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Abstract. One of the negative consequences of the 
industrialization of Mexico favored by the North 
American Free Trade Agreement (NAFTA), is the 
emergence of huge industrial corridors associated with 
the demand for mobility by commuters who move to their 
workplace. The demand produces mobility patterns that 
have a serious impact on air pollution in five cities in the 
state of Guanajuato that, despite being medium in size, 
outnumber Mexico City in pollution. The objective of this 
work is to model a data-driven agent based on the 
beliefs-desires-intentions model, to predict the selection 
of transport modes using a J48 decision tree algorithm 
that was designed from data from the 2015 national 
census (INEGI). The method is mode based l agent 
programmed in Net logo. The results show that: it is 
possible to predict the demand of transport considering 
the: gender, level of education, transfer times and age in 
the five cities of Guanajuato, in a horizon of three years. 
With changes in public policies related to mobility and 
changes in transportation patterns, air pollution would be 
reduced. The proposed model could be used to support 
public policies that improve mobility and positively 
impact air quality in five cities in the state of Guanajuato. 

Keywords. Data-driven, agent-simulation, J48, kappa-
index, MCCI, Air pollution, Guanajuato Mexico- 

1 Introduction 

The North American Free Trade Agreement 
(NAFTA) started on January 1, 1994, as a 
consequence, Mexican exports grew steadily. In 
22 years, the Mexican economy has been 
transformed: 82% of its foreign sales are 
manufactured products. in 1993 oil exports 

represented 10% of the Gross Domestic Product 
(GDP) but 40% of government incomes, in 2018 
was only 6% and 8 % government incomes At 
present, Mexico's export profile is made up of 
aerospace parts and equipment, optical 
equipment, machinery, electrical and electronics, 
and author and auto parts. 

In 2022, Mexico is seventh producer worldwide. 
25 years after the signing of the NAFTA by Mexico, 
89.7% of Mexico's exports were manufactured. 
Mexico went from being an exporting country of oil 
and raw materials to being an 
industrialized country. 

One of the most negative externalities of 
NAFTA has been the pollution or the air of its 
communities as a result of its successful 
industrialization. Mexicali, Toluca, Ecatepec, 
Tlalnepantla, Netzahualcoyotl, Salamanca, Leon, 
Celaya, Irapuato, Mexico City and Monterrey are 
the most polluted cities in Mexico with PM2.5 
particles, which present a medium and long-term 
health risk. 

They exceeded the limit of PM2.5, which is from 
0 to 10 μg / m³ of the WHO [37]. The first nine cities 
plus Monterrey are home to the industrial plant that 
was created after the industrial boom that 
transformed the country after 1994.  

While the air pollution in Mexico City is 
explained by its 5.5 million cars, the others cities of 
this sad and black ranking, are medium, its 
pollution is associated with its accelerated process 
of industrialization as a result of NAFTA, now a 
days T- MEC. 
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1.1 State of Art in Data-Driven Agent- 
based Modelling 

Agent-based modelling (ABM) aims to simulate 
human behavior in systems using a programming 
language. Fundamental to this methodology is the 
abstraction of human behavior with a prediction 
function based on quantitative and/or qualitative 
data, and such approaches are often considered 
most effective when they are kept as simple as 
possible (principle by Terano) [34]. 

One example research that used agent-based 
modelling was the simulation of pedestrian 
evacuation in the event of seismic risk at an urban 
scale in a study that modelled human behavior 
based on observations from video recordings of 
real events [5]. 

Ng, Eheart, Cai, & Braden used agent-based 
modelling with a Bayesian inference to analyses 
decision-making among farmers regarding water 
quality impacts at a watershed scale in carbon 
emission markets fielding a second-generation 
biofuel crop [23].  

Azar & Menassa developed a model behavior 
occupant in commercial buildings and their impact 
on energy use combined a quantitative method of 
measuring energy use with qualitative techniques 
for identifying occupant behavior [2].  

Klein, Kwak, Kavulya, Jazizadeh, & Becerik-
Gerber proposed other model of building occupant 
behavior, combined sensor data and electronic 
building controls to reduce energy use using a 
multi-objective Markov decision problem to 
determine occupant [14]. 

Finally, Arel, Liu, Urbanik, & Kohls [1] designed 
a model of traffic signal control, governed by an 
autonomous intelligent agent was modelled using 
neural networks. 

Dynamics in ABM have been presented in two 
dimensions: at microscopic level, which the agent 
level is represented by the evolution of its dynamic 
attributes (variables and models) caused by its 
interaction with other agents or the environment. 

At macroscopic level is a consequence of the 
microscopic dynamics and its mathematical 
interactions agent representation is not a trivial 
issue and the model can only address the 
interaction as the functional relationship between 
states and parameters [25]. 

In recent research based on agents, this 
microscopic dynamic is modelled by deterministic 
empirical models [26]; theoretical models as 
objective functions and evolutionary algorithms [9, 
19, 20], theoretical empirical such as interviews 
and algorithms [17]; logit regression [41] or novel 
theoretical approaches to limited rationality such 
as Frank-Wolfe's linearization method with the 
Generalized Benders' Decomposition method [21]. 

A novel approach is the data-driven agent 
model [13] that lies between the extremes of totally 
empirical and totally abstract models; it consists of 
empirical models elaborated from the data for the 
dynamics at the micro level using big data and the 
KDD process (Knowledge Discovery on 
Database)  [8]. 

Recent research uses big data and machine 
learning for agent models such as neural networks 
[6, 40] and complex networks [35]. 

The aim of this paper is describe beliefs-
desires-intentions (BDI)  using a data-driven agent-
based model to predict the behavioral changes of 
commuters who must select a means of 
transportation and thereby affect the dynamic 
demands on transportation infrastructure using 
novel data-driven approach with census data and 
J48 algorithm machine learning tool proposed by 
Witten & Frank [39].  

This is the first work related to five cities of 
Guanajuato State in Mexico; in order to understand 
dynamics at the micro level in the selection of the 
means of transport and at the macro level as the 
emergent mobility behavior in the five cities. 

1.2 Five Cities on the State of 
Guanajuato 

Guanajuato state is located in the center of Mexico 
with an area of 30,460 km2, which represents 1.6% 
of the national territory. 

The state comprises 46 municipalities with a 
total population of 6,166,934 inhabitants, 
Guanajuato ranks 6th nationally for its number of 
inhabitants [10], Guanajuato more polluted cities 
are Leon, Silao, Salamanca, Irapuato and Celaya. 
Together forms one of the more important 
industrial cluster in America. 

Leon. Located in the East of the State with a 
population of 1 578 626 inhabitants [11], it is the 
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largest metropolis in the state; in the last decade it 
has shown strong growth. 

With data from the intercensal count [10] of the 
inhabitants who move from home to work, the use 
of public transport predominates with 37%, 
followed by the use of private cars with 30% and 
the use of labor transport labor by 7% (labor 
transport is the means of transportation that 
companies provide their employees using 
leased  buses). 

It is the municipality in the State that has the 
most extensive bike path network with a total of 
108 kms. [18]. 

In Leon, there is a unique integrated transport 
system known as Optibus; this is formed by a 
combination of a bus transport subsystem and a 
bus rapid transit subsystem. Silao de la Victoria. 

Located in the East of the State bordering León 
and Irapuato and with a population of 189,567, it is 
rapidly industrializing due to having one of the first 
automotive plants in the State. 

It has an index of registered motor vehicles of 
250 (This index is calculated as the number of 
motor vehicles registered in circulation divided by 
the estimated total number of population multiplied 
by 1000. Less is better, the 2015 State average is 
270 [12], 20% of commuters use private vehicles, 
19% use public transport, and 27% use 
labor  transport. 

Irapuato. Located in the south-central part of 
the State, there is a mixture of agricultural, 
commercial and industrial activity, with a 
population of 574 344 and an index of registered 
motor vehicles of 307, the use of private vehicles 
predominates with 35%, public transport with 22% 
followed by 13% of labor transport. 

Salamanca. Located in the central zone of the 
State, there is a mixture of agricultural and 
industrial activity, with the large PEMEX refinery 
Antonio M. Amor. It has a population of 273 271 
inhabitants and an index of registered motor 
vehicles of 352. Commuters’ use of private 
vehicles predominates with 34%, followed by 
public transport with 22% and 11% for 
labor  transport. 

Celaya. Located in the southwestern area of the 
state, its main economic activity is trade and 
services followed by industry. It has 494 304 
inhabitants, being the third largest metropolis in the 
state. Its index of registered motor vehicles is 338 

and the use of the private vehicle predominates 
with 34%, followed by public transport with 30% 
and only with 5% for labor transport. 

Figure 1 shows a map of the state, and Table 1 
summarizes the population density and the 
number of observations used for this study [30]. 

2 Method 

We define “agent” as a real entity that has the 
ability to assimilate information from its 
environment (input), reason (logical processes), 
and respond to the environmental input with a 
decision (output) that results in a behavior. 

In operative terms an agent is a resident and 
commuter of the five Guanajuato cities who moves 
from home to work. 

Consider now all the inhabitants of a city who 
need to move from their homes to their workplaces. 
Each of these commuter’s reasons is based on a 
series of personal attributes to arrive at a decision 
regarding which means of transport to use, 
resulting in a series of behaviors that will contribute 
to patterns that arise with respect to the mobility of 
that city’s residents. 

Thus, a single agent exhibits individual 
behaviors that will cause the emergence of 
patterns in a system of multiple agents. 

Agent-based modelling is a technique arising 
from systems engineering that allows modelling 
complex systems formed by categorized agents 
who are related to each other and whose 
interactions cause the emergence of 
observable  patterns. 

 

Fig. 1. Map of Guanajuato State 
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The methodology is used to simulate emerging 
behaviors resulting from the dynamics of socio-
ecological systems [32]. 

The foundational elements for modelling the 
relationships and interactions among the agents in 
the system are: the data (agent attributes) and the 
functions that will determine the changes in those 
attributes in each iteration in the 
simulation process. 

The feedback from each iteration determines 
the dynamics of the modelled system, starting from 
a given initial state [33]. 

The BDI agent-based model [24] includes (1) a 
belief system that represents the agent’s values or 
knowledge of the environment as attributes the 
agent develops over time, (2) a system of desires 
that represents the agent’s established goals 
related to those beliefs (here considered to be the 
desire to get to and from work), and (3) a system 
of intentions that represents the actions aimed at 
achieving the desired objective (here considered to 
be the intention to use a specific transport mode to 
move to and from work). 

2.1 Algorithm and Language for Data-
Driven ABM 

Weka is a software platform developed by the 
machine learning group at the University of 
Waikato. It includes a collection of machine 
learning algorithms for data mining models [36]. 

Net Logo is a multi-agent programmable 
modelling environment developed by Uri Wilensky 
at the Centre for Connected. 

Learning and Computer-Based Modelling, 
Northwestern University [38]. This environment 
allow the programming of models based on 
machine learning algorithms through its 
control  structures. 

The Net Logo environment enables agent-
based modelling by facilitating the programming of 
agent intentions and their execution in a very 
simple way, based on code defined by the user and 
data that inform the creation of the intentions list.  

Further details on the manner in which a BDI 
model is implemented in Net Logo, can be found in 
Sakellariou [29]. 

                                                      
1 INEGI is the national institute of statistics geography 

and informatics. 

A classifier algorithm is needed to provide an 
abstract data-driven model of the reasoning 
process based on categorical and numerical 
attributes. 

The J48 algorithm allows quantitative and 
qualitative predictor variables to be used to 
construct a classifier tree to predict the 
dependent  variable. 

Unlike other classification algorithms such as 
the a priori method (also provided in Weka), in 
which only binary variables can be introduced to 
produce association rules in the form 𝑝 → 𝑞, the 
J48 classifier was programmed using if ... then... 
else control structures as the transition function 
used to determine the agent’s selection of a mode 
of transportation. 

The research used an official data sample 
source that included 72 924 surveys of the 
inhabitants of Guanajuato state’s five mega-
cities  [10]. 

To model the agents, the method of Drogoul, 
Vamderue and Meurisse [7] is adopted for: 
a)  abstract transportation mode selection based 
on the J48 decision tree, b) formal transportation 
mode selection, and c) the application of the model 
in the programming language used for the 
simulation. Figure 2 shows the methodology for the 
agent-based model. 

Table 1. Summary of data sample size 

Metropolitan area Population 

INEGI1 
commuter 

agents for ABM 
(sample size) 

Leon 1 578 626 37 400 

Silao de la Victoria 189 567 6 692 

Irapuato 574 344 11 405 

Salamanca 273 271 7 430 

Celaya 494 304 9 997 

Total 3 110 112 72 924 
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2.2 Scenarios for the ABM for 
Commuter Patterns  

The initial scenarios were configured with agents 
whose maximum life span was 90 years, modelled 
independently by city, and the simulations were run 
to model a horizon of three years, in one-year 
intervals. The commuter is represented as an 
independent agent in the model who lives in one of 
the five cities. 

The initial state of simulation are 72 924 agents 
modelled as the commuter types with the attributes 
of gender, academic level completed, age, means 
of transport with time of transfer for each, and the 
city where the agent lives. 

The overall choice for transport was:  Private 
vehicle 22 542; Bus, taxi or collective 22 225; Walk 
10 835; Bicycle 9 429; Work´s transport 5 694; Not 
Specified 2 116 and BRT or light rail 83. 

The means of transport is identified in the model 
as the initial means of transport for each agent and 
is used for comparison with the simulated means 
of transport at the end of the simulation. Of these 
agents, those that express the use of more than 
one means of mobility were 1,951 for two options, 
and 114 for three options. 

The agent-based model simulates the means of 
transport for each independent agent based on a 
J38 decision tree modelled from census data. 
Table 2 shows a summary of the 75 070 
observations of the census data used as a set for 
machine learning training of agents’ formal 
predictive function using WEKA. 

At each iteration (tick) of the agent-based 
model in Net Logo, the reasoned agent function 
(formal predictive function) uses as scenario input 
parameter: academic grade, gender, age and city 
and predicts the mean of transport (as output). 

At the final state of simulation, a file is 
generated with, for each agent, its initial means of 
transport as well as those predicted by the model 
(can be more than one) and the accumulated 
transfer time for each one. 

Each iteration of the program corresponds to 
one hour of the day, using a NetLogo extension 
that establishes date/time utilities and discrete 
event scheduling to simulate the dynamics in 
transportation demand [31]. 

The time that each agent takes from leaving 
home until arriving at the workplace is established 
randomly, considering the normal distribution 
specified in the census data. 

 
 

Fig. 3. Methodology for transport demand by an agent-based data-driven modelling 
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The time spent at work is determined randomly, 
with start times between 7:00 and 9:00 in the 
morning for work days from Monday to Saturday, 
and work schedules assigned randomly to 
between five and ten hours. 

2.3 Validation for the Selection of 
Different Values for Parameters in 
Data-Driven ABM 

The data-driven BDI agent-based model applied in 
this study is based on INEGI 2015 survey-derived 
demographic characteristics: gender, academic 
level completed, city, time of transfer and age. In a 
section of each survey, the inhabitant expressed: 
the city where he lives, gender, age, academic 
level completed, time of transfer to his place of 
work and up to three Decision. 

The selection of the variables of the census 
questionnaire was carried out by calculating the 
information gain, selecting the next: Academic 
level with gain of 0.1752, Gender with 0.0734, City 
with 0.0637 and Age with 0.0373. 

Trees are algorithms used by Maimon and 
Rokach [16] to predict an output variable based on 
predicates, which in this case are qualitative and 
quantitative agent attributes.  

The most well-known algorithm of this type is 
C4.5, which in its most recent version is referred to 
as J48, implemented in the Weka data mining 
tool [54]. 

This tool is efficient and capable of handling 
large training sets. The precision of this classifier 
tree model is measured with the kappa (κ) statistic 
like Landis and Koch [15]. 

Table 2. Data modelled travelers in the five cities studied 

Mean of 
transport 

Celaya Irapuato Leon Salamanca Silao 

male female male female male female male female male female 

Not 
Specified 142 95 179 117 360 262 149 103 102 52 

Bicycle 1 422 137 1 489 70 4 164 156 1 372 66 869 46 

Walk 747 654 985 720 3 625 2 917 522 399 794 598 

* Bus, taxi 
or 
collective 

1 413 1 566 1 052 1 431 7 624 6 255 674 923 734 543 

BRT or 
light rail 0 0 0 0 58 63 0 0 0 0 

Other 58 30 110 21 245 48 42 6 35 7 

Work´s 
transport 407 133 1 110 415 881 248 645 181 1 203 648 

* Private 
vehicle 

2 349 1 172 2 767 1 258 7 751 3 705 1 724 864 995 363 

Totals 6 538 3 787 7 692 4 032 24 708 13 654 5 128 2 542 4 732 2 257 

Total of commuters in census dataset 75 070 

* Predominant means of transport in the five cities 
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This index is used to evaluate inter-observer 
agreement for categorical data, similar to the 
ANOVA applied to quantitative data, values less 
than zero are poor, values between 0.21 and 0.4 
are fair, between 0.6 and 0.8 is desirable, values 
greater than 0.81 are almost perfect adjustments. 

In this research, this classifier corresponds to 
the prediction of a commuter’s selection for his 
transportation mode. The Matthews correlation 
coefficient (MCC) [4] is used for classifications 
between classes (predicates) in unbalanced data 
(data with disproportionate frequencies). 

An unbalanced data is a data set where the 
values are grouped by categories and the 
frequencies are not proportional. 

The MCC provides a measure of classification 
performance in a set of categorical data and can 
be seen as a discretization of the Pearson 
correlation for binary variables. 

The coefficient is always between -1 and +1, a 
value of -1 indicates total disagreement with the 
classification and 1 a perfect classification; value of 

                                                      
2 The figure 4 shows the simulation of transportation 

choices in the city of Silao de la Victoria. Which was 
chosen to represent an intermediate case of the 5 

0 is for completely random classification 
(prediction) [3, 4]. 

For this research, this measure is applied for 
the measure classification performance in the 
formal model and ABM model. One of the central 
aspects of our model is that the algorithm assumes 
that agents have different transport preferences 
depending on gender, age, city and 
educational level. 

Thus, women and young people studying at 
university will be modelled as using public 
transport while a middle-aged man with university 
education will be modelled as using private 
transported means of transport used for 
that purpose. 

The agent decision that the program simulates 
is the selection of an intended transportation mode 
for commuting purposes. In the program, the 
agent’s age is a variable that advances, possibly 
resulting in the selection of a different 
transportation mode. 

cities. Due to space problems, the other 4 are not 
shown, however, the agent model developed 
predicts the behavior of the inhabitants of the other 
four cities. 

Table 3. Confusion matrix of the J48 decision tree results as output of WEKA for initial scenario 

Bus, taxi, or 
collective 

Private 
vehicle Bicycle Walk 

Work’s 
transport Other 

Not 
specified 

BRT or 
light rail <-- classified as2 

14 491 4 884 1 843 351 646 0 0 0 
Bus, taxi or 
collective 

5 993 14 184 2 034 178 559 0 0 0 Private vehicle 

4 064 1 319 3 789 233 386 0 0 0 Bicycle * 

7 253 1 805 1 804 518 581 0 0 0 Walk 

1 529 1 709 1 037 234 1 362 0 0 0 Work´s transport 

276 132 154 14 26 0 0 0 Other 

664 507 269 41 80 0 0 0 Not Specified 

85 33 3 0 0 0 0 0 BRT or light rail 

■ TP Bicycle: 3 789  

■ TN Bicycle: 4 925  

■ FP Bicycle: 426 

■ FN Bicycle: 619 
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For each agent, the model stores as beliefs a 
variable representing the cumulative total hours of 
use of each transportation mode in each iteration 
of the simulation.  

The manner in which the states of agents who 
the simulation failed to categorize was determined 
as follows. Each time the model evolved, the 
program counted an hour for the category each 
agent selected as a belief. 

For example, during the simulation, an agent 
who first walks and then uses a bicycle will have 
accumulated the first hours for walking and the 
next for bicycling. 

In addition, the initial and final categories were 
stored as variables (InitialID and id-group, 
respectively), and an algorithm was applied to 
compare these values such that the counted 
beliefs in each category corresponded with the 
total accumulated hours. 

Errors were identified when the initial or final 
categories hour accumulator is equal to 0 on 
results. Two states of the model were considered: 

the initial state qi corresponding to initial data 
(Tables 2 and 3) and the final state corresponding 
to the data exported from the model (Table 4). 

The final state consists in a dataset who stores 
the agent's attributes and the hour counter by each 
category on mobility that evolve in the simulation. 

3 Results 

In state of the art review, we could not find an 
investigation that allows us to compare the findings 
with previous works, however behavior observed 
in the hours of use by transportation mode 
indicated an oscillatory system over a day. 

The classifier (or prediction) algorithm produces 
four outcomes: (1) True Positive (TP), which 
corresponds to the cases that are correctly 
classified in the predicted commuter means of 
transport; for example, it is a commuter that in the 
observations shows that it uses a bicycle and the 
algorithm predicts it as such, (2) True Negative 

 
Fig. 4. Diurnal oscillatory behavior results for Silao de la Victoria 
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(TN), which corresponds to the sum of cases which 
are correctly classified as are not for the 
predicted category.  

For example, they are all the commuters that in 
the observations show that they do not use a 
bicycle and the algorithm predicts it as such.  

False Positive (FP) are the sum of cases which 
are classified in a predicted category but not 
correspond to it, as an example are all commuters 
that in the observations present that they do not 
use bicycles and the algorithm predicts that this is 
the medium they use and False Negative (FN) are 
the sum of cases which are classified as are not for 
the predicted category but correspond to it. As an 
example are all the commuters that in the 

observations show that they use a bicycle and the 
algorithm predicts another means of transport.  

These values are obtained from confusion 
matrix as shown in table 3. 

For example, the formal model predicts the 
transportation mode selection for commuters that 
live in the five cities summarized in the Table 2. 

3.1 Predicted Commuter Transportation 
Mode Selection Patterns to Simulate 
the Evolution of Transport Activity 

Each leaf of decision tree corresponds to a 
predicted transportation mode selection modelled 
as control structure in Net Logo program language. 

Table 4. Observed and predicted results 

 Initial 
State 

Final 
State 

Percent 
change 

Sensitivity (TP 
ratio) 

Percent 
change 

MCC 
Percent 
change 

 qi qf ⅆ qi qf ⅆ qi qf ⅆ 

Walk 10 835 1 224 -89% 0.043 0.064 49% 
0.0
68 

0.1
37 

101% 

Bicycle 9 429 9 770 4% 0.387 0.41 6% 
0.2
65 

0.3
09 

17% 

BRT or light rail 83 0 -100% 0 0 0% 0 0 0 

Bus taxi or 
collective 

22 225 32 194 45% 0.652 0.677 4% 
0.2
53 

0.2
9 

15% 

Work’s transport 5 694 3 568 -37% 0.232 0.278 20% 
0.2
49 

0.3
04 

22% 

Private vehicle  22 542 26 078 16% 0.618 0.661 7% 
0.4
11 

0.4
6 

12% 

Not specified 2 116 41 -98% 0 0.02 0% 0 
0.1
37 

14% 

          

Frequency observed in demand for mobility in final state data 

One option for 
mobility 70 859 69 591 -2%       

Two options 1 951 3 184 63%       

Three options 114 100 -12%       

          

Statistics          

Po 0.458 0.495 8%       

Pe 0.262 0.268 2%       

Kappa (κ) 0.265 0.311 17%       

*qi indicates the initial state and qf  indicates the final state of simulation 
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For example, if the agent has an academic grade 
equal to primary and gender is equal to women, 
and lives in (Celaya, Silao de la Victoria, Leon-
Salamanca, Irapuato)3 then use bus, taxi or 
collective; this predicted result corresponds to one 
leaf of 101 possible predicted results by the model 
for the five cities. 

The 75 070 instances correspond to commuters 
in census dataset used to build the tree model in 
Weka, distributed in the categories of transport: 
predominates Bus, taxi or collective 22 215 and 
Private vehicle 22 948; Not Specified 1 561; 
Bicycle 9 791; Walk 11 961; Work´s transport 5 
871; BRT or light rail 121 and Other 602. 

However, a little subset of 38 of commuters 
from 121 have academic grade of secondary, 14 
women with an age mean of 29 years and standard 
deviation of 11 and 24 men with an age mean of 
31 years and standard deviation of 10; this subset 
commuter description is a brief example as each 
one is modelled independently. 

The proposed data-driven model generates a 
confusion matrix describing the mismatch between 
modelled results and survey answers. In Table 3, 
a Commuter classified as a walker, green and red 
color are correctly (True predictions) predicted, 
blue and grey are errors (False predictions). 

In the matrix, the rows correspond to the survey 
answer, as an example, the bicycle means of 
transport is used, the sum of the row corresponds 
to 9 791 commuters who in the survey used this 
means of transport; the columns correspond to the 
value predicted by the algorithm, means that only 
3 789 were correctly predicted, the rest of the 
columns were erroneous predictions: 4 064 were 
predicted as Bus taxi or collective, 1 319 as Private 
vehicles, 233 as Walk and 386 as Work’s transport. 

4 Discussion 

Figure 4 shows ten days average simulation 
results for one of the five cities Silao de la Victoria4. 
With the behavior of each agent in the use of the 
means of transport predicted by the model and the 
time of use modelled in a random way, it is possible 

                                                      
3 The model generates predictions and a total of 101 

sheets describing the future possible states of 
travellers 

 

to observe the dynamic behavior of the transport 
demand. Demand for each category of transport is 
shown as the proportion of commuters in that 
category who are in transit. 

As we can see, the use of work’s transport 
predominates and the lower peak close to 15:00 
hours explain that about 20% of commuters who 
use this means of transport are traveling at 
that time. 

This sample city was selected to show the 
behavior in the dynamics of transport demand 
exhibit reality congruences as smallest of the five 
studied cities where industrial activity 
predominates and this category of transportation is 
used to move its employees. The BDI agent-based 
model showed an improvement in the kappa and 
MMC indices compared to table 3 and table 4 of 
the formal model. 

This improvement, although it is a fair value in 
relation to Kappa index showed in Table 4, means 
that the agent model predicts as final state the 
means of transport better than the formal model 
J48 as initial state.  

The improvement in the MMC means that the 
prediction of the means of transport in each agent 
shows an improvement compared to the initial 
state, observing that the model predicts each 
category in a moderate way as Private vehicle 
with  0.46. 

Table 4 summarizes the results, where qi 
represents the initial state and qf represents the 
final state; ⅆ indicates the percent change after the 
simulation. The sensitivity of the J48 algorithm, 
indicated by the true positive (TP) ratio, is also 
shown. MCC was calculated using model 
result values. 

The commuter demand for mobility predicted by 
the agent-based model indicates changes in the 
demand for transport over time. As the result of the 
use of a data-driven agent-based model, the 
prediction of the transportation mode varies as a 
function of the attributes of the agent. 

If the age changes during the simulation, for 
example in the case of a 17 years old Irapuato 
commuter (agent modelled), at the time of 
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exceeding 17 years it changes from walking to the 
use of bus taxi or collective simulating the evolution 
in transport dynamics. 

The observed dynamics show that commuter 
preferences converge towards a single 
transportation mode over time, with some 
commuters selecting two options and a minimum 
of commuters selecting three options. 

This change in agent preferences was identified 
by the reasoning function modelled in the program. 

The transportation demand over the three-year 
horizon indicated an increase in the use of taxi, bus 
or collective of 45% and an increase of 16% in the 
use of a private vehicle (automobile, van or 
motorcycle), which are the two main commuter 
transportation modes. 

In the case of the city of Leon, there is an 
integrated transport system known as Optibus. 

This is formed by a combination of a bus 
transport subsystem and a bus rapid transit 
subsystem, however commuters perceive it as 
transportation by bus more than a real BRT as see 
in table 4 because the model predicted 0 out of 83 
observed. 

5 Conclusion 

The results show that the patterns of selection of 
mode of transport in the five cities with the highest 
air pollution in the state of Guanajuato 
are predicted. 

The model based on can predict the decisions 
of selecting the mode of transport using variables 
age, gender, academic level and city of residence. 
The evolution of transport demand in five cities 
(macro level) indicated an increase in the use of 
two main modes of transport: bus and Optibus (in 
the case of León), taxi or collective by 45% and 
private vehicle (automobile), truck or motorcycle)) 
by 16%. 

These results indicate that the citizens of the 
cities studied prefer to use private transport since 
the supply of public transport is of poor quality. 
However, if the supply of public transport improved 
citizens would dispense with their cars.  

Research shows that models based on data-
based agents can help us understand the evolution 
of a system in which a large number of people 
make independent decisions. 

Likewise, our study shows that it is possible to 
construct a population-based model based on 
demographic surveys to predict transport variables 
considering: gender, level of education, transfer 
times and age in the five largest cities of 
Guanajuato, it is also able to predict the preferred 
means of transportation for the inhabitants of the 
five largest cities of Guanajuato. 

Finally, it is possible to create a data-based 
algorithm that can simulate day changes in the 
choice of transport mode at the micro level. These 
results are similar to the findings of Witten and 
Frank [39]. 

The kappa index and the MCC used to measure 
the adjustments in the model observed for the 
algorithm based on data, in the final model 
(predicted scenario) and its comparison, allow 
observing that the adjustment values vary between 
regular and moderate. 

The proposed model has the feasibility of being 
applied not only in other Mexican megalopolises 
with more than 1 million inhabitants the size of 
Leon, but also in medium - sized cities that have 
serious pollution problems, favoring the redesign of 
the transportation systems that are used in Mexico. 

They find concessions to powerful interest 
groups that have prevented the orderly planning of 
a fundamental public service such as 
transportation and the mobility of citizens, which 
defines the quality of life in a city in such a 
relevant way. 
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