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RESUMEN

La alta concentración de elementos poten-
cialmente tóxicos en el polvo de carreteras 
urbanas se ha asociado con graves pro-
blemas de salud. Sin embargo, no existe 
un método sistemático de monitoreo de 
elementos tóxicos en polvo sedimentado de 
carreteras en zonas metropolitanas. Aquí 
desarrollamos un modelo matemático 
basado en algoritmos de aprendizaje auto-
mático, empleando parámetros magnéticos 
(susceptibilidad específica, susceptibilidad 
dependiente de la frecuencia y magnetiza-
ción remanente isotérmica) para el monito-
reo proxy de elementos tóxicos. 
Se aplicaron algoritmos de aprendizaje 
automatizado: redes neuronales artificia-
les, árboles de clasificación y modelo de 
regresión lineal para el análisis de 140 
muestras de polvo vial, recolectadas en 
el área metropolitana de la Ciudad de 
México, para determinar su capacidad 
de predecir las concentraciones de cromo, 
cobre, plomo, vanadio y zinc en polvo de 
carretera y evaluar el índice de carga con-
taminante. Encontramos que el algoritmo 
basado en redes neuronales artificiales es 
20% mejor estimador de la concentración 
de elementos tóxicos, en comparación con 
los modelos de árbol de decisión y regre-
sión lineal múltiple. Se propone el uso de 
modelos matemáticos basados en redes 
neuronales y parámetros magnéticos para 
diseñar un sistema de monitoreo proxy de 
elementos potencialmente tóxicos en polvo 
urbano.

Palabras clave: índice de carga 
contaminante, redes neuronales 
artificiales, parámetros mag-
néticos, polvo urbano, Ciudad 
de México.

ABSTRACT

The high concentration of  potentially 
toxic elements in urban road dust 
has been commonly associated with 
serious health problems. However, 
there is no systematic method for 
monitoring toxic elements in road 
dust of  metropolitan areas. Here we 
develop a mathematical model based 
on machine learning algorithms 
using magnetic parameters (specific 
susceptibility, frequency-dependent 
susceptibility and saturation isother-
mal remanent magnetization) for 
proxy monitoring of  toxic elements.
Machine learning algorithms 
included artificial neural networks, 
classification trees and linear regres-
sion model in order to analyse up 
to 140 urban road dust samples 
collected in the metropolitan area of  
Mexico City. The study is intended 
to determine their ability to predict 
the concentrations of  chromium, 
copper, lead, vanadium and zinc in 
urban road dust and evaluate the 
pollutant load index. We found that 
the algorithm based on artificial 
neural networks is a 20% better esti-
mator of  the concentration of  toxic 
elements, compared to the decision 
tree and multiple linear regression 
models. The use of  mathematical 
models based on neural networks and 
magnetic parameters is proposed to 
design a proxy monitoring system for 
potentially toxic elements in urban 
road dust.

Keywords: pollution load index, 
artificial neural network, mag-
netic parameters, urban road 
dust, Mexico City.
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1. Introduction

The high concentrations of  potentially toxic ele-
ments (PTEs) in the urban road dust of  big cities 
are becoming a serious health concern since it 
may trigger the occurrence of  degenerative dis-
eases (heart and cerebrovascular issues, among 
others; Tchounwou et al., 2012; Briffa et al., 2020). 
The emissions of  particulate matter from natural 
sources (forest fire, floods, erosion of  soil, volcanic 
eruption and others) and anthropic (particulate 
emissions from motor vehicles, industrial, mining 
and domestic activities) contain a variety of  PTEs. 
The continued deposition of  particulate matter 
with PTEs over the city causes an increase in the 
concentration of  elements in urban soils and dust 
on roads, which can reach toxic levels (Ihl et al., 

2015; Qing et al., 2015; Covarrubias and Peña, 
2017).
	 Several cities around the world have reported 
high concentration levels of  chromium (Cr), cop-
per (Cu), lead (Pb), vanadium (V), and zinc (Zn) 
in soils, plants, urban sediments and street dust, 
so PTEs exposure in the population is almost 
unavoidable (Ihl et al., 2015; Bautista et al., 2017; 
Chávez-Gómez et al., 2017; Delgado et al., 2019). 
Effective monitoring systems of  toxic elements in 
an urban zone are needed, and available moni-
toring methods are expensive and generate toxic 
waste and multiple environmental problems, such 
as the inductively coupled plasma mass spectrom-
etry (ICP-MS) or atomic absorption spectroscopy 
(AAS). For this reason, it is necessary to develop 
reliable, environmentally safe alternatives (Faciu et 

Figure 1   Sampling sites within the Mexico City metropolitan area (2011 and 2013 sample collection campaigns).
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al., 2012; Jones et al., 2014; Legarreta-Perusquia et 
al., 2016).
	 Studies on magnetic parameters as proxies for 
estimating the concentration of  PTEs became a 
quite routine approach. Typically, the properties of  
ferrimagnetic minerals of  absorbing and adsorb-
ing PTEs ions, abundant in the contamination 
emissions, are studied worldwide (Morton-Bermea 
et al., 2009; Qian et al., 2011; Zdoroveyshchev et 
al., 2019; Chaparro et al., 2020). Linear regression, 
multivariant analyses and artificial neural net-
works are the mathematical models usually used to 
estimate the relationship of  magnetic parameters 
with the concentration of  PTEs (Morton-Bermea 
et al., 2009; Aguilar et al., 2012; Zhang et al., 2017, 
2020).
	 In this study, we evaluate the predictive capacity 
of  mathematical models, such as multiple linear 
regression, classification trees and artificial neural 
network, to classify and estimate the concentration 
of  PTEs through the pollution load index in the 
studied samples of  street dust.

2. Materials and Methods

The study analyzes 140 samples of  urban street 
dust from different localities in Mexico City 
(Figure 1). The sampling was conducted in April 
2011 (84 samples) and in 2013 (56 samples). Each 
sample was collected from a surface of  1 m2 over 
the road and below the sidewalk. The material was 
obtained with a brush and plastic non-magnetic 
trowels and placed inside plastic bags. Eight grams 
of  sieved material was placed inside a cubic plas-
tic box for magnetic analyses, and 10 g of  sieved 
material was used pellets for X-Ray Fluorescence 
(XRF) analysis.
	 The magnetic susceptibility (MS) was measured 
at low and high frequencies with MS3/MS2B dual 
sensor Bartington MS meter. Magnetic parame-
ters of  specific susceptibility (Equation 1).

	 Where ρ is density in m3/kg, and percentage 
of  frequency-dependent susceptibility χfd% were 
computed (Dearing, 1999; Equation 2).

 

 

	 Where kLF is the low-frequency MS, and kHF is 
the high-frequency MS (Dearing, 1999).
	 To obtain the saturation isothermal remanent 
magnetization (SIRM) value, the sample was 
subjected to a 1000 mT magnetic field pulse using 
an ASC-Scientific IM-10. The measurement of  
the remanent magnetization was then performed 
(RM1000) with a JR-6 spinner magnetometer. The 
SIRM was obtained using Equation 3: 

	 Where, ρ is density in m3/kg and RM1000 is the 
value of  remanent magnetization to 1000 mT 
(Evans and Heller, 2003).
	 The concentrations of  chromium (Cr), copper 
(Cu), lead (Pb), vanadium (V) and zinc (Zn) were 
determined in pellets with a hand-held Skyray 
Genius 7000 XRF spectrometer. A local threshold 
value for each element was applied in the absence 
of  a threshold value in the element concentration 
in urban street dust (SEMARNAT, 2007). The 
pollution load index (PLI) for Cr, Cu, Pb, V and 
Zn was determined using the method of  Tomlin-
son et al. (1980; Equation 4).

	 Where, Cmi = mean concentration of  i‘s 
element; CFi = Background concentration of  i’s 
element, n represents the number of  elements 
analyzed.
	 We proposed the value of  PLI fell into three 
pollution levels: PLI ≤ 1 unpolluted, PLI ϵ (1, 
2) mildly polluted, and PLI > 2 highly polluted 
(Thomlison et al., 1980, Wang et al., 2019).

(1)

(2)

(3)

(4)
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2.1. MATHEMATICAL MODELS

The database obtained of  magnetic parameters 
and PLI was divided into two subsets: (1) the 
so-called testing database (70 % of  data) for pre-
dictive models, including multiple linear regres-
sion (MLRPLI), artificial neural network (ANN) 
and classification tree (CT), and (2) the validation 
database (30 % of  data) to determine the PLI 
value from magnetic parameters.

2.2. LINEAR REGRESSION MODEL

A multiple linear regression model was constructed 
with magnetic parameters to obtain the Pollution 
Load Index (Equation 5)

	 Where, xi - value of  the input, wij - propagation 
rule of  each input in the hidden neuron j, b is the 
weight of  the adaptive neuron (Trujillano et al., 
2004; Wickham and Grolemund, 2016; Alizamir 
and Sobhanardakani, 2018; Cejudo et al., 2021).

2.4. CLASSIFICATION TREE

A classification tree model was constructed by 
a supervised learning method to create a model 
that predicts the value of  PLI in terms of  discrete 
variables (PLI ≤ 1 - no contaminant, and PLI >1 
- contaminant is present). Magnetic parameters 
were used as input data. 
	 The Classification Tree algorithm, also known 
as the Classification and Regression Tree (CART), 
is based on a binary division (R1 and R2) of  the 
data through the threshold values at a cut-off value 
(s) of  measured variables (s(xj)). The division of  
sets is given as Equation 8.

	 Where, β0 is the interceptor while β1, β2 and β3 
are the correlation coefficients of  magnetic, and e 
is the error of  the estimation (Rodriguez del Águila 
and Benítes-Parejo, 2011; Sabogal et al., 2015).

2.3. ARTIFICIAL NEURAL NETWORK MODEL

The multi-layer perceptron-based artificial neural 
network was used to predict the PLI values (Y) for 
magnetic parameters χlf, χfd% and SIRM. All val-
ues of  input were normalized with (Equation 6): 

	 Where, χlf  (i med), χfd% (i med) and SIRM (i med) are 
magnetic parameters measured in urban road 
dust of  each site i. This data was used to activate 
specific network function (w) with a bias or thresh-
old expressed as b in Equation 7. The equation 
describes the sigmoid activation function, which 
transforms the input signal so that it varies between 
0 and 1 through the application of  a non-linear 
response (φ = 1/(1+e-t)): 

Where, xi represents lower values with respect to 
the threshold value s (PLI ≤1), and xj are the values 
higher than s (PLI>1).
	 The homogeneity of  partition was evaluated 
using the Gini index (GI; Equation 9), which evalu-
ates the probabilities considering classification cat-
egories at each node. The values of  GI = 0 indicate 
that the data are classified. If  GI ≠ 0, then the node 
presents mixed data requiring another division.

Where Pi is the probability of  an element is of  
class i.
The process is iterated until a threshold value of  
GI = 0 or GI ≈ 0 is reached (Trujillano et al., 2004; 
Krzywinski and Altman, 2017).

(5)

(6)

(7)

(8)

(9)
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Figure 2   Linear correlation between magnetic parameters and pollution load index of urban road dust in Mexico City (test data from the 

2011 sampling are in Table 2). The distribution of each variable is shown on the diagonal. On the bottom of the diagonal: the bivariate 

scatter plots with a fitted line are displayed. On the top of the diagonal: the value of the correlation plus the significance level as stars. 

Level of significance. * = 0.05, ** = 0.01, *** = 0.001

The identification of  a reliable predictive model 
was made using a confusion matrix. For such 
purpose, we compared the PLI values computed 
directly from the data (real PLI) with the PLI val-
ues estimated from the different predictive models 
MRL, ANN, and CT. The difference between 
PLI estimate and PLI calculated (PLIreal) is less 
than 25 % for acceptable values for this proxy 
method. The statistical analyses and the algorithm 
of  prediction models were performed using the R 
programming software with the RStudio version 
1.3.1093 and the packages MASS, neuralnet, 
ggplot2 (ANN), caret, rparta and rpart.plot (AC).

3. Results and discussion

Table 1 presents the results of  the statistical analy-
ses of  magnetic parameters and the concentration 
of  PTEs for 140 samples of  urban road dust in 
Mexico City. The value of  the first quartile (Q1) of  
residential sites (samples of  2011) was used as the 

background value (BV) to calculate the PLI value 
for each sample (Table 1).
	 The mean values of  urban road dust magnetic 
parameters for 2011 collection samples are χlf  = 
5.6±1.9 µm3/kg; χfd% = 1.7±1.2 %, and SIRM = 
73.4±20.7 mA m2/kg. The sample collection 2013 
is characterized by χlf  = 4.0±1.1 µm3/kg; χfd% = 
2.9±1.6 %, and SIRM = 55.3±17.2 mA m2/kg. 
The Q1 value is characterized by χlf  = 4.4 µm3/kg; 
χfd% = 0.9 %, and SIRM = 54.9 mA m2/kg (Table 
1). The 2011 urban road dust data shows higher 
average values of  χlf  and SIRM compared to the 
urban road dust values of  2013, which indicates 
the diminution of  ferrimagnetic mineral contribu-
tion in the dust. On the other hand, the average 
of  χfd% showed an increase in 2013 compared to 
2011. This is a possible indicator of  the growth of  
the concentration of  ultrafine superparamagnetic 
minerals (<50 nm) in urban road dust.
	 Lower magnetic parameter values in urban 
road dust indicate a change in the ferrimagnetic 
mineral emission source. The increment of  ultra-
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Figure 3   a) Architecture of artificial neural network for the PLI prediction (PLI
ANN

) value of magnetic parameters in urban road dust,

b) Cross-validation of PLI
ANN

 vs PLI
real

 for test data from 2011 collection.
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fine particles is typically associated with industrial 
emission sources and fossil combustibles (Menshov 
et al., 2020).
	 The arithmetic mean elemental concentration 
values and standard deviation (A.M.±S.D.) for 
2011 are A.M.Cr = 113±33 mg/kg, A.M.Cu = 
94±59 mg/kg, A.M.Pb = 203±130 mg/kg, A.M.V = 
87±14 mg/kg, and A.M.Zn = 309±126 mg/kg. The 
recorded mean concentration of  the elements was 
in a decreasing order Zn>Pb>Cr>Cu>V. Mean 
concentrations for 2013 are A.M.Cr = 60±21 mg/
kg; A.M.Cu = 144±69 mg/kg; A.M.Pb = 225±87 
mg/kg; A.M.V = 90±15 mg/kg and A.M.Zn = 
567±163 mg/kg (Table 1). The mean concentra-
tions are in a decreasing order Zn>Pb>Cu>V>Cr.
	 The urban road dust concentrations showed a 
decrease in the average concentration of  Cr from 
2011 to 2013, while the concentration of  Cu and 
Zn exhibited an increase. The concentration of  
Zn in both years was abundant; Zn is related to the 
production of  metals and the use of  fossil fuels, so 
its increase in urban road dust may be associated 
with the increase in emissions from the vehicle 
fleet (Jones et al., 2014).

Figure 4   Classification tree to classify contaminated and uncontaminated samples in urban road dust of Mexico City. 
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The mean concentrations of  all samples for Pb 
and V in 2011 and 2013 were similar (Table 1). 
In the residential area of  Mexico City, the average 
concentration of  lead significantly increased from 
181 mg/kg in 2011 to 225 mg/kg in 2013, indicat-
ing a 24 % increase. Additionally, the percentage 
of  samples of  urban road dust in residential land 
use containing Cr, Cu, and Zn increased from 
2011 to 2013. However, according to the Mexican 
regulation threshold (NOM-147-SEMARNAT/
SSA1-2004), the values found do not indicate any 
contamination issues as they were within the nor-
mal range (SEMARNAT, 2007). 
	 High concentrations of  elements such as Cr, 
Cu, Pb, V, and Zn were found at 126 sites, repre-
senting 89 % of  the samples (Tables 1 and 2). 
	 The PLI calculated for 140 samples of  urban 
road dust in Mexico City, revealed values ranging 
from 0.7 to 3.1. This suggests the presence of  
both contaminated and uncontaminated sites. 
Specifically, 16 sites exhibited a PLI ≤ 1 (uncon-
taminated), 89 sites had PLI values ranging from 
1 to 2 (moderate contamination), and 35 sites had 
PLI > 2 (high contamination).
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Table 1. Descriptive statistics of magnetic parameters and concentration of elements in urban road dust of Mexico City recollected in 

2011 and 2013.
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χ
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	 Morton-Bermea et al. (2009) suggested a mag-
netic susceptibility value of  χlf  > 4.0 µm3/kg to 
detect soils with high concentrations of  potentially 
toxic elements (PTEs) in Mexico City. Therefore, 
to determine the background concentration of  
element values in urban road dust in Mexico City, 
we propose using the first quartile (Q1) values for 
residential land use type. The values for Cr, Cu, 
Pb, V, and Zn are 86 mg/kg, 43 mg/kg, 82 mg/kg, 
77 mg/kg, and 198 mg/kg, respectively (Table 1).

3.1. MATHEMATICAL MODELS TO DETERMINATION 
VALUES OF PLI BY MAGNETIC PARAMETERS

3.1.1 LINEAR REGRESSION MODEL

Various linear regression models were tested to 
obtain a between magnetic parameters and PLI 
values. Only χlf  correlated weakly with PLI values 
(Figure 2). 
	 The linear regression model is expressed here 
(Equation 10):

5). The architecture had three input layers; 6, 3, 2 
hidden layers and an output layer for calculating 
the normalized PLI (PLInorm). Equation 11 to 14 
show the values that conform to the neural net-
work trained by the back propagation algorithm:

(12)
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This model shows values of  correlation coefficient 
was 0.30, R2=0.09, and P-value= 0.027 (p<0.05). 
Since the P-value in the variance analyse was less 
than 0.05, it is a statistically significant relation-
ship between PLI and χlf  with a confidence level 
of  95 %. The variables are weakly related. The 
model satisfies the statistical assumptions, the 
values of  Shapiro-Wilk normality test (w=0.95, 
P-value=0.06), and Breusch-Pagan Test (BP = 
43.12, P-value = 0.88). In this case, the p-value 
is 0.88, which is greater than 0.05. Therefore, 
we cannot reject the null hypothesis and we can 
assume homoscedasticity in the residuals of  the 
linear regression model.

3.1.2 ARTIFICIAL NEURAL NETWORK

	 The artificial neural network model was con-
structed considering the three magnetic parame-
ters χlf, χfd%, and SIRM as input data (Equation

	 Where, h, z, and z are results obtained by 
entering the input value into the artificial neural 
network. It is necessary to use a data transforma-
tion to obtain the PLI value by ANN model. In 
this case, the associated equation was Equation 15. 

	 The values of  PLIANN were compared to a data 
of  PLIreal of  2011, yielding a squared error 0.6 (Fig-
ure 3). The squared error is a measure of  the dif-
ference between the predicted value and the actual 
value in regression problems. It is calculated as the 
square of  the difference between the predicted 
value and the actual value and is commonly used 
as a loss function in machine learning algorithms 
to minimize the difference between predicted 
values and actual values. The results of  predicted 
PLI by ANN method with magnetic parameters 
showed a similitud with values calculated (Figure 
3).

(10)

(11)

(13)

(14)

(15)
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Table 2. Sampling site, values of magnetic parameters, and polluted load index of urban road dust of Mexico City.

 

 

n Latitude Longitude Year Type 
χlf 

(µm3/kg) 

χfd% 

(%) 

SIRM 

(mAm2/kg) 
PLIreal PLIRL PLIANN PLICT 

1 19º 24' 10.21"  99º 6' 27.00"  2011 P 8.5 1.9 100.45 2.4 1.9 3.1 2 

2 19º 23' 54.76"  99º 3' 56.16"  2011 E 5.5 2.7 74.54 1.8 1.5 1.4 1 

3 19º 23' 32.77"  99º 2' 8.81"  2011 E 4.7 1.3 60.77 1.5 1.3 1.4 1 

4 19º 24' 33.13"  98º 59' 28.31"  2011 P 4.6 0.8 65.04 1.3 1.3 1.5 1 

5 19º 23' 6.67"  98º 57' 18.55"  2011 E 4.3 1.9 67.74 2.3 1.2 1.4 2 

6 19º 22' 0.312"  99º 6' 15.19"  2011 E 5.2 2.2 81.53 2.4 1.4 1.5 2 

7 19º 21' 44.41"  99º 3' 21.86"  2011 P 8.6 0.4 88.69 2.2 2.0 1.9 2 

8 19º 21' 23.46"  99º 0' 16.62"  2011 P 6.3 1.9 96.8 1.3 1.6 1.4 2 

9 19º 21' 35.22"  98º 57' 27.90"  2011 E 5.7 0.8 83.46 1.6 1.5 1.5 2 

10 19º 19' 47.28"  99º 7' 47.88"  2011 E 9.3 0.5 110.36 2.1 2.1 2.2 2 

11 19º 18' 57.05"  99º 4' 43.68"  2011 E 7.3 0.4 87.87 1.9 1.7 1.8 2 

12 19º 18' 40.25"  99º 2' 17.75"  2011 P 5.1 2.5 82.55 1.6 1.4 1.5 2 

13 19º 18' 33.29"  98º 58' 10.78"  2011 P 4.1 2.2 70.42 1.5 1.2 1.5 2 

14 19º 18' 32.46"  98º 56' 53.75"  2011 E 4.6 1.7 51.1 0.8 1.3 0.9 1 

15 19º 16' 50.35"  99º 7' 16.08"  2011 E 7.4 1.5 97.82 1.5 1.8 1.6 2 

16 19º 17' 10.19"  99º 4' 5.77"  2011 E 4.2 2.2 60.2 1.6 1.3 1.4 2 

17 19º 17' 9.97"  99º 2' 16.33"  2011 E 5.1 3.8 95.7 1.3 1.3 1.4 2 

18 19º 17' 29.11"  99º 0' 29.5"  2011 E 4.2 2.6 81.11 1.5 1.2 1.5 2 

19 19º 17' 28.08"  98º 57' 7.13"  2011 E 3.4 1.5 49.56 0.7 1.1 1.5 2 

20 19º 15' 40.67"  99º 6' 50.75"  2011 E 5.7 2.6 75.01 1.4 1.5 1.4 1 

21 19º 15' 16.86"  99º 3' 3.95"  2011 E 5.2 3.1 85.74 1 1.4 1.4 2 

22 19º 15' 9.60"  99º 0' 6.57"  2011 E 4.2 2.0 91.3 0.9 1.2 1.5 2 

23 19º 14' 49.92"  98º 59' 47.94"  2011 E 4.6 1.5 76.54 1.3 1.3 1.5 1 

24 19º 13' 29.28"  98º 57' 42.65"  2011 P 4.7 0.4 85.03 1.5 1.3 1.5 2 

25 19º 34' 2.695"  99º 5' 16.38"  2011 E 6.6 1.0 69.33 0.9 1.7 0.9 1 

26 19º 33' 53.75"  99º 3' 34.75"  2011 E 4.4 1.5 60.09 0.8 1.3 1.4 1 

27 19º 34' 23.52"  99º 1' 34.39"  2011 E 2.1 1.6 31.03 1.3 0.9 1.5 2 

28 19º 35' 43.39"  98º 58' 26.04"  2011 E 4.5 1.2 73.85 0.9 1.3 1.5 1 

29 19º 35' 31.02"  98º 57' 56.11"  2011 P 3.0 4.5 50.25 0.8 1.0 1.5 2 

30 19º 32' 2.82"  99º 4' 48.76"  2011 P 6.9 2.3 81.97 1 1.7 1.7 2 

31 19º 33' 20.22"  99º 4' 25.25"  2011 E 5.6 0.9 53.36 1.3 1.5 1.6 1 

32 19º 32' 29.87"  99º 2' 28.31"  2011 E 4.4 2.0 61.93 1.2 1.3 1.4 1 

33 19º 29' 50.56"  99º 5' 58.06"  2011 P 6.3 1.2 92.25 1.1 1.6 1.4 2 

34 19º 30' 32.34"  99º 3' 26.99"  2011 P 6.2 0.9 82.47 1.6 1.6 1.6 2 

n: site number, E: training data, P: test data, χ
lf
: in µm3/kg, χ

fd
% in %, SIRM: Saturation isothermal remanent magnetization, PLI

real
: Pollution 

load index calculated for Cr, Cu, Pb, V, and Zn concentration means, PLI
RL

: estimated value with regression model, PLI
ANN

: estimated value 

with artificial neural network model, PLI
CT

 estimated values of the classification tree model.
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n Latitude Longitude Year Type 
χlf 

(µm3/kg) 

χfd% 

(%) 

SIRM 

(mAm2/kg) 
PLIreal PLIRL PLIANN PLICT 

35 19º 30' 11.11"  99º 2' 23.41"  2011 E 3.9 1.8 71.72 1.6 1.2 1.5 2 

36 19º 27' 51.54"  99º 6' 28.48"  2011 P 9.6 0.8 118.73 2.3 2.1 2.6 2 

37 19º 28' 0.84"  99º 4' 28.68"  2011 E 6.7 0.6 103.14 1.8 1.6 1.9 2 

38 19º 28' 38.16"  99º 2' 35.56"  2011 E 3.6 3.3 54.32 2.1 1.2 1.5 2 

39 19º 26' 53.28"  98º 58' 11.69"  2011 P 2.7 1.1 44.03 0.8 1.0 1.5 2 

40 19º 25' 23.62"  99º 6' 4.93"  2011 E 2.7 1.1 44.03 2.2 1.0 1.5 2 

41 19º 25' 41.87"  99º 3' 54.97"  2011 E 6.9 2.5 86.78 2.1 1.7 1.7 2 

42 19º 25' 12.13"  99º 1' 39.47"  2011 E 4.5 1.8 68.89 1.6 1.3 1.4 1 

43 19º 24' 56.65"  98º 59' 5.34"  2011 E 4.4 2.2 64.74 1.1 1.3 1.4 1 

44 19º 26' 7.07"  98º 57' 17.68"  2011 E 3.2 3.5 42.42 1.3 1.1 1.5 2 

45 19º 35' 59.93"  99º 17' 21.47"  2011 E 5.7 1.6 49.55 0.9 1.5 0.8 1 

46 19º 35' 3.41"  99º 15' 19.01"  2011 P 8.8 0.5 104.01 2.0 2.0 2.2 2 

47 19º 34' 12.95"  99º 14' 54.07"  2011 P 5.7 0.7 51.35 1.4 1.5 1.5 1 

48 19º 34' 57.01"  99º 11' 42.60"  2011 P 5.0 0.6 65.83 1.7 1.4 1.7 1 

49 19º 34' 23.74"  99º 7' 55.38"  2011 E 4.8 0.2 75.22 1.4 1.3 1.5 1 

50 19º 34' 45.70"  99º 18' 49.93"  2011 E 6.1 0 87.29 1.4 1.5 1.9 2 

51 19º 32' 30.53"  99º 15' 1.19"  2011 P 7.0 0.1 68.58 1.4 1.7 1.4 1 

52 19º 32' 24.64"  99º 13' 45.55"  2011 E 9.6 0.5 91.63 2.2 2.1 2.1 2 

53 19º 32' 40.55"  99º 11' 28.27"  2011 E 5.0 1.3 53.6 1.6 1.4 1.6 1 

54 19º 29' 17.35"  99º 17' 11.22"  2011 E 8.8 1.1 79.46 1.3 2.0 1.3 1 

55 19º 29' 51.01"  99º 15' 11.41"  2011 P 9.7 0 97.59 2.1 2.2 2.1 2 

56 19º 29' 30.35"  99º 13' 52.44"  2011 P 5.3 0.8 54.85 2.3 1.5 1.8 1 

57 19º 29' 13.44"  99º 11' 27.30"  2011 E 8.8 1.3 126.21 3.0 2.0 2.8 2 

58 19º 29' 27.95"  99º 8' 30.03"  2011 E 5.7 0.2 79.63 2.3 1.5 1.9 2 

59 19º 27' 32.33"  99º 17' 28.56"  2011 E 8.1 0 62.88 0.9 1.9 0.9 1 

60 19º 27' 42.31"  99º 16' 33.90"  2011 P 4.2 0.3 55.29 0.8 1.3 1.5 2 

61 19º 28' 13.63"  99º 12' 37.93"  2011 E 5.7 0.7 69.12 2.5 1.5 1.9 1 

62 19º 28' 7.67"  99º 11' 17.76"  2011 P 6.8 0.5 74.26 2.0 1.7 1.3 1 

63 19º 26' 14.22"  99º 17' 8.53"  2011 P 8.4 1.1 83.56 1.4 2.0 1.1 2 

64 19º 26' 14.41"  99º 13' 45.30"  2011 E 6.2 0.4 86.02 2.1 1.6 1.9 2 

65 19º 25' 41.75"  99º 11' 19.27"  2011 E 5.3 0.2 61.27 1.4 1.4 1.9 1 

66 19º 25' 38.05"  99º 8' 47.45"  2011 P 9.8 0.4 115.56 2.5 2.1 2.2 2 

67 19º 23' 27.01"  99º 8' 46.41"  2011 E 4.6 3.3 58.72 3.1 1.3 3.0 1 

69 19º 21' 25.39"  99º 11' 13.80"  2011 E 3.9 4.4 45.13 2.1 1.2 2.0 2 

70 19º 19' 33.28"  99º 13' 29.18"  2011 E 4.4 2.9 57.18 1.2 1.3 1.5 1 

 

Table 2. Sampling site, values of magnetic parameters, and polluted load index of urban road dust of Mexico City. (continuation)
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n: site number, E: training data, P: test data, χ
lf
: in µm3/kg, χ

fd
% in %, SIRM: Saturation isothermal remanent magnetization, PLI

real
: Pollution 

load index calculated for Cr, Cu, Pb, V, and Zn concentration means, PLI
RL

: estimated value with regression model, PLI
ANN

: estimated value 

with artificial neural network model, PLI
CT

 estimated values of the classification tree model.
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n Latitude Longitude Year Type 
χlf 

(µm3/kg) 

χfd% 

(%) 

SIRM 

(mAm2/kg) 
PLIreal PLIRL PLIANN PLICT 

71 19º 19' 21.11" 99º 11' 12.39" 2011 E 3.8 2.8 41.6 1.5 1.2 1.2 2 

72 19º 19' 8.40" 99º 9' 8.90" 2011 E 5.4 2.8 66.49 1.4 1.5 1.3 1 

73 19º 21' 15.98" 99º 8' 57.09" 2011 E 4.7 1.9 65.66 1.2 1.3 1.4 1 

74 19º 16' 48.71" 99º 8' 16.38" 2011 E 7.9 2.1 97.96 2.3 1.8 2.6 2 

75 19º 15' 11.78" 99º 9' 43.21" 2011 P 3.4 4.7 58.89 1.2 1.1 1.9 2 

76 19º 16' 50.01" 99º 11' 19.10" 2011 E 3.0 3.9 51.92 1.1 1.0 1.5 2 

77 19º 15' 59.99" 99º 11' 59.68" 2011 E 6.6 2.2 130.45 1.3 1.6 1.2 2 

78 19º 17' 5.68" 99º 13' 21.78" 2011 E 4.8 3.1 80.51 2.2 1.3 2.1 2 

79 19º 14' 53.78" 99º 13' 53.70" 2011 P 3.0 4.4 70.08 0.9 1.0 1.5 2 

80 19º 19' 58.08" 99º 17' 16.20" 2011 E 5.8 2.7 87.21 0.9 1.5 1.4 2 

81 19º 23' 50.68" 99º 13' 12.70" 2011 P 6.6 1.7 72.09 1.8 1.7 1.2 1 

82 19º 23' 4.89" 99º 16' 13.21" 2011 E 3.7 3.6 38.13 1.1 1.2 1.1 2 

83 19º 24' 19.51" 99º 16' 45.29" 2011 E 6.2 1.5 78.42 1.5 1.6 1.6 1 

84 19º 22' 6.89" 99º 17' 13.89" 2011 E 4.3 1.9 57.88 1.6 1.3 1.3 2 

85 19º 26' 52.09" 99º 3' 17.65" 2013 P 2.8 3.9 52.52 1.9 1.0 1.5 2 

86 19º 26' 42.45" 99º 3' 44.33" 2013 P 2.8 4.6 55.06 1.7 1.0 1.5 2 

87 19º 26' 46.44" 99º 4' 5.42" 2013 P 3.6 3.8 69.59 1.8 1.1 1.6 2 

88 19º 26' 46.46" 99º 4' 44.25" 2013 P 3.2 5.4 46.51 1.5 1.1 2.0 2 

89 19º 26' 28.89" 99º 4' 35.73" 2013 P 3.5 3.2 47.76 1.8 1.1 1.4 2 

90 19º 26' 14.28" 99º 4' 52.94" 2013 P 4.9 2.7 73.21 1.4 1.4 1.7 1 

91 19º 26' 1.54" 99º 5' 24.52" 2013 P 2.2 8.3 33.8 1.7 0.9 3.3 2 

92 19º 25' 19.71" 99º 5' 5.23" 2013 P 2.1 7.9 33.71 1.3 0.9 2.4 2 

93 19º 25' 5.97" 99º 4' 25.96" 2013 P 7.1 2.1 111.72 2.1 1.7 1.5 2 

94 19º 25' 31.51" 99º 4' 22.30" 2013 P 2.1 6.0 36.75 2.2 0.9 1.5 2 

95 19º 25' 47.82" 99º 4' 1.15" 2013 P 5.4 3.4 98.8 0.9 1.4 1.4 2 

96 19º 25' 58.04" 99º 3' 41.05" 2013 P 3.8 4.2 63.39 1.6 1.2 2.2 2 

97 19º 26' 16.46" 99º 3' 20.72" 2013 P 3.8 4.3 58.6 1.5 1.2 2.3 2 

98 19º 26' 38.04" 99º 2' 51.01" 2013 P 5.1 3.7 71.16 2.1 1.4 3.5 1 

99 19º 27' 6.28" 99º 3' 2.08" 2013 P 3.5 5.2 63.19 1.1 1.1 2.9 2 

100 19º 28' 26.67" 99º 6' 31.94" 2013 P 5.1 2.1 70.53 2.1 1.4 1.4 1 

101 19º 27' 49.58" 99º 6' 42.27" 2013 P 3.6 2.6 45.08 1.8 1.2 1.4 2 

102 19º 27' 21.07" 99º 6' 48.08" 2013 P 2.9 2.4 46.12 1.9 1 1.5 2 

103 19º 24' 14.77" 99º 7' 16.93" 2013 P 3.4 2.3 40.75 1.6 1.1 1.5 2 

104 19º 22' 33.91" 99º 7' 20.45" 2013 P 3.0 3.1 47.33 1.9 1.1 1.5 2 

105 19º 22' 8.53" 99º 7' 23.55" 2013 P 3.4 3.0 42.34 1.4 1.1 1.4 2 

 

Table 2. Sampling site, values of magnetic parameters, and polluted load index of urban road dust of Mexico City. (continuation)
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n: site number, E: training data, P: test data, χ
lf
: in µm3/kg, χ

fd
% in %, SIRM: Saturation isothermal remanent magnetization, PLI

real
: Pollution 

load index calculated for Cr, Cu, Pb, V, and Zn concentration means, PLI
RL

: estimated value with regression model, PLI
ANN

: estimated value 

with artificial neural network model, PLI
CT

 estimated values of the classification tree model.
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n Latitude Longitude Year Type 
χlf 

(µm3/kg) 

χfd% 

(%) 

SIRM 

(mAm2/kg) 
PLIreal PLIRL PLIANN PLICT 

106 19º 27' 40.21"  99º 7' 32.79"  2013 P 2.7 1.9 46.99 2.1 1.0 1.5 2 

107 19º 27' 32.23"  99º 9' 46.17"  2013 P 6.2 1.6 69.26 1.4 1.6 1.5 1 

108 19º 26' 39.81"  99º 5' 13.26"  2013 P 4.7 1.2 48.79 1.9 1.4 1.1 1 

109 19º 26' 52.73"  99º 9' 52.44"  2013 P 6.3 1.7 44.04 2.3 1.7 0.1 1 

110 19º 25' 27.41"  99º 10' 38.86"  2013 P 3.8 0.2 35.21 2.2 1.2 1.8 2 

111 19º 24' 7.55"  99º 11' 5.93"  2013 P 3.2 2.6 54.31 2.3 1.1 1.5 2 

112 19º 24' 23.54"  99º 5' 49.87"  2013 P 5.0 2.4 62.66 2.3 1.4 1.3 1 

113 19º 23' 7.51"  99º 11' 11.82"  2013 P 3.6 2.6 38.52 1.5 1.2 1.4 2 

114 19º 22' 37.60"  99º 6' 4.42"  2013 P 6.8 1.2 91.11 1.8 1.7 1.4 2 

115 19º 22' 17.52"  99º 6' 9.27"  2013 P 3.6 2.9 55.89 1.8 1.2 1.5 2 

116 19º 21' 44.67"  99º 7' 42.80"  2013 P 4.4 2.6 57.87 2.0 1.3 1.3 1 

117 19º 28' 58.027"  99º 7' 42.18"  2013 P 4.5 1.3 44.59 1.9 1.3 1.0 1 

118 19º 28' 2.91"  99º 8' 27.62"  2013 P 4.3 2.0 56.3 1.8 1.3 1.3 2 

119 19º 27' 25.09"  99º 8' 51.22"  2013 P 3.9 1.6 69.34 1.7 1.2 1.5 2 

120 19º 26' 45.90"  99º 9' 12.04"  2013 P 4.0 1.7 41.75 1.8 1.2 1.3 2 

121 19º 25' 33.91"  99º 9' 42.76"  2013 P 3.8 2.0 43.47 1.2 1.2 1.4 2 

122 19º 24' 5.35"  99º 10' 11.75"  2013 P 4.9 1.3 85 2.1 1.3 1.5 2 

123 19º 23' 10"  99º 10' 30.14"  2013 P 3.5 3.1 29.32 1.4 1.2 1.3 2 

124 19º 22' 28.24"  99º 10' 43.57"  2013 P 3.1 3.0 42.34 1.8 1.1 1.5 2 

125 19º 22' 3.41"  99º 10' 51.77"  2013 P 3.3 3.7 35.73 1.6 1.1 1.4 2 

126 19º 21' 6.39"  99º 11' 10.21"  2013 P 4.0 4.4 42.01 2.2 1.2 1.9 2 

127 19º 25' 34.38"  99º 7' 58.89"  2013 P 2.5 2.0 37.07 1.7 1.0 1.5 2 

128 19º 24' 22.08"  99º 8' 10.56"  2013 P 5.3 2.0 65.04 1.8 1.4 1.5 1 

129 19º 23' 0.70"  99º 8' 23.14"  2013 P 4.4 3.1 50.63 1.6 1.3 1.2 1 

130 19º 22' 42.09"  99º 8' 26.07"  2013 P 6.1 1.9 86.71 1.5 1.5 1.4 2 

131 19º 21' 25.04"  99º 8' 42.91"  2013 P 2.4 5.3 37.07 1.2 1 1.5 2 

132 19º 28' 22.31"  99º 8' 15.36"  2013 P 3.5 2.4 42.25 1.6 1.2 1.4 2 

133 19º 27' 55.18"  99º 8' 14.20"  2013 P 3.8 1.6 68.1 1.8 1.2 1.5 2 

134 19º 27' 17.57"  99º 8' 16.81"  2013 P 3.6 2.0 64.48 1.4 1.1 1.5 2 

135 19º 26' 32.34"  99º 8' 22.40"  2013 P 4.4 0.8 68.14 1.7 1.3 1.5 1 

136 19º 25' 25.44"  99º 8' 33.83"  2013 P 3.5 1.4 44.55 2.2 1.2 1.5 2 

137 19º 24' 10.25"  99º 8' 42.09"  2013 P 4.2 1.6 47.09 2.0 1.3 1.2 2 

138 19º 23' 1.37"  99º 8' 50.60"  2013 P 5.6 2.3 65.34 2.3 1.5 1.6 1 

139 19º 21' 54.63"  99º 9' 2.54"  2013 P 3.6 2.6 60 2.9 1.1 1.5 2 

140 19º 21' 25.54"  99º 9' 10.36"  2013 P 3.5 3.5 58.58 1.8 1.1 1.5 2 

 

Table 2. Sampling site, values of magnetic parameters, and polluted load index of urban road dust of Mexico City. (continuation)
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n: site number, E: training data, P: test data, χ
lf
: in µm3/kg, χ

fd
% in %, SIRM: Saturation isothermal remanent magnetization, PLI

real
: Pollution 

load index calculated for Cr, Cu, Pb, V, and Zn concentration means, PLI
RL

: estimated value with regression model, PLI
ANN

: estimated value 

with artificial neural network model, PLI
CT

 estimated values of the classification tree model.
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3.1.3 CLASSIFICATION TREE (CT)

The decision tree structure uses the three values of  
parameters χlf, χfd% and SIRM of  2011 test data 
to establish two types of  samples: uncontaminated 
(Class 1) and contaminated (Class 2). The con-
structed model showed the values into four nodes: 
the first node is classified for χfd% < 0.4 %, the 
second node with χlf  < 6.7 µm3/kg, the third node 
with SIRM ≥ 84 mA m2/kg, and the fourth node 
with SIRM ≤ 54 mA m2/kg (Figure 4).
	 In the first node, the data were classified with 
χfd% related to ultrafine particles (< 50 nm). In the 
second node, data were classified with χlf, related 
to magnetic mineral concentrations. In the third 
node, the data were classified with high concen-
tration of  mineral ferrimagnetic (SIRM ≥ 84 mA 

m2/kg) and in the four node, data were classified 
with low concentration of  ferrimagnetic concen-
trations (Figure 4). 
	 In this study, we have proposed a model of  
CT using three magnetic parameters to classify 
contaminated sites for PTEs, unlike other models 
that use a single parameter (Morton-Bermea et al. 
2009; Cejudo et al. 2015). The χlf  values (6.7 µm3/
kg) and SIRM values (54 mA m2/kg) reported in 
this study to identify contaminated sites (PLI>1) 
are comparable to those reported by Morton-Ber-
mea et al. (2009) and Cejudo et al. (2015) for soils 
and urban dust in Mexico City (χlf:4.0 µm3/kg and 
SIRM:46 mA m2/kg, respectively). The urban 
dust of  Mexico City shows that higher concentra-
tions of  ferrimagnetic minerals are associated with 

Figure 5   Map of the pollution load index for urban road dust in Mexico City, obtained by measuring the concentration of elements 

(PLI
real

).
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Table 3. Confusion matrix for predictive models of values of pollution load index obtained by magnetic parameters.
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higher concentrations of  PTEs.

3.1.4 CONFUSION MATRIX

The confusion matrix for the estimated models of  
PLI is shown in Table 3. It was considered that 
the difference between the PLI estimate and the 
PLI calculation (PLIreal) was less than 25 %. The 
confusion matrix for the linear regression model 
showed that it is capable of  estimating up to 61 
% of  correct values of  PLI through χlf  and pre-
dicting the PLI ≤ 1 (34 %) and values between 1 
< PLI ≤ 2 (26 %) more accurately. The confusion 
matrix for the artificial neural network model is 
capable of  estimating up to 84 % of  PLI correct 
values through χlf, χfd% and SIRM and more accu-
rately predict values of  PLI ≤ 1 (28 %) and values 

between 1 < PLI ≤ 2 (54 %; Table 3). 
	 The confusion matrix for the decision tree 
model showed that it is capable of  classifying the 
contaminated and uncontaminated sites through 
χlf, χfd% and SIRM, with values ≥ 84 mA m2/kg 
and ≤ 54 mA m2/kg (Figure 4). The model pre-
dicts 36 % contaminated sites with PLI >1 and 
28 % uncontaminated sites with PLI ≤ 1 (Table 
3). Thus, the artificial neural network was the best 
model to estimate PLI values from the magnetic 
parameters. The comparison of  the spatial dis-
tribution of  PLI values predicted for the artificial 
neural network model and PLI values computed 
were similar in the city center but showed different 
outputs in the suburban areas (Figures 5 and 6).
	 The magnetic parameters are a tool to quickly 
evaluate the concentration of  PTEs in urban road 
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Figure 6   Map of the pollution load index of urban road dust of Mexico City, obtained by estimated with artificial neural network models 

(PLI
ANN

).

dust and soils (Chaparro et al., 2006; Oudeika et al., 
2020). However, it is observed that when machine 
learning algorithms are used, their level of  preci-
sion considerably increases, in comparison to the 
linear regression methods used in many studies of  
soil and dust in urban areas (Liu et al., 2016; Wang 
et al., 2019, Oudeika et al., 2020).
	 The urban road dust from Mexico city shows 
very high values of  magnetic parameters compared 
to those reported in other cities. For examples, in 
this study the χlf  values was 5.2 µm3/kg in 2011; 
in Turkey was 0.010 µm3/kg (Canbay et al., 2010); 
in Shanghai, China was 1.55 µm3/kg (Wang et al., 
2019) and Isfahan Iran was 0.74 µm3/kg (Karimi 
et al., 2011). However, a relationship between 

magnetic parameters and the concentration of  
PTEs has been observed in all of  these cities. It 
is possible that the artificial neural network model 
could improve the prediction of  sites with high 
concentrations based on magnetic parameters.

4. Conclusions

The artificial neural network proved to be the best 
approach to predict the pollution load index of  
urban road dust from magnetic parameters. The 
accuracy was 20 % better than the regression 
linear model and the decision tree technique. 
Therefore, the artificial neural network could be 
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suggested as a proxy for high concentrations of  
potentially toxic elements.
	 The linear regression and decision tree models 
are alternative methods to estimate the pollution 
index load in urban road dust. However, these 
models have less precision in samples with a very 
high concentration of  potentially toxic elements. 
The machine learning algorithms increased the 
prediction levels of  magnetic parameters for 
classification and identification of  problems of  
accumulation of  potentially toxic elements in 
urban road dust. The method could be used in 
monitoring future proxy studies.
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