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Abstract: This study presents a mode choice (MC) behavioural model for individuals’ trips 
in Mansoura City in Egypt. Mansoura city lies in the delta region and considered as one of the 
most crowded cities in Egypt. The absence of effective application of urban transportation 
planning process in the city results in deficiencies in choosing the suitable transport policies 
to reduce the transportation related problems resulting from urban development and fast 
population increase. Mansoura does not have a transportation model; hence, developing a 
mode choice model for the city is considered very crucial for predicting the use of each mode, 
and the factors that affect selecting a specific mode. Around 10,000 online questionnaires 
were collected in 2015 using Google Forms. These questionnaires represent around 30,000 
individual trips. In this study, only persons older than 13-years old were considered (i.e., 
15,265 records). Two-thirds of the data were randomly selected and used in developing the 
MC model and the remaining one-third was used in validating the developed model. The 
developed model covers the five main modes of transportation currently employed in the 
city, which are Private car, Taxi, Microbus, Walking, and others. The results indicate that 
the developed model exhibits a good fit for the data with prediction accuracy of about 85%. 
Moreover, the model shows that total travel time, total cost, ownership of transport means, 
driving license ownership, occupational status, residence status, gender, and personal income 
are the main factors that significantly affect the choice of transport modes.

Keywords: mode choice, urban transportation planning, multinomial logit models, easy logit 
modeler (ELM), Mansoura.
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1. Introduction

Traditional transportation planning process 
has four basic steps: (1) trip generation, 
(2) trip distribution, (3) mode choice, and 
(4) traffic assignment. Trip generation 
determines the total number of trips produced 
from given origins and the total number of 
trips attracted by given destinations, while 
trip distribution estimates the trips between 

different transport zones (R ichardson, 
2003). The mode choice (MC) modelling 
is important for predicting the traveler’s 
behavior for mode choice and determining the 
factors affecting the selection of a particular 
mode (Ortuzar and Willumsen, 2011). 
Finally, traffic assignment designates trips 
to the transportation network and estimates 
the traffic volumes on different links of the 
transportation network (Richardson, 2003).
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Mansoura City, the capital of Al-Dakahlia 
governorate, is one of the largest cities in 
Egypt. It is the industrial, commercial, 
and recreational, and educational hub 
in the Governorate as well as the delta 
region. With a current population of more 
than one million capita as per the 2017 
census (Egyptian central agency for public 
mobilization and statistics, 2017), Mansoura 
city is considered one of the most crowded 
cities in Egypt. The absence of effective 
application of urban transportation planning 
process in the city results in deficiencies in 
choosing the suitable transport policies to 
reduce the transportation related problems 
resulting from urban development and fast 
population increase. Mansoura does not 
have a transportation model; hence, one 
aspect that was adopted in this research 
is developing a mode choice model for the 
city, which is considered very crucial for 
predicting the use of each mode, and the 
factors that affect selecting a specific mode.

There are three main groups of factors that 
affect individuals’ choice of transportation 
modes. These groups are summarized in 
Ortuzar and Willumsen (2011) as follows: 
1. Factors associated with the attributes of 

trip maker such as age, gender, family 
size, car ownership and driving license 
ownership; 

2. Factors associated with the attributes 
of trip such as, time of trip, and trip 
purpose; and 

3. Factors associated with attributes of 
transport facilities such as travel cost, 
travel time and waiting time. 

The MC modeling approaches can be divided 
into aggregate and disaggregate behavioral 
modeling approaches. Aggregate modeling 
primary focuses on the mode choices made 

by average individuals for trips, while 
disaggregate approach concentrates on the 
individual choice responses as a function of 
the characteristics of available alternatives. 
It is worth noting that mode choice is usually 
modeled using disaggregate (i.e., discrete) 
choice models as it better ref lects how 
individuals choose a specific alternative 
among a set of alternatives (Ortuzar and 
Willumsen, 2011).

Disaggregate MC models can be classified 
into three main models, namely: logit models, 
probit models, and general extreme value 
models. (Ortuzar and Willumsen, 2011). The 
mathematical framework of these models 
can be found in details in (Ben-Akiva, 1974; 
Amemiya, 1981; Koppelman and Bhat, 2006).

In this research study, the logit model 
was adapted for its simple mathematical 
framework and its popularity among the 
discrete models. Logit models can be 
classified into two main categories: (1) 
binary and (2) multinomial logit models. 
Binary choice models can be used if the 
individual have only two alternatives to 
select from, while the multinomial logit 
models can be used in case of more than two 
alternatives (Ortuzar and Willumsen, 2011).

The discrete choice logit model is usually 
derived from the random utility theory. It 
assumes that individuals choose transport 
modes that maximize their utility. The 
utility recognized by each individual for 
every transportation mode is considered 
a random variable and can be presented as 
follows (Ben-Akiva and Lerman, 1985), Eq. 
(1) and Eq. (2):

      ij Aij ij ijU V ε= + ∈  (1)
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ij k ijk

k

V Xθ= ∑  (2)

Where: 
Uij   ‒ the utility of mode i for individual j;
Vij ‒ a function of measured mode-specific 
and socioeconomic variables Xijk;
ε ij ‒ unknown random component that 
represents unobserved attributes and/or 
observational errors; 
θk ‒ unknown calibration parameters;
Xijk ‒ the kth variable for mode j belonging to 
the choice set Ai of individual i.

Multinomial Logit (MNL) model structure 
is probably the most widely used form of 
behavioral discrete choice analysis (Ben-
Akiva and Lerman, 1985). It was proposed 
for the current analysis due to its ease 
of calibration and application. As well, 
it showed satisfactory results in many 
situations (Gensch, 1980).The error term 
(εij) for the MNL model is assumed to be 
independently and identically distributed 
for all individuals and for each one of them 
as well. The mathematical structure of the 
MNL model is (Ben-Akiva and Lerman, 
1985), Eq. (3):

exp( )
exp( )

ij
ij

ik
k Ai

V
p

V
∈

=
∑  (3)

Where:
Vij  ‒ the systematic part of the utility function 
of mode j for individual i;
Vik  ‒ the systematic part of the utility 
function of any mode k from available 
transportation modes for an individual i;
Pij ‒ the probability of selecting mode j by an 
individual i from available transportation 
modes;

A ‒ the set of all available transportation 
modes for individual i. 

In logit models, the maximum likelihood 
(ML) method (i.e., maximization of the 
likelihood function) is the most popular 
method used for determining the unknown 
coefficients (Ben-Akiva and Lerman, 1985). 
The basic formulation of the ML method can 
be shown as follows, Eq. (4):

1

( , )
M

m

m

L P t m
=

=∏  (4)

Where:
L ‒ the likelihood the assigned to each 
available alternatives;
M ‒ the total number of transportation modes 
alternatives;
m ‒ any alternative in the choice set;
tm ‒ the observed chosen mode; and
P(tm, m) ‒ the probability for choosing 
alternative m.

Instead of max imizing the l ikel ihood 
f unct ion (L), the “ logar ithm of L” is 
maximized, as follows, Eq. (5):

1
og( ) og ( , )

M

m
L L L P tm m

=

=∑  (5)

To better understand the relation between 
MC and the factors that affecting the MC 
behavior, many case studies have been 
applied around the world in the area of 
MC modeling. In this paper, some studies 
in Egypt and other similar countries are 
discussed.

A study for developing a mode choice model 
for Cairo city in Egypt by El Elsawy and 
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Gharieb (2009) calibrated mode choice 
models to analyze the current mode choice 
behavior in Cairo. The study covered six 
modes: private car, taxi, shared taxi, minibus, 
metro, and public bus. They found that the 
factors that are affecting mode choice are 
gender, age, income, out of vehicle time, 
travel cost, and travel time. Another study 
in Port Said city in Egypt by El-Bany et al. 
(2014) showed that the factors affecting the 
mode choice are income, in vehicle travel 
time, travel cost, waiting time, and walking 
time. 

In Pa lest ine, t wo studies by A lmasr i 
and Alraee (2013) and Abdulhaq (2016) 
showed that variables that affect mode 
choice behavior are travel time, gender, 
car ownership, household income, and 
t he at t it ud i na l va r iables of com for t 
and safety. Furthermore, another study 
from Saudi Arabia by Al-Ahmadi (2006) 
calibrated intercity disaggregate mode 
choice models  in Saudi Arabia for three 
trip purposes, work and educational trips, 
Umrah (i.e., a type of pilgrimage made 
by Muslims to Mecca in Saudi Arabia), 
and other trips . The study cover three 
intercity mode choices: car, bus, and air. 
The results showed that in-vehicle travel 
time, out of pocket cost, number of family 
members travelling, income, trip distance, 
nationality of traveler, and car ownership 
played the important role in decisions 
related to intercity mode choices.

The main objective of this study is to 
calibrate a MC model for individuals’ trips 
in Mansoura City in Egypt, specifically: (1) 
Analyze the current situation of main mode 
choice by individuals in Mansoura city; (2) 
Determine different variables that affect the 
mode choice behavior of individuals in the 
city; and (3) Develop a reliable and accurate 

model of travel mode choice for individual’s 
trips in Mansoura City.

To achieve the objectives of this study the 
work was divided into four phases. The 
first phase describes the study area. The 
second phase focused on data collection. The 
third phase shows a general analysis of data 
which focuses on the determination of travel 
behavior and socioeconomic characteristics. 
The fourth phase focused on the mode choice 
development. This final phase deals with 
calibrating and estimating of the utility 
functions for the model and then selecting 
the best MC model.

For a specified mode choice data, current 
estimation computer programs can be used 
to calibrate a MC model, such as, Biogeme 
(Bierlaire, 2003), SPSS (IBM Corp., 2017) and 
Easy Logit Modeling software (ELMWorks, 
Inc., 2008), etc.. In this study, the Easy Logit 
Modeling (ELM) software was used for its 
simplicity, and for its availability free of 
charges. With the ELM, the specification 
and estimation of MNL models has become 
practical for a much broader audience 
(Conrady and Jouffe, 2013).

2. Study Area

Mansoura city the capital of Al-Dakahlia 
governorate l ies on the east bank of 
the Damietta branch of the Nile, in the 
Delta region. Mansoura is about 120 km 
northeast of Cairo. Mansoura has a major 
universit y and hospita l complex that 
attracts around 400,000 daily commuters, 
among which 150,000 students. The city 
currently experiences one of Egypt’s highest 
population growth. In 2017, the city had a 
population of 1,169,698 capita (Egyptian 
central agency for public mobilization and 
statistics, 2017).
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3. Data Collection

The data used in this research paper was 
collected using online questionnaire in 
Google Forms between March and July 
2015. Every questionnaire represents a 
household. The questionnaire was divided 
into four sections. The first section inquires 
information about the residence of the 
respondents in the city such as (a permanent 
or temporary residence) and the purpose of 
travel to Mansoura city (studying, working 
or medical). The second section focuses 
on information about building in which 
the respondent lives, such as, number of 
households in the building, number of shops 
in the building, and number of workshops 
in the building. The third section inquires 
information about the family of respondent 
such as, family size, average family monthly 
income, whether the fami ly ow n any 
transportation mean, and if yes, then how 
many private cars does the family own. 
The last section includes the set of choice 
alternatives consisted of ten transportation 
mode alternatives that are Taxi , Pickup 
car , Private car , Microbus , Toktok (i.e., 
three wheeler mode),Motorcycle , Bicycle , 
Work car, Walking , and any other mode of 
transportations. The section also inquiries 
about the factors that might affect the mode 

choice, such as, age, gender, average monthly 
income, and travel cost. The responses were 
automatically collected using the online 
google spreadsheet.

A total of 10,173 online questionnaires were 
collected. Those questionnaires represent 
35,846 indiv idual tr ips. In this study 
only persons older than 13-years old were 
considered, thus only 15,256 cases were used. 
About two thirds of these cases were used to 
calibrate the MC model and the remaining 
data was used to validate it.

4. General Analysis of Data

The important socio-economic characteristics 
of trip makers such as age, gender, income, 
transport mean ownership and driving license 
were analyzed. These characteristics may 
identify current travel behavior of individuals 
in Mansoura and also define factors that may 
affect the choice of particular modes. The 
preliminary analyses of the data set are given 
in Table 1 and Table 2.

Table 1 shows the descriptive statistics 
of the demographic profile of individuals 
participated in this study, while Table 2 
shows the details of the MC preference of 
individuals’ trips.

Table 1
Descriptive Statistics of the Demographic Profile of Individuals in Mansoura City

Demographic Category Frequency Percentage (%)

Age

13-16 298 2.0
16-18 504 3.3
18-23 6318 41.4
23-40 4112 27.0
40-60 3796 24.9
> 60 228 1.5

Gender
Male 9594 62.9

Female 5662 37.1
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Demographic Category Frequency Percentage (%)

Family size
1-2person 1373 9
3-5 person 12205 80
> 6persons 1678 11

Occupational status

Study only 7336 48.1
Work only 7234 47.4

Study & work 210 1.4
No study or work 476 3.1

Residency status
in city

Permanent 5884 38.6
Temporary for studying 1032 6.8
Temporary for working 412 2.7
Temporary for curing 62 0.4

Not resident
But travelling to the city 7866 51.6

Ownership of  
transport means

Family doesn’t own transport means 6988 45.8
Family owns transport means 8268 54.2

Driving license holders
Respondent doesn’t have driving license 10974 71.9

Respondent has driving license 4282 28.1

Trip Frequency

Everyday 1628 10.7
Every day except weekends 11691 76.6
Once or twice in the week 1095 7.2

Once or twice in the month 336 2.2
Otherwise 506 3.3

Table 2
Preference of Mode Choice of Mansoura City

Mode Frequency Percentage (%)
Taxi 2191 14.36

Pickup 103 0.68
Private car 2993 19.61
microbus 9310 61.0

Toktok 203 1.33
Otherwise 325 2.13

Bicycle 8 0.05
Work car 2 0.02
Walking 119 0.8

Motorcycle 2 0.02

To measure the strength between the mode 
choice behavior and travelers socioeconomic 
attributes, the “CR AMER’S V” test was 
used. “CRAMER’S V” value varies between 
zero and one. If the value is close to zero it 
means a weak relationship between variables, 
while a value close to one indicates a strong 
relationship. Table 3 shows the strength of 

relationship between two variables based on 
“CRAMER’S V” value. Furthermore, Table 
4 shows the relationship between the mode 
choice behavior and travelers socioeconomic 
factors from the collected data. Table 4 shows 
that the driving license ownership, ownership 
of transport mean,  residency in the city, 
occupation status and gender have the highest 
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“CRAMER’S V” values and hence, they have 
the strongest relationship with the choice of 
transport mode, while family size and age  

have very “low Cramer’s V” value and hence 
they have a very weak relationship with the 
choice of transport mode.

Table 3
Strength of Relationship between two Variables based on “CRAMER’S V” Value

Level of Association Description Comments

0.00 No relationship Cannot predict the dependent variable from the independent 
variable

0.00-0.15 Very weak Not acceptable
0.15-0.20 Weak Slightly acceptable
0.20-0.25 Moderate Acceptable
0.25-0.30 Moderately strong Desirable
0.30-0.35 Strong Very desirable
0.35-0.40 Very strong Extremely desirable

0.40-0.50 Extremely strong Extremely good relationship or the two variables are measuring the 
same concept

0.50-0.99 Redundant The two variables are probably measuring the same concept

1 Perfect relationship We can perfectly predict the dependent variable from the 
independent variable.

Source: (Fletcher et al., 2018)

Table 4
Test of Relationship between the Mode Choice and Travel Socioeconomics

Factor Cramer’s V value Strength of Relationship

Gender 0.227 Moderate
Age 0.184 Weak

Family size 0.063 Very weak
Family monthly income 0.202 Moderate

Monthly personal income 0.218 Moderate
Occupational status 0.237 Moderate

Transport means ownership 0.458 Extremely strong
Driving license 0.665 Plus strong

Residence in the city 0.257 Moderately strong

Trip frequency 0.105 Weak

5. Mode Choice Model Development

The development of the mode choice 
model was carried out in three main steps 
as follows: (1) Model calibration, (2) Model 
validation, and (3) Sensitivity analysis. 
The model calibration process focuses on 
determining the structure of the MC model 
and estimating a set of parameters (i.e., 
coefficients) using a suitable logit model 

estimation software. The calibration of the 
models was an iterative process. Each utility 
function had to be specified and then a model 
was calibrated. When the results were not 
satisfactory, the utility functions were re-
specified by changing the arrangement of 
variables until reaching satisfactory results.

It is worth noting from the descriptive 
statistical analysis of the data that the 
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percentages of usage of transportation modes 
“pickup, Toktok (i.e., three wheeler mode), 
bicycle, work car, motorcycle, otherwise” were 
very low in the dataset, thus they were gathered 
in one mode (i.e., others).  Consequently, 
the final modes of transportation considered 
in this analysis were only “taxi, private car, 
microbus, walking and others”. A multinomial 
logit model was then developed using the 
Easy Logit Modeling (ELM) software for 
calibrating the linear utility functions of the 
five modes using the maximum likelihood 
method. The list of variables that were used 
in model calibration with their abbreviations 
is presented in Table 5.

The calibrated models were evaluated using 
four tests. The first test was the logicality 
of the model variables. Each variable should 
appear with the expected sign indicating 
negative or positive impact. The second 
test is the statistical significance of each 
variable in the model. The T-statistic was 
used to check the signif icance of each 
variable at a 95% significance level. The 

third test was the “Goodness of fit” test. 
The goodness of fit is represented in the 
ELM software by adjusted rho-square “ρ²”.  
Adjusted “ρ²” has a similar concept to that 
of the coefficient of determination (R²) in 
linear regression models.  Adjusted ρ² value 
is between zero  and one , where zero refers 
to a bad fit while one refers to a perfect fit 
(Koppelman and Bhat, 2006). The fourth 
test was the likelihood test, which was 
applied for comparing different models. The 
general test statistic for the likelihood test 
is as follows, Eq. (6):

-2(L(R)-L(U)) (6)

Where:
L(R) ‒ log likelihood of restricted model;
L (U) ‒ log likelihood of unrestricted model.

The likelihood test statistic is asymptotically 
χ² distributed with (kU− k R) degrees of 
freedom, where kU and kR are the number 
of estimated coefficients in both models.

Table 5
Description of Explanatory Variables

Variable Description
TT Total travel time (minutes)
TC Total travel cost (L.E.)

GENDER Gender of respondent
(0 for male and 1 for female)

OWTM Ownership of transport means
PINC Monthly personal income (L.E.)
WOS Occupational status
RES Residency status in Mansoura city

LICENSE Driving license holder
ASC Mode specific constant

5.1. Model Form

The first model (M1) used in this research 
includes only the total travel time (TT) and 

the total travel cost (TC) for all modes as 
specific variables. Another component of 
the utility function is alternative specific 
constants, which reflects the relative utility 
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between different alternatives. The private 
car was used as the base mode when adding 
constants. The utility functions for the first 
model (M1), initially suggested for the five 
modes, have the following form, Eqs. (7):

Pr .

1 2

1 2

1

1 2

( ) ( ) ( )

( ) ( ) ( )

( ) ( )

( ) ( ) ( )
Walking

ivate car

Taxi t t t t t

Microbus mb mb mb mb mb

w w W

Others o o O O O

U reference mode

U Asc TT TC

U Asc TT TC

U Asc TT

U Asc TT TC

β β

β β

β

β β
=

=

= + +

= + +

= +

+ +

 (7)

The travel cost was represented by either (1) 
travel cost only (TC), (2) travel cost over 
monthly personal income (TC/PINC), or (3) 
travel cost over monthly household income 
(TC/HHINC). To choose the parameter 
that will be used in the model, Eqs. (7) was 
calibrated using the three different travel 
cost parameters. The Log likelihood (LL) 

values at convergence for the multinomial 
logit models (i.e., M1) with TC, TC/PINC, 
and TC/HHINC were “-8376”, “-9331”, 
“-9881”, respectively.  The model with the 
travel cost (TC) alone yielded the highest LL 
value and hence using the travel cost alone 
will represent a better model.

Table 6 shows the utility functions estimation 
for model M1. From Table 6, the estimated 
coefficient of travel time of “microbus mode 
variable has a positive sign which means that 
the utility of this mode decreases as the mode 
becomes slower which is inconvenient. The 
travel cost of taxi has a positive sign, which 
means the utility of the taxi mode increases 
as it becomes more expensive which is not 
realistic. As a result, the model M1 is therefore 
rejected due to the counter intuitive signs of 
the coefficients of some modes, and hence 
this leads to model M2 as shown in Table 6.

Table 6
Estimation Results of Models M1 and M2

Model M1 M2

Parameters Mode Estimated 
Value t-statistics Estimated 

Value t-statistics

CONSTANT Taxi -0.561 -6.271 1.295 22.129
CONSTANT Microbus 1.558 20.499 3.025 49.227
CONSTANT Walking -3.146 -13.829 -1.941 -8.422
CONSTANT Others 0.172 1.261 0.717 10.453

TT Taxi -0.021 -10.894 -0.044 -27.553
TT Microbus 0.059 37.886 - -
TT Walking -0.010 -1.520 -0.039 -6.149
TT Others -0.015 -4.709 -0.026 -9.600
TC Taxi 0.143 10.186 - -
TC Microbus -0.673 -39.659 -0.423 -36.900
TC Others -0.543 -17.505 -0.541 -16.190

Log Likelihood at Convergence -8375.660 -9636.650

The M2 model constants show that both 
travel time (TT) of “taxi, walking, and 
others” modes, and travel cost (TC) of 
“microbus, and others” modes have a large 
t-values which are greater than critical t-value 

at 95% confidence level (1.96). Therefore, 
the null hypothesis is rejected, which means 
these variables have no effect on modes 
utilities. To improve model M2, other 
variables were added to the utility function of 
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modes. After many iterations, a final model 
was obtained, as shown in Table 7. All The 
parameters in final model are statistically 
significant at the 95% confidence level. 
In addition, the adjusted goodness-of-fit 

measures (i.e., rho-square) is 0.487 which 
represents a good fit. 

The utility functions of modes in the final 
model are as follows, Eqs. (8):

private_car

microbus

U =

8.21 0.0387( ) 3.6685( ) 0.4028( ) 0.3565( )

2.533( ) 0.8699( ) 0.0004( )

U = 9.4647 0.6567( ) 3.7778( ) 0.3154( ) + 0.4851( )

3

t

mb

taxi

reference mode

U TT OWTM GENDER RES

LICENCE WOS PINC

TC OWTM GENDER RES

= − − + −

− − −

− − −

−

walking

others

.1763( ) + -0.7052( ) + -0.0006( )

U = 4.8674 0.0458( ) 3.4477( ) 2.9547( )

0.9238( ) 0.0003( )

U = 6.811 + 0.5721( ) 3.2569( ) + 0.4563( ) 2.8152( )

0.2731( )

w

o

LICENCE WOS PINC

TT OWTM LICENSE

WOS PINC

TC OWTM RES LICENCE

WOS

− − −

− −

− −

− 0.0006( ) 0.00356( )OPINC TT− −

 (8)

Table 7
Estimation of Final Model

Parameter Mode Estimated Value t-statistics
CONSTANT Taxi 8.21 31.788
CONSTANT Microbus 9.468 38.038
CONSTANT Walking 4.868 9.657
CONSTANT Others 6.811 22.484

Res Taxi -0.357 -10.585
Res Microbus 0.485 18.929
Res Others 0.456 12.166

OWTM Taxi -3.669 -20.962
OWTM Microbus -3.778 -22.187
OWTM Walking -3.448 -11.341
OWTM Others -3.257 -16.487

GENDER Taxi 0.403 4.418
GENDER Microbus -0.315 -3.842

WOS Taxi -0.870 -11.221
WOS Microbus -0.705 -10.587
WOS Walking -0.924 -3.937
WOS Others -0.273 -3.146
PINC Taxi -0.0004 -10.221
PINC Microbus -0.0006 -15.334
PINC Walking -0.0003 -2.865
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Parameter Mode Estimated Value t-statistics
PINC Others -0.0006 -9.157

LICENSE Taxi -2.533 -22.811
LICENSE Microbus -3.177 -30.054
LICENSE Walking -2.955 -8.920
LICENSE Others -2.815 -17.362

TT Taxi -0.039 -19.600
TT Walking -0.046 -7.067
TT Others -0.036 -11.468
TC Microbus -0.657 -37.401
TC Others -0.572 -18.544

Log Likelihood at Convergence -5562

5.2. The Expected Sign of Estimators

The travel time variables in the utility 
functions of taxi and walking modes appeared 
with negative signs indicating a declined 
utility with travel time increase. Similarly, 
the travel cost variables in the utility functions 
of microbus and others modes appeared with 
negative signs indicating a declined utility 
with cost increases. It is worth noting that 
the Gender appeared with a positive sign 
in the utility function of taxi mode, which 
indicates that females are expected to prefer 
taxi mode to private car. In contrary, the 
Gender appeared with negative sign in the 
utility function of microbus mode, which 
indicates that females are expected not to 
prefer microbus mode to private car. This 
agrees with the Egyptian culture. In addition, 
the coefficient of the “Ownership of transport 
mode” appeared with negative sign in the 
utility functions of all the transportation 
modes. This indicates that the use of “taxi, 
microbus, walking, and others” modes will 
decrease for individuals who own transport 
means. Furthermore, the monthly personal 
income appeared with negative sign in the 
utility functions of all modes. This indicates 
that individuals with low income are more 
likely to prefer other modes than private car.

For the “Residency Status” in the city, the 

coefficient appeared with positive sign 
in the utility function of both “microbus 
and others” modes. This indicates that 
individuals who stay in the city temporarily 
prefer microbus and others modes more 
than private car. While the coefficient of 
“Residency Status” appeared with negative 
sign in the utility function of taxi mode, 
which indicates that individuals who stay 
in the city permanently prefer taxi mode 
to Private car. Moreover, the occupational 
status coefficient appeared with negative 
sign in the utility function of all modes, 
indicating that individuals who travel to 
the city for work or study prefer other modes 
to private car.

5.3. Predictive Power of the Model

Model validation is considered an important 
process in evaluating the performance of the 
calibrated MC model and the model ability 
to predict individuals’ MC behavior. For 
this, the prediction ratio was estimated 
using the third part of the data that was not 
used in the model calibration phase (i.e., 
5083 observations). The utility for each trip 
maker was calculated then the probability 
of each alternative mode was estimated. 
The prediction ratio was then calculated 
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by dividing the correct choices by the 
total number of individuals’ choices. The 
estimated prediction value was 0.851. In 
other words, the model is capable of correctly 
predicting about 85.1% of the choices of the 
trip makers. Thus, the model when used with 
different dataset other than the data set used 
for the development is still accurate.

5.4. Effect of Sample Size on Mode Choice 
Modelling

It i s  k now n t hat col lec t i ng data for 
transportation planning in general is a 
tedious, t ime consuming, and cost ly 
process. To assess the effect of sample 
size on the mode choice model prediction 
acc u rac y, mode choice models were 

cal ibrated with dif ferent sample sizes 
randomly selected from the data and the 
prediction ratio was then estimated for the 
5083 events. Fig. 1 shows the prediction 
ratio for different sample sizes. For a sample 
size of 200 events, the corresponding 
prediction ratio is 73.20% as given in Fig. 
1. As expected, the prediction accuracy 
increases as the sample size increases. To 
increase the prediction ratio by 10%, the 
sample size needs to be increased to 2000 
observations (prediction ratio = 83.40%). 
It is worth noting that, from Fig. 1, by using 
the 10,000 observations, the prediction 
accuracy increased by less than 2.0% 
compared to the model with sample size 
of 2000 observations. 

Fig. 1.
Effect of Sample Size on Mode Choice Accuracy

In a recent study by Habib and El-Assi 
(2016), the authors conducted a literature 
review on sample sizes of recent household 
travel surveys around the world. They found 
that the sample size used in recent studies in 
the USA ranged between 0.11% and 1.0% of 
households (7 studies with an average sample 

size of 0.41%). While in Canada, the sample 
size was larger and ranged between 2.20% 
and 5.0% of households (8 studies with an 
average sample size of 3.88%). 

For a sample size of 0.41% of the total 
popu l at ion of  M a n sou r a (i .e .  4795 
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observations), the prediction accuracy 
is about 84.50%. It is worth noting that 
using larger size samples will have slight 
improvement on the prediction accuracy 
as shown from Fig. 1. Furthermore, to 
achieve 80 % prediction accuracy only 
870 observations are required to calibrate 
the mode choice model. In fact, the 80% 
prediction accuracy can be considered as a 
preferable accuracy when calibrating a mode 
choice model for similar cities to Mansoura.

5.5. Mode Choice Model Stability

The data used to calibrate the MC model was 
collected in 2015. Nevertheless, by the end of 
2016, the Egyptian central bank floated the 
currency, and later on by the end of June of 
2017, the Egyptian government increased the 
fuel prices by about 35% to 47% for different 
fuel types. Hence, the travel cost of all the 
transportation modes increased significantly. 
This of course is expected to affect the 
indiv iduals’ behav ior when choosing 
between different transportation modes. For 
this purpose, another 100 questionnaires, 
which represent 380 observations for persons 
older than 13 years, were collected during the 
period between December 2017 and January 
of 2018 by personal interview survey.

The final MC model (Eqs. (8)) was used to 
check the prediction accuracy of the new 380 
individuals to check the stability of the MC 
model with variables changes. The estimated 
prediction value was 0.846, which means 
that the model that was calibrated based on 
the 2015 data is capable of predicting about 
84.60% of the choices of the trip makers for 
the new data. This shows the stability of 
the model and that it is still appropriate in 
predicating the mode choice behavior for 
individuals despite the change in the travel 
cost. It is worth noting that the Egyptian 

government increased the fuel prices again 
in June 2018, but the effect of the new fuel 
prices and their subsequent effect on travel 
costs were not checked in this research.

5.6. Sensitivity Analysis of Increasing 
Microbus Fare

As the Egyptian government is expected 
to re-reduce subsidy on fuel and other 
public transit fare, it is worth checking 
the sensitivity of increasing the microbus 
fare. The effect of increasing travel cost of 
microbus on modal shares of other modes 
was checked using 25%, 50%, 75%, 100%, 
and 125% increase of microbus fare given 
that all other variables were held constant 
to observe the varying percentage modal 
split for all travelling modes with a change 
in the value of the microbus fare increase.

Fig. 2 show the effect of increasing travel 
cost of microbus on mode shares. From 
Fig. 2, by increasing the microbus fare the 
probability of using the microbus decreases. 
For example, the probability of using the 
microbus decreased by 30% (i.e., 50% of its 
current share) when the fare increased by 
100%. In addition, the probability of using 
the private car and taxi slightly increased 
when the microbus fare increased (e.g., less 
than 3% increase for 100% microbus fare 
increase). 

Furthermore, it is worth not ing that 
the decrease in the probability of using 
microbus when increasing its fare encourages 
indiv iduals to walk and to use other 
transportation modes (rather than private 
car and taxi). The probability of walking 
and using other modes rather than taxi and 
private car increased by about 25% when 
increasing microbus fare by 100%, as shown 
in Fig. 2.
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Fig. 2.
Effect of Increasing Travel Cost of Microbus

6. Summary and Conclusions

This study presents a multinomial mode 
choice (MC) logit behavioural model 
for individuals’ trips in Mansoura City in 
Egypt. Around 10,000 online questionnaires 
representing 30,000 individual trips were 
collected in 2015. The total data points 
of 15265 records were used for the model 
development and validation. Two-thirds of 
the data were randomly selected and used in 
developing the MC model and the remaining 
one-third was used model validation. The 
developed model covers the main five modes 
of transportation in the city, which are Private 
car, Taxi, Microbus, Walking, and others. The 
following conclusions were drawn:
• The factors significantly affect the 

choice of transport modes were found 
to be the total travel time, total cost, 
ownership of transport means, driving 
license ownership, occupational status, 
residence status, gender, and personal 
income; 

• T he developed model ex h ibits a 
good fit for the data with prediction 
accuracy of about 85%. Furthermore, 

the prediction accuracy of the model 
that was calibrated using the 2015 data 
was rechecked using data from 2017 and 
2018 and the model prediction ability 
was still good;

• Using sample sizes larger than 2000 
observations would slight improve 
the prediction accuracy. In addition, 
to achieve at least 80% prediction 
accuracy, only 870 observations will 
be required;

• The probability of using microbus will 
decrease by increasing the microbus 
fare, while the probability of using 
private car and taxi will slightly increase 
by only about 2% for 100% increase 
in microbus fare. In addition, it was 
found that the increase in microbus fare 
would increase the probability of people 
walking and using other modes rather 
than taxi and private car.
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