 0.181 0.189 0.181
RMSE 0.211 0.236 0.222 0.223
ARE 17.2% 18.1 % 18.9 % 18.1 %
RF R? 0.913 0.928 0.929 0.923
MAE 0.125 0.126 0.126 0.126
RMSE 0.149 0.157 0.148 0.151
ARE 12.5% 12.6 % 12.6 % 12.6 %

Logl0(PCDD/Fs TEQ) = 0.919 x Log10(2,3,4,7,8-PeCDF) 4+ 0.086  (7)
Logl0(PCDD/Fs TEQ) = 0.896 x Log10(1,2,3,6,7, 8-HxCDF) — 0.048

®

Log10(PCDD/Fs TEQ) = 0.826 x Log10(2,3,4,6,7,8-HXCDF) — 0.291
©)]

Regarding the use of indicator congeners for predicting PCDD/Fs
TEQ levels, previous studies primarily emphasized the accuracy and
precision of predictive capabilities using R-squared values (Li et al.,
2017; Zhu et al., 2018). In this study, the accuracy of the proposed
methods was thoroughly evaluated through a combination of statistical
analysis (Table 1 and Table 2) and graphical assessment (Fig. 1) on the
training and test datasets. Across both sets, the congeners 2,3,4,7,8-
PeCDF, 1,2,3,6,7,8-HxCDF, 2,3,4,6,7,8-HxCDF consistently exhibited
low RMSE¢rain, RMSEtest, MAE rain, MAEes: values, along with high thrain,
R value.

No significant differences were observed among the evaluation pa-
rameters of these indicator congeners (p > 0.05). Furthermore, the vast
majority of absolute error percentages fell within the range of 0 and 30
%. Hence, these results clearly demonstrate that the inclusion of
2,3,4,7,8-PeCDF, 1,2,3,6,7,8-HxCDF, and 2,3,4,6,7,8-HxCDF as vari-
ables in LR, BP ANN, and RF models leads to accurate and reliable
predictions of PCDD/Fs TEQ levels.

However, discernible differences were evident among the models.
The mean ARE4ining values for LR, BP ANN and RF were 13.4 %, 14.7 %,
and 8.8 %. Similarly, the average ARE values were 18.1 %, 18.7 %
and 12.6 % for LR, BP ANN, and RF models, respectively. This suggested
that the prediction performances of ML models exhibited a substantial
superiority over the LR analysis. Considering the comprehensive eval-
uation of other parameters, the RF model stood out by showcasing
exceptional performance with remarkable metrics. It achieved an
average RMSEqin of 0.125, RMSE(es of 0.151, MAEq,i, of 0.088,
MAE;es; of 0.126, R2,in of 0.960, and RZ of 0.923. These compelling
results provided strong confirmation that the RF model was better suited
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for predicting the toxicity of PCDD/Fs in the flue gas emitted from the
studied MSWIs.

3.4. The applicability of indicator congeners for PCDD/Fs emissions

The previously identified effective indicators for PCDD/Fs prediction
were 1,2,3,4,7,8,9-HpCDF, OCDF, 1,2,3,4,7,8-HxCDF and 1,2,3,7,8,9-
HxCDF, expressed by the LR prediction equations shown in Table 3 (Li
et al., 2017; Zhu et al., 2018). The aforementioned studies did not
evaluate the applicability of indicator congeners. When testing the
applicability of these equations with our datasets, nearly 100 % mean
percentage errors between predicted data and actual results were
observed. This may be attributed to the limited sample size used to
obtain these equations (Table S7). As a result, we proposed the use of the
best ML model (RF model) for predicting PCDD/Fs TEQ levels, based on
three indicator congeners (2,3,4,7,8-PeCDF, 1,2,3,6,7,8-HxCDF, and
2,3,4,6,7,8-HxCDF) obtained from a relatively large sample size.

To validate the practicality of these indicator congeners and selected
model in predicting PCDD/Fs TEQ levels, we randomly selected 32 flue
gas samples (Group A, our unpublished data) from other large-scale
MSWIs in China, 14 flue gas samples (Group B) from Liu et al.’s
(2013) study and 8 flue gas samples (Group C) from Wang et al.’s (2022)
study. Fig. 2 displayed the ARE values of the three indicator congeners
obtained from the RF model. For 2,3,4,7,8-PeCDF, 1,2,3,6,7,8-HxCDF
and 2,3,4,6,7,8-HXCDF, the median ARE values were 12.3 %, 13.0 %,
12.8 %, respectively, with percentages of predictions having ARE < 30
% were 92.6 %, 90.7 %, 87.0 %. This indicates that using these three
indicator congeners in the RF model is practical for predicting PCDD/Fs
TEQ levels.

Additionally, PCDD/Fs TEQ levels of 15 flue gas samples in Groups
A, B, and C, ranged from 0.110 to 2.810 ng TEQ/mg, were classified as
the high PCDD/F TEQ level group, while the remaining flue gas samples
in Groups A, B, and C (<0.1 ng TEQ/m?) were categorized as the normal
PCDD/F TEQ level group. Median ARE values for the three indicator
congeners (2,3,4,7,8-PeCDF, 1,2,3,6,7,8-HXCDF, and 2,3,4,6,7,8-
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Fig. 1. The scatter plots of measured and predicted PCDD/Fs TEQ levels in train and test data based on the LR, BP ANN and RF model.

Table 3
The prediction models of PCDD/Fs TEQ from other studies.
Dependent Slope Independent y-intercept  Reference
variable variable
PCDD/Fs TEQ 0.0096 1,2,3,4,7,8,9- 0.00002244 (Zhu et al.,
HpCDF 2018)
0.000989 OCDF 0.00000058
0.7766 1,2,3,4,7,8- 0.1544 (Li et al.,
HxCDF 2017)
0.6377 1,2,3,7,8,9- 0.1572
HxCDF

HxCDF) were 17.9 %, 15.3 % and 13.8 % for the high PCDD/F TEQ value
group, higher than those of the normal PCDD/F TEQ value group (10.9
%, 10.9 % and 12.6 %) (Fig. 3). This suggests that the accuracy of our
method may be compromised when predicting high PCDD/F TEQ levels,
which could be associated with the differences in the dominant forma-
tion mechanism between high and low emissions resulted from the
distinct chlorine content in the organic matter and chlorine-containing
components in waste (Xiong et al., 2021). In predicting PCDD/Fs TEQ
levels in flue gas from MSWIs using indicator congeners, our research
employed ML models, evaluation criteria (e.g., ARE, Rz, RMSE and
MAE) and assessment of the applicability of models, demonstrating
enhanced reliability compared to prior related research. In general, our
results indicate that 2,3,4,7,8-PeCDF, 1,2,3,6,7,8-HXCDF and
2,3,4,6,7,8-HxCDF are suitable for predication and have strong resis-
tance to disturbance when used in the RF model.
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4. Conclusion

The indicator congeners (2,3,4,7,8-PeCDF, 1,2,3,6,7,8-HxCDF, and
2,3,4,6,7,8-HxCDF) were identified through Pearson analysis of 190
samples. The predictive performance of these indicators was compared
using traditional method (LR) and machine learning methods (BP ANN
and RF) for PCDD/Fs TEQ levels. Among these models, the RF method
demonstrated superior performance over LR and BP ANN. To validate
the practicality of the identified indicators and the RF model for pre-
dicting PCDD/Fs TEQ emissions, we tested the model with an additional
54 flue gas samples (32 samples determined in our other study and 22
samples from other studies). The results further confirmed the wide-
spread applicability of these indicator congeners in predicting PCDD/Fs
TEQ emissions. The application of advanced machine learning models in
this research has significant potential for reducing the financial costs
associated with waste management. Moreover, these predictive models
can streamline labor and time-intensive sampling and analysis pro-
cesses, providing valuable support for more informed and effective
policy-making decisions. As the field of machine learning continues to
advance, the findings of this study hold promise for optimizing waste
management practices and promoting a more sustainable future.
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