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A B S T R A C T   

The alternative public transportation options such as subway, bus, or taxis compete with each 
other to attract passengers. The competition depends on many factors such as travel time, reli-
ability and convenience. Convenience is a collection of attributes affecting the attractiveness of 
the service including access and egress easiness, service frequency, crowding, comfort and in-
formation availability. It can be argued that the taxi preference when there is viable public 
transportation option is associated with the perceived convenience of taxis. The objective of this 
study is to evaluate the value associated with convenience of taxis in New York City by utilizing 
the large taxi trip data. First, the taxi trips which could be replaced by subway without any access 
or service availability issues (e.g., no transfers between subway lines) are extracted. Then, a 
multilevel modeling approach was utilized to estimate the monetary value associated with taxi 
convenience were estimated for different day-of-week and time-of-day periods, and areas in 
Manhattan. The results show that the value of convenience varies depending on the ratio of taxi 
travel time to subway travel time, and occasionally intersect when the ratio is close to 1. 
Furthermore, the corresponding value of convenience (VC) at those points (i.e., taxi travel time is 
equal to subway travel time) is close to $32/hr for all the zones during weekdays and weekends. 
Results also indicate that value of time is generally higher at peak hours during weekdays, 
whereas it is lower during weekend and social period at night and early morning hours.   

1. Introduction 

Alternative public transportation options such as subway, bus, or taxi compete with each other every day to attract passengers. The 
passengers choose among alternative options depending on their preference of travel time, reliability, cost, convenience or comfort, 
and so forth. Value of convenience is one of such factors which has substantial effect on the mode choice. Anderson et al. (2013) discuss 
convenience as covering all attributes which affect the attractiveness of the service including access and egress easiness, service 
frequency, crowding, comfort and information availability. Accordingly, transportation service convenience can be related to attri-
butes including service availability, accessibility, frequency, crowding, comfortability, information availability, customer service, and 
security (Krygsman et al., 2004; Li et al., 2018; Litman, 2008; Trompet et al., 2013; Wardman, 2014). Besides the qualitative un-
derstanding of what constitutes convenience, there is also a need to quantify it in order to develop optimal pricing strategies for 
different travel modes. 

It is generally difficult to quantify convenience (i.e., in monetary terms). In addition, the emergence of on-demand transportation 
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and micromobility modes complicates the evaluation of convenience. For instance, transportation network companies such as Uber 
and Lyft offer shared rides for their customers who trade the convenience of single occupancy ride and shorter travel time with reduced 
cost of ride but longer travel time. Companies such as Via offer further trade-off by asking the customers to walk to/from nearby 
locations along the taxi path to take the shared ride. Meanwhile, e-scooters as an emerging micromobility mode provides not 
necessarily as convenient as taxis, but inexpensive and fast travel option for short distances. E-scooter help alleviate the first-last-mile 
accessibility for transit modes, but it is also reported that e-scooters also replace transit for short distances (e.g., couple stops) (Portland 
Bureau of Transportation, 2018). Within this picture of emerging modes and services, it becomes even more challenging to pinpoint 
how travelers value convenience. 

One way to estimate the value of convenience is mass passenger/customer surveys for multiple modes of transportation. Even 
ignoring the challenges brought about by multiple modes, such surveys are costly to prepare, distribute, and analyze. On the other 
hand, transportation engineers and planners have the opportunity to utilize growing number of actual trip datasets that are enabled by 
the mass utilization of GPS enabled devices. Taxi is one of the modes that large quantities of trip records are available for researchers. 
These big datasets reveal the temporal, spatial, and other factors (e.g., weather) that motivate a traveler to choose a taxi ride over 
another mode such as a viable transit option. For instance, more than 400 K trips per day are made by yellow cabs-only (i.e., not 
considering ride-hailing rides) in New York City (NYC), despite the extensive availability of public transportation options. 

One of the main appeals of taxi service is that it provides door-to-door access as opposed to public transportation which serves only 
between designated stations. Moreover, taxis provide a secluded environment (as opposed to subway and bus), perceived as safer (e.g., 
during late night) and more comfortable (Anable and Gatersleben, 2005; Verplanken et al., 1994), and easier to access in most cases (e. 
g., during bad weather). In other words, taxis exhibit most of the features that are traditionally accepted to constitute a convenient 
transportation mode. However, this convenience comes with higher cost (i.e., taxi fare vs. subway fare). In addition, especially in the 
congested NYC road network, taxis are not necessarily the quickest way to travel. Therefore, shorter travel time is often not an 
advantage pertaining to the taxis, yet the travelers can still choose taxi services despite the loss in travel time. 

In this study, it is assumed that the taxi preference over a viable subway option is associated with the perceived convenience of taxis. 
Accordingly, the value associated with this convenience is evaluated using the trade-offs in travel time and trip cost with respect to the 
subway-equivalent taxi trips, i.e., originated and ended close to the subway stops (within 0.125 miles radius) with no intermediate 
transfer. For this purpose, NYC Taxi and Limousine Commission (TLC)’s taxi trips dataset was obtained from the database of the City of 
New York (NYC, 2020a) and studied considering the day of week, time of day as well as the zones in Manhattan (i.e., at or out of central 
business district). The results reveal the trade-off between travel time and (in)convenience that can be inform policy makers and 
planners regarding the value of convenience in general, and optimal pricing of shared-ride transportation options in particular. 

2. Literature review: definition of convenience and ways to estimate the value of convenience 

For over four decades, the factors that lead to user preference for transportation options have been an important topic. A pioneering 
survey-based study was conducted by Middendorf et al. (1975) in order to compare bus trips and shared-ride taxi trips at two small 
urban regions, namely Davenport, Iowa, and Hicksville, New York. Primarily, taxis are found to be preferred by users as they are more 
flexible than other public transportations options (e.g., bus, subway) in terms of the pick-up and drop-off locations (Li et al., 2017). 
This flexibility brings about an advantage to taxis that can be described as part of the convenience. The effect of convenience can also be 
identified by investigating the taxi trips which increase around social attractions such as restaurants at late evening hours (Kim, 2018). 

It is clear that comfort and convenience are factors predisposing individuals to prefer private cars (including taxis) over mass transit 
options such as buses or subways (Anderson et al., 2013; Litman, 2008). The lack of convenience is considered as the fourth most 
prominent disadvantage of public transit according to (Huey and Everett, 1996). Convenience is often used interchangeably with other 
travel aspects such as reliability and comfort (Crockett and Hounsell, 2005), and can affect all steps of a trip from planning to arrival to 
the destination. Several convenience related factors such as crowding, comfort, and safety can affect mode preference of passengers. 
Crowding can be harmful to riders’ health (e.g., stress issues and anxiety), cause safety issues and personal space intrusion, and 
reduced productivity. In addition, crowding is found to increase travel time cost and marginal disutility (Batarce et al., 2016; Haywood 
et al., 2017), and can translate into delays in the system (Cox et al., 2006; Tirachini et al., 2013). 

Other factors which can be linked to convenience are the value of travel time and travel time reliability (Carrion and Levinson, 
2012; Fosgerau and Engelson, 2011; Lam and Small, 2001; Li et al., 2014; Nam et al., 2005; Senna, 1994; Small, 2012). For instance, 
Yao et al. (2014) argue that travel time reliability/uncertainty must be incorporated into transit network design, because an unreliable 
system lead to inconvenience, and hence may compel transit users to use other alternatives. For instance, overcrowded subway cars of 
NYC subway prevent passengers from boarding during rush hours, increase the waiting and travel time as well as the travel time 
variability. This can affect passengers’ perceived convenience level and eventually might drive subway riders to consider alternatives. 

The perception of convenience also depends such as travelers’ income, purpose of travel, and travelling distance and time (Li and 
Hensher, 2011; Whelan and Crockett, 2008). Studies show that cost of travel time tends to increase for uncomfortable and unsafe trips; 
is higher for high income individuals and lower for children and retirees; might be “negative” for enjoyable or social trips (e.g., 
recreational); and increases with uncertainty and unreliability (Litman, 2008). 

Despite the important influence of “convenience” on the user’s mode choices, it is very difficult to quantify the value of conve-
nience. An approach to measure the value of convenience is to convert convenience into equivalent amount of travel time which 
translates into variation in the demand. For example, with this approach, the effect of overcrowding (e.g., doubling the number of 
passengers from comfortable level) is equivalent to 3 times increase in the travel time, and hence to the effect of such travel time 
increase on the demand (Anderson et al., 2013). 
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Table 1 
Analysis periods for day-of-week and time-of-day.  

Fig. 1. Study area and selected taxi trips.  
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Another concept used to quantify the convenience is called “willingness-to-pay” for a better service. For instance, Eboli and 
Mazzulla (2008) conducted a survey-based study to identify willingness-to-pay for service quality and reliability of bus system through 
university students. Authors found that students are willing-to-pay for comfort and convenience (e.g., cleanliness, less crowding) more 
than half of what they would pay for reliability. A recent study by Li et al. (2018) investigates the value of convenience offered by taxis 
by formulating a mode choice model based on surveys in Beijing, China. However, such surveys are difficult to conduct and do not 
readily exist for most cities, including New York City. 

The convenience of taxis is often associated with non-shared rides that provide comfort and door-to-door service without the 
compromise from travel time, i.e. no intermediate stops. Nonetheless, shared-ride taxi services had been considered as a viable public 
transportation option in the past (Englisher, 1984; Teal et al., 1980). Studies of Teal et al. (1980) and Englisher (1984) presented 
findings on the effectiveness of shared-ride taxi systems as they become public transit providers contracted by local governments. 
However, these shared-ride taxi systems have not been utilized for a long time until recently, i.e., when the ride-hailing companies such 
as Uber and Lyft started to offer shared-ride options. Englisher (1984) argued that shared-ride taxis were deemed less convenient by 
some users (e.g., very long wait times, safety, etc.). This may lead officials to abandon this system as a public transportation option. 
However, the emergence of mobile devices with GPS capabilities provides some of the necessary data input to overcome the in-
efficiencies of traditional shared-ride systems (e.g., demand uncertainty and online route planning to minimize travel times). 

The share of taxis in the “non-shared ride” market has been continuously reducing in the last eight years (Paraboschi et al., 2015). 
This decline is partly due to the ride-hailing companies who take advantage of the mobile technologies and offer ridesharing option to 
their users to reduce the individual trip cost while increasing the travel time – thus reducing the convenience. In other words, ride- 
hailing services showed that ridesharing is a viable option for passenger who are willing to pay less by trading off their conve-
nience. Paraboschi et al. (2015) showed that adoption of ridesharing in traditional taxi industry will help them to compete with ride- 
hailing companies. Similarly, Al-Ayyash et al. (2016) showed that a shared-ride taxi service can attract new customers due to lower trip 
costs. However, utilization of such shared-ride taxis depends significantly on the fare difference, which relates to the trade-off between 
the travel time (hence value of time) and convenience. However, the literature on optimal pricing of the shared-ride trips are scarce. 

Currently, the ride-hailing companies use the advantage of monitoring demand in real time, establish varying demand-responsive 
prices (e.g. surge pricing) that maximize profit rather than utilization. Traditional taxi services do not have similar real-time demand 
monitoring, hence require more static pricing rules for shared rides. Considering the congestion impacts of empty or customer- 
searching taxis at cities (Schaller, 2017), it is important to understand the trade-off between travel time and convenience to imple-
ment ridesharing that can increase the taxi utilization. This study can help calibrating such pricing efforts by identifying the value 
associated with convenience and time as well as the ratio of these variables. 

3. Study area and data 

The study was conducted by using NYC Taxi and Limousine Commission (TLC)’s taxi trips dataset for February 2016 in Manhattan, 
New York City. The trips were categorized based on the day of week (weekday, weekend, and social) and time of day (“00:00–05:00′′, 
”05:00–07:00′′, “07:00–10:00′′, ”10:00–16:00′′,“16:00–21:00′′, and ”21:00–00:00′′). Note that, weekdays correspond to the working 
days of the week, whereas social period is the time of week when taxi usage increase as social activities increase such as Friday evening 
(Table 1). The remaining time periods were classified as weekend periods. 

Due to the lack of detailed traffic congestion and trip purpose data, the taxi trips were categorized as Central Business District – CBD 
(South of 59th street) and Non-CBD (North of 59th Street) trips, following the designation in New York City Congestion Pricing plan 
(State of New York, 2019). Fig. 1 shows the coverage of CBD and Non-CBD, along with the studied subway lines. Accordingly, the taxi 
trips whose origin and destination are located either in CBD or in Non-CBD were extracted (i.e., both origin and destination of a taxi 
trip has to be either in CBD or in Non-CBD). 

The dataset was cleaned for erroneous records, e.g., trips with 0 min travel time or miles distance travelled, fare less than $2.5 
(initial charge for taxis in NYC), trips originating and arriving at the same place, and trips with average speed less than 2mph. Then, 
these taxi trips were “matched” with equivalent subway trips. For the analysis, the taxi trips originated and ended around the stops of 
subway lines 1, 4-5-6, 7, A-C, E, and L were used. For this purpose, taxi trips originating and ending within 200 m of a subway stop 
(corresponding to about 1 avenue and 2 streets block, and 2–4 min of walking time) were identified (Fig. 1). In order to avoid the 

Table 2 
Descriptive statistics of taxi trips used in the analyses.    

Travel Time (min) Travel Distance (mi) Fare ($) Occupancy 

CBD 
#: 240,261 

Mean 8.86 1.26 9.0 1.65 
Median 7.18 0.99 7.8 1 

Std. Dev. 6.32 0.85 4.1 1.31 
5th %ile 2.18 0.38 4.8 1 

95th %ile 21.28 3.11 17.4 5  

Non-CBD 
#: 73,345 

Mean 5.87 1.10 7.6 1.65 
Median 4.87 0.87 6.8 1 

Std. Dev. 3.94 0.82 3.1 1.32 
5th %ile 1.78 0.38 4.8 1 

95th %ile 13.27 2.57 13.1 5  
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impacts of transfer time between the subway lines along the subway trip, only the taxi trips that have the origin and destination on the 
same line were extracted. These taxi trips were assumed be equivalent because the corresponding subway trips eliminate the door-to- 
door advantage of taxi trips due to the closeness of the subway stop. Note that, it was assumed that taxi and subway are the only 
available modes of travel, i.e., walking or bus alternatives were neglected. Moreover, the yellow cabs in NYC are strictly street hire due 
to the relevant law. 

A total of 389,644 taxi trips (240,617 trips within the CBD while 73,429 trips within the Non-CBD) were classified into 28 analysis 
groups composed of two zones (CBD and Non-CBD), three day periods (weekday, social, weekend), and six time-of-day periods (please 
see Table 1). The taxi trip dataset contains information such as pick-up and drop-off timestamps which were used to calculate trip 
duration and the time of the trip. The dataset also includes total trip fare and number of passengers in each trip. In the dataset, 1, 2, 3, 4, 
5, and 6 occupancy taxi trips correspond to 72%, 14%, 4%, 2%, 5%, and 3% of total trips (389,644), respectively. Please see Table 2 for 
the descriptive statics of the resultant taxi trip dataset. 

Note that the analysis conducted based on total taxi fare rather than fare per passenger because the number of passengers is entered 
by the taxi drivers who are not obliged to record this information accurately; hence the data are not reliable. Consequently, taxi 
occupancy was assumed to be one (which is not far from general characteristics of taxi utilization in NYC); thus, no fare-split options 
were considered. Nonetheless, an additional analysis based on the fare per passenger is also conducted and presented in the 
Appendix B. Subway trip cost, on the other hand, is fixed for $2.75 per ride regardless of the distance. Nevertheless, a sensitivity 
analysis was also performed to take the subway pass holders into account. 

The travel time of equivalent subway trips and average waiting time for subway travel were calculated based on MTA schedules. 
Average waiting times were calculated based on half of the scheduled train headways. Different time frames were assigned different 
subway waiting time as follows: “00:00–05:00′′: 10 min, ”05:00–07:00′′: 4 min, “07:00–10:00′′: 2.5 min, ”10:00–16:00′′: 2.5 
min,“16:00–21:00′′: 2.5 min, and ”21:00–00:00′′: 5 min. The potential additional subway waiting time due to skipping an overcrowded 
train was not taken into account. In addition, subway access/exit times were calculated using the actual data (i.e., distance of pick up 
and drop off locations from respective subway stations) and added to the total subway travel time. 

4. Analysis of taxi trips: travel times, fares, and equivalent subway trips 

4.1. Temporal trends in subway-equivalent taxi trip frequency 

Fig. 2 shows the temporal trends in the frequency of subway-taxi equivalent trips. There are total of six figures (two zones and 
three-day periods) that illustrate the frequency of taxi trips for different times of day and travel time. There is a consistent trend that the 
highest number of subway-equivalent taxi trips is always around 7:00–8:00 PM during weekdays and social period; whereas it is 
between 12:00–16:00 PM during weekends. Please note that the “weekend” period does not cover Saturday evening (after 4:00 PM) 

Fig. 2. Number of taxi trips made at different times and zones.  
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since the evening time is covered by “social” period (please see Table 1). Therefore, the high frequency bins are shifted towards midday 
(12:00–16:00 PM) in the “weekend” period. Fig. 2b and c also show that there are considerable number of subway-equivalent taxi trips 
before and after midnight during “social” period. Another interesting result is that majority of the taxi trips are shorter than 15 min in 
both zones and all-day periods. The taxi fare starts with $2.5 (flag drop fare) plus surcharges, making taxi trip an expensive option for 
short distances. Nevertheless, the passengers still utilize taxis for short trips. These short but expensive trips have potential to provide 
insights about value of convenience. However, it is necessary to compare the taxi travel times with the equivalent subway trip times. 
This is investigated in the next section. 

4.2. Comparison of taxi trips with equivalent subway trips 

Similar to the 2-D temporal trend histograms, Fig. 3 illustrates the comparison of taxi trip times with equivalent subway trip times. 
As Table 3 shows, the percentage of trips which taxi travel time is shorter than equivalent subway travel time varies depending on the 
zone, day-of-week, and time-of-day. Note that, 60% of all taxi trips take less time than the subway trips, whereas 40% of trips would be 
shorter with an equivalent subway trip. Taxi trips appear to have more favorable travel times during social period. This is especially 
visible after midnight when the subway headway (hence waiting time) is longer, e.g., a secondary group of bins that are visible above 
10 min subway travel time in Fig. 3b and e. Moreover, Fig. 2b and e (2-D histograms of taxi trips) shows that there are considerable 
number of taxi trips before and after midnight during “social” period. 

In summary, taxi seems to be more advantageous than subway in terms of travel time, particularly at “social” period. Fig. 3 also 
shows that subway might be advantageous for trips longer than 10 min. In the next section, we investigated the travel time and cost 

Fig. 3. 2-D Histogram of taxi travel time vs. equivalent subway travel time.  

Table 3 
The percentage of trips which taxi travel time is shorter than equivalent subway travel time.   

CBD Non-CBD  

Weekday % Social % Weekend % Weekday % Social % Weekend % 

00:00–05:00 99 98 – 99 99 – 
05:00–07:00 93 – 94 96 – 97 
07:00–10:00 34 – 71 58 – 86 
10:00–16:00 24 – 39 54 – 70 
16:00–21:00 33 26 37 62 62 71 
21:00–00:00 81 58 84 96 95 97  
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differences between taxi and equivalent subway trips in order to identify why some passengers are willing to pay more to taxis. 

4.3. Travel time difference vs. fare difference 

The relationship between travel time difference (Taxi Time – Subway Time) and fare difference (Taxi Fare – Subway Fare) were 
calculated in order to investigate why some passengers are willing to pay more to taxis. In Fig. 4, six plots (one plot for each time frame, 
e.g., 00:00–05:00) illustrate this relationship for all days and for whole Manhattan. It is clear that taxis have travel time advantage 
during night (00:00–05:00). Taxis are slightly advantageous during late evening (21:00–00:00) and early morning (05:00–07-00). The 
taxis mostly lost their travel time advantage during the day and peak hours. 

One can observe that the plots are shifting towards right (where equivalent subway trips are shorter) starting from early morning 
until the late evening. Since these trips are equivalent trips, one can argue that taxi passengers were willing to pay for the convenience 
provided by taxis, and the potential reduction in travel time. The relationship between the fare difference and travel time difference is 
used to estimate the value associated with the convenience and time. The next section provides findings of this analysis. 

5. Modeling the relationship between value of time and convenience 

We hypothesized that the cost difference between a selected taxi trips and an equivalent subway trip stem from two main factors: 1) 
convenience provided by taxis, and 2) potential reduction in travel time. It is a fact that taxis are not always faster than the subway 
(Table 3); hence taxi users are occasionally sacrificing from their time for more convenience provided by taxis. Table 3 shows the 
percentage of trips that the taxi travel time is shorter than travel time of an equivalent subway trip. The data shows that taxis are slower 
than subway during the working and commuting hours at CBD. Therefore, there are two cases for each taxi trip:  

(1) Taxi travel time is shorter than subway travel time: It is assumed that the cost difference is due to convenience and travel time 
savings by taxi;  

(2) Taxi travel time is longer than subway travel time: It is assumed that the taxi passenger not only paid more for convenience, but 
also lost time since taxi was slower (relating to value of time). 

We modeled this relationship as follows: 

Fig. 4. Travel Time Difference (Taxi Time – Subway Time) vs. Fare Difference (Taxi Fare – Subway Fare).  
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ΔFarei,pz = VCpz*TTi,pz +VTpz*(STi,pz − TTi,pz) (1)  

where ΔFarei,pz is the fare difference between taxi trip “i” at time period-zone pair “pz” (e.g., 07:00–10:00 – CBD) and an equivalent 
subway trip; VCpz is the per minute dollar value associated with the convenience of taxis for time period-zone pair “pz”; TTi,pz is the taxi 
travel time of trip “i” at time period-zone pair “pz”; VTpz is the per minute dollar value of time for time period-zone pair “pz”; and STi,pz 
is the subway travel time of an equivalent subway trip for trip “i” at time period-zone pair “pz” (henceforth pz superscript is not shown 
in equations for the sake of simplicity). 

This model implies that a passenger pays a certain amount ($ per minute) to have “taxi convenience”. For instance, when subway 
and taxi take the same amount of time, the fare difference can be attributed as the value associated with convenience. However, the 
convenience value of a taxi trip that takes twice longer than an equivalent subway trip is not equal to the case of ST = TT. In other 
words, when taxi takes more time (and costs more) compared to an equivalent subway trip, then the value of convenience may change, 
as the convenience does not necessarily increase when passenger spends more time in the taxi. A tangible example is how inconvenient 
a taxi trip can become under congestion, although the initial consideration for taxi choice had been the convenience. Therefore, we 
tested alternative mathematical models for the relationship between convenience and travel time, as presented in the following 

Table 4 
Alternative VC models.  

Fig. 5. AIC difference between the “Exponential-Negative” VC model and the alternatives. The smaller the AIC, the better the fit of the model.  
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section. 

5.1. Alternative functions for VC 

The VC functions in Table 4 formulate the value associated with convenience with respect to the ratio of the taxi and subway travel 
times (i.e., TT/ST). The common characteristic of the tested models is that the value of convenience varies depending on the ratio of 
taxi travel time over equivalent subway travel time. 

When developing VC functions, a constant term to represent the fixed price paid for value of convenience was not utilized in the 
formulation, because, a taxicab ride in New York City already involves a fixed cost (i.e., “flag down” fare) more than $3.3 plus time-of- 
day surcharges (NYC, 2020b). In other words, the taxi passengers are already aware that they pay a constant fare that is irrelevant of 
the travel time. Therefore, a constant term would not improve the explanation power of the model, although such approach might be 
mathematically feasible. 

Each model was tested for significance, and the best fit among the significant models was selected by using Akaike’s Information 
Criterion (AIC) (Burnham and Anderson, 2002). The AIC values indicate the fitness of the model, and the lower the value of AIC, the 
better the fitness of the model. Accordingly, AIC can provide the relative superiority of the selected models with respect to prediction 
performance. Fig. 5 shows the AIC values of the tested models. AIC scores shows that the “Exponential-Negative” is the best model, i.e., 
the AIC of other models is almost always higher than the AIC of “Exponential-Negative” model (Fig. 5). 

Note that, full models (i.e., Eq. (1) with the VC function plugged in) were needed to be built in order to test the goodness of fit of the 
alternative VC functions (i.e., AIC values of full models). Therefore, four alternative full models were developed (using functions in 
Table 4) and regression analyses conducted to estimates AIC values. As a result, the best fitting VC function (“Exponential-Negative”) 
was selected and the model built using with this alternative became the final model. Therefore, the final model (i.e., Eq. (3) presented 
in the following section) was actually built before calculating AIC values; however, the AIC values in Fig. 5 presented before Eq. (3) for 
the sake of clarity. 

5.2. Final value of time and convenience model 

Eq. (2) shows the initial fare difference equation (Eq. (1)) after “Exponential-Negative” model for the VC is substituted into Eq. (1). 
Eq. (2) can be further simplified by dividing both sides by the taxi travel time (Eq. (3)): 

ΔFarei =

⎛

⎜
⎝α+ γ*e

−

(
TTi
STi

− 1

)⎞

⎟
⎠*TTi +VT*(STi − TTi) (2)  

ΔFarei

TTi
= α+ γ*e

−

(
TTi
STi

− 1

)

+VT*
(

STi

TTi
− 1

)

(3) 

In order to estimate the coefficients α, γ, and VT, we used multilevel modeling as taxi trips can be structured in different aggregate 
levels, i.e., origin-destination (O-D) pairs. Multilevel models are statistical approaches that are appropriate when the data represents 
events which may vary more than one level. In hierarchical multilevel models, observations are assumed to vary at more than one level 
and the observations are grouped at aggregate units at these levels. Detailed discussion on and application of hierarchical multilevel 
models can be found in (Gelman, 2006) and (Jones and Jørgensen, 2003). In this study, the taxi trips within the O-D pairs constitute the 
first level while different O-Ds form the second level. The second level can capture the aggregated group-wise variations between O-Ds. 
This approach can be extended to create more levels such as neighborhoods of Manhattan which can constitute the third level. A 
generic model consisting of two predictors with two-levels can be described as follows: 

Yij = β0j + β1jX1
ij + β2jX2

ij ++rij

β0j = γ00 + u0j,

β1j = γ10,

β2j = γ20

Yij = γ00 + γ10X1
ij + γ20X2

ij + u0j + rij

(4)  

where Yij is the response variable at first level, Xij are first level fixed effect predictor variables, β0j is the intercept of the response 
variable at second level, β1j is the coefficient vector (slope) for the relationship between predictors and response in group j, rij is the 
error term at the first level, γ00 is the overall intercept which is the mean of response variable across all groups, γ10 is the coefficient of 
the second level predictor, u0j is the error term for the second level that corresponds to the deviation of group-wise intercepts from the 
overall intercept γ00. Moreover, γ10 is the regression coefficient set for the first level predictors whileγ20 is the regression coefficient set 
for the second level predictors. Eq. (3) can be rewritten as follows in combined with the multilevel modeling form: 
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Given that :

Yij = ΔFTij,

X1
ij = e− (ξi,j − 1),

X2
ij =

(
ξ− 1

i,j − 1
)
,

γ00 = α,

γ10 = γ,

γ20 = VT

Equation 3 becomes :

ΔFTi,j = α + γ*e− (ξi,j − 1) + VT*
(

ξ− 1
i,j − 1

)
+ u0j + rij

where ξi,j =
TTi,j

STi,j
and ΔFTi,j =

ΔFarei,j

TTi,j

(5)  

Table 5 
Lognormally distributed Taxi Wait Time means and standard deviations.  

Time of Day mean (min) Standard deviation (min) 

00:00–05:00 5.45 2.30 
05:00–07:00 2.70 1.15 
07:00–10:00 5.75 2.40 
10:00–16:00 2.70 1.15 
16:00–21:00 5.75 2.40 
21:00–00:00 2.70 1.15  

Fig. 6. Value of convenience (VC) functions at different time periods and zones. TT/ST: travel time ratio.  
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5.3. Sensitivity analysis and parameter estimation 

To estimate parameters, we conducted a sensitivity analysis involving two factors that are assumed to be stochastic: 1) riders who 
own a monthly subway pass accounting for the zero marginal cost case (no cost of riding subway) for some taxi riders, and 2) taxi wait 
times that can vary based on time of day. To begin with, it is a fact that subway has zero marginal cost for monthly pass holders; 
however, it is not possible to identify which taxi riders may have monthly passes or what is the percentage of monthly pass holders 
among taxi riders. For example, according to an article published by The New York Times, a survey by the transportation authority 
indicates that the market share of monthly passes are 23% (Neuman, 2008). However, it is reasonable to expect that this share would 
be lower among the taxi riders. Therefore, it was assumed that the 0%, 5%, 10%, and 15% taxi riders have monthly passes. In the 
sensitivity analysis, taxi riders who have monthly passes were randomly selected based on the assumed percentages (0%, 5%, 10%, and 
15%) and the subway cost is not accounted for in the “fare difference” for these trips. 

We find literature very scarce in terms of taxi wait times. Nonetheless, Gandhi et al. (2011) states that taxi wait time is on average 
5.59 min (Gandhi et al., 2011) in New York City, even though there is no information on the temporal variation of this wait time. 
Therefore, taxi wait times were stochastically assigned to each taxi trip using a lognormal distribution with means and variances 
depending on the time of day when trip was made (see Table 5). Note that, the means and variances of taxi wait times were assumed 
based on the findings of the Gandhi et al. (2011). As a result, 100 runs (i.e., Monte Carlo process) were completed and parameters such 
as mean and 95% confidence intervals were calculated for each model parameter. 

In addition to the subway pass ownership and wait times, the number of passengers in a taxi can also impact the estimates. As 
discussed previously, the number of passengers in the dataset is not completely reliable, hence the taxi occupancy was assumed to be 
one. Nevertheless, a sensitivity analysis for multiple occupancy was also conducted, assuming that the data on occupancy is accurate. 
For this purpose, the formulation of the VC was modified by adding new parameter (ζ) to represent the number of additional pas-
sengers to the first passenger (P-1), as below: 

VC = α+ γ*e
−

(

TT
ST− 1

)

+ ζ*(P − 1) (6) 

The results (which are presented under Appendix B for space considerations) show that the VC results for single occupancy were not 

Fig. 7. Value of convenience (VC) variation at different time periods and zones.  
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affected considerably, and the model provided changes in VC as the taxi occupancy increases. The model can be re-estimated with 
reliable occupancy data to layout further implications. 

6. The calculated values associated with convenience and time 

The result of multilevel modeling of value associated with convenience and time are presented in Fig. 6 and Fig. 7 (please see 
Appendix A for estimates, and 95% confidence intervals of predictors - α, γ, and VT - utilized in regression models). Fig. 6 illustrates the 
variation in value of convenience (VC) with respect to the ratio of taxi travel time to equivalent subway travel time (i.e., TT/ST). Fig. 7, 
on the other hand, shows color labeled value of convenience and time (VT). It is intuitive to expect the VC to increase with increasing 
ratio of TT/ST; hence, the fare difference should be associated with the value of convenience. This consideration also implies that the 
passenger’s value of convenience is proportional to the time she/he spends in taxi, i.e., the value of convenience of a 20 min ride is 
double the convenience value of 10 min ride. However, this implication conflicts the observation that getting stuck in a taxi for a long 
period of time might be an inconvenient experience. 

It can be observed that the variation in VC depends on the zone and day period. For instance, VC for “16:00–21:00” does not 
considerably change at the CBD on social; however it decreases significantly with increasing travel time ratio at Non-CBD on weekdays, 
social, and weekends. An intriguing finding is that the VC curves generally intersect when TT/ST is close to 1, except social period. This 
is a specific point where taxi travel time is equal to subway travel time; hence the effect of travel time on the fare difference is zero 
(please see Eq. (5)). Therefore, the fare difference only depends on the α and γ which are parameters of the VC predicted by the 
multilevel model (please recall Eq. (2)). It is worth mentioning that these parameters are predicted using the complete dataset (for each 
period-zone pair, e.g., Weekday-CBD); hence, the parameter estimations do not reflect only the specific point where taxi and subway 
travel times are equal. Therefore, this intersecting pattern when the TT over ST ratio is close to 1 is not imposed by the assumptions 
associated with the functional form of VC and VT. 

The corresponding VC at those points (i.e., TT = ST) is about $32/hr for all the zones during weekdays and weekends. Aligned with 
the literature, Fig. 7 also shows that VT is generally higher at peak hours (“07:00–10:00” and “16:00–21:00”) particularly during 
weekdays, and lower during weekend and social period at night and early morning hours (“00:00–05:00” and “05:00–07:00”). 

On the one hand, it is a valid argument that the calculated monetary values associated with time and convenience would be valid 
only in NYC (albeit with reservations due to lack of individual preference data). On the other hand, taxi trip datasets are becoming 
increasingly available especially for major cities, and this paper provides the methodology to replicate the analysis for other cities. 
Moreover, if it is assumed that VT and VC will be similarly affected by socio-economic characteristics of the city residents (e.g., in-
come), the ratio of VT and VC can still provide valuable information for other localities. For instance, VC fluctuates relatively less than 
VT, and fortunately VT values for different urban areas are far more available than VC. Hence, it can be argued that VC values can be 
calculated using the ratio of VT to VC and the local values of VT. 

Specifically for NYC, the VC/VT ratio at CBD/social/12AM-5AM period is the highest, followed respectively by Non-CBD/ 
weekend/5AM-7AM, Non-CBD/weekday/5AM-7AM, and Non-CBD/social/12AM-5AM. In other words, the travelers are more likely 
to pay higher fares for ridesharing during aforementioned periods and locations. That is, shared rides might be more attractive at time 
periods and locations with lower VT. Traditional taxi industry is heavily regulated with strict pricing rules and regulations. Hence, any 
ride-share pricing has to go through scrutiny and justification to be implemented. Given the severe competition with the ride-hailing 
companies and increase in the demand for cheaper shared-rides, setting the optimal ridesharing prices is crucial to maintain the in-
dustry. The methodology and the findings of this study can inform the decision makers how to implement potentially varying (with 
respect to time of day, day of week and location), yet optimal prices for ridesharing. 

7. Conclusions 

This study investigates the value associated with convenience (VC) of taxis. For this purpose, taxi trips (made in February 2016 in 
Manhattan, NYC) were compared with the subway-equivalent trips which could be replaced by subway without any access or service 
availability issues. Spatially, two zones were considered based on the NYC Congestion Pricing Plan: South of 59th Street as CBD and 
North of 59th Street as non-CBD. Temporally, three day-of-week periods were considered based on daily travel and taxis utilization 
patterns in NYC: weekday, weekend, and social (includes Friday and Saturday evenings and nights). For each day, six different time-of- 
day periods were considered: “00:00–05:00′′, ”05:00–07:00′′, “07:00–10:00′′, ”10:00–16:00′′,“16:00–21:00′′, and ”21:00–00:00′′. 

A multilevel modeling approach was utilized to estimate the value associated with convenience and time at these different zones, 
day-of-week and time-of-day periods. In order to reflect the inconvenience as the trip time gets longer, we modeled the value of 
convenience as a negative exponential function with respect to the ratio of taxi travel time to subway travel time. This was done 
considering that the convenience of a taxi trip would reduce as the travel time exceeds the equivalent subway trip time. 

The results show that the VC curves occasionally intersect at a specific point when the ratio of taxi travel time over subway travel 
time is close to 1, which is intriguing. The corresponding VC at those points (i.e., TT = ST) is about $32/hr for all the zones during 
weekdays and weekends. Consistent with the literature, the results also indicate that value of time (VT) generally increases at peak 
hours during weekdays. Meanwhile, the VT decreases during weekend and social period at night and early morning hours. 

7.1. Discussions, limitations, and future work 

In general, the calculated monetary values are difficult to generalize to cities that do not have similar demographics and 
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transportation system to NYC. Nevertheless, the trade-off between the travel time and convenience, i.e., the VC/VT ratios, can inform 
the on-demand transportation providers, planners and policy makers. For instance, in a single-occupancy taxi trip (e.g., Uber, Lyft), the 
customer travels alone and directly goes to the destination. With introduction of shared trips (e.g., UberPool and Lyft Shared), the 
customers can choose to travel with other passengers and lose some time, but pay less money. On the one hand, Teal et al. (1980) and 
Englisher (1984) showed decades ago that traditional taxi services can offer such ridesharing options that can lead to a more efficient 
transportation system. However, their suggestions did not achieve traction in traditional taxi industry. On the other hand, ride-hailing 
companies showed that ridesharing is a viable option to satisfy transportation needs of individuals who are willing to pay less by 
trading off their convenience. 

Literature shows that such ridesharing practices has potential to increase the competitiveness of taxi services; but identifying 
optimal fares is critical for the successful utilization of shared-ride transportation alternatives (Al-Ayyash et al., 2016; Paraboschi et al., 
2015). However, literature lacks the quantification for the trade-off between time and convenience – a critical component to determine 
fares for ridesharing services. By utilizing a big transportation trip dataset, this study addressed this need to estimate the monetary 
value of convenience and provided comparisons with the value of time for different time-of-day and day-of-week periods (weekday- 
weekend, peak-off peak), and region (i.e., CBD vs. Non-CBD). The findings of our study provide insights on optimal pricing for 
ridesharing (especially for traditional taxi industry) by extracting when and where the travelers are more likely to pay for the trade-off 
between convenience and travel time. 

It is worth mentioning that ideally the value of time studies employ surveys in which mode choice is explicitly stated. However, 
such survey data that can support discrete choice models and help develop a utility function are very rare, especially within the context 
of transit vs. taxi choice in metropolitan cities. As an alternative, a multilevel model structure is utilized in this study to estimate the 
value of time and convenience. One of the main novelties of the proposed approach is related to using a publicly available data to 
estimate the value of convenience without costly data collection effort. However, the findings of this study can be supported by mode 
choice surveys that can be used to develop utility functions. In addition, investigation of alternative mathematical structures for VC can 
be a very promising future direction to further improve the proposed model. 

CRediT authorship contribution statement 

Mehmet Baran Ulak: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, 
Resources, Software, Supervision, Validation, Visualization, Writing - original draft. Anil Yazici: Conceptualization, Funding acqui-
sition, Methodology, Project administration, Resources, Supervision, Writing - original draft. Mohammad Aljarrah: Data curation, 
Investigation, Writing - original draft. 

Appendix A 

See Tables 6 and 7. 

Table 6 
Parameter estimates for the CBD zone.  

CBD   

Weekday Social Weekend  

Time of Day Est. 95% CI Est. 95% CI Est. 95% CI 

α  00:00–05:00 0.49 0.43 0.57 0.43 0.40 0.47 ~ ~ ~  
05:00–07:00 0.52 0.47 0.59 ~ ~ ~ 0.72 0.61 0.85  
07:00–10:00 0.51 0.46 0.58 ~ ~ ~ 0.40 0.35 0.48  
10:00–16:00 0.53 0.50 0.57 ~ ~ ~ 0.57 0.54 0.60  
16:00–21:00 0.53 0.49 0.58 0.51 0.47 0.57 0.50 0.41 0.68  
21:00–00:00 0.58 0.55 0.63 0.59 0.56 0.63 0.84 0.61 1.25  

γ  00:00–05:00 − 0.04 − 0.12 0.02 0.02 − 0.01 0.06 ~ ~ ~  
05:00–07:00 0.02 − 0.03 0.08 ~ ~ ~ − 0.11 − 0.23 0.01  
07:00–10:00 − 0.04 − 0.11 0.01 ~ ~ ~ 0.08 0.01 0.14  
10:00–16:00 0.01 − 0.01 0.03 ~ ~ ~ 0.00 − 0.03 0.02  
16:00–21:00 0.02 − 0.03 0.05 0.00 − 0.05 0.05 − 0.01 − 0.20 0.08  
21:00–00:00 0.00 − 0.04 0.02 − 0.03 − 0.06 0.00 − 0.24 − 0.64 − 0.01  

VT  00:00–05:00 0.15 0.12 0.20 0.09 0.07 0.12 ~ ~ ~  
05:00–07:00 0.13 0.11 0.17 ~ ~ ~ 0.18 0.12 0.27  
07:00–10:00 0.15 0.10 0.24 ~ ~ ~ 0.10 0.04 0.18  
10:00–16:00 0.06 0.03 0.10 ~ ~ ~ 0.09 0.06 0.13  
16:00–21:00 0.17 0.13 0.24 0.14 0.09 0.21 0.15 0.05 0.37  
21:00–00:00 0.13 0.10 0.16 0.10 0.07 0.13 0.28 0.12 0.54 

Abbreviations: Est.: coefficient estimate, 95% CI: 95% Confidence Interval, α, γ, and VT are predictor coefficients (see Table 4 for VC equation). 

M.B. Ulak et al.                                                                                                                                                                                                        



Transportation Research Part A 142 (2020) 85–100

98

Appendix B 

In case of multiple taxi occupancy, the formulation of the VC can be modified by adding a new parameter (ζ) which indicates the 
number of additional passengers to the first passenger (P-1). As a result, the VC formulation given in the Table 4 and Eq. (2) became Eq. 
(7) and Eq. (8) respectively, as follows: 

VC = α+ γ*e
−

(

TT
ST− 1

)

+ ζ*(P − 1) (7)  

ΔFarei,pas =

⎛

⎜
⎝α+ γ*e

−

(
TTi
STi

− 1

)

+ ζ*(P − 1)

⎞

⎟
⎠*TTi +VT*(STi − TTi) (8)  

where,ΔFarei,pas is the per passenger fare difference between taxi trip “i” and an equivalent subway trip (i.e., total taxi fare divided by 
number of passengers minus $2.75 subway fee), ζ is the additional parameter, and P is the number of taxi passenger. The Eq. (8) is 
further simplified by dividing both sides by the taxi travel time (Eq. (9)): 

Table 7 
Parameter estimates for the Non-CBD zone.  

Non-CBD   

Weekday Social Weekend  

Time of Day Est. 95% CI Est. 95% CI Est. 95% CI 

α  00:00–05:00 0.47 0.34 0.85 0.31 0.25 0.39 ~ ~ ~  
05:00–07:00 0.39 0.27 0.52 ~ ~ ~ 0.28 0.10 0.55  
07:00–10:00 0.48 0.44 0.58 ~ ~ ~ 0.36 0.25 0.57  
10:00–16:00 0.59 0.55 0.67 ~ ~ ~ 0.56 0.52 0.60  
16:00–21:00 0.48 0.43 0.59 0.45 0.41 0.50 0.34 0.28 0.42  
21:00–00:00 0.59 0.51 0.77 0.59 0.53 0.66 0.55 0.44 0.70  

γ  00:00–05:00 − 0.01 − 0.37 0.12 0.13 0.06 0.19 ~ ~ ~  
05:00–07:00 0.15 0.04 0.28 ~ ~ ~ 0.27 0.04 0.47  
07:00–10:00 − 0.02 − 0.12 0.04 ~ ~ ~ 0.11 − 0.15 0.23  
10:00–16:00 − 0.01 − 0.10 0.04 ~ ~ ~ 0.04 0.00 0.08  
16:00–21:00 0.07 − 0.05 0.13 0.08 0.03 0.13 0.15 0.07 0.22  
21:00–00:00 0.01 − 0.16 0.09 0.02 − 0.04 0.08 0.05 − 0.09 0.16  

VT  00:00–05:00 0.14 0.08 0.32 0.09 0.06 0.13 ~ ~ ~  
05:00–07:00 0.08 0.02 0.15 ~ ~ ~ 0.01 − 0.10 0.16  
07:00–10:00 0.15 0.09 0.27 ~ ~ ~ 0.11 − 0.01 0.39  
10:00–16:00 0.10 0.06 0.17 ~ ~ ~ 0.08 0.05 0.12  
16:00–21:00 0.15 0.10 0.27 0.11 0.07 0.16 0.04 − 0.02 0.12  
21:00–00:00 0.13 0.08 0.23 0.11 0.08 0.15 0.11 0.05 0.18 

Abbreviations: Est.: coefficient estimate, 95% CI: 95% Confidence Interval, α, γ, and VT are predictor coefficients (see Table 4 for VC equation). 

Table 8 
Parameter (ζ and VT) estimates of the modified model.    

CBD Non-CBD  

Time of Day Weekday Social Weekend Weekday Social Weekend 

ζ  00:00–05:00 − 0.15 − 0.15 ~ − 0.16 − 0.16 ~  
05:00–07:00 − 0.19 ~ − 0.20 − 0.20 ~ − 0.20  
07:00–10:00 − 0.12 ~ − 0.13 − 0.13 ~ − 0.14  
10:00–16:00 − 0.15 ~ − 0.17 − 0.17 ~ − 0.18  
16:00–21:00 − 0.14 − 0.13 − 0.13 − 0.15 − 0.14 − 0.14  
21:00–00:00 − 0.19 − 0.17 − 0.19 − 0.21 − 0.21 − 0.21  

VT  00:00–05:00 0.09 0.03 ~ 0.09 0.04 ~  
05:00–07:00 0.09 ~ 0.13 0.01 ~ − 0.05  
07:00–10:00 0.07 ~ 0.04 0.09 ~ 0.04  
10:00–16:00 0.00 ~ 0.04 0.04 ~ − 0.01  
16:00–21:00 0.09 0.07 0.06 0.08 0.03 − 0.01  
21:00–00:00 0.06 0.03 0.14 0.08 0.06 0.07 

Abbreviations: ζ and VT are predictor coefficients (see Eq. (6) in the Appendix B). 
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ΔFarei,p

TTi
= α+ γ*e

−

(
TTi
STi

− 1

)

+ ζ*(P − 1)+VT*
(

STi

TTi
− 1

)

(9) 

The model parameters (α, γ, ζ, and VT) are estimated using multilevel modeling approach as described in the “Final Value of Time 
and Convenience Model” section. The results of the modified model are presented in two tables: 1) Table 8 shows the parameter 
estimates for ζ and VT, 2) Table 9 shows summary of changes in parameter estimates (α and γ) with respect to results given in the 
Appendix A. That is, the results for α and γ is close to the estimates without “per passenger” modification; hence, only summary 
descriptive statistics are given for the sake of simplicity. Theoretically, we expected that each additional passenger in a taxi would 
potentially reduce the value of convenience due to the crowding. The analysis result supports this expectation as the ζ parameter 
estimated to be − 0.15 on average, indicating that each additional passenger (to the first passenger) reduce the VC about $0.15 per 
minute travel. For example, the value of convenience of a 30 min taxi trip with 2 passengers would be $4.50 (0.15 × 30 × [2–1]) lower 
than a single passenger taxi trip, while VC of a 3 passenger trip would be $9.00 lower (See Tables 8 and 9). 
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Table 9 
Summary comparison of parameter (α and γ) estimates.  

% Change CBD Non-CBD  
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