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Abstract 
Urban traffic congestion is a severe and widely studied problem over the 
decade because of the negative impacts. However, in recent years some ap-
proaches emerge as proper and suitable solutions. The Carpooling initiative is 
one of the most representative efforts to propitiate a responsible use of par-
ticular vehicles. Thus, the paper introduces a carpooling model considering 
the users’ preference to reach an appropriate match among drivers and pas-
sengers. In particular, the paper conducts a study of 6 of the most avid classi-
fied techniques in machine learning to create a model for the selection of tra-
vel companions. The experimental results show the models’ precision and as-
sess the best cases using Friedman’s test. Finally, the conclusions emphasize 
the relevance of the proposed study and suggest that it is necessary to extend 
the proposal with more drives and passengers’ data. 
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1. Introduction 

Due to the constant growth of urban populations, cities face enormous chal-
lenges related to transport, road congestion, carbon control and environmental 
pollution, avoid accidents, as well as other situations and problems that are un-
avoidable. As mentioned in [1] Carpooling is a strategy proposed in the 1940s by 
the U.S. government during World War II, when fuel and rubber shortages for 
the manufacture of tires forced residents to make more careful use of private ve-
hicles for personal transport. According to [2] the average occupancy rate for 
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personal vehicle travel is 1.2 persons per kilometer transferred by vehicle; mil-
lions of hours/man are lost daily due to excessive traffic generated in roads, in 
turn causing levels of environmental and auditory pollution that affect health. 
For example, a regular vehicle with the ability to transport 5 people in full occu-
pancy and used only for travel by transporting only one person, 80% of the car-
rying capacity is wasted during personal travel. In Mexico alone, this involves 25 
million personal vehicles and the fact that you are not using a car in at least 60% 
of its occupancy, i.e. 3 people per car trip, causes a great loss for the country. Si-
milarly, this inefficiency has also been observed in the transport of businesses 
such as taxis, vans, trucks and other vehicles. 

In response to this problem, Carpooling is an environmentally friendly trans-
port system, which is based on sharing empty vehicle seats with people (cooked 
or unknown) who have the same or no destination on the driver’s route, and is 
one of the most effective solutions to reduce vehicle traffic congestion and im-
prove other situations, therefore, according to [3] Carpooling is the dynamic in 
which a driver shares their car with one or more additional passengers who have 
a similar destination. In doing so, the occupancy rate of cars could be substan-
tially increased by reducing the number of empty seats in these vehicles making 
the use of roads more efficient. This would require fewer vehicles to transport 
the same number of people to their destinations, resulting in significantly fewer 
cars on the road. Additional benefits of Carpooling include cost-sharing of tra-
vel, reduced road traffic, and reduced polluting emissions to the environment 
produced by vehicles, among others. In this sense, ridesharing can be an effec-
tive tool to reduce vehicle traffic congestion and in turn CO2 emissions. The 
problem of shared travel is an issue that has gained great importance in recent 
years, that is why several studies have been carried out on how the shared travel 
benefits the environment to the users who perform this practice, one of the main 
benefits is the reduction in hydrocarbon consumption, such is the case [4], 
where the study resulted in the casual sharing of vehicles savings of between 1.7 
and 3.5 million liters of petrol per year, or 200 to 400 liters per participant. This 
also brings great benefits to the environment by helping to reduce emissions of 
polluting gases, according to [5] performing this practice can lead to a decrease 
of up to 22% in CO2 emissions. In turn, studies have also been carried out 
showing that users both drivers and passengers who carry out this practice have 
benefited in different aspects, these are mainly economical and comfort [6] [7] 
[8]. 

Currently there is a lot of work dedicated to the assignment of drivers and 
passengers to make the shared trip, where general data such as the source and 
destination location of the users, the time of day, etc. are considered. However, 
few studies have been conducted that consider users’ personal preferences to 
improve comfort and experience when sharing vehicles, such as [9] [10] [11] 
[12] where the most common preferences were obtained as results: the age and 
gender of the user, whether the person is a smoker or not, the volume and style 
of music used during the trip, as well as the time that lasted the journey and the 
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cost of the trip, thus improving the comfort of the users who practiced the 
shared trips , this data was obtained from different sources, either through sur-
veys applied to people, online forms or data provided by agencies engaged in 
carpooling, the data obtained were very similar in most cases. 

In the literature, work has been found by various researchers, in which differ-
ent methodologies for the selection of travel companions are proposed, such as 
[13] [14] [15] where authors employ classification techniques in the area of ma-
chine learning or Machine Learning. Machine learning is the science of teaching 
computers how to make data-driven predictions. At a basic level, machine learning 
involves giving a computer a dataset and asking it to make a prediction. At first, 
the computer will have many incorrect predictions. However, over the course of 
thousands of predictions, the computer will update its algorithm to make better 
predictions [16]. This study presents a review and comparison of results among 
the most popular machine learning techniques, for this study a dataset based on 
user preferences is used to practice Carpooling due to the difficulty of perform-
ing a great amount of proves to refine the models with real people. 

2. Related Work 

The K-NN algorithm is one of the best-known classification algorithms and an 
example of supervised learning. In this algorithm we will use a set of already 
classified examples that we will call training set to classify the new examples. A 
new model is not created, but the model is the training set itself. The algorithm 
is so called K-NN (K-Nearest Neighbors) because it classifies each new example 
by calculating the distance of that example with all those in the training set. The 
class predicted for this new example will be given by the class to which the clos-
est examples of the training set belong, the value of k is the one that determines 
how many neighbors we should look at to predict the class. Thus, with a value of 
k × 1, the predicted class for each new example will be the class to which the 
closest example of the training set belongs [17]. In [18], the authors mention 
that this algorithm has been used to classify different objects in road networks, 
an example where this applies most is in shared taxis and in the practice of Car-
pooling. It is for this reason that these authors decided to use this technique and 
modify it to adapt it to their own needs, which consists of grouping moving ob-
jects, to make shared trips. K-Means is a method of grouping or clustering. Clus-
tering is a technique for finding and classifying K data groups (clusters). Thus, 
elements that share similar characteristics will be together in the same group, 
separate from the other groups with which they do not share characteristics. To 
know if the data is similar or different, the K-media algorithm uses the distance 
between the data. Observations that look alike will have a shorter distance be-
tween them. In general, the Euclidean distance is used as a measure, although 
other functions can also be used. K-Means needs as input data the number of 
groups in which we are going to segment the population. From this k number of 
clusters, the algorithm first places k random points (centroids). Then assign any 
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of those points all samples with the smallest distances [17]. The K-means algo-
rithm has been used in various jobs related to the practice of shared cars, such as 
[19], where the authors developed an implementation of this technique for the 
assignment of travel companions in private vehicles, this implementation used a 
set of test data in which the travel routes that were most widely used by users 
were analyzed and from this key points were created where they could serve as 
places where users both drivers and passengers agreed to meet to take the shared 
trip. Another example of the use of the K-Means technique can be found at [20], 
unlike the work cited above, in this document, the authors made an implemen-
tation for the assignment of passengers in shared taxis, this being another way of 
sharing vehicles, as well as the previous work, the authors conclude that it is the 
use of this technique helps to improve the allocation of travel companions based 
on the distribution (location) of participating users. In decision tree learning, 
ID3 (Iterative Dichotomiser 3) is an algorithm invented by Ross Quinlan [21], 
used to generate a decision tree from the dataset. ID3 is typically used in ma-
chine learning and natural language processing. The ID3 algorithm is a classifi-
cation algorithm based on information entropy, its basic idea is that all examples 
are assigned to different categories based on different values in the condition 
attribute set; its core is to determine the best sets of classification attribute form 
condition attributes. The algorithm chooses information gain as attribute selec-
tion criteria; typically, the attribute that has the highest information gain is se-
lected as the split attribute of the current node. According to the different 
attribute values, branches can be established, and the above process is called re-
cursively on each branch to create other nodes and branches until all samples in 
a branch belong to the same category. To select split attributes, the concepts of 
Entropy and Information Gain are used. Bayesian networks are an important 
method not only because it offers a qualitative analysis of the attributes and values 
that can intervene in the problem, but also because it also accounts for the quan-
titative importance of these attributes. On the qualitative aspect we can represent 
how these attributes relate either in a causal form, or by simply pointing out the 
correlation that exists between those variables (or attributes). Quantitatively 
(and this is the great contribution of Bayesian methods), it gives a probabilistic 
measure of the importance of these variables in the problem (and therefore an 
explicit probability of the hypotheses that are formulated). This is perhaps one of 
the fundamental differences offered by Bayesian networks with respect to other 
methods, which do not give a quantitative measure of that classification. In addi-
tion to these considerations, Bayesian network-based learning is especially ap-
propriate in certain tasks such as text classification, being even more efficient 
than the other methods already outlined, and offers a measure for the study and 
understanding of these other methods [22].  

The Naive Bayes classifier is another machine learning technique used in car-
pooling practice, such as [23], where the authors implement this algorithm for 
predicting drivers on shared trips based on the waiting times of both drivers and 
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passengers.  
Artificial Neural Networks (NN) are a computational model based on a large 

set of simple neural units (artificial neurons), roughly analogous to the behavior 
observed in the axons of neurons in biological brains. Each neural unit is con-
nected to many others and the links between them can increase or inhibit the ac-
tivation state of adjacent neurons. Each neural unit, individually, operates using 
addition functions. There may be a limiting or threshold function in each con-
nection and in the unit itself, so that the signal must exceed a limit before prop-
agating to another neuron. These systems learn and train themselves, rather than 
are explicitly programmed, and excel in areas where the detection of solutions or 
features is difficult to express with conventional programming [24]. 

3. Methodology 

A Carpooling-oriented dataset was created for the application of machine learn-
ing techniques based on user preferences (see Table 1). This data set was gener-
ated from decisions made by a user who worked to take on the role of a driver. 
Based on the dataset, the configuration parameters of the different techniques 
were established. Subsequently, these were applied to achieve their efficiency in 
the classification of the data set.  

For the calculation of the efficiency of the techniques it was considered to 
start the dataset with the total number of 108 cases that was divided into two 
segments: training data and test data. This was done through dataset segmen-
tation as follows: 87 cases for training (80%) and 21 cases for training valida-
tion (20%). 

The following describes the process in which the application of each of the 
techniques considered in this work was carried out. Similarly, the efficiency ob-
tained by each of these. To perform the experimentation of the K-NN technique 
it was decided to use the Manhattan distance to measure the similarity between 
the new case to be classified and the rest of the cases belonging to the training 
data. It was decided to use this metric as in addition to being easy to implement, 
it is a measure of robust similarity, since in the selection process it was compared  
 
Table 1. Attributes used in the dataset. 

Attribute Attribute Value Attribute Attribute Value 

Age 

18 - 24 

Distance 

Near 

25 - 40 Moderate 

41 - 50 Far 

Smoker 
Yes 

Response 
Yes 

No No 

Gender 
Male 

Music 

Low 

Medium 

Female Hight 
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with the Euclidean and Chebyshev metrics, with Manhattan being the one that 
obtained the best results in this experimentation.  

Having performed various applications of this technique on the test dataset, as 
can be seen in Table 2, it is observed that this technique obtained excellent re-
sults using a value of K-16, this being the best configuration, obtaining an effi-
ciency of 95.23%. 

To perform the experimentation of the K-Means technique unlike the afore-
mentioned technique, the measure of similarity that obtained the best results 
was the Euclidean distance, also for the configuration of this technique different 
configurations were made for the K value in the creation of the groups, in this 
case the best configuration was K-2, yet the algorithm performed presented an 
efficiency of only 78.77%, this value was obtained by obtaining the mean based 
on the results obtained in each of the generated groups, in Table 3 you can see 
the results achieved for each of the groups of an experimentation with a confi-
guration of K-2. 

To perform the experimentation of the ID3 decision tree, no special configu-
ration was made, as this technique automatically creates the decision tree based 
on the entropy of the dataset, this means that depending on the dataset will be 
the result to be obtained, so this algorithm will always get the same result for a 
given dataset, this technique proved to have a low level of efficiency in the classi-
fication of selected test cases. In the experimentation carried out for the data set 
described above this technique obtained 90.47% efficiency. The next technique 
used in experimentation is a variation of Bayesian networks called Naive Bayes, 
this technique just like simple decision trees will get the same result for a ba-
nished dataset, so no special configuration was made for this machine learning 
technique either. This technique proved to have a slightly lower level of efficien-
cy compared to the ID3 decision tree, in the classification of the selected test 
cases. In the experimentation carried out for the data set described above this 
technique obtained 85.71% efficiency. There are many variations of neural net-
works, for this project was carried out the implementation of a neural network of 
retro propagation, this type of neural network usually gets good results, since after 
a training time the errors are transmitted towards the beginning thus updating 
 
Table 2. Examples of results obtained with different K values. 

K Values Performance 

15 80.12% 

16 95.23% 

18 57.14% 

 
Table 3. Examples of results obtained using K-2 value. 

Cluster 1 Cluster 2 Precision 

46 13 77.96% 

10 39 79.59% 
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the weights of the initial neurons and improving the training of the hidden layer, 
this RNA was made a configuration of 5 inputs and 3 outputs, for the inputs one 
was implemented for each of the parameters regarding personal preferences, and 
for the outputs one for each of the possible decisions and an additional one that 
works as support for the previous two. Simple perceptron training was performed 
using a hidden layer with 9 neurons, as well as sigmoid function as a training 
method. Based on this structure, an efficiency of 90.47% was achieved by cor-
rectly classifying 19 out of 21 test cases. 

4. Experimental Results 

Once the calibration phase for each of the techniques used was completed, the 
performance of these with different data sets of different sizes was evaluated, for 
this phase of experimentation, in particular 4 data sets distributed as follows were 
used: 
● The first dataset has 108 elements divided into two sections, the training set 

with 87 cases and the training set with 21. 
● The second dataset consists of 82 cases, of which 66 of these belong to the 

training set and the remaining 16 to the test data. 
● The third set contains 65 total cases in which 52 of them aim to train the al-

gorithm and the other 13 validate the results of this training. 
● The fourth data set is the smallest of them, with only 50 elements, where 40 

of these are used as training and the remaining 10 for the purpose of eva-
luating the performance of the algorithm. 

After experimenting with each of the datasets for each of the techniques, the 
results shown in Table 4 were obtained, where at first glance you can see that it 
is the technique that obtained the best performance for the datasets used in ex-
perimentation. 

To perform a comparison with multiple datasets, it is necessary to check if all 
the results obtained by the algorithms have any inequality. In the case of finding 
it, then we can know, by using a post-hoc test, which algorithms have different 
average results. The non-parametric tests used are described below. 

The first is the Friedman test, which is a non-parametric test equivalent to the 
ANOVA. Under the null hypothesis, it states that all algorithms are equivalent, 
so a rejection of this hypothesis implies the existence of differences between the 
performances of all the algorithms studied. After this, a post-hoc test could be 
used to find out whether the control or the proposed algorithm has statistical 
 
Table 4. Results obtained in experimentation. 

Dataset K-NN K-Means ID3 NV NN 

1 95.23 78.77 90.47 87.71 90.47 

2 93.75 74.52 87.5 81.25 81.25 

3 91.66 67.94 83.3 75 91.66 

4 88.88 62.88 66.6 77.77 77.77 
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differences from the remaining methods in the comparison. The simplest test of 
these is Bonferroni-Dunn, but it is a very conservative procedure and we can use 
more powerful tests that control the FWER and reject more hypotheses than the 
Bonferroni-Dunn test; for example, Holm’s method [25]. 

The second statistical test technique used is the Holm test. The Holm test is a 
multiple comparison procedure that can work with a control algorithm (usually 
chosen at best) and compares it to the remaining methods. The Holm test is an 
intensification procedure that sequentially evaluates hypotheses ordered by their 
importance. Let us denote the p-values sorted by p1, p2, ..., so that p1 ≤ p2 ≤ ... ≤ 
pk−1. The Holm test compares each i to α (k á i), based on the most significant 
p-value. If p1 is below α (k × 1), the corresponding hypothesis is rejected and p2 
can be compared with α (k × 2). If the second hypothesis is rejected, the test 
continues with the third hypothesis, and so on. As soon as a certain null hypo-
thesis cannot be rejected, all remaining hypotheses are also preserved [25]. 

To validate the efficiency values of the techniques used in the experimentation 
phase, Friedman’s non-parametric statistical test was used using a significance 
level value of α-0.05. By applying this test, the data shown in Table 5 were ob-
tained as a result, which shows the average efficiency for each of them, based on 
the 4 sets used in the experimentation phase. In this sense the K-NN technique 
proved to be the best ranked by this statistic, followed by the neural network by a 
wide difference. 

Friedman’s test results are as follows. Friedman’s statistic showed a value of 
12.85, and the P-value obtained was 0.012032 which is less than α, this means 
that if there is a calculated efficiency difference for the machine learning tech-
niques evaluated. However, the result obtained does not provide the necessary 
information to determine which of the techniques used is best for assigning tra-
vel companions. This is why the second test mentioned above, the Holm test, 
was used. The P-values adjusted by Holm shown in Table 6 indicate that the  
 
Table 5. Classification of implemented ML techniques. 

Technique Classification 

K-NN 1.125 

K-Means 5 

ID3 2.875 

NV 3.5 

RNA 2.5 

 
Table 6. Holm’s adjusted P-values. 

Algorithm 
Unadjusted 

P-values 
Holm 

P-values 

K-Means 5.28E−04 0.002113 

NV 0.033648 0.100944 

ID3 0.117524 0.235049 

NN 0.218758 23.5049 
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algorithms have a value less than or equal to the value of α, in this sense it can be 
verified that, if there is a significant statistical difference between these algo-
rithms, it is the K-NN algorithm that obtained the best results. 

5. Conclusions 

One of the purposes of this research was to understand the problems related to 
the provision of travel companion assignment services when taking shared trips. 
From the literature, we know that Carpooling is an essential element in the 
transport structure of large cities; thus, some works in the literature aim to pro-
mote such practices using user preferences to improve the experience in the real 
way of share vehicle. 

For all of the above, in this work it was decided to carry out an evaluation of 
the most used machine learning techniques in order to determine which of them 
is best suited to be used in the allocation and decision-making in Carpooling. 
Based on the efficiency results obtained, it was concluded that the integration of 
the K-NN learning technique into the process of classifying passenger and driver 
assignment on shared travel is appropriate for use in the creation of such sys-
tems where you want to improve the user experience when performing carpool-
ing practice. Future work consists in the development of a comprehensive plat-
form in which users both drivers and passengers can register with their personal 
preferences and that they can make shared trips based on their tastes and prefe-
rences, as well as feedback the system with the experiences of the participating 
users, thus validating the effectiveness of the system and the selected technique. 
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