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Abstract

Social computing researchers are using data from location-
based social networks (LBSNg.g, “Check-in” traces, as
approximations of human movement. Recent work has ques-
tioned the validity of this approach, showing large discrepan-
cies between check-in data and actual user mobility. To fur-
ther validate and understand such discrepancies, we perform
a crowdsourced study of Foursquare users that seeks to a)
quantify bias and misrepresentation in check-in datasets and
the impact of self-selection in prior studies, and b) understand
the motivations behind misrepresentation of check-ins, and
the potential impact of any system changes designed to curtail
such misbehavior. Our results confirm the presence of signif-
icant misrepresentation of location check-ins on Foursquare.
They also show that while “extraneous” check-ins are moti-
vated by external rewards provided by the system, “missing”
check-ins are motivated by personal concerns such as loca-
tion privacy. Finally, we discuss the broader implications of
our findings to the use of check-in datasets in future research

Myers, and Leskovec 2011; Scellato and others 2011), infer
friendships based on visited locations (Allamanis, Ste|la
and Mascolo 2012; Scellato, Noulas, and Mascolo 2011),
and improve content delivery networks (Scellato etal. 2011

On the other hand, recent studies have raised questions
of validity in users’ check-in activities in location based
social networks (Lindgvist and others 2011; Cramer, Rost,
and Holmquist 2011; Zhang and others 2013). More specifi-
cally, results presented at the Hotnets Workshop raisestque
tions of how valid and representative LBSN datasets are
when used as traces of user mobility (Zhang and others
2013). Using a smartphone app, the authors directly com-
pared the GPS locations of a group of participants against
their Foursquare check-in activity, and found significaet d
crepancies. Not only do check-in events only capture a small
subset £10%) of real locations visited by each user, but
nearly 75% of all Foursquare check-ins were found to be
events that did not match real mobility.

on human mobility. These significant observations of location misrepresenta-

tion prompt further studies to revisit/validate the issneyr-
Introduction pler to better understand the sources of bias and misbehavior
. . ) ) in user check-in events. In this paper, we do so by perform-

Social computing research has increasingly turned o g 3 crowdsourced user study on behavior in the Foursquare
location-based techniques to understand how people move | BSN 1 We are interested in three key questions. First, is
around, interact with one another, and interact with their e - ,5representation of user locations as common as described
vironments. Capturing traces of human movement has the j, the injtial study (Zhang and others 2013), and what role
potential to provide deep insights into human behavior, in- §iq self-selection bias play in those early results? Second
frastructures like cities and transportation, and conmauti  \yhat are the primary incentives driving users to misrepre-
applications that support human needs. However, capturing sent their actual location? Finally, what, if any steps can b
human traces is difficult because of lack of_access to propri- taken by Foursquare to curtail these activities, and whet ar
etary data, privacy concerns about accessing such data, angpe Jikely responses to these efforts by current users?
possible errors in data collection or reporting. Our study includes two components, a survey study to

To date, researchers have relied on mobility models (John- understand the misrepresented check-in behavior, and a
spnlgnddl\élaltz 1996; Wygosg_et al. 2003), ﬁeolt(a.gggdtdatadata-driven analysis on false check-ins across two differ-
via IP addressese(g, Wikipedia), or user check-in data g gatasets. First, we conduct a crowdsourced study of

available via APIs €.g, Foursquare) (Cheng et al. 2011; Fours ; ; : ;
) | guare users, focusing on their check-in behavior and
Noulas and others 2011; Sen and others 2015; Hecht and ,qqihje misrepresentation of their actual locations. <Der

Stt_eplhens 20,[14)' Check-in (ﬁf? Is attractive becguse ![“S '® vey asks users about their own first-hand creation of false
atively easy (0 access via AFIS or Scraping and Caplures a .haci.ins, and also about secondary observations of such
popular user practice, thus offering relatively high pemet  popavior by other users. We ask users to explain their mo-

lt!og rates. I;or;mskrgagotn, f‘ grov(\;[ntghbody of research thacl:shre tivation for misrepresenting location in check-ins, arkely
ied on such check-in data to predict human movement (Cho, oqhonses to potential changes to curtail false check-ins.
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Second, we obtain the measurement dataset from an ear-the old (global) mayorship system in June 2015. Our pa-
lier Foursquare smartphone study (Zhang and others 2013), per focuses primarily on the original Foursquare app, but we
and characterize the statistical properties of misreptesle briefly discuss the implications of our findings to the new
check-ins in Foursquare. Our analysis highlights the eorre system in our limitations section.
lation between different rewards and misrepresentative be
havior. In addition, we extend our user study to participant Related Work
in the original study. By comparing the results with our
crowdsourced user study, we seek to understand how the Human Mobility and LBSN Check-insLBSNs provide a

self-selection bias in the original dataset impacted the ra  unique source to collect detailed and large-scale human mo-
of false check-in events. bility traces, which have been widely used in human mo-

We draw several conclusions from our results. First, rel- bility research. For instance, researchers have studied th

ative to the highly active users in the dataset of the ini- Spatial and temporal mobility characteristics using check
tial study (Zhang and others 2013), our broader sample of in datasets (Noulas and others 2012; Cheng et al. 2011;
crowdsourced users report lower levels of misrepresented Noulas and others 2011). Others use check-in traces to
check-in events. Second, there are still significant legéls  build various applications, such as predicting human move-
misrepresentation both observed and self-reported by user ments (Cho, Myers, and Leskovec 2011; Scellato and oth-
in our broader study. This further confirms the presence of €rs 2011), inferring friendship (Scellato, Noulas, and Mas
discrepancies between users’ check-ins and actual myobilit colo 2011), predicting customer volume (Georgiev, Noulas,
Third, our survey shows that missing check-ins are gener- and Mascolo 2014), measuring urban socioeconomic depri-
ally due to personal decisions regarding location privacy, vation (Venerandi and others 2015), and even improving the
sharing visits of uninteresting locales, and general ferge  efficiency of content delivery networks (Scellato et al. 2p1
fulness to check-in. We also find that extraneous check-ins  However, recent studies have expressed concerns about
are most heavily motivated by external rewards including the representativenessf check-in datasets to model real-
badges, mayorships and financial rewards. Finally, results world events. A recent study shows that the number of
show that most users believe extraneous check-ins can be re-check-ins at a venuee(g, an airport) and its actual visi-
duced by modifying incentives, and that detecting and ban- tors €.g, airport passengers) can differ by orders of magni-

ning users will not negatively impact their own engagement. tude (Rost and others 2013). More importantly, using check-
ins to rank venue popularity would give significantly false

Background: LBSNs and Foursquare results. In addition, biases in other kinds of check-in iinfo
mation have been documented in prior work. For example,
Location-based Social Networks (LBSNdpday’s LBSNs Foursquare, Twitter and Flickr are shown to have biases to-
allow users to share social activities along with their foca wards urban users vs. rural users (Hecht and Stephens 2014).
tions, e.g, “checking in” to nearby Points-of-Interest (POI). An initial study quantifies the severity of this problem

The most popular LBSN is Foursquare. First launched by collecting parallel physical mobility (GPS) traces and
in 2009, Foursquare has gathered over 55 million regis- Foursquare check-in traces for the same set of users (Zhang
tered users and 7 billion “check-ins” (as of May 2015). and others 2013). The result shows high discrepancies be-
Other related sites include US-based Yelp, Facebook Rlaces tween user check-ins and their real movements: among
Gowalla (defunct in 2012), and China-based JiePang. 14000+ collected check-ins, 75% do not match any real vis-
LBSNs incentivize user check-ins using both virtual and its (extraneous check-ijswvhile 90% of actual visited loca-
financial rewards. For example, the Foursquare user who tions are missing from the check-in traamigsing check-
checks-in to a location most frequently over a 60-day win- ins). While these results raise significant concerns on the
dow is designated the “Mayor.” In addition, users obtain representativeness of check-in datasets, little is kndvoug

“badges” for achieving certain requirementsg, checked- what causes the discrepancies, and what are the user motives
in to five different coffeeshops. Finally, Foursquare feasu behind such check-in behaviors.

commercial tie-ins with businesses/stores offering dist® User Incentives of using LBSNsResearchers have stud-
and coupons based on check-ins and mayorships. ied the general user motivations for location sharing

Foursquare and Swarm.In August 2014, Foursquare re- on Foursquare. Earlier studies show that location shar-
launched itself with dramatic changes. The Foursquare app ing is not only purpose-drivene(g, keeping track of
was split into two: a new “Swarm” app took over the so- places), but also social-driver.{, self-presentation, mak-
cial networking and location sharing functionality, an@ th  ing friends) (Lindqvist and others 2011; Patil et al. 2012a;
Foursquare app was revamped to focus entirely on venue Bilogrevic and others 2015). Many factors are found to
search and recommendations. The reward mechanisms wereaffect user decisions on whether to share their loca-
changed too. First, “badges” were replaced by “stickers” in tions via check-ins€.g, social impression, privacy/safety
Swarm. Users can unlock new stickers by checking-in to concerns) (Guha and Birnholtz 2013; Cramer, Rost, and
different venues. Second, Swarm modified its “mayorship” Holmquist 2011; Patil et al. 2012b). These results shed ligh
mechanism so that users compete only within their friend on why certain location check-ins are omitted by users. Our
circles, rather than against all other users in the service. work looks further into user motivations behind falsified
However, following significant drops in downloads, traffic  check-ins (e.g., extraneous), and explore how they impact
and ranking (Hu 2014; VB News 2014), Swarm restored the usability of check-in traces to model human movements.



Dataset| #of | Avg.# # of # of #of e GPS Tracecontains a sequence of 2,600,000 GPS coordi-
Users | of days | Checkins| Visits | GPS points nates, and a list of 30,835 POl visits.
Primary | 244 14.2 14,297 | 30,835| 2,600,000

We refer this dataset as tReimary dataset. Note that these
users are “organic’i,e., Foursquare users who installed the
measurement app developed by (Zhang and others 2013)
voluntarily from Google Play and Amazon App store. Since
Our Methodology the Primary dataset is a “self-selected” user sample, it is
likely to oversample certain subsets of users and produce

. o biased results. Later, we address the issue using our surve
from Foursquare aneot representativef real user mobility 9 y

. ; study.
patterns, and the underlying processes that introduce such _ _ ) _
discrepancies. As suggested in the initial work (Zhang and Comparing Check-ins to GPS Visitdlow we quantify how
others 2013), users tendnsssignificant number of check- ~ Well Foursquare check-ins represent a user's GPS mobil-
ins for their visits, while makingextraneouscheck-ins to ity patterns. The algorithm in the earlier work (Zhang and
locations that they did not physically visit. We seek to un- others 2013) matches up each Foursquare check-in event to
derstand what's the user intent behind such behavior; how @ potential GPS visit, based on their special and temporal
is such check-in behavior related to the design choices of closeness. Here, a GPS visit is defined as the user staying
Foursquare, and what Foursquare (or researchers) can do indt one location for longer than some period of tireey, 6

order to address this problem. In this study, we approach the Minutes. To minimize the impact of measurement noise due
above questions with three steps to inaccurate GPS reports and of small time offsets between

each check-in and the corresponding physical visit, the al-
gorithm applies thresholds to control the precision of data
matching. More specifically, a given check-in event matches
a potential GPS visit if and only if it matches the GPS data

Table 1: Statistics of user mobility dataset.

In this work, we seek to understand why check-in traces

e First, we characterize missing and extraneous check-ins
on Foursquare, using the complete dataset from the initial
study (Zhang and others 2013). We focus on quantifying

the discrepancies between check-in traces and users truewithin o meter range and minute offset. After experiment-

mobility patterns, and inferring po§S|bIe causes. ing with a wide range oft andg values, the matching results

° Se_cond, we conduct a survey with F_ogrsquqre users t0 gre most consistenit €., number of matches converged) for
gain a deeper understanding on their incentives behind ajuesq = 500m and 8 = 30min. Note that the match-
missing and extraneous check-ins. Particularly, our data- jg algorithm is designed to capture an upper limit on pos-
driven analysis has identified several key hypotheses, and sjple event matches. Thus both thresholds are designed to
we use this survey to validate them. Further, we want ex- pe accommodating and increase the probability of matching
plore how user incentives correlate to their demographics cneck-ins to visits.
and activity-levels. The check-in trace contains 14297 check-in events and the

e Third, we discuss the broader implications of our findings GPS trace has 30835 visits. Here is the matching result:
to Foursquare and human mobility research. In particular,

we consider whether and how we should apply check-in ®
traces to study human mobility.

Honest Check-ins 3525 check-ins events match up with
GPS visits, which show the user was indeed at the physical
location of the check-in. This only represents a very small
portion of all the check-ins and GPS visits.

Extraneous Check-ins 10772 check-in events (75% of to-
tal check-ins) do not match any visits in the GPS trace.
Missing Check-ins (or Unmatched Visits) 27310 GPS
visits (89% of all visits) do not match any check-ins.

Missing and Extraneous Check-ins

We start our study by summarizing the “representativeness”'
problem of Foursquare check-in traces, and characterizing
results from the empirical measurements. We use the con®
clusions of this analysis as background and a baseline of

comparison for later results. Note that the definition of honest, extraneous and miss-
) ing check-ins is result-driven. It is based whether the khec
Foursquare Check-in Trace in matches a physical GPS visit, not based on user intent.

Our analysis is based on the measurement dataset in the ini-The discrepancies between the check-in and GPS datasets
tial work on misrepresented check-ins in Foursquare (Zhang are non-trivial: users miss significant number of check-ins
and others 2013). Researchers in that study developed a ded-at visited locations, while generating check-ins to |omadi
icated smartphone app and used it to collect two “parallel” that they did not physically visit.

traces from the same set of Foursquare users. The dataset

contains (1) a per-minute GPS trace of the user’s location; Missing Check-ins

(2) a trace of the user’s real-time check-in events polled by \we characterize missing check-ins by analyzing which lo-
Foursquare open API. In total, 244 users installed the app cations are missing and why. Intuitively, users tend not to
between January and July 2013, and produced two parallel peck-in at specific places they frequent on a daily basis,
traces (Table 1). e.g, home and work. If this is correct, then a small number of
e Check-in Trace contains 14,297 check-in events. Each places could account for the large majority of missing check
event includes a timestamp, the name of a POI, its venue ins. To validate this, we take each user, compute theimtop-
category and GPS coordinates. most visited POIs, and examine the portion of her missing
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Figure 1: Ratio of missing check-ins at Figure 2: Breakdown of missing check- Figure 3: User’s ratio of extraneous
top-k most visited POls. ins per POI category. check-ins.

check-ins attributable to these top POls. Figure 1 plots the (r = 0.49, p = 0.001); driveby check-in does not have
CDF of this ratio across users for their tdpssits. The re- statistically significant correlations with any profile feees
sults confirm our hypothesis. For roughly 60% of users, 5 (with p > 0.05). These results show a strong correlation
locations account for more than half of their missing check- between external rewards (mayorships and badges) and the
ins. For 20% of users, a single location is responsiblesfor ~ most obvious types of extraneous check-ins (superfluous and
40% of the missing check-ins. remote check-ins). These account for over 73% of all extra-
We also examine the types of locations for missing check- neous check-ins.
ins. To do so, we map each missing check-in's GPS to a ) )
POI category usindoursquare Open APIFigure 2 shows  Self-selection Bias
the distribution of missing check-ins locations under 9 One limitation of Primary data is the “self-selected” natur
Foursquare POI categories. The three categories with the of the user population. Self-selection bias can arise when
most missing check-ins arerofessional Shopand Food some people decide to participate in a study and others do
These are related to people’s routine activities: going to not. In the initial study (Zhang and others 2013), the data
work, shopping and meals, and thus are critical parts of a was collected from Foursquare users who voluntarily in-

user’s mobility pattern. stalled the measurement app developed by the researchers.
) Intuitively, these self-selected users are more likely ¢o b
Extraneous Check-ins highly active users, and can bias results towards highes rat

Extraneous check-ins (those without a matching visit) occu  Of misbehavior (compared to average Foursquare users).
when users misrepresent their physical locations. They can Later, we use our survey results to assess the impact of the
be categorized into 3 major types. self-selection bias in this dataset.

e Superfluous Check-ins While visiting one POI, users
check-in to multiple nearby POls. 2176 check-ins (20.2% User Study
of all extraneous check-ins) were superfluous.

e Remote Check-ins Check-ins to POIs more than 500
meters away from a user’s actual GPS location. 500m is
gsrga;:toe/r tr}ar;l any GPS or Pr?l Iﬁc_ation error. 5715 check-ins Here, our first goal is to draw on a broader sample of users to
( > 70 ofa extraneous chec -|r?s) were remote. ) examine self-selection biases in Primary dataset. Thenseco

o Driveby Check-ins: Users check-in to nearby POIs while 445 js to understand user incentives related to missing and
moving at moderate or high speeds (speedmph). 1782 gytraneous check-ins. We formulate several key hypotheses
check-ins (16.5% of all extraneous check-ins) are driveby. 544 examine them using the survey responses. Finally, we

Extraneous check-ins are highly prevalent among users. explore possible directions to mitigate check-in noises, a
As shown in Figure 3, 99% of users have at least one type of examine how acceptable they are to Foursquare users.
the extraneous check-ins; for more than half of the users, ex  Inthe current section, we describe our hypotheses and sur-
traneous check-ins account for 50% of their check-in events vey design. We present the analysis in the next section.

Inferring Potential Causes.To better understand potential

causes for the misbehavior, we measure correlation between|_|yp_0theses ) )
a user's extraneous check-ins and profile features. Here we We first present 5 hypotheses regarding data biases as well

list the Pearson’s correlation scorebetween features and  as the user incentives of missing and extraneous check-ins.
ratios of check-ins (superfluous, remote, driveby and hon- We derive these hypotheses based on the analytical results
est). Here -1 means perfect negative correlation and 1 meansin last section, existing literature, as well as our inaniti

We conducted a survey to calibrate possible biases in the Pri
mary dataset, and to explore users’ incentives for cheeking
in. The Primary dataset has shown high discrepancies be-
tween users’ check-in traces and their real mobility patter

perfect positive correlation. H1: The self-selected dataset is biased towards highly ac-
The top correlating feature for superfluous check-in is tive users.
the user's number of mayorships & 0.34, p = 0.02); The dataset collected from users wiauntarily installed

remote check-in is most correlated to number of badges the third-party Foursquare app (Zhang and others 2013) is



a self-selected sample. Our hypothesis is that users who| Profile Profile Statistics: Mean (STD)
happened to find and install this app are more likely to be | Attribute | Turker (108)] P-Replied (23) | P-NoReply (221)
highly active on Foursquarég., users who are passionate | checkins| 603.5(91) | 1770.8 (2521.2) 1730.4 (2994.2)

about location tracking and check-ins. This “self-seldtte II\B/IZd%?sS 332'8((5146;'8) izg gg'gg ig'i gg'ig
user group may have different characteristics than typical Frieynds 531 ('39 7 a5 4 (58'0) 713 (67'0)

Foursquare users.

H2: Self-selection bias can lead to underestimates of miss- Table 2: Profile statistics for Turkers, Primary users who

ing check-ins and overestimates of extraneous check-ins.  replied (P-Replied) and didn't reply (P-NoReply) survey.
This hypothesis is under the condition thdi holds:

the self-selected dataset is biased towards highly active [Profile Welch t-tests Results: T-statistics (p value)
Foursquare users. Intuitively, highly active users areemnor | Attribute || Turker vs. P-Replied] P-Replied vs. P-NoReply
likely to check-in. Thus the amount of “missing” check-ins Checkins || -2.09 (0.046)* 0.07 (0.94)

are likely to be underestimated by the dataset. In addition, | Badges || -3.70 (0.001)* 1.34(0.19

highly active users are more likely to care about badges and | Mayors || -2.50 (0.020)* -0.76 (0.45)

mayorships, and more likely to make extraneous check-ins. | _Friends || -1.72 (0.09) 0.31 (0.76)

Thus the extraneous check-in ratio for active users isylikel o ) ]

to be overestimated compared to a less biased sample. Table 3: Pair-wise comparisons with Welch two-sample

This could impact our conclusions in two ways. First, ifa t-tests for Turker versus Primary-Replied, and Primary-
user's missing check-in ratio is actually higher, it makes h  Replied versus Primary-NoReply. *p 0.05
check-in traces evedess representativef her actual mobil-
ity patterns. Second, we need to examine whether extraneous

check-ins are prevalent across Foursquare users, or merelyi€nce (Lindgvist and others 2011; Patil et al. 2012a), Wwhic
limited to highly active users. are likely to play a big role in encouraging user engagement.

. . We suspect their absence would hurt Foursquare.
H3: Users who neglect to perform check-ins do so either P q

Eﬁggﬁiiz_tirr‘]e%rsggfslgrfglrgggsggé’.ecause they actively avoid g, ey Questions and Participants
Users could miss check-ins for a number of reasons. TO testour hypotheses, we designed a survey containing 12
First, users may have privacy concerns at certain locations questions for Foursquare usérat a high-level, Q1-Q4 are
For example, some people may avoid checking-in at home about user demographics; Q5—Q7 are about missing check-
to avoid stalkers (Patil et al. 2012b). Second, users may ins, and Q8-Q12 are about extraneous check-ins. Later, we
choose to not check in at locations they consider uninter- Will discuss each of the questions in detail along with the
esting. Prior work have shown that users share locations on US€r responses. _ o
Foursquare to maintain positive social impressiery to ~ We conducted the survey with two participant groups. The
appear cool) (Lindqvist and others 2011; Patil et al. 2012a) first group was recruited from ttérimary mobility dataset.
Intuitively, places that users visit routinelg.g, home, work In April 2015, we invited each of the 244 Foursquare users
places) are less attractive and check-ins would make the use t0 participate in the survey via email. Since we already have
appear boring to their friends. Finally, it is unrealisticats- their mobility traces (GPS and check-in), we can directly
sume users will check-in on Foursquare at every p|ace they _Corr_elate their answers tO their behavior. To motlyatelpart
visit. Our intuition is users often miss check-ins because ipation, we offered participants at $1 Amazon gift card for
they simply forget. completing the survey and randomly selected one partieipat
in a drawing for an iPad mini. 23 users completed the survey.
We note that the survey was only available in English; some
of the 244 participants were not native English speakers and
were unlikely to participate in the survey.
To collect a larger sample of Foursquare users K+
H2), we recruited a second group of participants from Ama-
zon Mechanical Turk (Mturk). Mturk is a crowdsourcing
platform with workers (known a3urker§ who come from
relatively diverse backgrounds (Buhrmester, Kwang, and
Gosling 2011). Specifically, Turkers are slightly more di-
due to lack of data. Our hypothesis is all these rewards are YErS€ than other Internet samples and then college student
key motivations for extraneous check-ins. gamples, but not as diverse as a representative sample of par
_ _ ticipants €.g, Pew Internet data) (Antin and Shaw 2012;
H5: Removing the reward mechanisms from Foursquare Ross and others 2010). Using Turkers who have a variety of
would hurt the user engagement of Foursquare. activity levels on Foursquare provides a benchmark to com-

To effectively mitigate extraneous check-ins, one ap- pare against the self-selection bias in the Primary dataset
proach is to remove the key incentives, that is, the reward

mechanisms (iH6 is true). However, the gaming and re- 2The full question list is available ahttps://www.
ward features are important parts of users’ Foursquare-expe dr opbox. conl s/ 9x3a6yi gt t t of u9/ appendi x. pdf

H4: Extraneous check-ins are primarily motivated by the
reward mechanisms in Foursquare.

Our analysis shows strong correlations between ex-
traneous check-ins and Foursquare rewaids, (badges,
mayorships. This makes intuitive sense. Many Foursquare
users treat check-in as a game to compete with their
friends (Cramer, Rost, and Holmquist 2011), and gaining
higher rewards is a natural motivation to cheat in a game.
Note that the earlier correlation analysis did not consider
Foursquare’s financial rewards.g, coupons, free drinks)
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Figure 4: Demographics of Turker and Primary respondentstlae rest of Primary users who didn't reply.

of highly active Foursquare users. Considering that Mturk
users often provide sloppy or low quality answers in sur-
vey studies (Gadiraju et al. 2015), we screen participants
using the following criteria. First, participants needed t
have a Foursquare account that has been used for at leas
6 months. Second, turkers needed a minimum Human In-
telligence Task (HIT) approval rate of 90%, and more than
50 approved HITs. This is to prevent non-serious Turkers
from participating. Each Turker could only take the survey
once, and was rewarded $1.5 (pricing based on the earlier
study (Mason and Suri 2012)). During the survey, we also
collected the Turker's Foursquare profile data (with their
consent). We run the survey in April 2015 and 108 Turkers
completed the survey.

Analyzing User Responses
We now analyze the survey responses to test our hypotheses

Extraneous Check-in ratio: Mean (STD|

User Group Remote Superfluous]| Driveby
Never/Sometimes| 0.09 (0.15)|| 0.06 (0.12) || 0.04 (0.06)
Often/Always 0.62 (0.0) || 0.15(0.15) || 0.07 (0.13)

tI'able 4: Self-reported extraneous check-in versus the ac-
tual extraneous check-in ratio based on GPS data. The re-
sult shows Primary users who claim “Often” or “Always”
do have a higher extraneous check-in ratio than those who
claim “Never” or “Sometimes”.

Replied and NoReply group are insignificant ¥p0.05).
Note that getting survey responses from Primary users is
also a self-selection process,, it is up to the user to re-
ply or not. This result shows we have a rather representative
sample from the Primary set to answer the survey.

User Demographics.The demographics of Primary users

We first investigate the impact of the sampling bias in the offer possible explanations for why users replied (or ditl no
Primary dataset, and analyze how users perceive missing andreply) to the survey. As shown in Figure 4(c), the “Replied”

extraneous check-ins as well as their incentives. Finaity,
discuss approaches for mitigating noises in check-in trace

Data Biases and The Impact

We start withH1-H2 to examine the self-selection bias in
the Primary dataset and the impact. More specifically, we
examine the biases by comparing Primary users with Turk-
ers on their profile statistics and demographics (Q1-4)nThe
we analyze how these biases affect our estimations on the
prevalence of extraneous and missing check-ins (Q7-9).

Biases in the Foursquare Profileslo understand the “self-
selection” bias, we first compare the Primary user profiles
with Turkers in Table 2. First, Primary users are more active
than Turkers in different Foursquare activities. They have

3 times more check-ins, badges, mayorships and friends than
Turkers, despite they use Foursquare for a similar amount of
time (Figure 4(b)). The differences are statistically #ign
cant based on Welch t-tests with«p0.05, except for num-

ber of friends (Table 3). This confirntdl: the customized
app did attract highly active Foursquare users, and thereby
formed a biased user sample.

Second, within the Primary set there’s no clear difference
between those who replied our survey (23 users) and those
who didn’t (221 users). Table 2 shows these two groups
have very similar profile statistics. The results of Welcbtw
sample t-tests (Table 3) show that the differences between

group has a much lower coverage in South America, Asia
and Europe, where many people do not speak English at
all, or as a native language (compared to “NoReply” group).
Figure 4(b) shows the vast majority of our participants have
been using Foursquare for 1-5 years. “Replied” users have
slightly more experience, possibly because earlier adepte
were more willing to participate in a study.

Impact to Extraneous Check-ins.Given that Primary
datasets are biased towards active users, we next evaluate
how this bias impacts the earlier conclusion about extra-
neous check-insH2). We investigate whether extraneous
check-ins are common behavior across a broader sample of
Foursquare users than highly active users.

We ask both Primary users and Turkers how often they
perform extraneous check-ins on Foursquare (Q9). Note that
asking this type of survey question is subject to social de-
sirability bias: people may mask “dishonorable” behaviors
such as lying or cheating (Toma and Hancock 2010). We
handle this challenge with three adjustments: First, we set
up a baseline question, by asking the participants how of-
ten they observe thefriendsperforming extraneous check-
ins (Q8). Second, we avoid terminology like “superfluous”
or “remote check-in” in the questions. Finally, during post
processing, we leverage the 23 Primary respondents’ GPS
data as ground-truth to estimate how honestly users describ
their extraneous check-ins.
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For ground-truth estimation, we examine whether users’ users (59%) report to make at least one type of extraneous
survey answersorrelate positivelywith their actual extra- check-ins than that of Turkers (41%). This suppétisthat
neous check-ins identified by GPS data. More specifically, the highly active users are more likely to make extraneous
we first group Primary users into two groups based on their check-ins. The situation is slightly different for eachcifie
answers: “Never’/“Sometimes” versus “Often”/"Always”.  type (Figure 5): Primary users report a higher level (50%)
Then, we compute their average extraneous check-in ratio of superfluous/driveby check-ins (39% for Turkers), while
for each group based on GPS data. As shown in Table 4, lower level (20%) of remote check-ins (38% for Turkers).
the results confirm the positive correlation for all threpeay
of extraneous check-ins. Users who claim “Often”/*Always”
do make more extraneous check-ins on Foursquare than
those who claim “Never”/“Sometimes”. This gives us confi-
dence to the overall quality of Q9's answers.

The final results are shown in Figure 5. About 60% of
respondents report that they observe extraneous check-ins
from their friends, while about 20%-50% admit making ex-
traneous check-ins themselves. As expected, participaats
more likely to describe other people’s extraneous chesk-in
than their own. Our results have two key implications.

Impact to Missing Check-indRegarding the missing check-
ins, our results (Table 2) already show that the Turkers make
fewer check-ins than Primary users. This suppbi2sthat
general Foursquare users would “miss” even more check-
ins than estimated by Primary dataset. Therefore check-in
traces are unrepresentative for true user mobility.

We also examine this bias in users’ responses to Q7 re-
garding “where” respondents claim to miss check-ins. The
results are shown in Figure 6, and the bars in the figure are
sorted by the percentage of Turkers under each category.
First, extraneous check-ins persist in both Primary and Clearly, Turker's bars are consistently higher than thdse o
Turker’users The 20%-50% of users who self-reporting the Primary users. Again, we perform Welch two-sample t-
making extraﬁeous check-ins can serve as a lower-bound tests a}nq find that 'the difference between Turker'ar.ld Primary

. ; ; ' is statistically significant (t= 3.49, p = 0.0032).This icdies
even after we consider the level of dishonesty in the answers .+ o< are more conservative in making check-ins un-
Here we assume respondents only try to hide about extrane- yo ol listed location categories. Again, the result sstga

ous check-ins, but do not claim it if they did not make any. . ; ¥
This is still a high number to be a “prevalent” behavior. Even higher chance for turkers to miss check-ins, suppoitidg

for Turkers, about 40% claim to make extraneous check-ins,

suggesting that extraneous check-in is a prevalent behavio Rationale for Missing & Extraneous Check-ins

across both highly active users and a broader sample of less

active users. Note that our result only verifies the prexaen  Thus far, we have justified that the sampling bias in the Pri-

of usershaving engaged in extraneous check-ins. This can- mary dataset does not change our initial conclusions. Now,

not estimate how prevalent extraneous check-ins are amongwe analyze the responses from both Turkers and Primary

all the check-in events on Foursquare. users to understand rationale behind missing check=8} (
Second, we do observe that a larger portion of Primary and extraneous check-ind4).



ID Motivation Agreed Agreed ID Motivation Agreed Agreed
Turkers Primary Turkers Primary

1| This place is not interesting 59.2%| 34.7% 1| To get extra points to get a badge 29.6%| 21.7%

2 | I have privacy concerns 56.4%| 39.1% 2 | To get coupons, discounts or free stuffs 28.7%/| 13.0%

3| Forget to check-in 47.2%| 30.4% 3| To win the mayorship of those places | 22.2%| 26.1%

4| Avoid unwanted encounters 36.1%| 4.3% 4| To appear cool or interesting 20.3%| 8.7%

5] Concerned about being stalked 33.3%| 0.0% 5] To win a competition among my friends 15.7%| 13.0%

6 | Avoid too many natifications to friends| 32.4%| 17.3% 6 | Toimpress my friends with my check-ins 14.8%| 0.0%

7 | Avoid being judged negatively 23.1%| 8.7% 7 | To make new friends around those plade40.2%| 4.3%

Table 5: Motivations for missing check-ins, sorted by the % Table 6: Motivations for making extraneous check-ins,

of turkers who agree on each motivation.

Missing Check-ins. We start with the user incentives for
missing check-ins (Q6-7). First, Figure 6 shows that fohbot
Turker and Primary users, their top two locations of miss-
ing check-ins ard&kesidenceand Professional representing
home and work. This is consistent with the earlier result tha
users tend to miss check-ins at daily visited locations: Sec
ond, Table 5 shows the percentage of Turkers (or Primary
users) who agree with each of the listed reasons for missing
check-ins. We find that the top 3 reasons are consistens: “thi
place is not interesting”, “privacy concerns” and “forget t
check-in". This suggestd3 are generally supported.

A more careful inspection shows tha8 is supported dif-
ferently under different location contexts (Figure 7).sEir
users agree that they miss check-ins because certain loca
tions are not interesting. We notice that the “uninterggtin
places cover locations that users daily visit such as home
and work. Interestingly, “Arts” and “Outdoors”—places that
most people don't visit routinely—also received high votes
for “uninteresting”. This suggests perceptions about what
comprises an interesting place are diverse.

Second, “privacy concern” is not only a key reason for
missing check-ins, but is also strongly associated withslise
daily visited locations such as home, work, and school. It

sorted by the % of turkers who agree on each motivation.

ID Motivation Agreed Agreed
Turkers Primary
1| Torecord the places that | visited 63.8%| 60.8%
2 | To tell my friends I like this place 56.4%| 30.4%
3| To earn Foursquare badges 51.8%| 60.8%
4| To be the mayor of this place 46.2%| 52.1%
5| To inform my friends about my location| 34.2%| 34.7%
6 | For coupons, discounts or free stuffs | 34.2%| 30.4%
7 | To appear cool or interesting 32.4%| 8.7%
8 | Want people/friends to join me here 26.8%| 13.0%
9 | To share mood or feelings with friends | 18.5%| 8.7%
10 Hope my geographically distant friends15.7%| 8.7%
to feel they are part of my dalily life

Table 7: Motivations for regular location check-ins, sdrte
by the % of turkers who agree on each motivation.

cial and gaming related-incentives are less important.

In addition, we investigate whether Foursquare rewards
also play a role in incentivizingegular non-extraneous
check-ins. Table 7 summarizes users’ responses to Q6.
Foursquare rewards are still ranked high in the list (top 5
out of 10), indicating their importance to Foursquare users
Interestingly, for regular check-ins, neither Turker noir P

makes sense that users hesitate to check-in at those Iocamary users vote Foursquare rewards as the top incentive.

tions, since it may violate their privacy preferences witho
the added benefits of being interesting.

Third, “Forget to check-in" is also among the top rea-
sons for missing check-ins under most POI categories.
The exceptions are routinely visited locations (home, work
school), where privacy concerns play a major role. This con-
firms our intuition that missing check-ins is likely due to
simple neglect or disinterest in checking-in at common lo-
cations. We believe that missing check-ins are inevitable
when active user participation is required. The altereaisv
passive location tracking, which is “complete,” but anyadat
sharing with the public inevitably produces a loss of privac
without user consent. A later version of the Swarm app used
passive user tracking via GPS, but had to limit access to lo-
cation data to only friends of the user.

Extraneous Check-in IncentivedNext, we examine users’
incentives for making extraneous check-ins (Q10). As
shown in Table 6, for both Turkers and Primary users, the
top 3 incentives are badges, mayorships, and financial re-
wards. This supportsl4, that Foursquare rewards are major
incentives for extraneous check-ins. On the other hands, so

Turkers in particular, place more value on Foursquare so-
cial functionalities, such as “recording visited placesta
“recommending this place to friends”.

Rewards and User Engagements

Finally, we explore the ways to mitigate extraneous check-
ins and validatéd5. We describe 6 different approaches, and
ask users for their opinions (Q11-12). These approaches in-
clude canceling the reward mechanism of badges, mayor-
ships, or financial rewards; making user badges (mayors)
invisible to their friends to mitigate competition-motiea
extraneous check-ins; or punishing abusers who make extra-
neous check-ins by banning their accounts or canceling the
rewards earned from extraneous check-ins.

As shown in Figure 8, most respondents agree that these
approaches could help to mitigate extraneous check-ins,
though they show no preferences towards a particular op-
tion. The user preferences on the six approaches have in-
significant differences (p0.05 for the pairwise Welch t-
tests). However, Figure 9 shows that respondents believe
different approaches would have different impact on their
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3 %« Szmgr‘:e Same siting from one place to another is inversely proportiooal t
e :g ‘ Stouffer’s distance (Stouffer 1940) rather than physidsd d
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A’oeadggo%yg;s_,o,;":‘s,b,eZann,hg’zoe»% ent if significant portions of the check-in trace were filtbre
lp

Uy ""ge/%‘;fefs"’f%%e out as extraneous. Finally, studies have shown that correla
’ © ing check-in events to real visitors often gives misleading
results, because the rate of missing check-ins is unevenly
distributed between different venues (Rost and others)2013
Despite this, studies continue to use check-in events o est
mate real-world visitors and popularity of POls (Georgiev,

usage of Foursquare. Canceling the reward systems would Noulas, and Mascolo 2014).

damage user engagement. About 40% of respondents claim On the positive side, large-scale check-in traces can help
they would use Foursquare less and 10%—-20% believe they studies that focus on the social and contextual aspect of
would stop using it if the rewards were gone. This supports check-in events. Scellato et al. introduce geo-locatian fe
H5, indicating Foursquare rewards are playing an important tures to improve link prediction algorithms, which offers
role in engaging users. Other alternative approaches look better friend recommendations (Scellato, Noulas, and Mas-
more promising. For example, the last two approaches that colo 2011). Venerandi et al. leverage the rich contextual in
punish the responsible users of extraneous check-insgare si  formation of POIs and check-ins to classify urban socioeco-
nificantly more acceptable (Welch t-tests@05), and could nomic deprivation (Venerandi and others 2015).

even increase some users’ engagement.

We note that Q11 and Q12 both pdsgotheticalques-
tions. Prior research has shown that people often do poorly
at predicting their feelings and behaviors in hypothetical
scenarios where they don't have real experiences (Fowler
1995). Recall that our survey participants have been using
Foursquare for a long time>@3 years). This may reduce
some of the problems because related experience and knowl-

Figure 9: Impact of design choices on user engagement.

Our observations echo prior work that surfaces other
kinds of biasesd.g, urban versus rural (Hecht and Stephens
2014)) on Foursquare as well as Twitter and Flickr. Together
this body of literature points to the powerful opporturstie
offered by location-based check-ins for understanding hu-
man mobility and behavior, but also the importance of care-
ful scrutiny of biases in the data.

edge can reduce prediction biases (Fowler 1995). While it is exciting to facilitate new scientific findings us-
ing social media data, we believe it is equally important to
Implications and Limitations replicate and validate existing findings. Our work has re-

visited (and adjusted) prior conclusions on the severity of

Implications. First, compared to highly active users in the check-in biases, and point out different aspects of exjstin
Primary dataset, our crowdsourced Foursquare users reportresearch that can be affected by such biases. Furtherseffort
relatively lower levels of misrepresented check-in events are still needed to understand biases in user-generatestra
However, the level of misrepresentation from crowdsourced and how they change our views towards human behavior.
users is still quite high in terms of both observed and self- = = i . . .
reported results. This suggests that the discrepancies be-Limitations. First, using Mechanical Turk to recruit survey
tween Foursquare check-ins and actual user mobility iersis  Participants inevitably introduces sampling biaseg(bias
Second, results suggest that missing check-ins are caysed b fowards Foursquare users who also use MTurk). However,
reasons including privacy concerns, lack of interest, aed t  the fact that two very different groups of users (Turkers and
attention required to check-in at every location. Thus miss USersin the Primary study) reach relatively consistenttes
ing check-ins seem unavoidable. Extraneous check-ins are /€nds confidence to these conclusions.
primarily motivated by rewards, but simply removing them Second, our study focuses on the original Foursquare app,
is a poor solution as it could hurt user engagement. before the introduction of Swarm. We note that changes

Our work has direct implications on research efforts that to Swarm over time actually serve to confirm some of our
apply check-in data to study human mobility without care- findings. When first introduced, Swarm deemphasized re-
ful consideration of biases and limitations. For example, ward and gaming mechanisms by removing badges and
Cheng et al. analyze Foursquare check-ins, and use theirthen limiting mayorships to competition between friends.
results to report a strongeriodic pattern in human move- However, evidence showed that users reacted negatively to
ments (Cheng et al. 2011). Later work further leverage these the loss of these incentives with significant drops in app
patterns to predict users’ future movement (Cho, Myers, and downloads, review scores and web traffic (VB News 2014;
Leskovec 2011; Scellato and others 2011). But given the sig- Hu 2014). As a result, Swarm recently restored the old may-
nificant discrepancies between check-ins and real mobility orship system (Foursquare Blog 2015a), and began to reinte-
patterns, it is unclear how these inferences are influenged b grate the old badge system into the new system (Foursquare
deviations from actual mobility patterns. Blog 2015b). This backtracking in design further validates

In addition, researchers use check-in traces to validate our hypothesisH5) that reward mechanisms are indeed crit-
human mobility theories. Noulas et al. describe a univer- ical to driving engagement by Foursquare users.



Conclusion

Capturing human movement through online traces has the
potential to positively impact a wide variety of applicatio
areas. Yet, discrepancies between users’ check-in bakavio
and their actual movement patterns persist. This paper de-
tails our efforts to understand the source of discrepancies
between Foursquare check-in traces and users’ real myobilit
patterns. Our survey study shows that both active and reg-
ular Foursquare users misrepresent their behavior. Specifi
cally, we find that Foursquare users misrepresent their own
locations in LBSNs and observe other users misrepresent-
ing their locations as well. While missing check-ins are
explained by personal interests such as privacy concerns,
the place is uninteresting, and simply forgetting, extrane
ous check-ins are the result of extrinsic motivators such as
badges, mayorships and financial rewards.

We present an effort to replicate and expand existing re-
search findings using social media data. In addition to quan-
tifying discrepancies between check-ins and actual mobil-
ity, we use a new crowdsourced user study dataset to ex-
plore motivations behind user check-in behavior, and discu
its broader implications to human mobility research. Feitur
work could expand these results to a broader demographic
of Foursquare users, and also investigate location misrepr
sentations in other types of user-generated traces online.
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