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Economic and urban planning agencies have strong interest in tackling the hard problem of predicting the odds of survival of
individual retail businesses. In this work, we tap urban mobility data available both from a location-based intelligence platform,
Foursquare, and from public transportation agencies, and investigate whether mobility-derived features can help foretell the
failure of such retail businesses, over a 6 month horizon, across 10 distinct cities spanning the globe. We hypothesise that the
survival of such a retail outlet is correlated with not only venue-specific characteristics but also broader neighbourhood-level
effects. Through careful statistical analysis of Foursquare and taxi mobility data, we uncover a set of discriminative features,
belonging to the neighbourhood’s static characteristics, the venue-specific customer visit dynamics, and the neighbourhood’s
mobility dynamics. We demonstrate that classifiers trained on such features can predict such survival with high accuracy,
achieving approximately 80% precision and recall across the cities. We also show that the impact of such features varies
across new and established venues and across different cities. Besides achieving a significant improvement over past work on
business vitality prediction, our work demonstrates the vital role that mobility dynamics plays in the economic evolution of a
city.
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1 INTRODUCTION

There is a strong economic and policy interest in both uncovering the causes of failure of retail businesses and
in predicting their likelihood. Broadly, an establishment’s failure susceptibility can be ascribed to a variety of
controllable and uncontrollable factors. Controllable factors could include the quality or price of the store’s product
offerings, its operating hours, and its customer satisfaction. Conversely, uncontrollable factors could include
unemployment rates of the city, overall economic conditions, and urban policies. Establishing what constitutes
failure is a challenge in itself and has had a critical role in limiting the number and extent of existing studies
on business survival [27, 33]. Prior works have utilised financial records where they consider bankruptcy as
failure. However, this approach is limiting as it does not capture cases where a proprietor decides to shut down
an establishment. Despite such efforts, the inherent low frequency of financial reporting lends itself to (1) studies
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that focus on static macro factors leading to failure and (2) a failure in recognising establishments that are at
high risk of mortality in the near future.

The recent proliferation of urban datasets, especially related to urban mobility and social media activity, offers
interesting opportunities for high-fidelity sampling of these controllable factors. For example, mobility data can
reveal the urban dynamics of different locations (e.g., does a neighbourhood attract visitors from various other
neighbourhoods?), whereas location-based social network (LBSN) data can elucidate consumer interactions at
the individual venue level (e.g., how popular is the venue relative to others in its vicinity?). Researchers have
explored the use of social media for business analytics—e.g., Wang et al. [33] utilised LBSN data to predict the
failure of food establishments using a set of over 600 restaurants in New York City (NYC) over a 6 month period,
and Karamshuk et al. [17] provided empirical strategies for using LBSN-based features to find optimal locations
for new stores.

In this work, we utilise two complementary, large-scale longitudinal datasets: (1) venue check-ins on Foursquare,
observed in ten cities across the globe and (2) taxi trip records, observed across Singapore and New York City, to
develop a predictive model for retail business failures. We examine the role of a number of features on retail
business survival, across both a broader swathe of retail categories, and specifically for food & beverage (F&B)
establishments. As F&B is known to be a highly competitive and risky business in many cities, we examine
this category more closely for universal trends. We employ three classes of features: (a) Static Locality Profiles,
capturing the properties of the locality in which an outlet operates; (b) Visit Patterns, reflected in the volume and
spatiotemporal patterns of Foursquare check-ins; and (c) Neighbourhood Mobility Dynamics, reflected in visitation
patterns across distinct neighbourhoods. Our specific prediction question is: given observable features at a point
in time, how likely is it that a retail establishment will close down within the next 6 months?'

Key Research Questions and Contributions: Our investigations require us to tackle and answer three key
questions, enumerated in the sequence they are addressed here:

What are some of the key factors that explain business survival? To address this question, we identify and
analyse a range of features and perform a comprehensive study to demonstrate the predictability of survival
or failure of a F&B business in the subsequent 6-month period, in two metropolitan cities, New York and
Singapore. Overall, we achieve AUCs of 0.85 and 0.90, for Singapore and New York, respectively, with
corresponding precision/recalls at  80% —this represents an almost 10-15% improvement in accuracy, over
similar past work [33]. We also found that the most important factor was the ability of an establishment to
draw customers around the clock and not just during specific hours.

How generalizable is business survival predictability? We answer this question in three parts, we: (1) extend
our analysis to the broader category of retail venues, (2) repeat our analyses on multiple cities across the
world, and (3) investigate differences between newly founded and established venues. Our results show
consistent performance and also show that certain features have consistently high power (AUCs ranging
from 0.82 to 0.84) for predicting survival likelihood, despite geographic differences among cities. Our results
show that, across all ten cities considered and using the same classifier, established venues had an area
under the curve (AUC) of 0.86 while newer venues had a somewhat lower AUC of 0.81. These results
suggest that new venues may have more variability in their underlying causes of failure.

How robust are our results? We perform a series of experiments to validate the robustness of our results.
We study the collinearity across the set of features considered and demonstrate with a reduced model
consisting of only a subset of features that the accuracy drops only by a few points (e.g., 3% for New York
City, from 0.92 to 0.89). Additionally, we demonstrate that with more accurate labeling, our models perform

IThe 6 month duration can, of course, be varied: for now, we choose 6 month as it appears to be a natural time constant for retail businesses
deciding whether to close down or not, and also because determining an establishment’s operating state at finer timescales from Foursquare
data is very noisy.
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much better (e.g., reaching perfect classification for certain cities). Our results also show that for cities
with a high volume of check-in data, the prediction accuracy is relatively unaffected even under shorter
observation periods.

Overall, we provide compelling new evidence of the power of combining venue-specific, location-related
and mobility-based features in predicting the likely demise of retail/F&B establishments across different cities,
despite lacking visibility over other factors (e.g., management quality, reviews, and broader economic trends)
that plausibly influence such business outcomes.

2 OUR APPROACH AT A GLANCE

The motivation for our work is to build a predictive model for venue closure. To this end, we first identify a
set of candidate features (Section 4), pose the problem of predicting closure as a binary classification task, and
report our findings in Section 5. In this section, we formalise the key questions we answer in this work, introduce
notations used throughout the work, and define what constitutes closure.

Using a combination of LBSN and transport data, we seek answers for the following questions:

(1) Can metrics of the locality profile, visitation patterns, and mobility dynamics of a retail business be used as
predictors its success or failure?

(2) Do factors that attribute to business failure vary by city, or geographies?

(3) Is failure similar for new and established businesses?

2.1 Notation

We consider the set V of venues in a city. A venue V; 2 V is represented with a tuple < loc; date; fen;spec >
where l0C is the geographic location of the venue, date is its creation date, fign is its general category, and Spec is
its specific category (see Section 3.1). Further, we define a venue’s neighbourhood, N;, as the set of venues that are
located within a given radius; we set this distance to 500m as prior work [10] has shown that a venue’s operation
is affected primarily by conditions within this radial distance. Formally, we define the neighbourhood as:

N; = fv; 2 V :dist,vi;v;” < Dg (1)

where dist,vi;V;” represents the distance between vj and vj and D = 500. We also define a venue’s competitive
neighbourhood, CN;  Nj, as the subset of venues that belong to the same general category, fign, as the venue.
Similarly, we define the specific competitive neighbourhood, SN;  CN;, as the subset of venues that share
the same specific category, spec, within the radius D. Further, we define established venues as those that
have existed for longer than a year and new venues as those that have existed for less than one year. Later in
Section 5.5, we use this distinction to examine the impact of a venue’s age on prediction accuracy.

The administrative zone (e.g., Census tract, subzone, ward, etc.) a venue belongs to is referred to as the venue’s
locality, throughout this work. Acronyms used throughout the text are listed in Table 1.

2.2 Defining Closure

For this work, we classify venues as either opened or closed. Prior research on Foursquare data has shown that
venues added after June 2011 were highly likely (probability above 0.8) to actually be new venues opening rather
than existing venues being added to the system for the first time [10]. To uncover venues that are at risk of
closure, we look at check-in metrics between June 2011 - December 2013. For a given month, we define Cy,V;" as
the total number of check-ins to venue V; in that month. Similar to prior work (Wang et al. [33]), we consider
a significant decline in check-in volume as a sign of impending failure. We define a venue, Vi, as closed when
RemainsOpen,V;” = 0. The formal definition is as follows:
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Fig. 1. Definition of virtual past and future data used in this work. We use a fixed Prediction Date (PD) across all venues and
answer the questionwhich of these venues will close during the prediction p&AbpP D+ 642 using features computed over
'PD 6;,PDY%

(

iT 1.0 I'T 1.0
RemainsOpéw;° = 0 if 2P <K meartyon S2fE <N
0=

1; otherwise

@)

wheremearniv; ° represents the mean number of check-ins for verwerior to June 2013 (starting from its rst
presence in Foursquard),= 5 represents the 6 month window, and = 6, denoting an average of less than one
check-in per month for the venue; . In other words, we de ne a venue to be closed if it has less than an average

of one check-in per month, for 6 months, and if this average represents a signi cant decline in demand for this
venue. We examine the validity of this de nition of closure in Section 3.2 where we show it is consistent with
ground truth. We experimentally determined the value firby varying this scaling factor incrementally from

0.15 to 0.30 which resulted in minimal variations in the percentage of closed labels. For London, the percentage of
new venues that closed was 6.1% whér 0:15and 6.7% wheK = 0:30. Across all ten cities, our closed labels
marginally by an average of 7%. As such, we experimentally converged ko= 0:25 as this was the optimal

value for our analysis.

2.3 Operationalising the Venue Survival Problem

As previously described, we focus on predicting whether a venue is likely to survive the next six months. We
de ne the prediction date" (PD) as the xed date of July 1, 2013 across all venues. We refrain from deciding on a
prediction date per venue (based on factors such as age or actual date of failure) as seen in prio8jauk fo
practical limitations in acquiring such information (see Section 3). Using the rst Foursquare check-in as a proxy
for activity, we de ne a starting date (SD) for each venue. For each venue, the p&aBP D/sthe time from

the venue's opening until the prediction date, is considered as the past data and the p&i@& D+ 6monthd/
(July'13 to Dec'13) is considered thigtual future data. This 6 month period is used in Equation 2 to label whether

a venue has closed. We depict this in Figure 1. The features used in this work (described later in Section 4) are all
based on data pertaining to an observation window which is uniform across all venues regardless of their SD. In
this work, we consider an observation window of 6 months which immediately precedes the prediction date, i.e.,
IPD 6monthsPD/{Jan'13 to June'l3), and also investigate the sensitivity of our results to shorter observation
periods. All venues considered in this work were operational by the commencement of the observation window.

Table 1. Acronyms used throughout the text.

Acronym Detail Acronym Detail

F&B Food and Beverage SD Starting Date

LBSN Location based Social Network PD Prediction Date

AUC Area under the (ROC) curve RelLU Recti ed Linear Units

ROC Receiver Operating Characteristic SELU Scaled Exponential Linear Units
FS Foursquare CBD Central Business District
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Table 2. Summary of city statistics. For each city, we report the total number of transitions, the number of established
venues, the number of new venues, the percentage of established venues that closed, and the percentage of new venues
that closed. Venues defined aswand establishedhad been open for less or more than one year respectively (described in
Section 2.1). Venue closure was defined using Equation ZReeainsOpéw; ° = 0).

City Check-ins Established Venues New Venues % Established, Closed % New, Closed
Chicago 10,600,106 8,726 556 7.3 6.5
Helsinki 4,400,044 3,359 272 5.0 5.5
Jakarta 5,200,052 7,135 540 12.6 3.3
London 4,000,040 6,633 399 2.8 6.5

Los Angeles 3,300,033 5,652 263 6.1 2.7
New York 13,700,137 14,733 1048 8.5 7.4
Paris 3,600,036 4,653 189 5.1 6.3
San Francisco 4,100,041 5,407 336 5.4 6.0
Singapore 12,800,128 14,193 552 23.7 3.4
Tokyo 12,600,126 12,385 551 4.4 2.0

3 MOBILTIY DATASETS
3.1 Dataset Description

We make use of two types of data for this work: one sourced from a location intelligence platform (Foursquare)
on a multitude of cities across the world, and the other obtained from transportation authorities in two major
cities.

Foursquare Data: Within the last decade, online Location-based Social Networks (LBSNs) have experienced
a surge in popularity, attracting millions of users around the world. These LBSNs have created troves of data
which describe, at a ne spatiotemporal granularity, the geographic position of users as they move in urban areas.
Foursquare enables users to check in to di erent locations and share that information with their friend group. As
of August 2015, Foursquare had more than 50 million active users and more than 10 billion check-ins [32].

In this work, we use a longitudinal dataset from multiple cities around the world, that spans three years and
over 75 million check-ins. Table 2 includes the summary of statistics of the 10 cities we consider in this work for
the sensitivity analysis in Section 5.5, we also enumerate the count of new vs. established venues. For each
venue, we have the following information: geographic coordinates, speci ¢c and general category which fall
within Foursquare's API of hierarchical categoriésand the creation date. Additionally, the dataset also contains
time-stamped check-ins captured in the formwénsitions A transition is de ned as a pair of check-ins by an
anonymous user to two di erent venues within the span of three hours and is identi ed by a start time, end time,
source venue, and destination venue. In Figure 2 we provide a visualisation of the spatial distribution of venues
in two cities, New York City and Singapore, that we label as closed and open according to Eq. 2 and the timeline
described in Section 2.3.

Transport Data : We rely on two transport datasets, one from New York City and the other from the city-state
Singapore, that help us in understanding the movement dynamics and local catchmétaiitieswithin the city.

From New York City (limited to the Manhattan Borough), we obtain time-stamped records of dropo s and
pickups by yellow taxis for the period of January 2013 - December 2013 (which overlaps partially with the
check-ins dataset), made available publicly by the New York City Taxi and Limousine Commis&aoh record
contains the GPS coordinates of the pickup and dropo points and the corresponding timestamps. We aggregate

2https://developer.foursquare.com/categorytree
Shttp://www.nyc.gov/html/tic/html/about/trip_record_data.shtml

Proc. ACM Interact. Mob. Wearable Ubiguitous Technol., Vol. 2, No. 3, Article 100. Publication date: September 2018.



100:6 © K. D'Silva et al.

the pickup and dropo points to Census tract§ where a tract typically houses at most 16,000 residénts the

case of Singapore, we use data from a major taxicab company consisting of all trips occurring between November
2011 through January 2012 whose pickup and dropo points we map to subzondsch are administrative
boundaries. Table 3 summarises key statistics of these datasets.

Table 3. Summary of taxi datasets used in the analysis.

City Spatial Aggre- Total Observation
gation Trips Period
NYC 288 Census 143 mil- Jan 2013 - Dec
Tracts lion 2013
SG 323 subzones 38 millionNov 2011 - Jan
2012

Fig. 2. Spatial distribution of venues in New York City
(le ) and Singapore (right). Blue represents open" and
red represents closed", as defined by Eq. 2.

3.2 Venue Closure

As mentioned previously, it is empirically hard to get the "ground truth' of the closure of retail establishments
across cities. In contrast to business openings, which are often advertised and announced on social media, venue
closings often happen without fanfare. Moreover, F&B establishments sometimes exhibit virtual closure -a
speci ¢ venue can simply re-brand itself (e.g., from a co ee shop to a restaurant/lounge), without actually
changing owners.

Given such phenomena and due to the fact that the check-ins dataset exists only until the end of 2013, we
retrieve additional venue related data using the public Foursquare Venue BPRo [understand how credible
the closure labels that we de ne are. This additional data retrieved consists of longitudinal observations of
time-stamped, publicly shared activities at each of these F&B venues as at the query date (i.e., May 2018); these
activities consisted dfips, public notes or short reviews users can share about a venue, and photo posts from
visitors. This allows us to observe the activity at a venue beyond our prediction window gnacty the lifetime of
the venues considered. We provide the survival plots of the 10 cities considered in this work in Figure 3 for F&B
venues that started operation after June 2011. We use the Kaplan-Meier estimé}oo estimate the survival
function where the time to event is the time for which a venue remained active (based on tips and photos) beyond
the prediction window (i.e, Dec'13). The axis represents the 53 month-timeline between Jan-14 till May'18
where the black line represents the time till last activity arosuré for venues labelled as closed" and the
red dashed line represents the guaranteed time aliveoperi for venues labelled as open". We see that less
than 10% of restaurants (across NYC, Singapore and London), supposedly open during June-Dec'13, may be
mislabelled, as they see no activity over the next 4 years. Conversely, approx. 50% (Singapore), 70% (NYC) and
65% (London) of restaurants, supposedly closed by Jan'14, cease all activity in the subsequent 2 years. On the
other hand, approx. 60% of restaurants in Singapore that we labeled as open" remained active beyond 2 years
since the prediction period. This analysis lends credence to the reliability of our failure" labelling process (i.e.,
the use of Equation 2), but also illustrates the challenge of perfect labelling. Later in Section 5.6 we describe

4http://maps.nyc.gov/census/
Shttps://data.cityofnewyork.us/City-Government/2010-N YC-Population-by-Census-Tracts/si4g-zuzm
Shttps://data.gov.sg/dataset/master-plan-2014-subzone-boundary-web
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