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ABSTRACT 

In the analysis and planning of the mobility ecosystem, preferences for ride-hailing over incumbent 

street-hailing services need better understanding. In this paper, a discrete choice model that allows 

for flexible preference heterogeneity is fitted with data from a discrete choice experiment among 

adult commuters in Montreal, Canada (N=760). Participants chose among Uber, Téo (a local 

electric ride-hailing service that was in operation when data were collected in 2018), and a standard 

taxi when presented with information about cost, time (on-trip, waiting, walking), power-train of 

the car (gasoline/hybrid) for Uber and taxi, and whether the available electric Téo was a Tesla 

(which was one of the actual features of the Téo fleet). The fitted model offers several behavioral 

insights. The results from running both the models on the various variables gave insight in the 

same direction albeit with a small change in exact values. People are less likely to choose a mode 

that has a higher cost, higher waiting time and higher walking time. We also got nice behavioral 

insights like low-income group, male, generation X and baby-boomer generation are less likely to 

choose ride-hailing services. The purpose of the trip also influenced selecting the service, with 

people who want to commute for work and going out at night are more likely to choose ride-hailing 

service like Téo over standard taxis. This shows that people are more confident in ride-hailing 

services when it comes to punctuality and availability on demand. For a task like going to the 

airport, people prefer both the ride-hailing service more than standard taxis. People who are 

existing users of Uber are way more likely to choose ride-hailing service over taxis showing very 

high customer satisfaction and liking towards those services. A variable like a car being a Tesla 

also has a positive effect on the selection of the mode of service which shows people are inclined 

towards environmental consciousness as well as a luxury since Tesla is a high-end car. Overall, 

ride-hailing services have gained a good foothold in the market and the services offered by them 

are more attractive for the people compared to the standard taxis. 
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1. INTRODUCTION 

In an ever-changing mobility ecosystem, transportation network companies or peer-to-peer 

ridesharing have become standard modes of transportation. Ride-hailing alternatives such as Uber 

and Lyft compete with incumbent modes, and yet riders' preferences for ridesharing services need 

better understanding [1]. In fact, there is a big contrast between the vast literature looking at 

operational optimization of peer-to-peer ridesharing and that focused on demand modeling [2]. 

 

Figure 1 - Téo Taxi app 

In the question of a few years, ride-hailing is worldwide ubiquitous. These ride-hailing systems 

complement the urban transportation system by becoming the last cog in the wheel of 

transportation and acting as the vehicle for the first and last-mile connectivity. It also serves as  

a mobility on-demand service by offering the customers an option to get the service whenever they 

want. This can also be used as the main transport for short-distance travel within a small area.  In 

the city of Montreal in Canada, the case study of this work, Uber has been operating since 2014. 

But it was not until 2016 when Uber's operation was formalized under a ride-hailing pilot project. 

In the meantime, taxi companies and drivers showed strong opposition to Uber, while Uber riders 



2 
 

stated their support for the service. In 2015, the local ride-hailing company Téo Taxi emerged as 

a socially conscious, environmentally friendly alternative to Uber, with a fleet of 100% battery 

electric vehicles that included many Tesla’s (models X and S). Along with that Téo employed 

drivers on a fixed salary rate of $15 an hour for 8-hour shifts, no matter how many fares each 

driver received during the time of day, unlike Uber which has drivers working as independent 

contractors earning money as a percentage of the fares they complete. In January of 2019, Téo 

Taxi ceased operations after declaring bankruptcy. 

The ride-hailing and taxi segment in Canada were estimated at worth CAD$ 3.486 billion in 2019. 

It’s expected to show an annual growth rate of (CAGR)15.3% from 2020-2025. This is a very fast-

growing segment with many people entering the market as a side hustle as well thereby creating 

an even bigger footprint of cars. Therefore, it is important to understand the preferences of people 

from a customer satisfaction point of view as well as various other variables like electric car 

preference from an environmental point of view.   
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2. LITERATURE REVIEW 

Over the past several years, many types of research have been done on taxis concentrating on 

various aspects such as demand calculation, route optimization, operational optimization, 

operational economic benefits, etc. One of the first studies on demand response transportation was 

done by Daganzo [3], the University of California in the early 1980s. Seyed Mohammed 

Nourbakhsh [4] proposed a flexible route bus system model that did not follow the conventional 

fixed routes of a bus but a more dynamic mode where the bus can drop off and pick up a passenger 

within a designated radius rather than a particular stop. Salanova and Schaller [5] adopted an 

economic model to project the number of taxis to be used to meet the demand in cost-optimal 

ways. Tommy Carpenter [6] analyzed the electric taxi's rate of recovery from investment and added 

benefits when compared to ICE vehicles for taxi operators. 

Naturally, most of the research over past decades have been done in the field of traditional taxis 

with electric vehicles coming at the forefront over a couple of decades and especially over the last 

decade. Given fossil fuel's contribution towards global warming and electric cars working on 

electricity which in turn is expected to be generated using renewable energy, the major focus has 

been on the environmental impact. Yiwen Song et al. [7] analyzed the effects of using electric taxis 

on CO2 emissions and found that it can be reduced by as much as 52%. This is one aspect of the 

research. Research on electric taxis has mainly focused on the business side of the operations, 

operating income analysis, charging infrastructure and its optimization, service pricing and 

operational efficiency. Chien-Ming et al. [8] analyzed electric taxis service strategy optimization 

using big data on various factors and concluded that electric taxis can match the net revenues of 

ICE drivers. Xiang Liu et al. [9] develops a cost-optimal model for electric vehicle taxi system by 

comparing various parameters with other modes of taxis like ICE taxis, hybrid taxis, etc. Liang Hu 

et al. [10] conducted a battery electric vehicle feasibility from traffic travel patterns. Oscar Olsson 

et al. [11] conducted a case study on electric vehicle taxi daily operation in Gothenburg, Sweden 

based on customer satisfaction and driver's experience. Jun-Li Lu et al. [12] conducted an 

operational study on electric taxis dispatching using different charging plans. Milan Tamis and 

Robert van den Hoed [13] studied electric taxi demand based on the driver’s interest in purchasing 

electric vehicles based on factors like incentives, vehicle attributes, etc.  
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More than conventional taxi services, app-based ride-hailing services are increasing in demand 

with many companies coming into the picture with Uber being the major player all over the world. 

In the USA there are many small-scale based services, but Uber and Lyft are the two major players 

with the largest market share almost holding 100% of the share. Uber leads the way with almost 

69% share which has steadily fallen from almost 75% with Lyft holding the rest of the 31% share. 

With technological advances and the economic might of these companies, there is a higher chance 

of these ride-hailing cabs being converted from ICE to electric taxis more quickly. California 

which can be ranked as the 5th largest economy in the world is one of the drivers towards the 

electric market. The California Government signed an executive order in September 2020 to move 

towards eradicating ICE vehicles by phasing out new gas-powered vehicles by only allowing the 

sale of electric vehicles by 2035. This means one of the largest economies in the world would be 

based on electric vehicles where Uber & Lyft are one of the key players. Along with the California 

government the companies themselves have set on the path of electrification of their fleets. Lyft 

has promised to make its entire fleet all-electric by the year 2030 giving itself a timeline of 10 

years to make that change. Meanwhile, Uber is moving a little slower compared to its competitor 

by pledging to make its fleet all-electric by the year 2040 in the USA and by the year 2030 in 

Canada and Europe. All these create a huge market for electric vehicles in the coming decade 

which could be a game-changer for the automobile industry but more importantly for the 

environment. 
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3. METHODS 

3.1 DISCRETE CHOICE MODELING 

Discrete choice modeling is used to explain why people make a certain choice or predict which 

choice people will make from a set of two or more discrete (i.e. distinct and separable; mutually 

exclusive) alternatives. For example, a discrete choice model may be used to understand why 

people walk, drive by car, take taxis, or take the subway to go to work. 

Discrete decision models work inside a system of reasonable decisions; that is, it is accepted that 

when stood up to with a discrete arrangement of choices, individuals pick the alternative of 

maximal advantage or utility. It follows from this supposition that the utility of a decision is an 

element of the qualities of the potential decisions and the attributes of the individual creating the 

decision. Discrete decision models describe that work for a populace, in this manner considering 

measurable surmising about the useful boundaries. For instance, by fitting a discrete decision 

model to a dataset of transportation mode decisions (for example drive/walk/tram) of 100 people 

more than about fourteen days, specialists may find that the mode decision is connected both to 

attributes of the decision (for example the decision to walk might be favored by a couple of people 

all in all) and to communications between the decisions and attributes of people (for example the 

individuals who live near work or are especially dynamic by and large may decide to walk all the 

more frequently). 

Discrete decision models can be recognized from standard relapse models by the express fuse of a 

characterized set of decisions, some of which were not chosen. Two sorts of decision information 

exist: (a) expressed inclination and (b) uncovered inclinations. Expressed inclination information 

is acquired from speculative situations or a bunch of decisions introduced by the examiner to the 

subjects (for example subjects are asked "do you like to walk or take the tram to work?"), while 

uncovered inclinations dissect subjects' recorded past decisions for example subjects record how 

they'll function each day for about fourteen days and examiners dissect the outcomes. The favored 

type of decision set relies upon the exploration question. For instance, research pointed toward 

expanding the well-being labor force in country zones would utilize expressed inclinations rather 

than uncovered inclinations, as uncovered inclinations can't be gotten for occupations that don't 

exist. Sometimes, specialists may utilize a mix of the two sorts, possibly to contrast expressed 

inclinations with uncovered inclinations [14]. 
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3.2 CHOICE MODELING 

To model the stated responses to the discrete choice experiment different logit-type specifications 

were fitted, leading to evidence for important preference heterogeneity in the data. In general, we 

assume that individual i chooses among J alternatives over T time-periods and that the truncated 

indirect utility from alternative J in period T is: 

𝑢𝑖𝑗𝑡 =  𝑥𝑖𝑗𝑡
′ 𝛽𝑖 +  𝑑𝑖𝑗𝑡

′ 𝛿 +  휀𝑖𝑗𝑡 

𝛽𝑖 =  𝜋𝑤𝑖 +  휀𝑖 

where 𝑥𝑖𝑗𝑡  and 𝑑𝑖𝑗𝑡 are choice-specific attributes (alternative specific constants are included in 𝑑),  

𝛽𝑖 is a potentially random vector of customer-specific preferences (marginal utilities), 𝛿 is a fixed 

(nonrandom) vector of marginal utilities that recovers the main effects of observed preference 

heterogeneity, 휀𝑖𝑗𝑡 is an iid type-I extreme value preference shock, 휀𝑖 is a random preference 

vector, 𝑤𝑖 are customer-specific characteristics, and 𝜋 is a parameter matrix representing observed 

preference heterogeneity (deterministic taste variations). 
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3.3 DISCRETE CHOICE EXPERIMENT 

When entering the pickup location and the destination on the Téo app for smartphones, up to three 

services were offered based on availability. For each service, the expected waiting time was 

displayed. For most of its operation, the three displayed services were 100% electric, indicating 

which were Tesla. Late in 2018, the app also displayed standard Taxis (Diamond) in addition to 

Téo electric vehicles. There were no differences in the per-mile fare between the services. Given 

the supply of services offered in the app, one could hypothesize that riders would tradeoff between 

waiting time and the type of vehicles (as in ``I am willing to wait for more to ride on the Tesla''). 

To analyze the tradeoffs characterizing demand for ride and street hailing, a discrete choice 

experiment was designed using the D-efficiency criterion and the software Ngene [15]. 

Experimental conditions were presented as a hypothetical app that would compare cost and time 

for Téo, Uber (ride-hailing), and a standard taxi (street hailing). 

 

Figure 2 - Discrete choice situation example 

Levels for trip cost and time components (on trip, wait, walk) were pivoted around the last 

TNC/taxi trip stated by the respondent. For Uber and Taxi, an indicator variable was added for the 

powertrain of the vehicle being gasoline or hybrid. In the case of Téo, a binary experimental 

attribute was added to indicate whether the available vehicle was a Tesla.  
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3.4 DATA ANALYSIS 

The survey was taken in the Greater Montreal Metropolitan area by 760 people and it provided us 

with many important points about various aspects of people living in Greater Montreal. The data 

from the survey has been categorized into many parts like gender distribution, language and age 

distribution, mode of transportation, Commute frequency and their reception to various modes of 

transportation services like Bus, metro, Uber and other taxi services. The survey also showed 

people’s usage of ride-hailing services and their expectation from them. 

1. Gender Distribution 

The survey had equal participation from both genders with a representation of 380 members each. 

 

 

 

 

 

 

2. Language Distribution 

The survey consisted of 3 options of languages namely French, English and others. 50% of the 

surveyed people represented the French-speaking population which is understandable since 

Montreal is a major French-speaking metro area. The other 50% consisted of English and other 

speaking languages with English comprising the major half. So, this half can be called as English 

speaking or Non-French speaking half and in further analysis, this half has been considered as 

Non-French speaking group. 

  

Figure 4 - Gender Distribution  Figure 3 - Language Distribution 
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3. Daily Commute Frequency 

In today’s age, there is a constant need for movement from one place to another either for work, 

school, grocery shopping, trip to a mall or going out at night. Therefore, it’s no surprise that 95% 

of people commute almost always and only a small fraction commute occasionally. 

4. Population Age distribution 

The people surveyed vary a lot over the age with the oldest person being 83 years old and the 

youngest being born 20years or below. This shows that the people surveyed belong to all classes 

including the working, retired and high school class group. The highest number of people are in 

the group of age 39. 

5. Mode of Transport for commute 

There are various options for commute especially in the metropolitan area which includes driving 

cars or taxis, public transportation, etc. The most common mode of transportation is the self-

driving car. With public transportation metro and bus coming afterward. The share of the 

population using Taxi and ride-hailing services as a mode of transport is quite small.  

Figure 5 - Commute Frequency Figure 6 - Age Distribution 

Figure 8 - Mode of Transport Figure 7 - Driver's License 
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6. Driving License 

Considering that the most common mode of transport is car it’s no surprise that the maximum 

number of people have the license and this is supported by the fact that 86% people have a driving 

license and a small number of people which is 14% do not have the license. 

Some of the Socio-demographic features of the population: 

7. Number of vehicles per household 

Most of the households had at least 1+ vehicle and only 18% of people didn’t have any vehicles 

per household. Households with 1 vehicle had the highest number followed by 2 vehicles per 

household. Households with no vehicles were the 3rd highest category. 

 

8. Persons and Driver license in Households 

The highest percentage of the household had 2 persons per household with 1 person per household 

being the next highest. These two groups comprise of 60% of surveyed people. These two groups 

had an almost equal number of driver license holders with more than 300+ in both groups. 

9. Relationship Status 

Married people represented the highest group with never married & living with a partner being the 

next 2 highest groups. This is in sync with the age distribution which showed that most people 

were among the middle age group of 25+ to 50+years. 

Figure 10 - Number of vehicles per Household Figure 9 - Persons and Driver's License in Households 
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Figure 12 - Number of Children per Household 

Figure 14 - Employment 

10. Number of Children per household 

Most of the households do not have any children in their household. This is in line with the number 

of people who are never married and living with a partner. Households with 1 or 2 children are the 

next highest. 

11. Education 

Most of the population has at least a bachelor’s degree or a College Diploma with a master’s degree 

and High school diploma being the next 2 highest education qualifications. A very small fraction 

didn’t have any qualifications this shows that the metro area is well educated. 

 

12. Employment 

Naturally, if the population is highly educated the employment situation would be pretty good. 

This is true from the results of this question with full-time workers representing 75% of the people 

and 13% representing the part-time workers. The rest 12% fall into various other categories.  

Figure 11 - Relationship Status 

Figure 13 - Education 
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13. Housing 

Most of the people surveyed lived in a detached single-family home with the next highest being a 

low-rise apartment. 

14. Ownership of house 

Almost 59% of people lived in their self-owned houses. Since 75% of people were full-timers this 

shows that good job stability leads to a good housing situation. While 39% of people living in 

rented houses. 

15. Work and Living Areas 

As is the case all over the world, the work area is more concentrated in a few places and especially 

the city center. The most common commuting destinations are Ville-Marie (the city’s downtown, 

19.87%), Saint-Laurent (the second-largest employment hub, 7.24%), and Laval (5.53%). 

When it comes to living areas, the geographic representation across the neighborhood is balanced. 

Laval the largest suburb of Montreal by area holds the highest number of people with 8.03% people 

living there. followed by Longueuil – the second-largest suburb – with 7.11%, while Cˆote-des-

Neiges-Notre-Dame-de-Grˆace – the most populated borough – comes third with 6.97%. 

 

Figure 16 - Housing Figure 15 - Ownership of House 
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Figure 17 - Work and Living Area 
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Figure 20 – Apps Installed 

16. Personal and Household Income 

15% of the population did not want to reveal their incomes. The greatest number of people had 

personal income in the $40000-$75000 income bracket. The higher income bracket consisted of 

more people in terms of household income indicating more than 1 person working for the 

household. 

 

17. Distance from Work/Study place 

Most of the population lived in a radius of more than 15km indicating people lived in the suburbs 

more which is understandable considering most of the workspaces are in the city center. As the 

distance between work and home decreases the number of people in this category also decreases 

with the least number of people leaving in a 2km radius. 

 

Figure 18 -Personal and Household Income 

Figure 19 - Distance from Work/Study 
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Figure 21 - Recommendation of Uber 

Figure 23 - Purpose of Trip for Taxi (Hypothetical) 

18. Applications installed 

Since the highest number of people use their car, it wasn’t expected that a higher % of the 

population would have various ride haling and public transportation apps. Metro app had the 

highest penetration with close to 40% reach. Uber and transit apps were the next highest with more 

reach. 

19. Uber 

Out of the 760 surveyed 215 were uber users. People with 1-3 years of users were the highest 

followed by less than 1-year users. Only a handful were a user of more than 3 years. With 65% of 

people being users for more than 1 year this indicates uber’s good reach and strong impact. 91% 

of the users said they would recommend uber to their friend showing good customer satisfaction.    

20. Téo Taxi 

Téo Taxi seems to have a very small reach of just more than 100 people out of the 760 surveyed 

with close to 300 people who have no idea about the service. 

   

Figure 22 – Uber User by Years 

Figure 24 - Téo Taxi User 
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Figure 25 - 2min late from ETA accuracy 

21. Purpose of the trip using Taxi 

The surveyed people were asked to tell their purpose of using a Taxi considering a hypothetical 

situation where they had to use a taxi for the commute. Both the French-speaking and the English-

speaking population almost had the same preferences except for the two categories. French people 

preferred taxi more for commuting to work compared to the English speaking whereas English 

speaking preferred taxi more for going to the airport compared to French-speaking.  

22. Ridesharing apps punctuality 

Both the French and Non-French speaking people had the same responses with a small degree of 

change. The apps being accurate receiving the highest response and not using these services is 

the next highest response for the groups. When asked about how many times the services would 

reach around 2minutes later both the groups had almost identical responses with not using the 

service being the highest receiving response followed by 1 out of 10times and 2 out of 10times 

being the next highest which can be said as being accurate most of the times. 

    

23. Frequency of use for Mode of Transport 

Both the speaking groups used the mode of transport almost similarly. When it comes to using the 

mode several times a day all the modes were almost identical but when comparing with 

intermediate use the Non-French speaking people used less Bicycling, walking and Taxi. Uber & 

BIXI are almost identical over all the categories. 

Figure 26 - Estimated arrival accuracy 



17 
 

Figure 29 - Uber satisfaction (French Speaking) 

24. Uber Customer Satisfaction 

Uber received achieved very high customer satisfaction with customers from both the French and 

Non-French speaking groups, giving a highly agree or agree on response more than 75% of the 

time for all options except for preferring taxi over uber which is understandable considering they 

liked uber and they would not want to switch to taxi. The other category receiving less appreciation 

is surge pricing but still, almost 60% of people at least remained neutral for the English group and 

70% for the French group showing how well uber has captured its place in the market. 

25. Uber and Taxi Purpose 

The purpose of using both the mode is the same as the only difference being that taxi has more 

number of responses for each reason compared to uber. This is because more people had multiple 

choices for taxis compared to uber indicating people used uber for more specific reasons compared 

to a taxi. The most common reason for using both the modes is going out at night which means 

people drinking and not wanting to use a car while coming back. Commuting to or from work is 

the next highest receiving reason. 

Figure 28 - Mode of Transport (French Speaking) 
Figure 27 - Mode of Transport (Non- French Speaking) 

Figure 30 - Uber satisfaction (English Speaking) 



18 
 

26. Rideshare features important for more use 

Some features would increase the attractiveness of the ride-hailing services and people were asked 

about them. Both the groups almost had the same responses with some small changes. French 

customers would be less willing to share the ride with a friend to reduce cost compared to the 

English customers. Whereas English customers considered ride sharing better for the environment 

as less compared to a French customer. 

 

 

Figure 31 - Uber and Taxi Purpose 

Figure 32 - Ride share features (French Speaking) 
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Figure 33 - Ride share features (English Speaking) 
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4. RESULTS 

During the survey, the person taking the survey were given 12 different choice situations between 

the 3 alternatives. Therefore, creating 9120 choice situations. Using this data, we ran two different 

discrete choice modeling to understand the effect of different variables on the choices. The two 

models used for this experiment are the conditional logit model and the mixed logit model. Both 

the models were run using two different packages namely ‘gmnl’ and ‘Apollo’. The results of the 

models using both the packages are identical for the conditional logit model but vary for the mixed 

logit model. 

Models results using gmnl package: 

The results using gmnl package for both the conditional and mixed logit models give us almost 

identical point estimates value with a small change in mixed logit models variables estimates. 

Sociodemographic and some characteristics of the trip interacted with the alternative specific 

constants. Behavioral insights recovered from these interactions include: 

Conditional Logit model: 

In this model, all the variables are statistically significant except for 2 variables which are Téo-

income CA$50K and Uber-work commute. A variable like cost, time, Taxi wait time and walk 

had negative coefficients which mean with a unit increase in each of these variables the chances 

of taking that choice of vehicle would reduce by their coefficient. This is on the expected lines 

since everyone would like service which has low cost, takes less to travel the distance, less waiting 

time for the service to arrive as well as less walking to reach the service or final part of the 

destination. For example, with a CA$1 increase in cost would mean the chances of taking that 

mode is exp (-0.602) = 0.55 times less likely. For the Tesla variable i.e the car provided by the 

service is a Tesla model, the estimate is 1.99 which means the chances of a customer selecting that 

alternative is exp (1.99) = 7.31 times more likely. 

When comparing the various variables compared to Standard Taxi (ST) against the Téo and Uber 

options it gave us some interesting insights. Like low-income people are less likely to choose the 

other two options compared to ST. Whereas high-income people are more likely to choose the 

other two options compared to ST which is understandable since low income will be more 
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concerned with price whereas the high-income group would be more interested in other factors 

such as comfort. When looking at the male as variables, they are 0.64 and 0.39 times less likely to 

choose Téo and Uber respectively. Both Gen-X and babyboomer generation are less likely to 

choose the other two modes when compared to ST. With Gen-X, 0.009 and 0.062 times less likely 

to choose  

Téo and Uber respectively. While baby-boomers are 0.01 and 0.1 times less likely to choose Téo 

and Uber respectively. When looking at variables involving the purpose of the trip like work 

commute, going out at night and going to the airport people are 1.46, 3.16 and 2.12 times more 

likely respectively to select Téo when compared to ST but for work commute and going out at 

night people are 0.96 and 0.82 times less likely respectively to select Uber compared to ST. But 

for going to the airport 1.42 times more likely to use Uber than ST. This shows when it comes to 

going to the airport people have more confidence in ride ailing services than taxis. People who use 

uber frequently are 103 and 52 times more likely to choose Téo and Uber respectively. This shows 

people familiar with ride-hailing services are more likely to go for ride-hailing services compared 

to ST. When it comes to French-speaking people in Montreal, they are less likely to choose ride-

hailing services than taxis. 

Mixed Logit model: 

Just like the conditional logit model, in this model also all the variables are statistically significant 

except for 2 variables which are Téo-income CA$50K and Uber-work commute. A variable like 

cost, time, Taxi wait-time, walk had negative coefficients which mean with a unit increase in each 

of these variables the chances of taking that choice of vehicle would reduce by their coefficient. 

For example, with a CA$1 increase in cost would mean the chances of taking that mode is exp (-

0.673) = 0.54 times less likely. For the Tesla variable i.e the car provided by the service is a Tesla 

model, the estimate is 2.100 which means the chances of a customer selecting that alternative is 

exp (2.100) = 8.17 times more likely. 

When comparing the various variables compared to Standard Taxi (ST) against the Téo and Uber 

options it gave us some interesting insights. Like low-income people are less likely to choose the 

other two options compared to ST. Whereas high-income people are more likely to choose the 

other two options compared to ST which is understandable since low income will be more 

concerned with price whereas the high-income group would be more interested in other factors 
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such as comfort. When looking at the male as variables, they are 0.54 and 0.31 times less likely to 

choose  

Table 1 - Point estimates using gmnl package 

Variables Cond. Logit MIXL 

Means   

Cost  -0.602*** -0.673*** 

In-vehicle time [min] -0.223*** -0.246*** 

TNC waiting time [min] 0.083** 0.085* 

Taxi waiting time [min] -0.166*** -0.309** 

Walking time [min] -0.191*** -0.194*** 

Hybrid vehicle -0.463*** -0.356*** 

Tesla 1.990*** 2.100*** 

Standard deviations   

In-vehicle time [min]  0.176*** 

Taxi waiting time [min]    0.147 

Walking time [min]  0.123** 

Téo constant 4.166*** 5.734*** 

Uber constant      2.476*** 3.894*** 

Téo x income <CA$50K -0.142 -0.194 

Uber x income <CA$50K -0.359*** -0.431*** 

Téo x income < CA$100K   1.197*** 1.635*** 

Uber x income >CA$100K   1.121*** 1.519*** 

Téo x male -0.440*** -0.617*** 

Uber x male -0.932*** -1.169*** 

Téo x Gen-X -7.022*** -8.693*** 

Uber x Gen-X -2.775*** -3.899*** 

Téo x babyboomer -4.565*** -5.643*** 

Uber x babyboomer -2.224*** -3.083*** 

Téo x work commute 0.381** 0.402* 

Uber x work commute -0.037 -0.042 

Téo x out at night 1.151*** 1.275*** 

Uber x out at night -0.199. -0.215 

Téo x airport 0.752*** 0.919*** 

Uber x airport 0.352** 0.482** 

Téo x freq Uber user 4.635*** 5.996*** 

Uber x freq Uber user 3.969*** 5.278*** 

Téo x francophone -0.834*** -0.976*** 

Uber x francophone -0.145. -0.204. 

Loglikelihood -4277.5 -4264.7 
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Téo and Uber respectively. Both Gen-X and babyboomer generation are less likely to choose the 

other two modes when compared to ST. With Gen-X, 0.0001 and 0.020 times less likely to choose 

Téo and Uber respectively. While baby-boomers are 0.003 and 0.04 times less likely to choose 

Téo and Uber respectively. When looking at variables involving the purpose of the trip like work 

commute, going out at night and going to the airport people are 1.49, 3.58 and 2.51 times more 

likely respectively to select Téo when compared to ST but for work commute and going out at 

night people are 0.96 and 0.81 times less likely respectively to select Uber compared to ST. But 

for going to the airport 1.62 times more likely to use Uber than ST. This shows when it comes to 

going to the airport people have more confidence in ride ailing services than taxis. People who use 

uber frequently are 401 and 195 times more likely to choose Téo and Uber respectively. This 

shows people familiar with ride-hailing services are more likely to go for ride-hailing services 

compared to ST. When it comes to French-speaking people in Montreal, they are less likely to 

choose ride-hailing services than taxis. 

Table 2 - Willingness to pay (WTP) for gmnl package 

Variables Cond. Logit MIXL 

In-vehicle time [min] 22.18 21.96 

Taxi waiting time [min] 16.59 27.56 

Walking time [min] 19.03 17.30 

 

Table 2 summarizes the value of time for in-vehicle, waiting, and walking dimensions. The latter 

two (waiting and walking) are for a standard taxi. The willingness to pay is calculated using the 

ratio of the point estimate of the variable to the cost. Willingness to pay is the number of money 

a person is willing to pay for positive changes to the services. For both the model the WTP 

calculated is almost the same for the only in-vehicle time while taxi waiting time and walking 

time are more for mixl model. To reduce in-vehicle, taxi waiting & walking time people are 

willing to pay 21.96 CA$, 27.56 CA$ and 17.30 CA$ respectively for a decrease of 1hour time 

of these variables. 

Models results using apollo package: 

The results using apollo package for both the conditional and mixed logit models gives us different 

point estimates a value for each variable. 
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Sociodemographic and some characteristics of the trip interacted with the alternative specific 

constants. Behavioral insights recovered from these interactions include: 

Table 3 - Point estimates for Apollo package 

Variables Cond. Logit MIXL 

Means   

Cost  -0.602*** -1.476*** 

In-vehicle time [min] -0.223*** -0.432*** 

TNC waiting time [min] 0.083** 0.164*** 

Taxi waiting time [min] -0.166*** -0.915*** 

Walking time [min] -0.191*** -1.314*** 

Hybrid vehicle -0.463*** -0.090. 

Tesla 1.990*** 2.864*** 

Standard deviations   

In-vehicle time [min]  0.199 

Taxi waiting time [min]    1.277 

Walking time [min]  1.912 

Téo constant 4.166*** 4.577*** 

Uber constant      2.476*** 2.311*** 

Téo x income <CA$50K -0.142 0.023. 

Uber x income <CA$50K -0.359*** -0.2 

Téo x income < CA$100K   1.197*** 3.009*** 

Uber x income >CA$100K   1.121*** 2.594*** 

Téo x male -0.440*** -0.533. 

Uber x male -0.932*** -1.415*** 

Téo x Gen-X -7.022*** -12.188*** 

Uber x Gen-X -2.775*** -5.277*** 

Téo x babyboomer -4.565*** -8.148*** 

Uber x babyboomer -2.224*** -4.448*** 

Téo x work commute 0.381** -0.199 

Uber x work commute -0.037 -0.417 

Téo x out at night 1.151*** 1.555*** 

Uber x out at night -0.199. -0.472. 

Téo x airport 0.752*** 1.277*** 

Uber x airport 0.352** 0.572. 

Téo x freq Uber user 4.635*** 8.241*** 

Uber x freq Uber user 3.969*** 7.02*** 

Téo x francophone -0.834*** -0.995*** 

Uber x francophone -0.145. -0.109*** 

Loglikelihood -4277.5 -3460.7 
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Conditional Logit model: 

Apollo conditional logit model values are equal to the gmnl conditional logit model. 

Mixed Logit model: 

The point estimates values of all the variables are different in this model. Point estimates for cost, 

time, STwait and walk has been calculated using the lognormal distribution. In this model, all the 

variables are statistically significant except for variables Uber-income CA$50K, Téo-work 

commute and Uber-work commute. A variable like cost, time, Taxi wait-time, walk had negative 

coefficients which means with a unit increase in each of these variables the chances of taking that 

choice of vehicle would reduce by the probability of taking that mode of choice. For example, with 

a CA$1 increase in cost would mean the chances of taking that mode is exp (-1.476) = 0.23 times 

less likely. For the Tesla variable i.e the car provided by the service is a Tesla model, the estimate 

is 2.864 which means the chances of a customer selecting that alternative is exp (2.864) = 17.53 

times more likely. 

When comparing the various variables compared to Standard Taxi (ST) against the Téo and Uber 

options it gave us some interesting insights. Like low income, people are less likely to choose the 

other two options compared to ST. Whereas high-income people are more likely to choose the 

other two options compared to ST which is understandable since low income will be more 

concerned with price whereas the high-income group would be more interested in other factors 

such as comfort. When looking at the male as variables, they are 0.59 and 0.24 times less likely to 

choose Téo and Uber respectively. Both Gen-X and babyboomer generation are less likely to 

choose the other two modes when compared to ST. With Gen-X, 0.00001 and 0.0003 times less 

likely to choose Téo and Uber respectively. While baby-boomers are 0.01 and 0.82 times less 

likely to choose Téo and Uber respectively. When looking at variables involving the purpose of 

the trip like going out at night and going to the airport people are 4.74 and 3.59 times more likely 

respectively to select Téo when compared to ST but for going out at night people are 0.62 times 

less likely to select Uber compared to ST. But for going to the airport 1.77 times more likely to 

use Uber than ST. This shows when it comes to going to the airport people have more confidence 

in ride-hailing services than taxis. People who use uber frequently are 3793 and 1118 times more 

likely to choose Téo and Uber respectively. This shows people familiar with ride-hailing services 
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are more likely to go for ride-hailing services compared to ST. When it comes to French-speaking 

people in Montreal, they are less likely to choose ride-hailing services than taxis. 

Table 4 - Willingness to pay (WTP) for Apollo package 

Variables Cond. Logit MIXL 

mean (median) 

In-vehicle time [min] 22.18 30.04 (21.02) 

Taxi waiting time [min] 16.59 59.04 (28.88) 

Walking time [min] 19.03 88.53 (38.76) 

 

Table 4 summarizes the value of time for in-vehicle, waiting, and walking dimensions. The latter 

two (waiting and walking) are for a standard taxi. The willingness to pay for the conditional logit 

model is the same as that of the conditional model of gmnl package. For the mixed logit model, 

the WTP calculated is different due to the use of the lognormal function for the estimation of 

point estimates of some variables. Since, lognormal distribution can create a very long tale the 

mean values get skewed to a higher value and hence, the mean values of all three variables are 

high compared to the conditional logit model as well as the mixed logit model of gmnl. Hence, 

it’s a better idea to look at median values to get a better idea of WTP. The median values of all 

the variables make a lot more sense giving a true picture of people’s willingness to pay. So, to 

reduce in-vehicle, taxi waiting & walking time people are willing to pay 21.02 CA$, 28.88 CA$ 

and 38.76 CA$ respectively for a decrease of 1hour time of these variables. 
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Selection of best model: 

Using BIC and loglikelihood the best model can be selected. The model which has the least BIC 

value is considered the best model and the one which has the highest loglikelihood value. 

Analyzing BIC and loglikelihood for both the models for both the packages, the mixed logit model 

is selected as the best model. 

Table 5 - BIC and Loglikelihood values of models 

Package Model BIC Loglikelihood 

gmnl Conditional logit model 8819.46 -4277.5 

 Mixed logit model 8821.13 -4264.7 

apollo Conditional logit model 8819.46 -4277.5 

 Mixed logit model 7222.33 -3460.7 
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5. CONCLUSION 

This paper examines the reasons for preferences among ride-hailing and standard taxis with the 

data collected from Montreal, Canada. Seventeen variables have been extracted from the responses 

of the people to the various choice situation. Variables like cost, in-vehicle time, waiting time, the 

walking time had a negative effect on the choice of mode i.e. with a unit increase in those variables 

reduces the chances of a particular choice option. Along with these, we got some behavioral 

insights of people such as for tasks which require availability on-demand like commuting to work, 

going out at night or going to the airport the ride-hailing services were preferred because of their 

availability on time with the ease of an app. Using these estimates we can also understand how 

much value do people put on time. Time is the most valuable aspect and people are willing to pay 

more if that helps to reduce waiting, walking and in-vehicle time. We can estimate how much 

value people put on time in terms of money by using estimates from our model. People are willing 

to pay around 20 CA$ on average to reduce the in-vehicle, waiting and walking time by an hour. 

Given various choice situations, the people selected Uber, Téo and the standard taxi has their 

preferred choice 52%, 37% and 11% respectively. This shows that people prefer ride-sharing 

services more than standard taxi services. We also had one variable which was frequent uber users. 

These variables showed that people who are already using uber frequently showed a higher 

inclination towards Téo than Uber and standard taxis. Also, the variable if the car has Tesla also 

had a positive effect on the selection of choice of mode. Considering all these 3 factors we can 

conclude that Téo had a great chance of acquiring a higher market share than they did. The failure 

of Téo taxi can be put on various factors such as: 

• Low visibility among the population with only 15% using the Téo service and about 39% 

of people having no idea about the service. 

• The service was registered as a federally recognized taxi service and Téo was unable to 

raise their rates above governmentally allowed fares under S-6.01 – The Act Respecting 

Transportation Services by Taxi. The inability to affect their prices gave Téo a competitive 

disadvantage behind its main competitor, Uber, in that Uber could implement “surge 

pricing” depending on the time of day or level of business when the rider would use the 

service. 
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• Also, Téo employed a fixed salary rate for workers at $15 an hour for 8-hour shifts, no 

matter how many fares each driver received or the time of day these led to huge labor costs. 

• Téo also had to invest in physical infrastructure like charging stations for its all-electric 

fleet. 

All these factors lead to the company filing for bankruptcy in Jan 2019. But, since then it has been 

brought by businessman Pierre Karl Péladeau, who has taken over Taxelco, the parent company 

of Téo and has started its operation in Oct 2020 with a fleet of 55 vehicles. 
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