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Abstract—Tipping is a social norm in many countries and
widely recognized as an anomalous behavior, in that a tip is
common enough to have become expected when dealing with
tipped industries (e.g., restaurants, bars, taxi trips), while at the
same time defying rational-agent assumptions of economics. Such
intriguing consumer behavior has led to its wide study across the
world. However, most studies of tips and tipping behavior have
suffered from a lack of data, relying on surveys and manually
collected information. Here we analyze a dataset of 13 million
taxi trips with their associated tips, in order to examine tips
as they compare to the average income of the location from
which the trip originated. We discovered that tipping behavior is
temporally stable during either the time of the day or the day of
the week. Also, when people tip, there is no statistically significant
correlation between the amount tipped and the people’s income.
However, passengers who do not leave any tip (i.e., the stiffers)
exhibit consistent patterns both temporally and spatially in which
the highest frequency of stiffers occurs around 4am, and the
tendency of a passenger to stiff the taxi driver presents a strong
negative correlation with income. The understanding of social
behavior is important in ubiquitous computing in particular in
smart-city contexts. A more complete understanding of human
behavior is intrinsically linked to our ability to develop smarter
cities.

Index Terms—social norms, tips, taxi trips, human mobility

I. INTRODUCTION

Tipping is a multi-billion social norm that challenges the
rational-agent assumption in economics [1]–[5]; in several
countries, consumers voluntarily pay extra money to workers,
even though such payment is not required [6]. In the U.S.
alone, 33 different occupations expect customers to include a
tip in their payment, with an estimated annual tip of $46.6
billion in the food industry [7]–[9]. The understanding of the
mechanisms driving tipping behavior not only impacts the lives
of many workers, but it also helps us unveil the irrationality
in human actions [10], which in turn is important as we
move to automating human tasks and making cities smarter by
being able to deal with human behavior characteristics. Still,
most of the research on tipping has been carried out mainly
on restaurants, with analyses usually based on surveys [5],
[8]. Notably, the increasing availability of large data sets has
created the conditions necessary for researchers to disentangle
the many facets of human behavior (e.g., human mobility [11]
and human activities [12]). Some of these data sets provide the

means to examine tipping behavior without the usual problems
known to exist in surveys (e.g., recall bias, participation bias
[13], [14]), which in turn allows the assessment of the distinct
theories of tipping [5] and the introduction of policies with
respect to tips. More generally, tipping is one facet of human
behavior in large social environments and its understanding
is important as we move into smart-world models in which
machines are expected to deal with and understand different
levels of human behavior.

Tipping behavior has been studied from economic, psy-
chological, and sociological perspectives [3]–[5]. The act of
giving money away without any tangible reward is considered
an economically irrational action [15]–[17]. Tips are not
required by law and thus are not necessary to guarantee good
quality service; still, not only do people tip in places they
will never visit again, but researchers have also failed to
demonstrate the relationship between a tip and the quality
of service given patronage frequency [15]. Such features of
tipping require explanations that include irrational aspects of
human behavior [2]. In order to better categorize the theories
that attempt to explain tipping behavior, Lynn proposed a
theoretical guide, the Tipping Motives Framework (TMF), in
which motivations for tipping and stiffing (i.e., the act of not
tipping) are qualitatively grouped in 7 different categories [5].
In the case of tipping, five motivations are argued to lead
people to tip: (1) to help workers; (2) to reward service; (3) to
have preferential service; (4) to gain/keep social esteem; and
(5) to fulfill an apparent (social) obligation. Moreover, people
who do not follow the social norm and stiff are motivated by
three reasons: (6) to save money; and (7) to avoid the creation
of social difference implied by tipping.

Yet, only a few of the aforementioned motives have been
supported by empirical evidence [5]. Tips have been shown
to increase when servers are perceived in need of help [15],
when consumers receive a good service [1], when consumers
are exposed to concepts of altruism [18], when the server is a
member of the opposite sex [19], or when the server calls the
consumers by their name [20]. Also, surveys have been used
to show that the tip amount increases with the income of the
tippers, an evidence that relates to the case of stiffing to save
money [21], [22].



Still, despite the fact that the TMF considers tipping behav-
ior regardless of occupation, not much research has been done
to understand gratuity in jobs outside the food industry [5]. In
order to generalize the tipping behavior into model of social
norms, it becomes necessary to understand if behaviors asso-
ciated with egoism or altruism are universal in several areas
of society. As we move into a smart-city environment where
technology is ubiquitous, there is an increasing availability of
data sets that fit this purpose.

Notably, in several countries, tipping is expected at the end
of a taxi trip—an industry that expands every year, with more
than 233 thousand drivers in the U.S. as of 2015 and increasing
at a rate of 13% a year [7], [23]. Still, only a few studies
have analyzed the tipping behavior in taxis [24]–[26]. As we
move to services such as Uber, Hailo, Didi Dache, and Lyft
as competitors of taxi services, the characterization of tipping
behavior becomes important to understand the economical
impact of a wide adoption of these services given some do not
encourage tipping. The relationship between service quality
and tipping is particularly difficult to fit in the taxi industry
[25]. For instance, the quantity of cabs in a city makes it
unlikely that a rider will hire the same driver more than once.
In fact, Flath et al. [25] suggested that tipping taxi drivers
is related to the so-called Lindahl pricing, in the sense that
people tip in order to have a social good which, in this case,
is the number of vacant taxis available [25]. In other words,
people would tip to decrease the time needed to find a taxi;
an hypothesis that Flath, however, does not give any empirical
evidence to support. One of the few studies using data to
tackle tipping in taxicabs analyzed tips from the perspective
of racial discrimination [24]. The authors used a limited data
set of 1,066 trips from only 12 drivers to show that racial
bias exists towards black drivers as well as from black riders,
albeit not controlled for the tipper’s income. Moreover, the
way people tip has been shown to be influenced by the credit
card machines in the taxicabs, regardless of the passenger’s
income [26].

The factors that influence tipping behavior need examination
with more reliable data that is not based on surveys and with
larger data sets. The absence of such analyses hinders the
understanding of this irrational facet of human behavior. In this
work, we analyze a dataset of more than 13 million taxi trips
in New York City, USA, provided by the Taxi and Limousine
Commission (TLC), with their associated tips. We examine
the relationship between the average income per capita of
the location from which the trip originated and the tipping
behavior, and carry out analyses on the behavior of the tippers
and stiffers over time.

The remainder of the paper is organized as follows: Sec-
tion II describes the datasets and the preprocessing of the data
used in the study; Section III shows the results of the data
analysis; Section IV discusses the main results and put them
in context of tipping literature; finally, Section V concludes
the paper and points to future work.

II. DATA

The availability of large mobility data sets is well suited to
study human dynamics; to study social aspects, however, we
also need to have demographic information. Here, we used the
following data sets of New York city: (a) the average income
level in the census tracts and (b) a collection of 13 million taxi
trips. All analyses were performed using Jupyter Notebooks
running Python 3.4.3, and strongly supported by the libraries
Pandas and NumPy. Additionally, the approach used in this
work is able to be applied to any other tipped system, provided
that comparable resolution is available.

A. Demographics
We used data from the U.S. Census Bureau providing the

average income level per capita of 5,905 census tracts in New
York City. As shown in Fig. 1(d), the distribution of income
in the city is skewed and follows approximately a lognormal
distribution. We also used the boundaries of the census tracts in
order to group the trips within each of them. Fig. 2 depicts the
distribution of income in the city, which seems to be spatially
clustered, a pattern that has already been reported [27].

B. Taxi Trips
The taxicab transportation system in New York is main-

tained by the Taxi and Limousine Commission (TLC), which
has required taxicabs to keep a detailed record of all trips
made throughout the day since 1992 [28]. For many years,
this record of trips was kept in a paper log book. In 2007,
electronic devices were installed in all licensed taxis, and taxi
drivers no longer had to manually record data, then, in 2009,
the TLC released this data to the public [29]. In New York
city, there are three different kinds of taxicabs: yellow taxicabs,
the most popular one with 10 to 15 million trips each month;
green taxicabs, that serve the outer boroughs of New York City
and are not allowed to pick up inside lower Manhattan; and
for-hire-vehicles which must be acquired using pre-arranged
services from a dispatcher or limo company. In our analysis,
we used data from the yellow taxis since they are the most
used by consumers.

Due to computational costs, we focused our analysis on a
subset of the data from the months of October and November
of 2015 representing 23,628,156 taxi trips. Given that we
wanted to analyze the tipping behavior of the passengers, we
limited our analysis to trips that were paid using credit cards.
This was done because, if the ride is paid by cash, the tip
is not necessarily recorded. It is up to the driver to enter the
value when tips are handed over in cash; in fact, we found
that 99% of the trips paid in cash did not have a tip value
recorded. Of course, it is still possible for a passenger to hand
over a cash tip in addition to a credit card tip or instead of
one, but our work relies on the assumption that the number
of cases in which this occurs is small. The data set includes
13,468,935 trips with tips, which is approximately 57% of the
data for the considered period.

Further data cleaning was required to eliminate noise caused
by machine errors or false starts; for example, if a passenger
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Fig. 1. Basic statistics of taxi trips and income data. (a) and (b) represent the number of trips taken across a day and a week, respectively. (c) depicts the
distribution of tip percentages, with the percentage calculated as a fraction of the total cost of the trip. The peaks correspond to the suggested tip percentages
on credit card machines in the vehicles. Last, (d) shows the distribution of income per tract, where the number of tracts follows a lognormal distribution
between incomes of $2, 000 and $65, 000 per year, after which it decreases exponentially to the maximum income per capita of $369, 000/year.

Fig. 2. Income per capita distribution among the 5,905 census tracts. The
highest income area is Manhattan, while the lowest income area is the Bronx.

entered a taxi, began the ride, and then immediately exited
it would be considered a false start and result in incorrect
data. Trips with a distance of zero, invalid pickup or drop-

off coordinates, fares less than or equal to zero, negative tip
values, and trips with no passengers were all removed. Self-
loops were also disallowed, defined as a trip with equal pickup
and drop-off tracts. Note that using this definition, most of
the very short trips were removed from the dataset. The total
amount of trips after noise removal was 13,366,032, a loss of
less than 1%, and Fig. 1 depicts how this number changed over
days of the week. Although each trip in this data set includes
the GPS coordinates of the drop-off and pick-up location, we
used the census tract as the locations due to lack of finer
granularity data of the demographics.

Since we are interested in the tip in relation to the total cost
of a trip, we define the tip of a trip i as follows:

tipi =
tip

⇤
i

totali � tip

⇤
i

, (1)

where tip

⇤
i is the dollar value of the tip of the trip i, and totali

is the dollar value of the total cost of this trip, which is the
sum of the fare, Metropolitan Transport Authority (MTA) tax,
tip, tolls, surcharges, and any extra fees. To analyze stiffing
taxi drivers in the census tracts, for each census tract c, we
evaluate the following:

sc =
n

0
c

nc
, (2)

where n

0
c is the number of trips with tip value equals to zero,

and nc is the total number of trips.

III. RESULTS

As expected, we found that the use of taxi is strongly
related to human daily activity, shown in Fig. 1(a–b). The



amount of taxi trips is stable from 7AM until 5PM when
the number of trips increases and peaks around 7PM, then
drops continuously until 5AM. Such a dynamic seems to
correspond well with the usual circadian 9AM-5PM workday
[30]. Moreover, the activity during the weekdays is relatively
stable, but weekends see the peak of activity (Fig. 1(b)). In
the following subsections, we analyze the taxi trips from the
tipping and stiffing perspective.

A. The Tippers

We found that the distribution of tips is highly skewed
towards 3 fixed values (20%, 25%, 30%). These values cor-
respond to the suggested tip percentages on the credit card
machines in the vehicles (Fig. 1(c)), which is in agreement
with the findings in [26]. When passengers do not select one
of the proposed values, they usually tip less, which is shown
in the left tail of the empirical distribution. Furthermore, the
distribution presents a non-negligible fraction of users who tip
zero, which means that they either do not tip or decide to tip in
cash even though they paid with a credit card. In this section
we are only interested in the trips for which the tip value is
greater than zero, thus we filtered out the stiffed trips.

To analyze how the value of tips changes over the course
of the day and the week, we aggregated the data by weekdays
and hour, shown in Fig. 3(a) and Fig. 3(b). Our results revealed
that there is no statistically significant temporal difference in
the tipping behavior, despite the variability in the total number
of trips found (Fig. 1(a–b)). Still, we found that the variance
of the tips changes in the middle of the day (11AM–1PM) in
such way that the tip percentages are far more concentrated
during this time than at other moments of the day.

In order to examine the relationship between the tip and the
average income of the pick-up/drop-off location, we calculated
the Pearson correlation between these two variables. Our
results did not indicate any linear relationship between tract
income and tipping percentage (Fig. 4). The correlation value
found for tip averages against pickup and drop-off incomes
was 0.0072 (p < 0.01) and 0.0175 (p < 0.01), respectively,
which indicates that when people tip, the income of the
location people are being picked up does not have any linear
relationship with the tip percentage.

Still, in light of the study by Haggag et al. on the effect
that credit card machines have on tipping [26], we attempted
to analyze tipping behavior without the machine-suggested
tip values. In order to do this, we removed all trips with tip
percentages falling within the ranges [19.5, 20.5], [24.5, 25.5],
and [29.5, 30.5], then calculated the Pearson correlation again
between income and tips. The application of the filter left
35% of the data, and the correlation on this subset of data
was extremely close to zero (< 10�5). A word of caution is
necessary here: a passenger can tip, say, 20%, without actually
“using” a proposed value from the machine. The rationale of
our analysis, however, is to examine the tips that are surely
not proposed by the machine.

B. The Stiffers

We define stiffers1 as the passengers who left a tip amount
of zero with a credit card payment. To evaluate the stiffing
behavior in New York, we measured sc given by Eq. (2) for
all census tracts in the city. We analyzed the dynamic of the
stiffers over time by grouping the taxi trips by the day of
the week and the hour of the day, then calculating sc for each
temporal group. Our results showed that stiffing behavior does
not seem to be affected by the day of the week significantly
(Fig. 5(a)). However, as seen in Fig. 5(b), we observed that
the amount of stiffers increases early in the morning, with a
peak around 4AM.

The spatial distribution of sc across the city can be seen
in Fig. 6. This map presents similarities with the income map
(Fig. 2) in which spatial clustering can also be observed. To
evaluate the relationship between the untipped trips and the
income level, we measured the Pearson correlation between
these variables. We found a strong negative correlation �0.72
(p < 0.01) between untipped trips and the income of the
pickup location tract (see Fig. 7). In the case of the drop-
off tract, we also found a strong negative correlation as well
�0.66 (p < 0.01).

Despite this correlation, a concern exists in attempting to
relate the correlation of the income level of the tract with
the income level of the individuals passing through it, in that
many locations, such as commercial centers, may experience a
large amount of diversity in the income of individuals traveling
through that area (transient population). As a way of evaluating
this impact, we measured the correlation using trips taken from
times when the vast majority of individuals are traveling from
locations that match their income level. First, we used trips
between the hours of 6AM and 9AM, hours recognized as
times during which most people commute from their homes
to work [30]. The correlations for these times was found to
be nearly unchanged in the case of pickup locations, at �0.73
(p < 0.01), and only slightly decreased from the original result
for drop-off locations, at �0.61 (p < 0.01), as expected. In
another analysis, we looked at the hours during which most
people travel from work to home, between 4PM and 7PM.
The results from this analysis showed, in the case of pickup
locations, a slight decrease as expected, at �0.65 (p < 0.01),
and in the case of drop-off locations it remained nearly
unchanged from the original result, at �0.67 (p < 0.01).
These results support the idea that, on the whole, the income
of a census tract can adequately describe the income of the
individuals passing through.

To examine the relationship between the pick-up and drop-
off location, we grouped all census tracts by social groups
based on [31] as follows: upper, which includes tracts that
the average income is higher than $200,000; upper middle,
$72,500–$199,999; lower middle, $32,000–$72,499; working,
$15,000–$31,999; and lower, which contains the census tracts

1This term is intended to be used merely for descriptive purposes, since a
person can have many trips over the course of a day or month, and therefore
may at some times be a “stiffer” and at other times be a “tipper”.



(a) (b)

Fig. 3. The mean tip in taxi trips does not change over (a) the hours of the day and (b) over the days of the week. However, the variance of the tip (a)
decreases as time approaches the middle of the day. The median, in green, appears at the top of the interquartile range.

Fig. 4. Tip averages plotted against pickup location income. The Pearson
correlation coefficient between tips and incomes is 0.0072 (p < 0.01). For the
correlation between tip averages and drop-off location income (not pictured),
the coefficient was 0.0175 (p < 0.01).

with average income less than $14,999. Then, for each pair
of social groups (i, j), we calculated sij = n

0
ij/nij , where

n

0
ij is the number of stiffers who took a ride from i to j,

and nij is the total number of trips between i and j. As
shown in Fig. 8, we found that the trips from the lower
social group to itself present the highest level of stiffing.
Also, our results revealed that stiffing behavior changes as
the destination changes. For instance, trips from lower social
groups tend to decrease stiffing as the social group of the
destination increases.

IV. DISCUSSION

One of the main observations of this work is the charac-
teristic distribution of tipping percentages, which is strongly
peaked on the percentages that are used as defaults by the

on board machines. In fact, we could argue that since almost
70% of the data is represented by those options, the settings
on the machines themselves have the strongest impact on the
tipping behavior of the people. Haggag et al. [26] used the
same data provided by the TLC to identify the role of the
credit card machines on the way people tip; they found that the
machines affect the way people tip regardless of the income
of pickup/drop-off location, which is in agreement with our
results.

While the machines have a strong impact on the tip percent-
age, there is clearly a significant amount of people that decide
to insert a tip manually, most often in order to tip a lower
amount, and also a significant amount of people that do not
tip at all. In particular, we observed that only the distribution
of stiffing is strongly correlated with the income data from
the census associated with the location of the trip. Ayres et al.
[24] conducted a survey study based on 1,066 observations
of twelve different New Haven, Connecticut, taxicab drivers
in 2001 and found that black drivers receive less tip and
black people tip less. Also, Lynn et al. [21] used a web-
based survey of consumers taking into account aspects such
as age, gender, race (white vs. black), income, to name but
a few, to characterize the tip size and the likelihood of a
person not tipping. They found that race and income are the
strongest predictors. However, these result are apparently in
contrast with ours, because we found instead that the tipping
behavior is independent of the income. Their results might be
misleading in that sense due to two major issues. First, the
sample of data based on surveys is extremely limited, only 12
drivers in one case and several hundred on-line surveys in the
other. Second, they did not control by income; that is, they
did not take into account the fact that black people may have
a lower income per capita on average. Therefore, we argue
that tip aspects related to income are not based on how much
people tip compared to their income, but if they tip at all.

We believe the issue of income versus non-tipping behavior
observed in our work is motivated by the social norm of
tipping itself. In fact, tipping is motivated as a gratuity for a
service [25]. That is, people tip for a social good (this idea is
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Fig. 5. Percentage of untipped trips over time of the day. At around 4 am the percentage of untipped trips is substantially higher than during the workday
hours.

Fig. 6. Distribution of untipped trips across the city. Untipped trips are mostly
concentrated in areas of NYC with a low average income per capita (e.g., the
Bronx). Note its similarity to Fig. 2, where dark areas in the income map,
or low income areas, tend to correspond to dark areas in this map, or areas
which are more frequently left untipped. The blank areas represents tracts
without data.

related to the Lindahl pricing), where the social good could be,
for example, the amount of taxi cabs that are not being used:
the more vacant taxis, the faster it is to get a taxi. According
to this theory, people who use taxis more frequently should
also tip more often. However, if a person has a low income
and therefore is in need of saving money, that person could
choose to keep the money and not tip. Lynn et al. [5] tried to
construct a framework that captures these trade-offs in tipping
behavior: the Tipping Motives Framework (TMF).

In addition to the previous findings, we also observed an

Fig. 7. Percent of untipped trips plotted against the pickup location income,
with a line of best fit included. Each point in the plot corresponds to a tract
from the census bureau data. The Pearson correlation coefficient between the
percent of untipped trips and pickup income is -0.72 (p < 0.01). The Pearson
correlation coefficient between the percent of untipped trips and the drop-off
income (not pictured) is -0.66 (p < 0.01).

unusually concentrated set of tip values around 12PM, or,
more specifically, between the hours of 11AM and 1PM. These
hours are common lunch hours, and so it may be that the
nature of traveling for a meal during this time of day makes
tipping lower values more difficult for an individual. One
possible reason for this may be because people often travel in
groups to lunch, and thus experience a greater social pressure
toward tipping, knowing that their colleagues or friends are
aware of their decision. However, this concentrated tipping
behavior does not exist for any other time of the day, so a
generalized argument toward food-hours as an indicator of
tip values cannot be strongly made. Another explanation is
based on the assumption that a substantial portion of the



Fig. 8. The left side of this chart represents the social class of the drop-
off location, where the social class is split into groups, defined by [31]. The
color denotes the pickup location, such that each bar in the chart can be
viewed as a pickup/drop-off pair. Within the social classes of each pickup
location, the percent of untipped trips follows a trend, where drop-offs at a
lower income corresponds to a passenger being more likely to leave no tip.
The only exception to this is pickup locations originating in upper class areas
and traveling to lower class areas, in which case passengers are more likely to
tip than if they had traveled to a working class area. Apart from this trend in
pickup classes, there also exists a trend based on the social class of the drop-
off location, where an increase in the social class also produces an increase
in a passenger’s likelihood to tip. This can be visualized in the shortening of
bars from bottom to top, especially in trips ending in lower class locations.

population that travels between the times of 11AM and 1PM
are traveling during a break from work, which is an idea that
has support from the American Time Use Survey [30]. Under
this assumption, many individuals, whether traveling alone or
in a group, may be traveling on company time or with a
company-sponsored lunch. As a result, the fare may be offset
by the company, and so the cost of tipping the default value
is lessened. This would result in an increase of passengers
tipping the lowest default value of 20%, as we see here.

V. CONCLUSIONS

Tipping is irrational in that it is not required but persists
as a social norm nonetheless. Many attempts have been made
to understand the motivations behind tipping, and although
these attempts have largely relied on surveys and manually
collected data for analysis and testing theories, the presence
of ubiquitous sensors, such as the ones present in NYC
taxicabs, enable further analysis of human behavior than ever
before. In this work, we studied 13 million taxi trips and
their associated tip values in relation to locations and location

incomes, and verified some of the leading theories motivating
tipping behavior.

We first studied the tips themselves, looking at the tip
as a percent of the total, and in doing so, discovered that
no significant trend exists between them and the income of
either the pickup or drop-off location, with Pearson correlation
coefficients at 0.0072 and 0.0175, respectively. It is possible, of
course, that the presence of a machine that delivers default tip
options substantially skews our ability to understand tipping
behavior through this data. However, an analysis of the data
was attempted with these machine-influenced tip values re-
moved, and a trend between tips and incomes remained absent.

We also studied the absence of tips as it related to the
income of the pickup and drop-off locations, and found a
strong negative trend between the two. The trend showed that
as the income of a drop-off location decreased, the likelihood
of an individual to tip, regardless of the pickup location, also
decreased. It also showed the same for pickup locations

There are still many opportunities to extract more informa-
tion from such an extensive dataset left as future work. One
of them is performed by [22], where the authors examine the
flat-dollar tip amounts (tips that are a flat-dollar amount rather
than a percent of the tip) as an factor in determining trends.
Also, we did not study tips in relation to mobility patterns,
which could be extracted from the taxi trips, nor did we
consider other demographic aspects (like age and gender), for
which a proper dataset would be required. To the best of our
knowledge, our work is the first to analyze such a volume of
data on tipping taxi drivers. The study falls into a greater trend
of understanding human dynamics and its importance to areas
such as smart cities, crime prevention, social development,
etc. It also serves the purpose of supporting decisions in that
taxi drivers with access to real-time information about tipping
patterns could decide where to concentrate their activity. It
would not be surprising to see such patterns be exploited by
companies as we move into self-driving vehicles.
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