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1. Introduction

Tra ffic simulation is essential to investigate individual decision (e.g., mode choice) impacts on the tra ffic network.
Agent-Based Modeling (ABM) is a robust approach for tra ffic simulation, particularly for large-scale networks (De
Souza et al., 2019). However, these models are computationally expensive, and they often su ffer from long running
times (Llorca et al., 2020). To prevail in this issue, the application of machine learning techniques can be a possible
solution. Increased computation power and the availability of massive data sets (Big Data), are among the reasons ex-
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Abstract

The development of agent-based modeling in traffic simulation allows for the modeling of traveler movement and decision making
using predefined rules and variables. Nonetheless, the computational cost of agent-based modeling is high, and it takes a long time
to  generate new s cenarios  us ing thes e models. To  add res s  th is , th is  s tudy p ropos es  a new app roach  to  p red ict the res u lts  o f n ew s im-
ulations using machine learning techniques. This paper focuses on the reproduction of the models that simulate variables reflecting
traveler decision making, such as mode choice, travel distance and duration, and waiting time. A variety of data-driven techniques
have been employed in this regard to model these features resulting from unanticipated activities in a dynamic environment. The
proposed approach will be based on synthetic data generated from various simulation scenarios, that will be followed by a dat a
preparation process. Therefore, the robustness of the built machine learning models was tested and assessed in different and new
situations in order to evaluate their capability to reproduce the models responsible for generating the stated variables. Experiments
show that the suggested solution has a high level of robustness, implying that it can replicate the final results of these models.
Further, Extreme Gradient Boosting outperformed other machine learning techniques in terms  of predicting simulation variables
when comparing prediction accuracy and running time.
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plaining the relevance of machine learning-based techniques to handle problems in transportation science (Tizghadam
et al., 2019). In Sun et al. (2020) for example, it is now feasible to recognize patterns such as real-time tra ffic flow
and individual vehicles movement under various tra ffic flow situations that may dramatically increase the efficiency
of present transportation system operations and anticipate future trends.

Prior to implementing certain processes or solutions in the actual world, however, one should make sure that
machine learning techniques are indeed capable of capturing the behavior of transportation systems. Artificial data,
created with simulation, can be used for the study and assessment of alternative techniques, as well as for the vali-
dation of their application. Zheng et al. (2021) revealed numerous problems typically tackled with tra ffic simulations
spans from minimize congestion, to enhancing road safety, from improving indiv idual decision making to increasing
surface transportation productivity and efficiency, among others. Agent-based modeling, as explained in  Hunter and
Kelleher (2022), is a  specif ic simulation technique, that has been used to investigate, replicate and forecast trans -
portation scenarios, in that emergent system-wide features represent how different agents interact with one another
a nd with th e ir e nv iro n m e n t . H o we v e r, Bá lin t e t a l. (2 0 22 ) sh o we d tha t a ge n t -ba sed m o d e ls p re se nt a fe w c ha lle n ge s ,  
including the complexity of developing, testing, parameterizing, and validating models, which makes them non-trivial
and computationally costly. Some research is looking into the use of machine learning techniques, to overcome such
issues, thanks to key features such as generalization, scalability and real-time applicability.

The goal of this work is to apply machine learning to build robust and e fficient models that predict specific as-
pects of passengers’ actions under diverse experimental situations. This study examines not only the movement and
decision-making of travelers, but also the capability of data-driven techniques in reproducing the models that produce
mode choice, travel distance and duration, and waiting time.

This work is organized into four parts, beginning with a review of the literature, followed by an explanation of the
methodology used to achieve the objectives. The third part provides a description of the simulation environment as
well as all of the operations performed on the artificial data. The last part depicts the entire experimental procedure
up to the analysis of the obtained results.

2. Literature reviews

According to Pell et al. (2017), tra ffic simulation models and software tools have been developed to model and
plan tra ffic as well as examine various tra ffic control tactics. The goal of tra ffic modeling based on Azlan and Rohani
(2018) is to properly replicate tra ffic as observed and measured on the street. It was created usingmodeller experience
to incorporate mathematical models into the tra ffic system. Since the development of Agent-Based Modeling (ABM),
there have been advancements in simulation software for large networks for tra ffic assignment and tra ffic flow mod-
eling (Kagho et al., 2020). As explained in Hong et al. (2013), ABM and simulation have been applied in several
transportation sectors, it studies personal transportation-related activities and behavior, as well as computational (or
systemic) approaches for studying a collaborative and responsive transportation system with intelligence by modeling
a collection of autonomous decisions made by subsystem entities known as agents. These tools focus on various tasks
such as reproducing tra ffic conditions in an urban network, multi-modalsimulation of road tra ffic, and development of
activity-based demand simulators, among others, but only a few of them can integrate the various aspects of transport
modeling together to build a fully integrated large-scale agent-based model simulation (Kagho et al., 2020).

While the flexibility of ABM allows for broad application, the complexity of real-world models that have been
outlined in  Sivakumar et al. (2022) may present challenges, such as a high  demand on computational resources and
computational time, in addition to the rules that govern an ABM, which can be difficult to abstract and formulate from
experimental data. Therefore, the application of machine learning techniques can be efficient to predict the results
of ABMs. Machine learning techniques can capture the non-linear relationship between the response variable (e.g.,
mode choice) and independent variables (e.g., socio-demographic) (Dong et al., 2022). These techniques showed to
be accurate and efficient to model and predict many transportation-based parameters, such as mode choice (Sun et
al., 2022), child mode choice (Naseri et al., 2022), trip duration (Poongodi et al., 2022), public transit waiting time
(Chu et al., 2019), and vehicle engine choice (Naseri et al., 2023). Accord ingly, researchers have begun to improve
the performance of tra ffic simulation using machine learning techniques.

As such, Zhanget al. (2021) suggested that machine learningcould be used in assisting inferring optimum, system-
specific ru les from agent-based models. By studying the behavioral patterns of agents, machine learning-based infer-
ence models such as reinforcement learning and supervised learning approaches can enhance sequential decision
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making. This new discipline can use these strategies to augment classic agent -based schemes that translate agent ac-
tion rules into an adaptive model. Accord ing to Sivakumar et al. (2022), machine learning approaches may also aid
in the exploration of an ABM’s complicated and highly dimensional parameter space in terms of sensitivity analysis,
model robustness, and so on. This relates to the benefit of ABM in  terms of producing realistic datasets for training
machine learning algorithms. Antoniou and Koutsopoulos (2006) created a framework for estimating velocity based
on machine learning techniques such as clustering and locally weighted regression (loess) algorithms. Antoniou et
al. (2013) used machine learning approaches to create a framework for dynamic tra ffic status prediction. Jenelius and
Koutsopoulos (2013) provided a statistical approach for urban road network journey time estimates utilizing low fre-
quency probe car data. Zheng et al. (2013) suggested a two-level neural network structure. It is used to anticipate the
acceleration of the following vehicle as well as to estimate the dynamic response time. Deep learning was utilized by
Lv et al. (2015) and Huang et al. (2014) to forecast tra ffic flow.

Aside from the benefits of machine learning for agent-based models and tra ffic simulation, it has been proposed
in Sivakumar et al. (2022) that supervised learning algorithms may be trained to reproduce an ABM’s models, which
helps calibrate the ABM and reduces the computing expenses of operating several ABM. This approach addressed
the issue of complicated and nonlinear parameter interactions, as well as the extended processing time. In addition,
Angione et al. (2022) provide an intrigu ing so lution by evaluating several scenarios with artificial neural networks
(ANN) and gradient boosted trees to determine the effectiveness of various machine learning models in replicating
the integrated models. This strategy, according to the author, will enable more rigorous sensit ivity evaluations for
the models while using less p rocessor time during calibration and simulation analysis. Accord ing to Cao (2022), a
combined CNN-GRU deep learning model was constructed to replicate the rail logistics tra ffic speed model in order to
regulate the rapid expansion of high-speed trains and manage the ongoing improvement of the road network. Furtado
and Andreao (2022) investigates the effects of diverse circumstances on different receivers. Forty-six metropolitan
regions (MAs) in Brazil were utilized to evaluate several potential policies. After about one million simulation runs,
11076 parameters were created for use in a random forest machine learning technique to imitate the agent-based model
and demonstrate the needed robustness. In addition, Huang et al. (2022) described the profits of machine learning in
transportation domains by improving agent behavior modeling and computation efficiency of simulation. Furthermore,
Brearcliffe and Crooks (2021) studied advances in agent-based modeling by explicitly comparing and contrasting the
influence of different machine learning approaches used in the same model on simulation outcomes.

Therefore, machine learning techniques can improve such analyses. However, many machine learning techniques
exist, and it is not clear which of them can be the best option to regenerate the models that simulate variables reflecting
traveler decision making. Art ificial Neural Networks (ANNs) are famous computational techniques for information
processing, data representation, and prediction (Naseri et al., 2020). ANNs could outperform many machine learning
techniques in terms of prediction accuracy, such as logistic regression, gradient boosting decision tree (Hung et al.,
2017), linear regression, and support vector machine (Naseri et al., 2020). Recently, ensemble learning techniques
have been widely used in d ifferent predict ion problems, and they showed superior performance than other prediction
methods. These techniques generate a given number of weak learners and combine them to construct a powerful
prediction technique (Naseri et al., 2021). As such, Random Forest is a powerful ensemble learning technique, which
has been shown to be more accurate than various machine learning methods, e.g., Sequential Minimal Optimization
fo r Re gre ssion , M5 P, K- Nea re st  Ne igh bo rs (Ka ya d e len  et  a l., 202 2 ), M u lt ip le  L in ea r Re gre ssio n ( Na se ri e t a l., 20 22 ),
decision tree, Adaptive boosting, Gaussian process classification, quadratic discriminant analysis, linear discrim inant
a na lysis, na ¨ıve Ba yes, support vector ma chine, a nd logist ic regre ssion (Ma niru z za ma n et a l., 2018).

EXtreme Gradient Boosting (XGBoost) is another ensemble learning technique, which has been widely used for
modeling classification and regression problems. XGBoost is famous for its speed, parallel processing, and high accu-
racy in complex scenarios (Chen and Guestrin., 2016), (Jeon et al., 2020). XGBoost could surpass many prediction
techniques when comparing running time and prediction accuracy, such as Decision Trees (Jamalet al., 2021), Logis-
tic Regression (Wang et al., 2019), Support Vector Machines (Nguyen-Sy et  al., 2023). Therefore, Artificial Neural
Networks, Random Forest, and XGBoost could be appropriate candidates for predicting simulation variables since
they have been shown to be accurate prediction techniques in previous studies. However, it is not clear which of them
is the most accurate technique for the mentioned prediction problem.

According to prev ious research, machine learning techniques could  be accurately applied to tra ffic simulation,
including estimating speed in Antoniou and Koutsopoulos (2006), estimating travel time of urban road network in
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Jenelius and Koutsopoulos (2013), and even reproducing the speed model of rail logist ics tra ffic in Cao (2022).
However, to the best of the authors’ knowledge, there has been no investigation to replicate the original patterns that
exist in  the simulation and few related works have attempted to address this issue. Our goal in this research is to
essentially enhance the tra ffic simulation that employs agent-based models, which has certain limitations in that it is
computationally expensive and more dependent on parameters to build scenarios. Thus, the approach proposed in this
work is to try through machine learning to replicate the models responsib le for generating a set of variables using
synthetic data collected from different scenarios. The benefit of the created machine learning model is that they are
data-based approaches that are more resistant to changes in reality, as opposed to model-based techniques that are
more dependent on simulation parameters. Further, this research aims to compare the performance of three machine
learning techniques based on running time and different performance indicators to detect the best technique for the
mentioned prediction problem. This study will explore not only the robustness of the proposed solution, but also
evaluating the testing time required, which may be useful in decreasing computational work if the solution is applied
in a future work.

3. Methodology

This study examines the utility and feasibility of machine learning approaches to improve tra ffic simulation. The
ability to reproduce the output of models integrated in tra ffic simulations, and the robustness of such an approach,
is tested using simulation generated data. The goal is to find data -driven techniques capable of modeling specif ic
simulation outcomes, such as mode choice, distance traveled, trip duration, and waiting t ime. The Sioux Falls scenario
was used as an example to implement the suggested solution since it has one of the simpler road networks compared
to the other scenarios. The scenario’s goal is to deliver a realistic, completely dynamic demand with a diverse socio -
demographic user base and a high level of geographical detail (Chakirov and Fourie., 2014). All of the information
used in the simulation scenario, such as networks, facilit ies, locations, land use, build ing information, and census data,
reflect the main characteristics of Sioux Falls; however, the scenario is not intended to replicate the actual city and
remains a fictitious test scenario. One of the key elements of the approach proposed is that we use data generated with
an agent based simulation. Therefore, we do not only have perfect and complete observations, but we also know the
models that are producing such observations.

In the first stage, data is acquired from the simulation’s outcome. The simulation platform MATSim was used,
an agent-based model largely  applied in the academic field and here used to produce synthetic data. In MATSim,
individualagents seek to optimize their daily activity plans, and this is done in an iterative manner, until equilibrium is
rea ch ed (H o rn i e t  a l., 20 16 ). Ma ny  pa ra m ete rs ex ist  in  M AT Sim  to  def in e  th e  b eha v io r of  th e  a ge nts, th e  t ra n spo rta t io n
system, and the behavior of the simulation itself. Some of them are used here to define and implement the problem’s
conditions. The configuration file is the source that contains all the parameter types and defines some of the properties
of the scenario.

Data preparation will then handle the simulation results produced from the Sioux Falls scenario. After merging all
of the results into different databases, a  number of processes, including data cleaning and preprocessing, have been
carried out in preparation for machine learning modeling.

A set  of machine learning techniques was applied to model different variables such as mode of transportation,
distance traveled, travel time, and waiting time, which reflect the decision making of the traveler. First of all, these
variables will be modeled on the first database (made from default simulation parameters) using the most e fficient
techniques. Furthermore, once built , the model’s parameters must be tuned in order to  ensure the highest e fficiency.
These trained models willbe evaluated and saved for further testing. The model’s performance must be validated using
a variety of metrics. In the case of classification problems, precision, in  addition to error of classification, will be the
most important indicators to consider when evaluating the model on new data. In classifying data, it is crit ical to pay
attention to the ROC-AUC curve since it reveal how effectively  the model selected the correct class. The confusion
matrix, which contains all of the combinations of the correct and incorrect categories, will then be rev iewed to  help
us determine which of the classes is difficu lt to anticipate. Other measures, like F1 score and recall, will indicate the
model’s strength. Furthermore, R-squared and the Root Mean Square Error (RMSE) are the most commonly used and
relevant metrics to consider while dealing with regression problems.

Finally, the objective of the study requires the development of numerous scenarios to cover as many real-world
situations as possible and to examine the robustness of trained machine learning models to new situations. To do
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Fig. 1. Proposed approach

this, a  single parameter of simulation will be changed in each experiment, and then the simulation will be performed
to create new data that represent a different situation. Then, the models that were trained using the init ial database
and default parameters will be tested these new situations to determine their robustness. Three d istinct models were
examined in order to predict four outcomes: trip distance, travel duration, mode choice, and waiting time. Because of
the variety of models, multiple forms of preprocessing are necessary to attain the best performance. The goal of this
part is to see if machine learning techniques can recognize change in different circumstances and how robust they are
to parameter variability. The pred iction t ime of the techniques will be measured in seconds and examined to determine
which models will require the least amount of testing time. All these parts represent the methodology outlined in five
sections and illustrated in Fig. 1.

4. Scenario and data

4 .1 . Simulation Scenario

The Sioux Falls scenario simulation environment will be used to perform the necessary experiments because it has
one of the simplest road networks. Scenario is a common term in transportation that the case architecture, containing
the network, facilities, t ransportation modes, agent plans, and so on, as well as specific parameters. The planning
of scenario according to Lyons et al. (2021) is a process that analyzes the impact of various policies, p lans, and/or
programs on the future of a community or region. This activity can help decision-makers develop transportation plans
by providing information.

The first step is to adjust the configuration file, which contains all of the parameters and inputs required to generate
the data and begin the simulation. The scenario’s architecture will be built by entering the network, which contains a
description of all the nodes and links. Each node is distingu ished by specific coordinates, and each link connects two
nodes and has a specific capacity, free speed, and length. in  addition to programming all transit route stops based on
the movement of the bus (each bus has an arrival and departure schedule). All types of facilit ies, modes of transport
and agents have specific characteristics that ensure and describe their uniqueness.

The population file will represent the various actions proposed by the agents; each agent has a memory that allows
him to remember a certain number of plans, and each plan includes all of the trips made in a day. Aside from the input
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Table 1. Definition of parameter variation in the experiments

Parameter Description Original New

P1 – – –
P2 monetaryDistanceRate (car) -0.0004 -0.4
P3 monetaryDistanceRate (car) -0.0004 -0.004
P4 marginalUtilityOfTraveling-util-hr (pt) -0.18 -0.0018
P5 marginalUtilityOfTraveling-util-hr (walk) -1.14 -100.14
P6 waitingPt -0.18 -100.18
P7 maxBeelineWalkConnectionDistance 300 0
P8 waitingPt -0.18 1
P9 lateArrival 0 -100
P10 marginalUtilityOfMoney 0.062 100
P11 earlyDeparture 0 0.005
P12 marginalUtilityOfTraveling-util-hr (car) 0 -0.005
P13 marginalUtilityOfDistance-util-m (walk) 0 -0.1
P14 marginalUtilityOfMoney 0.062 0.1
P15 utilityOfLineSwitch 0 0.3
P16 marginalUtilityOfTraveling-util-hr (pt) -0.18 -0.5
P17 monetaryDistanceRate (pt) 0 -0.1
P18 monetaryDistanceRate (pt) 0 -0.0003
P19 learning rate 1 0.8
P20 search Radius 1500 2500

files, there are numerous parameters related to the plan score, strategies, and so on. The simulation was run over 1000
iterations to achieve equilibrium, which takes at least 8 hours.

4 .2 . Experiments description

To produce varied scenarios, several parameters in MATSim’s configuration file were changed, and for each new
parameter, the simulation was a ffected, followed by the creation of a new database based on the new outcomes.

The aim of parameter variation is to obtain different situations from that created by the default parameters. So, for
each scenario, we choose one parameter to modify and try to vary its values and see its effect on the outcome, i.e.
to see if the data resulting from the new scenario are different from those generated by the default scenario. If the
data doesn’t change much based on exploratory data analysis methods, we modify the value again to obtain a higher
relative change between the default and the new value, until we obtain data (information) that is different from that
generated by the default scenario. Some parameters require a high relative change to observe their e ffect  on the data
obtained, while others require a lower relative change. Some parameters have a default value of zero; we changed
them to different values, strictly  positive or negative, with a low relative change in most cases, which is su fficient to
see its effect on  the new data. The objective of obtaining data different from the original data is to create a database
enabling us to test  the robustness of the trained models that will be examined later in this paper. Following that, the
model trained on the first scenario (the one generated from default parameters) will be used to test the newly created
situations, which  will be evaluated on the basis of specif ic metrics like accuracy and root mean squared error in the
next part; all of these experiments that represent parameter changes are shown in Table 1, and it should be noted that
the first experiment is performed on the original configuration file (default parameters).

By adjusting the simulation parameters and establishing different circumstances, new databases with distinct pat-
terns will be produced. Since these are the signif icant variables in simulation, the models of waiting time, distance
traveled, travel duration, and mode selection will be evaluated to assess their strength.
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4 .3 . Data preparation

This part will describe the steps involved in building the database that will serve as the preparation for the mod -
elling. Data about agents (people), output legs, generated trips, output of transit vehicles, d ifferent networks, and
output facilities are just a  few of the related pieces of information for the simulation’s output file. These results were
all prepared and transformed by data cleaning and pre-processing techniques to get a final database. Other features
were also developed to reinforce the database and provide a clear view of other specific issue.

Table 2. Description of the database features.

Feature Description Type

person The ID of an agent Categorical
executed score The final score for an agent Float
sex Gender of the agent Bool
age Age of the agent Integer
carAvail The availability of the car Bool
employed Employment status Bool
trip number The number of the current trip in the plan Integer
traveled distance The duration of all trips Float
euclidean distance The Euclidean distance of the path Float
longest distance mode The mode with the greatest distance Categorical
modes The different types of modes in a plan Categorical
start activity type The original activity of an agent Categorical
end activity type The last activity of an agent Categorical
dep time Time of departure Datetime
trav time The duration of the trip Float
wait time The waiting time Float
distance The distance of a trip Float
mode transport The mode chosen in a trip Categorical
start link The first route or connection of the trip Categorical
end link The last route or connection of the trip Categorical
startx The first coordinate of the starting location Float
starty The second coordinate of the starting location Float
endx The first coordinate of the final location Float
endy The second coordinate of the final location Float
transit route The transit route Categorical

At the end of the procedure, a  large number of variables were produced that could be classified based on their
standards; all of the information defining the final database are provided in Table 2. Following the collection of
simulation results and leading up to the final database, data cleaning is an important step, it  entails ensuring that the
data is accurate, consistent, and usable (Ridzuan et al., 2019). As a result, it identify errors or corruption, correcting
or removing them, and, if necessary, manually processing the data to prevent the same errors from occurring again.
The final database’s features could be divided into four categories: data about personal characteristics, trips, plans,
and network. The data has been cleaned and the main transformations are presented in the following format:

• Merge data sets
• Delete unwanted data
• Process the Data-time variables
• Normalise Data
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• Verify the results
• Export the data

Following the completion of data cleaning and missing value processing, additional part occurs in  the process by
transforming the required output to the appropriate type for the model; some methods have been used here, beginning
with Min -Max normalisation, which subtracts the minimum value in the feature and then divides by its range. The
difference between the original maximum and minimum is the range. Finally, it reduces all values to a fixed range
of 0 to 1. Depending on the range of the classes and the role of the feature in the model, two types of methods were
used for categorical variables. The first  method is label encoding, which simply converts each categorical value in a
column to a number. To convert to binary variables, label encoding is recommended. The second method is one-shot
encoding, which is by far the most common way to represent categorical variables. This method is also known as
dummy variables. Dummy variables are used to replace a categorical variable with one or more new features that can
have values between 0 and 1.

5. Experimentation results

After completing data preparation, all is ready for the experimental stage, but only the preprocessing part can be
modified based on the type of model. First, tests will be performed to classify the various modes of transportation and
predict travel time, waiting t ime, and distance travelled using multiple types of models chosen based on an e fficient
algorithm. Based on their relevance in the simulation and decision-making process, the previously indicated features
we re  c ho sen  f ro m  a m on g a ll  fea sib le  va ria b le s. Fu rthe rm o re , u sin g th e  a va ila b le  da ta , th e  Ra ndo m  Fo rest  a pp roa c h  wa s
employed to estimate the choice of passenger transportation mode and by applying the feature importance technique,
it seems that this output is influenced by three sign ificant factors that typically describe the needs for a given outcome.
According to the results of this test, the most important factors are distance traveled, travel time and waiting time.
The same feature importance test was then performed on the models of these variables to reveal that the common
factors including mode choice, distance and duration of travel, and waiting time are the ones that drive the proposed
data-driven techniques.

5 .1 . Model selection

An algorithm for modelselection was used to evaluate the possible techniques for each output. The performanceof
the modelwill be measured by the accuracy and the root mean squared error of trainingand testing in each experiment.

The results show that the random forest is the most effective technique for all outputs due to its well-structured
process, but it consumes time while testing, taking an average of 20 minutes for regression problems and less than 5
minutes for classification. XGBoost, on the other hand, has excellent results in terms of accuracy and error, with a low
average consuming time of 0.65 minutes.

The artificial neural network is also one of the models with a good reputation in the field of machine learning
for regression and classification problems that will be encountered in the following experiments and compared to the
results of other models. The selected data-driven techniques are:

• Artificial neural networks
• Random forest
• Extreme Gradient Boosting

5 .2 . Evaluation of decision variable models

The first variable to be modeled is the choice of transport mode, it is a  classification problem and two techniques
will be applied in this direction. Artificial neural networks (ANN) has been trained using cross validation on 10
epochs, a batch size of 100, and categorical cross entropy loss. This model’s result shows an accuracy of 99.8% and a
validation loss of 0.019, indicating a powerfulmodel. Relu is the activation function for the hidden layers, and softmax
is the activation function for the output layer.
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The second technique is the random forest, which shows a great ability to understand the patterns of the data.
By applying this model on the existing dataset; it gives 99.9% accuracy and RMSE equal to 0.018 in the training
set. For the test part, we obtained 98.6% accuracy and RMSE of 0.019, which are both good results. For parameter
optimization, a grid  search algorithm, detailed in Bergst ra and Bengio (2012), was used to find the best combination
of parameters from a wide range of values for each attribute. Table 3 will present the results for the remaining outputs

Table 3. Results of variables modeling.
Experiment Artificial neural networks Random forest XGBoost

Output Train acc   Test acc   Train RMSE   Test RMSE   Train acc   Test acc   Train RMSE   Test RMSE   Train acc   Test acc   Train RMSE   Test RMSE

Traveled distance 96.6 93.3 0.027 0.032 99 93.2 0.018 0.034 96 94.5 0.023 0.029
Trip duration 91.8 91.2 0.012 0.013 95.5 90.6 0.011 0.0148 96.6 92.2 0.011 0.012
Waiting time 90.3 88 0.035 0.039 97.1 89.9 0.032 0.035 90.8 88.7 0.034 0.036

wh ic h a re t ra v e lle d d ista n c e , t rip du ra t io n , a nd wa it in g t im e . Th e mo de ls u sed he re w il l d ea l w ith a re gre ssio n p rob le m;
the goal is to demonstrate the existence of data -driven techniques that can understand the patterns behind the data.
Three models have been proposed to solve these tasks; for the travelled distance, the results are so close with a
small advantage for the random forest model, and for trip duration, the same is true for XGBoost. When it comes to
waiting time, the random forest regressor outperforms other models with an accuracy of 97.1%. To achieve maximum
efficiency, all models included a parameters optimization process.

5 .3 . Model robustness analysis for mode choice prediction

The table 4 focuses on the model’s ability to pred ict the mode choice variable in each experiment. In general, the
test accuracy is above 90% in most cases, which  validate the effectiveness of the training and allows us to state that
the two trained models, ANN and Random Forest, can recognize the built-in models in MATSim.

Although both trained models perform equally well, the random forest is more powerful at predicting new data,
with an accuracy that is always greater than 99%, making this technique more robust than theartificialneuralnetwork.
The input data is processed using MinMaxscaler method to vary the values between 0 and 1. This step saves training
processing time and reduces computational work. The model will perform worse after various experiments if other
techniques are used. In terms of test time, the random forest does not exceed 3 seconds. Because of the complexity of
the links between the neurons, the ANN has a shorter test t ime, on the order of 10 seconds, but it is st ill longer than
the case of random forest.

P2 has a high variability of the car monetary distance rate ranging from -0.0004 to -0.4, however the ANN has
an accuracy of 87%. By decreasing this variability to only 10% in  P3, the model recognizes the data better, with an
accuracy of 94%. As a result, the variability of this parameter has a signif icant impact on the mode selection outcome.
On the other hand, there was a different type of change in the monetary distance rate for public t ransportation, from
0 to -0.1 in P17 and to -0.0003 in P18, both of which are very  similar in terms of their ability in predict ion. The
variability  of this parameter has small impact on the output. Despite the large variability in  P9, late arrival has litt le
effect on mode choice and the 0.005 reward for an early departure does not change the traveler’s decision. P10 and
P14 describe the change in the marginal utility of money, according to the ANN model, changing this value from 0 to
100 in the first stage and to 0.1 in the second stage decreases the accuracy by 3% and 9%, respectively, but the model
still has a good ability to recognize this change. Despite the high  gap of change in P16 and P4, the proposed models
could recognize the new patterns exists in the data even with high variation. In the case of high performance, it is
difficult to determine whether the model is so effective at comprehending new information or the parameter has no
dependence on the output. Because it is based on specific weights from the training, the ANN could reveal this reality
of this point. The majority of the other experiments show that the trained models can predict new scenarios, leading
us to conclude that these techniques are able to replicate mode choice models in MATSim.

5 .4 . Model robustness analysis for trip distance prediction

The distance traveled as an output is one of the main elements that drive the simulation by taking part in the
scoring function, furthermore, it is considered one of the important features of the mode choice model, which makes
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Table 4. Results of mode choice prediction.

Model
Metric

Artificial Neural Networks
Accuracy (%) Time (s)

Random Forest
Accuracy (%) Time (s)

P1 99 9.13 99.94 1.4
P2 87 14.09 99.92 2.6
P3 94 13.6 99.93 2.7
P4 97 9.04 99.94 1.3
P5 92 8.53 99.3 1.2
P6 94 5.56 99.64 0.8
P7 96 7.75 99.93 1.1
P8 98 9.75 99.89 1.5
P9 96 8.93 99.86 1.3
P10 87 15 99.7 2.6
P11 96 10.4 99.92 1.5
P12 94 11.4 99.88 1.4
P13 91 8.81 99.85 1.3
P14 90 8.7 99.82 1.6
P15 91 9.7 99.86 1.3
P16 96 8.76 99.93 1.3
P17 96 8.9 99.93 1.2
P18 97 5.16 99.94 0.8
P19 95 9.26 99.93 1.3
P20 97 9.96 99.94 1.3

it beneficial to model this type of variable and study its ability to reproduce the pattern responsible for the creation of
the distance traveled data. A new machine learning technique appears in this regard, XGBoost, which has a greater
ability than ANN and random forest to reduce the time spent to test other scenarios, the prediction will occur in less
than half a second with the same performance as the random forest model. Desp ite the good results of ANN, it does
not  a ch iev e  the  le v e l of  robu stn ess de m on st ra te d  by  othe r m od e ls. Th is is  du e  to  th e  c om p lex  a rch itec tu re  o f  the  t ra ine d
technique, which is based on sets of weights with specific values, whereas the random forest makes decisions based
on a range of values, giving the model greater capacity to identify the right action.

P6, which represents a substantial change in the waiting t ime parameter, has a measurable influence on the trained
model’s predictions, so the accuracy of the ANN decreasing from 97% to 70% and it also decreases in the random
forest and XGBoost. The waiting parameter influences the distance traveled by altering the passenger’s strategies,
which may cause him to travel a longer distance. In P8, the agent will try to find the best transit route to maximize
the plan score; in th is case, the change is in  the opposite direction, implying that more waiting time is beneficial. In
terms of model results, we conclude that data -driven techniques can estimate the recommended output regardless of
variation. This means that the distance traveled and the delay waiting have a high correlation. P2 and P3 demonstrate
the same statements made in the mode choice prediction where the distance traveled is so sensit ive to these variations.
Changing the learning rate in P19 from 1 to 0.8 has little effect on the performance of trained models in terms of
accuracy and test time. The increase in  search radius, on the other hand, has a negative impact because it allows the
human to look for public transportation much farther, result ing in an increase in walking distance. In the random forest
and ANN, the accuracy in P20 declines from its value in the original scenario, but the XGBoost was able to recognize
this variation where the accuracy remained constant. By increasing the marginal utility of money from 0.062 to 100,
the number of car users falls dramatically, and the substitute is public transportation, which lengthens the path and
makes it more difficult  for the trained models to acknowledge the new environment, explaining the drop in accuracy
in P10 experiment. If this parameter is changed to a high negative value, there will be no substantial shift in  the data
due to the defined conditions, for example, travelers who do not own a car will always use public transportation,
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Table 5. Results of traveled distance prediction.

Model
Metric

Artificial NeuralNetworks
Accuracy Time (s)

Random Forest
Accuracy Time (s)

XGBoost
Accuracy Time (s)

P1 97 11.9 99 1.73 96 0.26
P2 70 17.99 96 2.55 93 0.35
P3 85 17.8 98 2.40 96 0.36
P4 95 11.77 97 1.77 95 0.23
P5 85 10.93 95 1.56 93 0.21
P6 70 6.80 91 0.90 89 0.09
P7 92 9.8 98 1.50 95 0.20
P8 80 12.62 98 1.85 96 0.25
P9 90 10.95 95 1.60 94 0.24
P10 74 18.8 96 2.4 92 0.36
P11 87 11.2 93 1.73 94 0.25
P12 86 11.48 91 1.94 93 0.29
P13 84 11.05 89 1.61 92 0.23
P14 80 11.63 85 1.77 89 0.24
P15 85 11.59 91 1.52 93 0.21
P16 91 11.21 93 1.65 95 0.23
P17 92 11.18 94 1.73 95 0.25
P18 93 7.14 95 0.99 96 0.14
P19 95 11.23 93 1.60 95 0.22
P20 88 11.5 94 1.62 96 0.24

regardless of the marginal utility of the money. Looking at all of the table 5, it is clear that each model recognizes a
specific scenario more than the other models, indicating that no one technique dominates in pred icting the variation
that a ffects distance travelled. This analysis also reveals that these techniques are less e ffective at predicting travel
distance than mode choice, and the correlation of these parameters with travel distance is higher than that of mode
choice.

5 .5 . Model robustness analysis for trip duration prediction

The third variable that must be checked using the same models as in the previous part is travel time. The results
show that the trained architecture was able to recognize the majority of the parameter variations; however, the XG -
Boost still has the best result in terms of test time, and in this case, it also has the best performance in understanding
all of the new scenarios based on the accuracy in comparison to the previous experiment related to travel distance.
Despite its h igh scores, the ANN model st ill struggles to recognize new data based on specific scenarios such as P3,
P5, P8, P13 and P6. Aside from P5, random forest and XGBoost are very good at predicting travel time in the other
scenarios. P5 represents the change in marginal travel utility per hour for walking, with a large variability of the pa -
rameter ranging from -1.14 to -100.14, resulting in a considerable variation in travel time. Walking will be extremely
difficult in this situation, and only car owners will be una ffected. This case makes it difficult for models to predict this
output due to the high correlation between this parameter and output. P13 represents the change in marginal utility of
distance (by walking) and presents the same difficulty as P5, where the accuracy is 63% when looking at the ANN
model. Changing the late arrival value from 0 to -100 causes significant variation in the trip duration data, making it
challenging for the trained models to identify new trends. In P6, increasing the waiting t ime penalty reduces the num-
ber of walkers and public t ransportation users; in P8, the opposite occurs. As shown in the table, both of these changes
are difficult for ANN to detect, so the trained XGBoost model with the best performance will be recommended.
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Table 6. Results of trip duration prediction.

Model
Metric

Artificial Neural Networks
Accuracy Time (s)

Random Forest
Accuracy Time (s)

XGBoost
Accuracy Time (s)

P1 91 11.3 96 1.6 97 0.28
P2 74 18.24 96 2.6 97 0.49
P3 62 17.6 95 2.5 96 0.44
P4 88 11.7 90 1.6 92 0.3
P5 35 10.4 60 1.4 71 0.26
P6 51 6.7 93 0.9 94 0.17
P7 89 9.8 95 1.5 96 0.24
P8 65 12.6 84 1.8 86 0.32
P9 72 11.4 73 1.6 72 0.29

P10 66 18.59 96 2.9 97 0.46
P11 80 12.6 89 2.02 91 0.28
P12 79 12.5 85 2.04 88 0.25
P13 63 11 74 1.52 78 0.25
P14 73 11.6 79 1.2 80 0.23
P15 79 10.4 87 1.49 90 0.25
P16 82 11.1 90 1.47 92 0.27
P17 83 10.9 90 1.48 92 0.26
P18 85 6.85 93 0.95 94 0.15
P19 90 11.2 89 1.5 91 0.28
P20 78 11.24 90 1.48 92 0.26

Other experiments show that the three models are robust, with an accuracy of more than 70% in general. Despite
some weaknesses in the ANNs, the rest of the experiments confirm the trained models’ high robustness. XGBoost is
the recommended technique for the trip duration modeling , not only for its ability to understand new scenarios, but
also for its low testing time.

5 .6 . Model robustness analysis for waiting time prediction

This part will examine the strength of models in order to predict  the final sign ificant variable that drives the sim -
ulation, which is the waiting time; this output is correlated with the mode choice feature by assisting the traveler in
determining the route that guarantees the least amount of waiting time. The trained models were tested in a variety of
scenarios to determine their robustness, which willbe assessed using R-squared. The test time for each test will also be
examined in order to determine the best match between robustness and test duration. The random forest outperforms
the other accuracy-based techniques in this case; however, XGBoost is the best solution for the test time.

The most influential experiment on waiting t ime prediction is P6, which has a high variability. Despite the fact that
the results are not as good as the previous experiments, the model still performs well based on XGBoost and random
forest trained models with an accuracy greater than 80%. When the number of car users decreases, it appears that P2
and P3 have a considerable impact on the distribution of waiting time in the data, because most travelers choose to
use public transportation. In this case, the ANN model struggles to grasp the new information based on accuracy. The
remaining experiments demonstrate that the suggested technique is capable of reproducing the patterns responsible
for generating the waiting t ime variable. The purpose of the previous tables was to analyze the robustness of modeling
mode choice, distance traveled, travel time, and waiting time across various experiments, in addition to analyzing the
test time of each ML technique.

In terms of robustness, Random Forest is the best model for predicting mode choice, travel distance and waiting
time, while XGBo o st is the best for predict in g tra vel time. In terms of test time, the XGBo o st model ca n provide results
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Table 7. Results of waiting time prediction.

Model
Metric

Artificial NeuralNetworks
Accuracy Time (s)

Random Forest
Accuracy Time (s)

XGBoost
Accuracy Time (s)

P1 89 20.5 98 8 91 0.24
P2 65 18.3 89 7.6 85 0.37
P3 69 17.4 93 8.5 90 0.36
P4 88 12.04 91 8.1 88 0.25
P5 77 11.1 84 7.5 82 0.23
P6 64 7.1 83 4.4 81 0.15
P7 80 10.2 89 6.7 87 0.23
P8 73 12.7 91 7.6 89 0.26
P9 82 10.94 86 6.8 85 0.25
P10 69 18.27 89 7.1 85 0.36
P11 79 13.3 90 5.05 91 0.27
P12 78 12.8 87 5.6 88 0.25
P13 68 11.43 84 5.21 82 0.21
P14 70 10.9 85 5.6 83 0.29
P15 76 10.89 87 6.7 86 0.26
P16 83 11.81 90 5.08 87 0.21
P17 84 13.01 90 5.09 89 0.21
P18 85 7.95 92 2.57 90 0.14
P19 87 11.34 91 4.98 88 0.22
P20 77 12.6 90 5.02 88 0.23

in less than one second. Random forest performs less well in this regard, with an average test time of 6 seconds, and
artificial neural networks have an average testing duration of 11 seconds. This leads us to conclude the existence
of data-driven techniques that perform well enough and can reproduce the models behind the generation of these
variables in the simulation.

6. Conclusion

To face new transportation and tra ffic challenges, it is important to enhance the quality models that inform policy
ma k in g. Age n t -ba se d m ode l in g is a p o we rfu l m e thod f o r a sse ssin g h ypo th et ica l sc e na rio s b efo re the y a re im p le m en te d
in reality. However, computation time is one of its main limitations and, according to several researchers, machine
learning could help overcome it. The first step in order to obtain such result is to prove that some of the behavioral
models integrated that are typically embedded in agent-based simulations, can be approximated by machine learning
models. This was done taking MATSim, a popular agent-based simulation, and using machine learning to reproduce
some of its output. An exploratory analysis of the data was performed in order to understand how output varies for
different scenarios. Next, on this artificial data, XGBoost, artificialneuralnetworks, and random forest, three complex
machine learning models, were applied. They performed well in understanding the patterns of artificial data generated
using the simulation’s default parameter values. All of the data-driven techniques hadan accuracy of greater than 90%
across all experiments for predicting travel distance, travel time, and waiting time. Further tests showed the ability
of trained machine learning models to recognize other scenarios, demonstrating the robustness of these techniques.
For pred icting all features, the resu lts were best for random forest and XGBoost, and less successful for artificial
neural networks. In all cases, XGBoost had the low processing time to  less than one second and the best robustness
in predict ing travel time. Random Forest, on the other hand, predicts travel distance, waiting time, and mode choice
with high precision and in less than 10 seconds, proving its ability to reproduce agent-based models’ output related
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to these variables. The research might be expanded by investigating the application of data-driven techniques in the
agent-based model process or by developing some kind of combination of them.
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