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Pooled ride-hailing services such as UberPool are believed to contribute towards reducing
greenhouse gas emissions and traffic congestion, and have caught the attention of policymakers,
as they align much closer to sustainable transport objectives. The relative sustainability of these
services depends on their ability to successfully match riders for pooled trips. Accordingly, this
paper examines the matching propensity of shared ride-hailing services and explores the detour
penalty associated with pooling, as this impacts the uptake and viability of shared services. Using
a 12-million record dataset of every ride-hailing trip conducted in Toronto between September
2016 and March 2017, we determine that 15% of ride-hailing trips were pooled, but that only
52% of these were actually matched. A probit model reveals that higher demand and longer trip
distances significantly improve matching propensity. We also examine the detour penalty asso
ciated with pooling and find that successfully matched shared ride-hailing trips only took
3.6 minutes longer, on average, than comparable non-shared trips. Our findings imply that re
ducing the detour time associated with pooling to attract more riders may ultimately increase the
likelihood that shared trips go unmatched, negating the sustainability benefits of the service.

1. Introduction
Policymakers have long understood the importance of promoting shared mobility services to reduce fuel emissions, congestion,
and automobile dependency. Among others, these efforts have included the construction of capital-intensive high-occupancy-vehicle
lanes and elaborate carpooling programs, which unfortunately have often fallen short of their sustainability objectives due to an
insufficient pool of users (Small, 2019). The proliferation of smartphones and advances in mobile computing have enabled a new
generation of shared mobility services that hold the potential to overcome the barriers preventing such services from achieving a
critical mass of users. At the forefront of this innovative mobility movement lie shared ride-hailing (SRH) services such as UberPool
and Lyft Shared (formally Lyft Line).
These services enable passengers traveling in the same general direction to share rides and provide sizeable fare discounts to
passengers in return for delays in arrival time. Ride-hailing companies have championed these services as transformative for sus
tainable urban travel, with a former CEO claiming that UberPool’s goal is to take a third of all cars off the road (Smith, 2014).
Influential scholars such as Shaheen and Cohen (2019) agree that shared services behave differently than their traditional coun
terparts, but also reiterate that many aspects of their impacts and uptake remains misunderstood. A particularly unexplored facet of
SRH is its travel-time, made longer by the detours required to pick up or drop off other passengers. Examining these delays in arrival
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time is crucial as they influence the likelihood that users will adopt this service, and ultimately determine whether this mode will
improve the sustainability of our cities. With this knowledge gap in mind, the objectives of this paper are to 1) determine the factors
that influence whether SRH trips will be matched; and 2) establish the detour penalty associated with SRH and explore how it varies
across time and space.
In the following section we examine the nascent literature on SRH services, emphasizing studies that include a detour penalty
component. We then present our 12-million trip-record dataset and estimation strategy in the third section of this paper. The fourth
section consists of a matching propensity analysis, and a subsample of pooled trips is further used to estimate the detour penalty for
successfully matched SRH trips compared to comparable non-shared trips. These findings are discussed in the fifth section, focusing
primarily on their policy implications. A brief summary and concluding remarks comprise the final portion of this paper.
2. Literature review
To date, the bulk of research on ride-hailing has concentrated on its traditional form and very little attention has been given to its
shared services. This may be because many household travel surveys still do not include ride-hailing as a stand-alone travel mode,
and even fewer distinguish between its different forms. What is relevant from this literature is the selection of studies that investigate
travel-time differences. Our review briefly considers the results and methods employed in such studies, before turning to the sparse
body of literature that focuses specifically on SRH services.
Using large household travel surveys, researchers have shown ride-hailing to cater to a younger, well-educated, and wealthier
population, and to most often occur in high-density, central locations (Conway et al., 2018; Young and Farber, 2019; Grahn et al.,
2019). Several of these user characteristics were corroborated by online (Alemi et al., 2018; Clewlow and Mishra, 2017) and intercept
surveys (Rayle et al., 2016), which further explored the relation between ride-hailing and transit ridership.
To examine whether ride-hailing services behave as a substitute or complement to transit in San Francisco, Rayle et al. (2016)
used Google Directions API to conduct a travel-time difference analysis between 283 surveyed ride-hailing trips and their fastest
transit alternatives. They found the typical ride-hailing trip to save about 10 minutes of travel time. A similar analysis was carried out
by Komanduri et al. (2018) to examine the gap-filling potential of a not-for-profit ride-hailing company called RideAustin in Texas,
and from which they determined that transit was, on average, at least 40% slower than ride-hailing. Young et al. (2020) performed
another travel time difference analysis and considered the user and trip-level characteristics of a large sample of observed ride-hailing
trips in Toronto, Canada to establish factors influencing ride-hailing’s relation to transit, in terms of travel-time. They found that ridehailing trips pursued during peak hours, and for shopping purposes were more likely to have transit alternatives of similar duration
and that just over a quarter of ride-hailing trips would have taken at least 30 minutes longer by transit. However, the distinction
between ride-hailing and transit appears to be fading as companies increasingly introduce shared services such as UberPool and Lyft
Shared. In comparison to non-shared forms of ride-hailing, these services are shown to be a much closer substitute to transit, as
additional passengers are picked up along the way and fares are kept low through cost-sharing (Tirachini and Gomez-Lobo, 2020).
The alluring low cost of SRH has led to the rapid growth of this service. In 2016 SRH services already accounted for approximately
30% of all ride-hailing trips in Los Angeles (Brown, 2018), and in 2018 had similarly come to represent over a quarter of all ridehailing trips in certain parts of Toronto (City of Toronto, 2019). As of December 2017, UberPool operates in 36 cities worldwide and
Lyft’s comparable shared service, Lyft Shared, is available in 16 U.S. markets (Shaheen and Cohen, 2019). In addition to their
popularity, what has caught policymakers’ attention is the alleged benefits of SRH, and how it aligns much closer with cities’
sustainable transport objectives (Irving, 2019).
Indeed, most studies that have considered SRH services believe it to have a far smaller carbon footprint, consume considerably
less road and parking space, and to relieve congestion far more effectively than traditional forms of ride-hailing (Shaheen and Cohen,
2019, Alonso-Mora et al., 2017). When presenting an assessment of SRH trips in Chengdu, China, Li et al. (2019) discovered that
sharing could reduce the number of vehicle-hours-traveled by up to 22%, relative to comparable non-shared ride-hailing trips.
However, their algorithm was unable to distinguish between matched and unmatched SRH trips, which may have led to an over
estimation of SRH’s ability to reduce congestion. A similar evaluation was undertaken by Chen et al. (2018), in which they found that
together, DiDi Hitch and DiDi Express were responsible for a daily reduction of 58,124 vehicle miles traveled (VKT) in Hangzhou,
China. A notable limitation of this study was that the authors considered DiDi Hitch as a form of SRH service, whereas most scholars
categorize it as a ridesharing or carpooling service as drivers are not hired but rather share rides to split the cost of their trips (Li et al,
2019; Dong et al., 2018).
Others remain unconvinced by the alleged benefits of SRH, and argue instead that by offering cheaper services, they will appeal to
different market segments that lure users away from transit or active modes. By funnelling travelers away from space-efficient modes
to space-hogging sedans and SUVs, warns Schaller (2018), SRH services will likely intensify the levels of congestion and increase
tailpipe emissions. Uncertainty surrounding the impacts of SRH stems not from a lack of adequate data, but rather from ride-hailing
companies’ refusal to make it available to governments and researchers. Ride-hailing companies generate and possess high quality
data, but have to date been reluctant to share it with scholars and regulators due to privacy concerns and the protection of their
competitive interests. Consequently, most of what is known about SRH services is derived from small survey samples (Henao, 2017;
Schwieterman and Smith, 2018) or from studies that have considered all forms of ride-hailing conjointly (Young and Farber, 2019;
Rayle et al., 2016; Clewlow and Mishra, 2017). But these methodologies have limitations as the added benefits of SRH are often
undetectable when amassed from small population samples or combined with other forms of ride-hailing.
More striking still, is that studies that make an effort to disentangle the impacts of SRH from other forms of ride-hailing, do not
distinguish between matched and unmatched trips. In theory, SRH services function by enabling passengers traveling in the same
2
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general direction to share a ride but in practice matching can only be achieved if there is sufficient demand at the trip’s specific time
and location. There is now ample evidence to suggest that a notable fraction of SRH trips go entirely unmatched (Henao and Marshall,
2018; Schwieterman and Smith, 2018; Huet, 2015) and this needs to be accounted for when examining the impacts of SRH; a failure
to do so may overestimate SRH benefits. For instance, in their analysis of 416 surveyed ride-hailing trips in Denver Henao and
Marshall (2018) discovered that 54 riders had requested shared trips, but that only 8 of these were actually matched. Schwieterman
and Smith (2018) came to a similar conclusion when examining a small sample of UberPool trips in Chicago, where they found that
only 60% of UberPool trips actually involved an intermediary stop to pick-up/drop-off additional passengers; the remaining 40% did
not include other stops, making them akin to UberX services. Uncertainty surrounding stop frequency, they suggested, would in turn
significantly affect the attractiveness of SRH services. Somewhat related to this concern was the fact that by not being able to predict
stop frequency riders could also not accurately calculate the time penalty associated with pooling, and when asked for reasons for not
using UberPool of Lyft Shared, 61% of respondents marked travel-time uncertainty as a leading contributor (Sarriera et al., 2017).
Despite clearly influencing the usage of SRH services, the time penalty associated with pooling remains largely unexplored. This is
crucial, however, as it influences the SRH uptake and viability and ultimately the extent to which it may offer transportation,
environmental, and social benefits. Without separating SRH services from other forms of ride-hailing and distinguishing successfully
matched trips from those that are unmatched, there is a risk that policymakers and researcher will continue to inaccurately assess the
potential benefits of SRH and regulate it in accordance with the impacts of traditional, non-shared forms of ride-hailing.
The magnitude of the SRH detour penalty also speaks to the likelihood of success for other variants of shared mobility, such as ondemand transit (ODT). ODT operators have introduced their own time-based measure to account for how the added detour may
impact individual travel times, known as deviation time (Westerlund, 2016; Lang, 2018). The shared ride-hailing detour penalty is
roughly analogous to the deviation time in ODT, as both estimate how the shared nature of the service reduces its utility for
individual riders. The relative size of these detours may assist policymakers in understanding which mobility options are most likely
to succeed in altering urban travel.
3. Methods
3.1. Study area and data
Our study takes place in the City of Toronto, which is the largest city in Canada and the fourth largest in North America, with a
population of 2.7 million (Statistics Canada, 2016). Toronto was also the first Canadian city to allow Uber during its initial inter
national expansion phase in March 2012, and to later allow UberX and UberPool services in September 2014 and January 2016,
respectively. Despite these early arrivals, Toronto’s response towards ride-hailing has not always been consistent. In fact, the city
initially charged the company with multiple licensing offenses, including operating an unlicensed taxi brokerage and running an
unlicensed limousine service, before dropping all charges to instead help clear a regulatory path for its legalization (Young, 2019).
The City of Toronto further paved the way for ride-hailing services by distinguishing them from taxis, categorizing them as Private
Transportation Companies, and imposing much less stringent constraints upon them. As of May 2016, ride-hailing services are legal
in Toronto and most recent assessments estimate that there are over 90,000 Uber and Lyft drivers operating in the city (Rider, 2019).
The data for this study is drawn from a 12-million record dataset of every ride-hailing trip conducted in Toronto between
September 7th, 2016 and March 31st, 2017. Ride-hailing companies provided the data to the city as part of their compliance with the
city’s Vehicle-for-Hire Bylaw (City of Toronto, 2020). The dataset includes information on the type of ride-hailing trip (e.g. UberX,
UberPool), the start-time, end-time, location (to the closest intersection of origin and destination), trip distance, as well as whether
shared trips were successfully matched or not. Data privacy restrictions required us to access the disaggregated ride-hailing data from
a secured remote desktop, and we limit the scope of our analysis to trips falling entirely within the City of Toronto boundaries, as we
do not have detailed information on the origin and destination of trips outside the city. Even within the City of Toronto boundaries
there are inner-suburban neighbourhoods in 2016–2017 that were not yet included in the coverage areas of SRH services (i.e.
Etobicoke and Scarborough), and were therefore also excluded from our analysis. A summary of the dataset is presented in Table 1.
Table 1
Counts and characteristics of ride-hailing trips in our dataset.
Record Totals

Matched pooled RH trips

Pooled
RH trips

All
RH trips

Number of observations
Proportion of dataset (%)
Trip Means
Travel distance (km)
Euclidean distance (km)
Time until driver pick-up (min.)
Travel-time (min.)

952,745
7.60

1,843,329
14.80

12,490,925
100.00

8.63
5.18
7.05
21.82

7.53
4.75
6.43
17.28

6.91
4.65
5.37
14.56
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3.2. Detour penalty estimation
Using the start-time and location (origin and destination) of trips, we create spatial and temporal buffers to compare the travel
times of non-shared ride-hailing trips to successfully matched SRH trips in Toronto. There are 1,843,329 SRH trips in our sample of
which 952,745 (51.7%) are actually matched. To be deemed comparable, a non-shared ride-hailing trip must begin within ± 30
minutes of the SRH trip1 and start as well as end within 500 m of the SRH trip’s origin and destination. While we acknowledge that
using a ± 30 minutes start-time window may underestimate the time penalty associated with sharing, especially during peak periods,
we deem it necessary to have an adequate sample size for the detour penalty analysis. All non-shared ride-hailing trips that meet these
above criteria are associated to the SRH trip. In total, we retain 151,468 successfully matched SRH trips, as to be included in the
analysis they must have at least three comparable non-shared trips. The detour penalty analysis consists of comparing the average
travel-time of all comparable non-shared trips to that of the SRH trip. An example of this pairing methodology is illustrated in Fig. 1,
where both non-shared ride-hailing trips (depicted in green) satisfy the three equivalence criteria and are thus associated to the SRH
trip (depicted in purple). By subtracting the average travel-time of the green trips from that of the purple trip we arrive at our
difference in travel-time result. We use the following equation to apply this methodology to all successfully matched SRH trips in our
sample, and to obtain the detour penalty ( i ) associated with pooling:
i

= TTi

1
×
|Ci |

j Ci

TT j

(1)

where TTi is the travel time of the targeted shared ride-hail trip, TT j is a distance-adjusted travel time for comparable trips j = 1. .|Ci|,
and Ci is the set of comparable non-shared ride-hailing trips. The travel times of comparable trips have to be adjusted to account for
the fact that they may differ in distance by as much as 1 km while falling within the two 500 m buffers. We adjust their durations to
reflect the Euclidean distance of the SRH trip as follows:

TT j = TTj ×

Di
Dj

(2)

where Di and Dj are the Euclidean distances of trips i and j , respectively. While it would have been preferred to use network-based
distances, actual paths travelled by vehicles were not available in our dataset, and we find Euclidean distances to be a suitable proxy,
especially over such minor adjustment distances (maximum of 1 km).
3.3. Statistical analysis
SRH services are believed to reduce transport-related greenhouse gas emission and to alleviate traffic congestion, yet to achieve
such laudable goals SRH trips must actually be matched. As such, we begin our analysis with a descriptive table and maps to establish
whether the matching propensity of pooled trips varies across time and space. Chi-square tests are also employed to determine if
match rates are significantly associated with SRH demand. Intuitively, we expect to find a positive relationship between SRH demand
and match rates, as a higher demand for this service – both at its origin and destination – should increase the likelihood of it being
matched. For this reason, we also anticipate finding higher match rates during the morning and evening rush hour periods and in
centrally located areas. We further enhance this analysis by conducting a probit model, whereby our response variable, the prob
ability that a pooled ride-hailing trip will be matched, is a function of set of predictor variables, including SRH demand.
After establishing the factors that influence the matching propensity of SRH trips, we turn our attention to the detour penalty
associated with pooling. This has been shown to influence the uptake and viability of this service, and ultimately govern the extent to
which it may offer transportation, environmental, and social benefits. As mentioned earlier, only successfully matched SRH trips with
at least three comparable non-shared trips are included in this portion of the analysis, as to avoid unrepresentative matches biasing
our results. This decision, however, also introduces selection bias into our analysis, as this is a non-random selection. We are ulti
mately seeking E ( i |x i) , where i is the detour penalty associated with pooling and x i is a set of predictors. But by only selecting
specific SRH trips, which we believe are more likely to occur in high demand areas and to consequently yield lower detour times, we
risk downward biasing our results. To correct this, we conduct a two-step Heckman selection model (Heckman, 1977), using the
sampleSelection package and Heckit function in R 3.3.1. (Toomet and Henningsen, 2008).
The Heckman selection model treats the selection bias as an omitted variable. In the first step we conduct a probit model to
estimate the selection process and estimate the propensity for pooled trips to be successfully matched and have at least three
comparable non-shared trips. The results of this probit equation are then used to create a variable that captures the selection effect,
which we include as an additional explanatory variable in step-two of the model. This correction variable is referred to as the inverse
Mills ratio (λ) and is defined by Green (2012) as the ratio of the standard normal density (ϕ), divided by the standard normal
cumulative distribution function (Φ).

(x ) =

(x )
(x )

(3)

1
A sensitivity analysis is presented in Appendix A to justify the use of a ± 30 minutes start-time window as part of our matching algorithm
criterion.
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Fig. 1. Visualization of detour penalty estimation, where the SRH trip is depicted in purple and the comparable non-shared trips are depicted in
green. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

In step-two, we run a linear regression (using only successfully matched pooled trips with at least three comparable non-shared
trips) that includes a set of predictors as well as λ. A significant indicates the presence of a selection bias, and the reported rho ( ) is
an estimate of the correlation of the errors between the selection (first-step) and outcome (second-step) equations. A negative
indicates that components of the error that increase the likelihood that a SRH trip will be matched, reduce the detour penalty between
selected SRH trips and their comparable non-shared trips, whereas a positive means the opposite. Finally, it is worth noting that
because of missing values and the removal of outliers, the first and second part of the analysis are carried out on reduced samples of
1,832,134 and 151,468 trips, respectively.
4. Results
4.1. Descriptive statistics
In Table 2 we present the descriptive characteristics of the trips included in our analysis. Matched and unmatched pooled trips are
shown separately for comparison, and Chi-square tests indicate the presence of a statistically significant relation between each of the
descriptive variables and the likelihood of being matched. Matches are least likely to occur during the midday period (10 am–3 pm),
and match propensity tends to decline during the later months of our sample. Trips beginning downtown have a higher probability of
being matched, with over 65% of matches occurring within 5 km of Toronto’s City Hall. As the trip distance and time elapsed until
driver arrival increases, the likelihood of matching also rises. The latter is most likely due to the longer time period in which the
matching algorithm has to find a potential match. SRH demand, as defined by the number of SRH trips that originate in a specific
traffic analysis zone (TAZ), also influences matching propensity. Only 10% of matched trips begin in TAZs with low SRH demand
(< 2,500 SRH trip origins during our entire sampling period), and only 11% end in a TAZ of low demand. Successfully matched trips
are more likely to begin (45%) or end (40%) in TAZs with high SRH demand (> 10,000 SRH trip origins), especially in comparison to
unmatched trips, which begin or end in high demand areas less frequently (30%). As the matching propensity ultimately depends on
the level of demand when the SRH trip actually takes place, we extract the demand at the origin TAZ within ± 10 minutes from starttime and the demand at the destination TAZ within ± 10 minutes from end-time for each SRH trip in our sample. These are used as
demand variables in our models.
The presence of a positive correlation between SRH demand and matching propensity supports our initial hypothesis, and can
further be assessed by comparing maps of the demand for SRH (see Fig. 2) to matching propensity rates (see Fig. 3). Areas with high
SRH demand are mostly located downtown and correspond largely to areas where matching is more likely to occur. Match rates
decline from 60 to 80% to 10–20% when moving away from the city centre. We now turn to our probit estimation to quantify the
relationship between SRH demand and matching propensity, all else being equal.
4.2. Matching propensity analysis
In Table 3 we present a probit model to establish the factors that influence the probability that pooled trips will be matched. A
probability of 1 in the model indicates that a SRH trip will certainly be matched, whereas a probability of 0 implies that it will
certainly go unmatched. We also include the explanatory variables’ corresponding average marginal effects to assess their individual
5
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Table 2
Descriptive characteristics of both matched and unmatched SRH trips.
Matched trips (1000 s)

Unmatched trips
(1000 s)

Total trips
(1000 s)

Matched trips (%)

Unmatched trips (%)

Total Observed SRH Trips

950 (51.9%)

882 (48.1%)

1,832 (100%)

100

100

Start-time
Start-time
Start-time
Start-time
Start-time

139
133
216
231
231

123
203
178
194
185

(46.9%)
(60.4%)
(45.2%)
(45.6%)
(44.5%)

262
336
394
425
416

(100%)
(100%)
(100%)
(100%)
(100%)

14.6
14.0
22.8
24.3
24.3

13.9
23.0
20.2
22.0
21.0

141(64.1%)
292 (62.4%)
197 (60.2%)
189 (47.3%)
131 (31.4%)

79 (35.9%)
176 (37.6%)
130 (39.8%)
211 (52.7%)
286 (68.6%)

220
468
327
400
417

(100%)
(100%)
(100%)
(100%)
(100%)

14.9
30.7
20.8
19.9
13.8

9.0
19.9
14.7
23.9
32.5

Distance
Distance
Distance
Distance
Distance

Morning (5–10 am)
Midday (10 am–3 pm)
Afternoon (3–7 pm)
Evening (7–11 pm)
Night (11 pm–5 am)

to
to
to
to
to

City
City
City
City
City

Halla (< 1 km)
Hall (1–2.5 km)
Hall (2.5–5 km)
Hall (5–10 km)
Hall (> 10 km)

(53.1%)
(39.6%)
(54.8%)
(54.4%)
(55.5%)

SRH
SRH
SRH
SRH
SRH

demand
demand
demand
demand
demand

orig.b (< 500 trips)
orig. (500–2,500 trips)
orig. (2.500–10,000 trips)
orig. (10,000–25,000 trips)
orig. (> 25,000 trips)

4 (40.0%)
94 (37.8%)
421 (48.0%)
367 (61.0%)
65 (68.4%)

6 (60.0%)
155 (62.2%)
456 (52.0%)
235 (39.0%)
30 (31.6%)

10 (100%)
249 (100%)
877 (100%)
602 (100%)
95 (100%)

0.4
9.9
44.3
38.6
6.8

0.7
17.6
51.7
26.7
3.4

SRH
SRH
SRH
SRH
SRH

demand dest. (< 500 trips)
demand dest. (500–2,500 trips)
demand dest. (2.500–10,000 trips)
demand dest. (10,000–25,000 trips)
demand dest. (> 25,000 trips)

3 (37.5%)
99 (38.7%)
465 (49.7%)
324 (59.3%)
58 (67.4%)

5 (62.5%)
157 (61.3%)
471 (50.3%)
222 (40.7%)
28 (32.6%)

8 (100%)
256 (100%)
936 (100%)
546 (100%)
86 (100%)

0.4
10.4
49.0
34.1
6.1

0.5
17.8
53.3
25.1
3.2

Weekday
Weekend

627 (50.5%)
323 (54.7%)

615 (49.5%)
267 (45.3%)

1,242 (100%)
590 (100%)

66.0
34.0

69.7
30.3

September
October
November
December
January
February
March

153
175
129
154
109
106
123

(63.5%)
(61.4%)
(55.6%)
(57.2%)
(44.0%)
(42.2%)
(40.2%)

88 (36.5%)
110 (38.6%)
103 (44.4%)
115 (42.8%)
139 (56.0%)
145 (57.8%)
183 (57.8%)

241
285
232
269
248
251
306

(100%)
(100%)
(100%)
(100%)
(100%)
(100%)
(100%)

16.1
18.4
13.6
16.3
11.5
11.2
13.0

10.0
12.4
11.7
13.0
15.7
16.4
20.7

81 (39.9%)
253 (44.2%)
429 (55.1%)
187 (66.3%)

122 (60.1%)
319 (55.8%)
347 (44.9%)
95 (33.7%)

203
572
776
282

(100%)
(100%)
(100%)
(100%)

8.5
26.6
45.2
19.7

13.8
36.1
39.4
10.8

82 (27.0%)
236 (47.2%)
335 (58.8%)
297 (64.7%)

222
264
235
162

304
500
570
459

(100%)
(100%)
(100%)
(100%)

8.6
24.9
35.3
31.3

25.1
29.9
26.6
18.4

Request
Request
Request
Request
Trip
Trip
Trip
Trip
a
b
c

timec (< 2.5 min.)
time (2.5–5 min.)
time (5–10 min.)
time (> 10 min.)

distance
distance
distance
distance

(< 2.5 km)
(2.5–5 km)
(5–10 km)
(> 10 km)

(73.0%)
(52.8%)
(41.2%)
(35.3%)

The Distance to City Hall variable is measured using the Euclidean distance from the SRH trip’s origin to Toronto’s City Hall.
Shared ride-hailing demand variables are measured at the TAZ level.
The Request time variable is the time between trip request and driver arrival.

effect on match rates. The marginal effect of categorical variables can be understood as the change in match probability that results
from a change from the reference level of the variable. The marginal effects of the log-base 2 variables can be interpreted as the
change in the probability of matching ensuing from the doubling of X. The overall model fit is assessed using McFadden’s pseudo Rsquare and is reasonable at 19%.
Consistent with findings from our descriptive analysis, the midday period (10 am–3 pm) is where matches are least likely to occur. This
is perhaps due to lower congestion levels during this time in comparison to the reference category, and to the matching algorithm therefore
having less time to find appropriate matches. Trips undertaken during the weekend are also 1 percentage point more likely to result in
successful matches, and this is likely because of the proximity amongst popular weekend destinations such as shopping malls during the
day and entertainment districts at night, which in turn increase the potential of matching at these locations. Interestingly, the probability of
matching reduces over time. This trend is particularly pronounced as of January 2017, at which point the match rate declines by ap
proximately 15 percentage points in comparison to September 2016. While alarming, this time trend may simply be indicative of an
improved – or at least more selective – matching algorithm. RH companies constantly fine-tune their matching algorithms to improve
travel-time reliability, but we can only speculate. This would not be without precedent, as companies such as Uber have responded to
riders’ complaints surrounding routing detours and travel-time unreliability by providing arrival time guarantees and offering discounts on
subsequent rides if late in order to incentivise passengers to share rides (Burlacu, 2016). Uber has also recently acknowledged that reducing
the extent of permitted routing detours would increase travel-time reliability, despite also likely reducing match rates, and is currently
exploring strategies to reduce inefficient matches (Lo and Morseman, 2018).
6
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Shared ride-hailing demand
1 - 500
500 - 2,500
2,500 - 10,000
10,000 - 25,000
25,000 +
No data

Fig. 2. Number of Shared ride-hailing trips observed in each traffic analysis zone in Toronto between September 2016 and March 2017. (As noted
earlier, during our data collection period, large parts of Etobicoke and Scarborough were not yet included within the coverage area of SRH services,
and consequently display no trips.)

Matching proportion (%)
10 - 20
20 - 40
40 - 60
60 - 80
No data

Fig. 3. Proportion of successfully matched shared ride-hailing trips per traffic analysis zone in Toronto. (Traffic analysis zones with less than 30 SRH
trips were removed from Fig. 3.)
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Table 3
Probit model estimating the probability that pooled trips will be matched.
Variable

Start-time

log2(Distance to City Hall)
log2(SRH demand at origin ± 10 min.)
log2(SRH demand at dest. ± 10 min.)
Weekend dummy
Month

log2(Request to driver arrival time)
log2(trip distance)
Constant
Observations
McFadden’s pseudo R2

Dependent variable:
Successful match

Morning (5–10 am)
Midday (10 am–3 pm)
Afternoon (3–7 pm)
Evening (7–11 pm)
Night (11 pm–5 am)

September
October
November
December
January
February
March

Coefficients

Marginal effect

Reference
−0.146***
0.012***
−0.087***
−0.078***
−0.208***
0.231***
0.260***
0.030***
Reference
−0.100***
−0.207***
−0.098***
−0.362***
−0.410***
−0.460***
0.241***
0.377***
−1.240***
1, 832,134
0.186

Reference
−0.047
0.004
−0.028
−0.025
−0.067
0.074
0.083
0.010
Reference
−0.032
−0.066
−0.032
−0.116
−0.131
−0.147
0.077
0.121
−0.398

Note: *p < 0.1; **p < 0.05; ***p < 0.01.

We further find that doubling the distance of SRH trips results in an increase in match rates by 12 percentage points. Doubling the
request to driver arrival variable is similarly shown to increase matching probability by 8 percentage points. This we believe is due to
these factors increasing the time the algorithm has to find potential matches; the longer the trip distance and the period before which
the driver arrives, the longer the algorithm has to find other users partaking in similar trips to match with.
Finally, and of interest to this paper, we find that SRH demand – both at the origin and destination of trips – increases the likelihood of a
match occurring. As demand for SRH doubles at the trip’s TAZ of origin within ± 10 minutes from start-time, the match rate increases by 7
percentage points, and this increases to 8 percentage points when demand at the destination TAZ doubles within ± 10 minutes from endtime. We surmise that the effect of demand is greater in the trip’s destination because the algorithm has more time to find potential matches,
as it can search while moving towards the passenger’s drop-off destination. Matches are also less likely to occur in outer areas of the city, even
after controlling for demand, as doubling the distance to City Hall reduces the likelihood of a match occurring by 7 percentage points. A
plausible explanation for this negative relation is the lower levels of density in the outer areas of the city, which likely correspond to lower
levels of SRH demand along the trip’s route, not immediately captured within the origin/destination controls we have included in the model.
4.3. Detour penalty analysis
Travel-time uncertainty is often cited as a reason for avoiding pooled services, but how long are detour penalties on average? We begin
this part of the analysis by examining the variability and spatial distribution of the detour penalty associated with pooling. A subsample of
151,468 trips is used for this portion of the analysis, as to be included SRH trips must have at least three comparable non-shared trips. We find
the average detour penalty to be 3.6 minutes (see left-hand side of Fig. 4), and to represent 16.7% of the total trip duration. Moreover, we find
a slight positive skew in the distribution, which indicates that the median is lower than the mean, and that the average 3.6 minutes detour
penalty is pulled upwards due to positive outliers; most people will actually experience shorter detour penalties than average. The right-hand
side of Fig. 4 depicts the disparity in detour penalty. For each successfully matched SRH trip, we show the standard deviations of the detour
penalty amongst comparable non-shared trips. The travel-times of equivalent trips appear to be concentrated around the mean, as shown by
the low average standard deviation (1.1 minutes) of detour penalties, which implies low dispersion.
In Fig. 5 we display the spatial distribution of the detour penalty for matched SRH trips, and find it to range between 0 and 7 min, on
average. Several areas are omitted from this analysis, as they do not contain sufficient SRH trips that meet the matching criteria. Interestingly,
included areas that are furthest away from downtown appear to display short detour penalties. These correspond to the York University
campus and the North York City Centre, which both display high levels of SRH demand and will minimize the detour time required to pick up
additional passengers. SRH trips conducted in centrally located areas are shown to add an average of 2.5–5 minutes to travel-time in
comparison to comparable non-pooled trips, which we surmise is possibly due to higher levels of congestion and intersection traversal/
turning impedances on the network. The largest detour penalties associated with pooling are found in areas just beyond the inner city core,
which do not have the same levels of SRH demand as downtown, but also suffer from somewhat similar levels of congestion. It is worth
noting that despite these differences, the average time penalty associated with pooling remains relatively small, which offers support to the
efficiency of SRH companies’ matching algorithms and may help reassure those concerned about pooled services’ travel-time unreliability.
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Fig. 4. Distribution of the mean (left) and standard deviation (right) of the detour penalty associated with pooling.

Average travel-time difference (mins.)
0.0 - 2.5
2.5 - 5.0
5.0 - 7.0
Insufficient/No data

Fig. 5. Shared ride-hailing trips average detour penalty. (Traffic analysis zones with less than 30 successfully matched SRH trips were removed from
Fig. 5.)

To explore the SRH detour penalty further, we conduct a two-step Heckman selection model to account for the selection bias
introduced by restricting our sample to successfully matched SRH trips with at least three comparable non-shared trips. In the
selection portion (A) of Table 4 we present the coefficients of the probit model used to estimate the selection process that determines
which SRH detour penalties are observed. The coefficients of the outcome model (B) are displayed on the right-hand side of Table 4,
where the detour penalty is considered in terms of added time in minutes.2
The negative and statistically significant λ indicates the presence of a selection bias, and that doing an ordinary least square
regression without first controlling for the endogeneity created by the non-random selection process would lead to downward biased
estimates. The negative and non-zero reinforces the importance of using a sample selection model, and further implies that
components of the error that make matching more likely, will also reduce the time penalty associated with pooling. SRH demand
2

The detour penalty is also expressed as a percentage of total trip duration in Appendix B.
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Table 4
Heckman two-step selection model estimating the detour penalty of SRH trips in terms of added time in minutes.
Variable

Dependent variable:
Detour penalty (min.)

Start-time

Morning (5–10 am)
Midday (10 am–3 pm)
Afternoon (3–7 pm)
Evening (7–11 pm)
Night (11 pm–5 am)

log2(Distance to City Hall)
log2(SRH demand at origin ± 10 min.)
log2(SRH demand at dest. ± 10 min.)
Weekend dummy
Month

September
October
November
December
January
February
March

log2(Request to driver arrival time)
log2(trip distance)
Constant
Observations
Adjusted R2

Selection (A)

Outcome (B)

Reference
−0.175***
−0.243***
−0.204***
−0.339***
−0.323***
0.269***
0.385***
0.085***
Reference
−0.037***
0.077***
0.035***
−0.115***
−0.127***
−0.141***
0.087***
−0.305***
−1.055***
1, 832,134

Reference
−0.059
0.197***
−0.561***
−0.732***
−0.298***

Inverse Mills ratio (λ)
Sigma (σ)
Rho ( )

−0.088***
Reference
0.185***
0.256***
0.465***
0.254***
0.230***
0.208***
−0.679***
3.537***
−0.251***
151,468
0.252
−0.333***
4.142
−0.080

Note: *p < 0.1; **p < 0.05; ***p < 0.01

variables are only included in the selection model as they affect matching propensity and whether SRH trips will have sufficient
comparable non-pooled trips. The presence of a non-zero reveals that the effect of SRH demand on the detour penalty is mostly
indirect and captured through the selection process. Doubling SRH demand in the trip’s origin TAZ within ± 10 minutes from the
start-time and in the destination TAZ within ± 10 minutes from the end-time increases the probability of being selected in the
outcome model by 27 and 39 percentage points, respectively.
Interpreting coefficients from the outcome equation is not straightforward, as they are affected by their presence in the selection
equation as well. Taken alone, the coefficients from the outcome model represent the change in time penalty associated with pooling,
but only for successfully matched SRH trips with at least three equivalent non-shared trips. The issue is that these variables also
impact the probability that SRH trips will meet the selection criteria, which renders their overall effect ambiguous. Using the λ and
the probability that an observation will be selected ( )3, Sigelman and Zeng (1999) propose arriving at the marginal effect (ME) of
outcome variables by averaging of the following equation:

ME Beta . outcome1 = Beta. outcome1

(Beta. selection1

(4)

)

By employing the above formula, we find that as the trip distance doubles, it is 31 percentage points less likely to be matched and
have at least three comparable trips. However, once the selection criteria are met, doubling the trip distance will increase the time
penalty associated with pooling by 3.5 minutes and the trip’s duration by 17.1%. Intuitively this makes sense, as ride-hailing trips
(both pooled and un-pooled) are generally of short duration (Young et al., 2020), and the supply of comparable non-pooled trips is
consequently much smaller for long SRH trips. But once the criteria are met and SRH trips are selected for the outcome equation, the
longer trip distance increases the probability that lengthy detours were taken to pick-up/drop-off additional passengers.
Finally, the troublesome time trend observed in our earlier probit model can also be seen in Table 4, as the probability of being
selected for the outcome equation diminishes over time. Even more worrisome is that the time penalty associated with pooling also
appears to be increasing over time, particularly in December which may be due to seasonal factors. This indicates that if ride-hailing
companies modified their matching algorithm to reduce the extent of permitted detours and increase travel-time reliability, it does
not seem to be working, and that more efforts should potentially be sought to reduce the detour penalty for SRH trips.
5. Discussion
The objective of this paper was to establish the factors that influence the matching propensity of SRH trips and to explore the detour
penalty associated with pooling. Overall, we find that 14.8% of ride-hailing trips in Toronto are pooled and that 51.7% of these are
3

The value of

was calculated from the inverse Mills Ratio (λ) and results from the Selection model (A).
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successfully matched. This finding is strikingly higher than the 14.8% match rate observed in Denver by Henao and Marshall (2018), but
can be attributed to the low sample size in their study (n = 54). Our match rate aligns much closer to the 60% rate established in Chicago
by Schwieterman and Smith (2018), and the slight difference can be attributed to city specificities and to varying sample periods. In and of
itself, the fact that approximately half of all SRH trips in Toronto are completed without being matched is a sobering result. Unmatched
SRH trips are no better than traditional non-shared forms of ride-hailing and may actually be worse, as their cheaper fares may attract a
high proportion of would-be transit or active mode users. The benefits of SRH in terms of reducing traffic congestion and levels of VKT can
only be achieved if trips are truly shared. Cities intent on meeting their sustainable transportation objectives through pooling should
therefore pay close attention to the factors affecting SRH’s matching propensity. This in turn will better enable them to implement policies
and strategies to increase the proportion of successfully matched SRH trips within their jurisdictions.
Our results indicate that there are many factors that influence the likelihood of SRH trips being matched. A trip’s proximity to
downtown is found to have a significant impact on matching, as we find that two-thirds of all successfully matched trips are located
within 5 km of Toronto’s downtown City Hall, and determine that a two-fold increase in the distance between the trip’s origin and
City Hall reduces the likelihood of matching by 7 percentage points. Centrally located trips are matched between 60 and 80% of the
time, which we assume is largely due to demand. The majority of high SRH demand areas in Toronto are located in its downtown
core, and SRH demand is expected to be positively correlated with match rates, as a higher demand for this service – both at its origin
and destination – should translate into more potential matches. By isolating the effect of SRH demand we confirm this hypothesis, and
find that as demand at the trip’s TAZ of origin doubles within ± 10 minutes from start-time, match rate increases by 7 percentage
points and this increases to 8 percentage points when demand doubles at the trip’s destination TAZ within ± 10 minutes from endtime. A drawback of our demand measurement approach is that we do not have information on the level of SRH demand along the
trip’s route, outside of its origin and destination TAZs. This also likely influences the matching propensity of SRH trips and would be a
relevant future addition to this study. While limiting the SRH option to and from high demand areas may seem like an appropriate
recommendation, we strongly advise against it, as this would also inevitably reduce the total number of pooled trips. Instead of
restricting SRH’s coverage area, cities should focus on ways to increase SRH demand and ensuing match probability. This could
include lowering the cost of SRH trips, and potentially increasing the cost of non-shared trips through a feebate approach, to in
centivise pooling. Under a feebate approach, the revenues collected from the fees on non-shared trips would be reallocated to finance
SRH trips that governments wish to encourage. A similar policy is currently used in California to reduce transport-related greenhouse
gas emissions, whereby the state imposes an additional fee on high carbon emitting vehicles and uses the revenues from the fee to
offer a rebate on the purchase of low carbon emitting vehicles (Taylor, 2018). Increasing SRH demand would also involve efforts to
better promote this service; ride-hailing companies currently present riders with the per-kilometer cost of shared versus non-shared
options when logging onto the app to book trips, but they could further encourage pooling by having it as the default option. Cities
intent on increasing SRH demand should also educate users of the benefits of shared mobility and properly convey its role in attaining
sustainable transport objectives. Particular emphasis should be placed on communicating how the relative sustainability of shared
services depends on their ability to successfully match riders for pooled trips.
There are several variables in our model that improve the odds of matching by increasing the matching algorithm’s search time.
The longer the trip distance and the period before which the driver arrives, the longer the algorithm has to find potential matches,
which following a two-fold increase of these variables, translates into a 12 and 8 percentage point increase in the match rate,
respectively. These findings are of utmost importance to the entire shared mobility sector, as companies generally look to reduce
detour distances and the time before driver arrival in order to attract new riders, but in doing so, they may also inadvertently be
rendering matches less likely. A fine balance must thus be struck between the match rate sought by a given shared mobility service
and the ensuing time penalty that its users are likely willing to accept.
It is in hopes of better understanding how to strike this balance that we now turn to the detour penalty associated with pooling.
The perceived time penalty associated with pooling is often identified as a leading cause for choosing to avoid SRH, but similarly to
riders’ perception of transit wait-times (Watkins et al., 2011) it appears to be inflated. On average, we find that SRH trips take
3.6 minutes longer than their non-shared counterparts, or 16.7% of a trip’s total travel time. The detour penalty associated with
pooling thus appears to be fairly modest, especially when considering that SRH companies were offering up to 50% discounts in
exchange (Lo and Morseman, 2018). Even more, the added time incurred by pooling seems comparable to the time it often takes
drivers to find an on-street parking spot in Toronto and the time it then takes them to walk to their destination, making it an attractive
option compared with driving alone in private vehicles. Some passengers may even experience no detour penalty while partaking in
successfully matched SRH trip, as they may get picked-up and dropped-off within the journey of another passenger on board. While
potentially increasing the delay of the other passengers on board, these types of trips reduce the detour penalty associated with
pooling. We acknowledge that this study may slightly underestimate the time penalty associated with pooling, as some SRH trips have
shorter travel times than their equivalent non-shared trips. This we surmise is likely due to route-specific conditions that are not
properly captured in our models (e.g. traffic light fluctuations, double-parked cars, accidents, etc.), but could also be indicative of
data reliability issues. A relevant venue for future research would be to use actual trip routes to verify whether, and to what extent,
time penalties are underestimated in this study.
Given the paucity of current information on the detour penalty between successfully matched SRH trips and their comparable
non-shared trips, we believe uncovering the time penalty associated with pooling to be a major contribution of this paper, and hope it
will help reassure the numerous users identified by Sarriera et al. (2017), who avoid SRH services due to the erroneous perception
that it will lead to significant delays. This finding is also relevant to the shared mobility sector, as it shows that the perceived detour
time associated with pooling is likely inflated. Companies developing shared mobility services should either accentuate and better
advertise the negligibility of the time penalty sustained through sharing – while simultaneously promoting the cost savings these
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modes represents – or they should adjust their matching algorithms to expand permitted routing detours and increase matching
probability. This latter recommendation would increase the detour penalty to levels nearing those currently perceived by the public,
but would also enable them to attain a higher match rate and achieve the transportation, environmental, and societal benefits that
they promise.
Another noteworthy finding is the worrisome time trend that we observe in our dataset. The time penalty appears to increase, as
the matching propensity diminishes over time. The increase in detour time penalty is especially pronounced in December, which we
surmise may be due to the Holidays and seasonal factors. Coupled together these findings do not bode well for the future of SRH
services, but fortunately this is not due to a decrease in SRH demand. Despite other studies finding a decline in SRH demand in cities
like Chicago (Bellon, 2019; Schneider, 2019), we do not discern such a pattern in Toronto. Instead, we find SRH demand to stay fairly
consistent over the study duration, and suspect that this time trend is due to adjustments in the SRH’s matching algorithms (Lo and
Morseman, 2018).
Finally, while our study shows that pooling may only add an average of 3.6 minutes to trip durations, it is worth noting that our
sample selection is non-random, as we only included successfully matched SRH trips with at least three comparable non-shared trips.
Despite trying to account for this selection bias using a Heckman selection model, the detour penalty analysis suffers from an overrepresentation of trips from high demand areas and an under representation of trips from low demand areas. Including additional
trips from low demand areas would likely have increased the time penalty, as matches in low demand areas are often not as efficient
and incur more timely detours.
6. Conclusion
Our analysis offers three important conclusions for the study of SRH services and their benefits to society. First, upwards of half of
all SRH trips in Toronto are not actually shared, with high-demand areas displaying higher rates of success. Second, longer wait times
before driver arrival are not necessarily problematic for these services, as they appear to increase the likelihood that shared trips will
be matched. Finally, SRH trips take only 3.6 minutes longer than similar unshared trips, a small difference given the broad perception
that these services are much more time consuming.
Policymakers and companies hoping to use SRH to promote sustainable urban mobility need to explore ways to shore up the
‘shared’ in shared ride-hailing. This may include algorithm refinements that prioritise successful matching, education on the benefits
of shared mobility, and feebate structures that promote pooling. These efforts could also be as simple as having SRH be the default
option when logging onto the app to book trips, but unless conscious efforts are made to promote SRH, our results suggest these
services are unlikely to be as transformative as promised.
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Appendix A. Sensitivity analysis to justify the ± 30 minutes start-time window
The idea behind the start-time window criterion was to strike a balance between trip condition accuracy (e.g. congestion levels)
and sampling size (i.e. sufficient equivalent trips in order for the travel-time difference analyses to produced trustworthy results). The
decision to use a ± 30 minutes start-time window criterion in our matching algorithm stems from the results of a sensitivity analysis
conducted on a sample of 1,000 random shared ride-hailing trips in our dataset (see Table 5). We tried to strike a balance between
sample size and trip condition accuracy, and ultimately chose to use a ± 30 minutes window, as lower start-time windows ( ± 10
and ± 20 minutes) yielded much lower sampling rates and potentially untrustworthy average travel-time difference results, whereas
higher start-time windows ( ± 40 and ± 50 minutes) led to similar average travel-time difference results, but reduced the likelihood
that equivalent trips would undergo similar trip conditions (e.g. congestion levels).
Table 5
Sensitivity analysis to justify the ± 30 minutes start-time window as our matching criterion.
Matching start-time criterion

Number of SRH trips with at least 3 equivalent non-shared RH trips
Average travel-time difference (min.)

± 10 min.

± 20 min.

± 30 min.

± 40 min.

± 50 min.

6.3%
4.8

12.1%
4.4

15.2%
4.2

19.7%
4.2

22.6%
4.2
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Appendix B. Detour penalty expressed as a percentage of total trip duration
Table 6
Heckman two-step selection model estimating the detour penalty of SRH trips as a percentage of total trip duration.
Variable

Start-time

log2(Distance to City Hall)
log2(SRH demand at origin ± 10 min.)
log2(SRH demand at dest. ± 10 min.)
Weekend dummy
Month

log2(Request to driver arrival time)
log2(trip distance)
Constant
Observations
Adjusted R2

Dependent variable:
Detour penalty (%)

Morning (5–10 am)
Midday (10 am–3 pm)
Afternoon (3–7 pm)
Evening (7–11 pm)
Night (11 pm–5 am)

September
October
November
December
January
February
March

Inverse Mills ratio (λ)
Sigma (σ)
Rho ( )

Selection Model

Outcome Model

Reference
−0.175***
−0.243***
−0.204***
−0.339***
−0.323***
0.269***
0.385***
0.085***
Reference
−0.037***
0.077***
0.035***
−0.115***
−0.127***
−0.141***
0.087***
−0.305***
−1.055***
1, 832,134

Reference
−0.754**
−2.277***
−3.257***
−3.415***
−2.450***
−0.026
Reference
1.623***
1.556***
3.528***
2.768***
2.195***
2.283***
−4.285***
17.174***
−0.832*
123, 078
0.16.6
−0.268
26.791
−0.010

Note: *p < 0.1; **p < 0.05; ***p < 0.01.
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