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1 Introduction

The Service, Retail Trade, and Health sectors are customer-facing industries that ac-
count for about one-third of U.S. employment and contribute more value added to
GDP than manufacturing.! However, demand shocks in these sectors are challenging
to measure because output only occurs when a customer arrives at an establishment.
Detailed establishment-level data is available for the manufacturing sector, allowing
researchers to analyze shocks related to input costs or technology that affect produc-
tivity. In contrast, productivity in consumer-facing establishments is driven primarily
by the arrival of consumers, which effectively functions as the establishment’s produc-
tivity process. In other words, a haircut can only occur if a customer with hair arrives
at the barbershop, regardless of the availability of combs and skilled hairdressers.
To fill this gap, we introduce a novel approach that utilizes high-frequency foot-traffic
data to quantify demand shocks within customer-facing sectors across New York City.

We use a newly available mobile-location dataset that associates foot traffic with a
particular establishment at a monthly frequency, enabling well-measured estimates of
demand at a level of granularity that was not previously feasible. By observing cus-
tomer arrivals and their characteristics, we uncover the residual component of foot-
traffic patterns, which we interpret as establishment-level demand shocks. Because
the volatility of these shocks differs across establishments, we use k-means cluster-
ing to group establishments and estimate shock processes separately for each cluster.
Understanding these demand shocks helps establishments adapt strategies, mitigate
risks, adjust inputs, and make informed investment decisions. We focus on the pe-
riod 2018-2019 in order to establish a pre-pandemic baseline for natural variation in
demand—something not explored in the existing literature.

Our analysis shows that demand dynamics in customer-facing industries are fun-
damentally heterogeneous: establishments differ systematically in the persistence,
volatility, and growth patterns of their demand processes. These differences cannot be
explained by sector, geography, or brand-level strategies. Instead, establishments fall
into three economically meaningful demand processes—Fast-Growing, Low-Traffic,
and High-Traffic—each implying different volatility profiles and long-run growth prospects.
This heterogeneity contrasts to the standard assumption in heterogeneous-firm mod-
els that all firms draw shocks from a single stochastic process, an assumption that
would obscure these differences and misrepresent the underlying distribution of shocks.
As models with heterogeneous firms become increasingly dynamic—including ap-
plications to investment, firm growth, productivity dispersion, and business-cycle
fluctuations—the dynamic process of shocks faced by such firms becomes increas-
ingly important. The stochastic process governing firm-level shocks plays a central
role in determining which establishments are marginal. Our empirical results there-
fore, provide guidance for calibrating models in which policy responses depend on
the distribution of firm-level shocks and on the identity of marginal establishments.

To estimate these processes, we use the Places dataset from SafeGraph, which
includes detailed foot-traffic data for over 3 million establishments, referred to as
“points-of-interest (POls),” such as retail stores, restaurants, and healthcare facilities,
with high spatial and temporal precision. Since SafeGraph tracks the movement of

'We use GDP data and employment statistics by sectors from FRED. In this paper, we only consider three
customer-facing sectors: Retail Trade (NAICS 44,45), Health (NAICS 62), and Service (NAICS 71,72,81).


https://fred.stlouisfed.org/release/tables?rid=331&eid=211
https://fred.stlouisfed.org/release/tables?rid=50&eid=4881

individuals over time via cellphone location data, we construct a large-scale panel of
store visit patterns. While entirely anonymous, the data provides exceptionally de-
tailed information on the number of visits and number of unique visitors to each es-
tablishment, along with business attributes (brand, category, NAICS) and geographic
identifiers.

An essential aspect of our study is the focus on branded establishments, which allows
us to separate random variation in demand from endogenous marketing or product
decisions. SafeGraph defines a brand as a “store with multiple locations that share
the same logo or store banner.” This includes firms that own all their establishments
(e.g., Macy’s), franchises (e.g., McDonald’s), and licensees (e.g., Starbucks). For these
firms, product offerings and marketing strategies are typically centrally determined,
enabling us to isolate exogenous demand shocks from firm-level strategy.

Our primary technical contribution is to adjust the SafeGraph data to correct sam-
pling biases across locations and time. While SafeGraph provides state-level normal-
ization variables, these are insufficient for smaller geographic markets such as bor-
oughs. By linking the data to the American Community Survey, we construct a time-
series census-block-group-level adjustment factor for each borough and additionally
create time-specific adjustment factors to correct for biases in time trends.

From there, our empirical analysis is guided by a theoretical framework that sep-
arates establishment-level foot-traffic changes attributable to firm-level strategic ad-
justments, enabling us to estimate demand processes using high-frequency panel data.
We examine both year-over-year growth and monthly volatility in the number of vis-
itors for each establishment. A striking observation is the large variation across estab-
lishments in within-year growth, especially among high-growth establishments, but
also among establishments with nearly zero average growth.

To systematically address this cross-establishment variation, we employ k-means
clustering. We cluster branded establishments into three groups based on average
yearly growth, monthly volatility, and average monthly foot traffic. The first group
(“Fast-Growing”) exhibits high growth and high volatility. The remaining groups
(“High-Traffic” and “Low-Traffic”) are distinguished primarily by their traffic levels.

For each cluster we estimate an AR(1) process for year-over-year demand growth,
incorporating moving-average error components. High-traffic establishments follow
highly persistent, low-variance processes; low-traffic establishments exhibit low per-
sistence and large innovation variance; and fast-growing establishments fall in be-
tween. Pooling all establishments overstates both persistence and variance, confound-
ing structural differences in establishment types with stochastic fluctuations.

Importantly, these differences are not explained by borough or sector composition.
Each cluster appears across boroughs and sectors in similar proportions. The hetero-
geneity in demand dynamics therefore reflects establishment-level differences rather
than structural differences across industries or locations.

This paper is relevant to researchers who use demand shocks as essential inputs in
models of firm dynamics, market structure, and aggregate fluctuations. Our granular,
high-frequency measurement of establishment-level demand shocks provides a foun-
dation for calibrating models that depend on realistic representations of heterogeneity
in firm-level demand processes.



1.1 Literature Review

This paper contributes to the literature seeking to understand the nature and dynam-
ics of demand shocks affecting firms. For instance, Sterk et al. (2021) provide key
insights into heterogeneity in the demand process across establishment size. How-
ever, while size is often correlated with demand or productivity, it is a less direct mea-
sure of the underlying shock, as it reflects firms” endogenous responses to changing
demand conditions. Much of the early literature on firm- or establishment-level de-
mand focused on manufacturing, as reviewed in Syverson (2011). Yet, manufacturing
accounts for only about 11% of U.S. value added, and the nature of its shocks likely
differs from those in retail and service industries, which is the focus of our analysis.

With the advent of new datasets, such as the Longitudinal Business Database
(LBD) and ORBIS, researchers have expanded the scope of firm-level revenue anal-
ysis beyond manufacturing, as shown by Haltiwanger et al. (2016). However, these
sources rely primarily on annual data, which may miss high-frequency changes in de-
mand and are typically released with substantial delays. In contrast, the SafeGraph
dataset used in this paper provides near real-time, high-frequency observations, en-
abling a more granular understanding of demand dynamics.? A growing body of re-
search uses location-based data to analyze mobility patterns around establishments,
such as Liang et al. (2020). However, these papers remain descriptive, focusing pri-
marily on the arrival patterns. This paper advances that literature by developing a
theoretical framework for the demand process and estimating it empirically using
high-frequency foot-traffic data.

Our paper is closely related to two recent studies investigating the heterogene-
ity in firm-level shocks processes. Jaimovich et al. (2023) analyze historical ORBIS
data from European countries at an annual frequency, non-parametrically studying
firm revenue dynamics and finding significant heterogeneity and variability in shock
persistence. Similarly, Melcangi and Sarpietro (2024) study publicly listed U.S. manu-
facturing firms using Compustat annual sales data and find that smaller firms experi-
ence the lowest persistence when their sales are hit by shocks. Complementing these
studies, we also identify heterogeneity in shock processes but focus on foot traffic of
branded firms in the U.S. within customer-facing sectors rather than revenues. Foot
traffic is one step closer to the primitive of a demand shock, capturing the primary
driver in customer-facing sectors, while avoiding distortions from pricing, market-
ing strategies or adjustments to inputs. Moreover, by leveraging granular, location-
specific data, our analysis aligns more closely with theoretical models of customer-
facing industries.

The process we measure, the arrival of customers at consumer-facing establish-
ments, has been emphasized theoretically but remains empirically underexplored.
Specifically, in frictional goods market models, customer arrivals are the key driver
of productivity fluctuations, as production in many consumer-facing sectors depends

2The COVID-19 pandemic has intensified research using SafeGraph data. Farboodi et al. (2021) use
anonymized cellphone data to estimate voluntary social distancing. Goldfarb and Tucker (2020) examine
foot-traffic patterns across retail establishments to assess potential COVID-19 transmission risk. Goolsbee
and Syverson (2021) investigate the impact of government-imposed restrictions and individual precaution-
ary behavior on economic activity during the COVID-19 pandemic. Cronin and Evans (2020) leverage Safe-
Graph mobility data to analyze how public restrictions and fear during the COVID-19 pandemic generated
heterogeneous demand shocks across retail and service sectors.



on the physical presence of buyers. In these papers, changes in customer arrival serve
as a fundamental driving force behind business fluctuations, as shown by Kaplan and
Menzio (2016) and Storesletten et al. (2011), amplify other frictions, as in Petrosky-
Nadeau and Wasmer (2015), and play a central role in firm dynamics, as demonstrated
by Gourio and Rudanko (2014). However, the arrival process itself has remained la-
tent in the data. One of our main contributions is to empirically characterize this
process from fundamentals, providing the missing link between theoretical models of
customer arrivals and establishment-level evidence.

2 Data Description

The establishment-level foot-traffic data used in this study comes from SafeGraph, a
private company that aggregates foot-traffic patterns for 5 million businesses and or-
ganizations, including 5,500 retail chains and 3 million small businesses.? SafeGraph
collects GPS location data by continuously pinging roughly 18 million smartphones
each day through partnered mobile applications. The resulting dataset tracks move-
ments of individuals between their home Census Block Groups (CBGs) and specific
Points of Interest (POls). In this paper, we use establishment and POI interchangeably.
The CBGs are geographical areas that contain a population of about 1,200 individu-
als. Examples of POIs are retail chains, mom-and-pop businesses, and other public
and private establishments, such as religious organizations, schools, and hospitals.
Whereas the SafeGraph dataset covers many cities in the United States, the data is
most reliable in densely populated areas. Therefore, we restrict attention to three bor-
oughs of New York in our analysis: Manhattan, Brooklyn, and the Bronx.

2.1 SafeGraph Data

We use three components of SafeGraph data in this paper. The Core Places dataset,
which provides establishment-level characteristics for each point of interest (POI), in-
cluding its location, name, six-digit NAICS code, ZIP code, business category, brand,
and a unique POl identifier. These fixed attributes allow us to classify establishments
by business type and geographic area. To capture the spatial distribution of con-
sumers, we use the Home Panel Summary from the Neighborhood Patterns dataset, which
includes the information about the number of devices residing in each CBG, the most
granular level of the US Census Bureau reports data on. Finally, we use the Place Pat-
terns dataset, which reports monthly foot-traffic flows between CBGs and POlIs from
January 2018 through December 2019. This dataset allows us to trace the origin CBGs
of visitors to each establishment over time.

The SafeGraph data are valuable not only because they provide a detailed and
high-frequency measure of customer visits to consumer-facing establishments, but
also because they can be merged with other public datasets. In this study, we com-
bine SafeGraph with 2019 CBG-level population data from the American Community
Survey (ACS) to correct for sampling bias in the raw foot-traffic measures. The ad-
justment procedure is described in detail in Section 2.2.1.

3The data are accessed via Dewey through Advan.



2.1.1 An Example: NoMad Starbucks

To illustrate the granularity of SafeGraph data, we examine a specific point of interest
(POI): a Starbucks in the NoMad neighborhood of Manhattan. In Figure 1, the dark
green lines outline local census block groups (CBGs), our primary geographic units of
analysis. The lighter blue boundary marks the CBG containing the Starbucks location.

f NS i

Note: Location of a Starbucks in the NoMad area, based on SafeGraph data. The blue square marks its
census block group (CBG).

Figure 1: Starbucks Location in NoMad, Manhattan

Throughout the paper, our primary variable of interest is the year-over-year (YoY)
change in visitor counts, which helps control for fixed effects and seasonality.* Figure
2 plots the year-over-year (YoY) foot-traffic growth for the NoMad Starbucks along-
side eight other branded establishments in the Snack and Nonalcoholic Beverage Bars
industry (NAICS 722515) located in the same CBG, including several coffee shops near
Madison Square Park. The NoMad Starbucks experiences a negative YoY change in
foot traffic, which is slightly lower than other similar branded establishments nearby.
Its growth is also notably more volatile, suggesting substantial idiosyncratic variation.
More broadly, we also find substantial cross-sectional dispersion in foot-traffic trends
among similar stores within the same geographic area, with increases and decreases
of about 50% not uncommon.

2.2 Creating the Branded Sample

This section describes the adjustments made to correct for sampling bias and outlines
the sample selection process. We also explain how we identify the branded sample.

4To further correct for location-specific and time-varying biases, we construct an adjusted visitor mea-
sure, detailed in Section 2.2.1.
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Note: Year-over-year (YoY) foot-traffic growth for the NoMad Starbucks compared to other coffee shops in
the same CBG, based on SafeGraph data. The gray solid line shows the NoMad Starbucks’s trend. The
dashed line shows the average, and blue dotted lines indicate the 10th and 90th percentiles of YOY growth
rate for other shops.

Figure 2: YoY foot-traffic Growth: NoMad Starbucks vs. Nearby Coffee Shops

2.21 Sampling Bias

SafeGraph began collecting foot-traffic data in January 2018, progressively expand-
ing coverage by geography, POIs, and the number of tracked mobile devices. This
expansion was not representative, introducing two biases: (1) location-specific cross-
sectional bias and (2) artificial time-series trends. These distortions appear in the raw
foot-traffic data as strong upward trends unrelated to actual economic activity, with
patterns varying by borough (Appendix A.1, Figure A12).

SafeGraph provides normalization tools, but only at coarse geographic levels (e.g.,
state), limiting their usefulness for our granular analysis. We therefore implement our
own corrections to address both biases using the American Community Survey (ACS)
as a benchmark for representativeness over space and time.

For location-specific bias, SafeGraph assigns each mobile device to an inferred
home census block group (CBG). We re-weight CBG-level counts to match ACS pop-
ulation distributions, improving spatial representativeness. For time-series bias, we
normalize monthly visitor counts relative to a long-run average, producing a metric
that removes artificial upward trends. We refer to this corrected measure as “adjusted
toot traffic”. All subsequent analysis uses this adjusted series, referred to simply as
“foot traffic.” Details are provided in Appendix A.2.



2.2.2 Sample Selection

We use foot-traffic data from retail, service, and health establishments in Manhattan,
Brooklyn, and the Bronx.? To ensure data reliability, we exclude establishments with
fewer than 10 monthly visitors, extreme fluctuations (e.g., a >300% monthly increase
followed by a reversal), and those in the top 1% of YoY growth. Establishments with
fewer than two months of data are also dropped, as growth cannot be computed. Ta-
ble B4 in Appendix B summarizes the sample selection process and its effect on sam-
ple size. Our initial sample includes roughly 1.5 million observations across 71,000
establishments. About 20% of establishments are removed due to data quality filters,
and an additional 20% are excluded based on industry selection. After these exclu-
sions, we obtain an unbalanced panel of about 1 million valid establishment-month
observations from January 2018 to December 2019, covering over 44,000 unique estab-
lishments. We refer to this dataset as the “full sample,” which is used in robustness
checks.

For our main analysis, we further restrict the sample to establishments with brand
information. The term “brand” actually includes a number of corporate structures
and franchise arrangements, which we break down in Appendix C. We focus on
branded establishments because they operate under centralized strategies—such as
standardized pricing, marketing, and product offerings—which help isolate demand
shocks from firm-specific endogenous factors. This refinement yields a branded sam-
ple of 5,924 establishments and 137,512 observations.®

2.3 Main Characteristics of the Branded Sample

Table 1 reports summary statistics for adjusted foot traffic per establishment across
years, locations, and sectors in the branded sample.

Establishment Information (POIs). The first column of Table 1 reports the num-
ber of unique POIs. Over half of the branded sample (3,314 of 5,924) are located in
Manhattan, 28% in Brooklyn, and the remainder in the Bronx. Service-sector estab-
lishments comprise 53% of the sample, retail accounts for 44%, and health establish-
ments just 3%. Restaurants and eating places dominate the sample, consistent with
our focus on sectors where production is recorded as revenue only upon an in-person
customer visit. Most establishments are corporate-owned or franchised, with limited
discretion over pricing and advertising decisions that could endogenously influence
foot traffic. Detailed establishment compositions are provided in Appendix C.1.

Foot Traffic in the Branded Sample. Table 1 reports average monthly foot traffic
and its dispersion across POIs. On average, each branded establishment receives 272

5We include establishments with NAICS codes 44-45, 71, 72, 81, and 62. In the service sector, we exclude
the Museums, Historical Sites, and Similar Institutions (3-digit NAICS code 712), and Religious, Grantmaking,
Civic, Professional, and Similar Organizations (3-digit NAICS code 813).

®An establishment is classified as branded if its brand information is reported in the dataset and the
corresponding brand appears in at least two establishments. Branded establishments represent about 8.3%
of the full sample but account for nearly a quarter of total foot traffic. Appendix D shows that the branded
sample retains many of the key characteristics of the full dataset.



#0of POIs Mean FT St. Dev. FT

Overall 5,924 272 381
By Year
2018 5,924 271 377
2019 5,924 273 389
By Borough
Manhattan 3,314 271 413
Brooklyn 1,679 265 362
Bronx 931 290 282
By Sector
Retail 2,608 240 364
Service 3,128 310 398
Health 188 86 126

Note: FT stands for the monthly adjusted foot traffic per establishment.

Table 1: Summary Statistics of Monthly Adjusted Foot Traffic

unique visitors per month, with considerable variation (standard deviation 381). This
variation is skewed by a small number of establishments attracting exceptionally high
foot traffic, creating a long right tail in the distribution (see Figure C18 in Appendix
C.1). Geographically, establishments in Manhattan and the Bronx attract more visitors
than those in Brooklyn. As anticipated, establishments in the service sector attract
significantly higher visitor counts per store, and the average foot traffic in the health
sector is the lowest. Average foot traffic remains stable between 2018 and 2019, both
in level and dispersion (Figure C17, Appendix C.1). Although the branded sample is
not randomly selected, Appendix D shows that its traffic characteristics closely mirror
those of the full sample.

3 Towards Demand Shocks: Foot-Traffic Growth

In this section, we then analyze the dynamics of foot-traffic growth, a key indicator
of demand shocks. Foot-traffic growth is particularly informative for customer-facing
establishments because it directly reflects consumer arrival patterns while avoiding
distortions from firm-level factors such as pricing strategies and promotions that af-
fect revenues. Using our branded sample, which provides high spatial and temporal
resolution, we examine year-over-year (YoY) variations and monthly volatility in foot
traffic across establishments, highlighting its relevance as a foundation for measuring
demand dynamics. The year-over-year growth rate of foot traffic for establishment i
at time f is defined as:
Ay = dip — di,t712/
' di-12

where d; ; denotes the monthly foot traffic count for establishment 7 at time ¢.

The left panel of Figure 3 depicts the distribution of establishments by annual foot-
traffic growth from 2018 to 2019 across establishments, which is positively skewed.
The quick tapering on the left tail likely reflects sample selection, as the branded es-
tablishments in our sample are generally not those experiencing rapid decline.

The right panel of Figure 3 plots the within-year standard deviation of foot traffic
conditional on the average growth rate. The nadir corresponds to the modal growth

9
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Figure 3: Heterogeneity in Growth Patterns

rate, where foot traffic is relatively stable. However, even at this point, monthly
volatility exceeds 30%. Establishments experiencing either growth or shrinking foot
traffic exhibit considerably higher volatility than those near the nadir. These findings
suggest that changes in demand are far from smooth: even when annual foot traffic
nearly doubles, monthly changes remain highly uneven.

3.1 Spatial Heterogeneity in Foot-Traffic Growth

Similar to Figure 3, Figure 4 illustrates the distribution of POIs by average annual
growth rate (left panel) and the relationship between growth rate and monthly volatil-
ity (right panel). The left panel shows positively skewed distributions across all bor-
oughs, with the Bronx exhibiting the lowest kurtosis. Brooklyn has a higher share of
establishments with strong year-over-year growth, whereas Manhattan has more non-
growing establishments. These patterns are consistent with the summary statistics in
Table C.3 of Appendix C.2. The right panel indicates that both shrinking and rapidly
growing establishments experience higher monthly volatility in all boroughs. More-
over, Manhattan consistently displays greater volatility than the other boroughs, even
for POIs with similar annual growth rates. These findings highlight the heterogeneity
in foot-traffic pattern across locations.

3.2 Sectoral Heterogeneity in Foot-Traffic Growth

The left panel of Figure 5 shows positively skewed distributions of POIs by average
annual growth rates across all sectors. A larger share of POIs in the service sector ex-
perience near-zero average growth in foot traffic over two years compared to the other
sectors. The right panel reveals that monthly volatility for service-sector establish-
ments is generally lower than for establishments in the other two sectors, regardless
of whether foot traffic is growing or shrinking over the two-year period. In contrast,
a higher proportion of health-sector establishments exhibit positive average annual
growth rates, though their growth patterns display substantial fluctuations. Over-
all, these patterns indicate considerable heterogeneity in foot-traffic arrival dynamics

10
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across sectors. We discuss how these dynamics can be inferred and incorporated into
demand shock estimation in the next section.
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Figure 5: Heterogeneity in Growth Patterns (By Sectors)

4 A Model to Facilitate Estimation of Demand Dy-
namics

The ability to track year-over-year growth in foot traffic across establishments using
this newly constructed panel data provides a novel perspective on business dynam-
ics. This granular data reveals substantial monthly volatility in customer visits within
individual establishments, highlighting the randomness of consumer behavior. These
fluctuations are not mere noise; they stem from a combination of unpredictable de-
mand shocks and firm-level decisions aimed at driving traffic. In customer-facing
sectors such as retail, restaurants, and entertainment, demand for goods and services
is closely linked to physical customer presence, making foot traffic a valuable proxy

11



for demand dynamics. However, foot traffic is not itself the fundamental process, it
reflects both exogenous demand shocks and endogenous firm decisions.

This section establishes a framework to understand the relationship between foot
traffic and actual demand for services at the establishment level. This model ac-
counts for firm-level decisions, such as advertising campaigns that can drive increased
traffic across all establishments within a firm. Simultaneously, it acknowledges the
establishment-specific demand shocks, such as local events, weather patterns, or changes
in the competitive landscape, which can cause significant variations in foot traffic at
individual locations. This model is an intentionally parsimonious tool for isolating
these establishment-level demand shocks from firms” endogenous choices so as to be
consistent with other models of service-sector firms for which these shocks can serve
as an input.

4.1 Firm-Level Advertising Choice Facing A Dynamic Demand
Process

Firms are indexed j and establishments indexed i, with each establishment having a
size denoted by y;. The set of establishments belonging to firm j is J;. These estab-
lishments operate in different markets, indexed by m. To set concepts, we can use
our earlier Starbucks example where the establishment i is the Starbucks in NoMad,
j refers to the Starbucks brand and m is the set of other Starbucks locations operating
in different markets.

Each firm chooses a level of marketing effort, denoted by s, and incurs a cost «(s).
After the firm chooses its marketing level, each establishment experiences a random
shock, z;, affecting customer arrivals. While the unconditional expectation of these
shocks is similar across a given market (E|z;] = Z,, Vi), they follow a conditional pro-
cess. Each establishment experiences a heterogeneous trend in log customer arrivals:

logz;; = pilogzis—1 4+ (1 —pi)ni x t + iy,

where p; captures the persistence of the shock, {; ; is an establishment-specific innova-
tion.” 7; captures establishment-level trends in growth, as in those caused by manage-
rial quality. For instance, if a manager is systematically better at utilizing the firm’s
resources and managing their personnel or if this location is particularly good.®

The number of customers arriving at an establishment is a function of marketing
effort and the random shock, d(s it z; ). Importantly, establishments cannot sell more
than the number of arriving customers, so their output is dictated by d(). These ad-
vertising efforts are the way in which traffic is endogenous and captures anything
from signage to special promotions that draw in consumers. In our Starbucks exam-
ple, this can be an A-frame sign on the sidewalk given to the establishment by the
firm or seasonal drinks and their associated advertising.

Aside from their advertising ability, s;;, firms and establishments are essentially
price-takers and they face an infinitely elastic supply of labor and other inputs. This

"Notice that the AR(1) assumption is somewhat simpler than the data will want. We could enrich this
underlying shock process to be more in-line with the MA specification suggested by the data which will
just add terms to the algebra below.

8We put all decision making in the hands of the firm below, when they choose advertising. This is a
simplification and other franchise-like models might have more establishment effects that we embed in #;.

12



means that in each market, this is a per-unit profit of 7, which is assumed to be
positive. These markets are defined quite narrowly here as both the market in which
firms sell, and the market in which firms acquire inputs, essentially both a location
and a fine industry code.

The firm aims to maximize its expected profit by choosing the optimal marketing
level, considering sales, costs, and random shocks. Its optimization problem is:

msaxE Z d(s,zi¢) Tomemi — x(s) Zit-licy,
i€
We then specialize the model and assume some functional forms to make our re-
sults more implementable. First, foot traffic is multiplicative, d(s, z) = sz, and adver-
tising has a quadratic cost x(s) = %s?. This makes the firm’s first-order condition,
which sets advertising

7Tm,t
Ko

s=E Z Zi tli
ieJ;

{Zi,t—l}iej/

This means that advertising choice is linear in the firm’s expectation of the average
establishment shock z;. Putting that back into our foot-traffic function, we get:

TCm, ¢

’

Ko

d(sjt zit) = zitE Z Zk,t Kk
keJ,

{Zk,t—l}iejj

This form presents a multiplicative relationship between the establishment-level shock

zi 1, firm-level choices, E [Zke J; 2k thk

{zkt-1}ie ‘7]} , and the potential profits they can

make, as given to them by the market, ~.
0

4.2 From Model to Specification

To use our model to inform our view of the data, we convert the first-order condition
into an easily implementable regression format. First, we take logs and get

logd(sjs, zit) = logzis +log | E | Y zepx
=X/

TUn
(zratics +log( ) 1)

Ko

Define d;; = logd(sjs, zis), 2y = logziy, Sjy = log (E [Zkejj Zk t Mk {Zk,tl}iejj])
TUm, t

and the market effects 9,,,; = log T In general, the market effects, 9,,;, will have

periodicity, or seasonality. If we assume that they take the form of
Omp = Om + Ot + Ampt,

and Ay: = Ayi—12 where Ay is the seasonal factor and 9; is the month-specific
innovation and 9,, the market fixed effect. So here we have assumed to be log-
complementary between aggregate time-effects and fixed-market effects.
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We now derive the estimating equation from the model. To remove periodicity
and fixed market effects, we difference over a 12-month horizon:

ANip=diy—dip 12=2iy —Zip-12+Sj — Sjt-12+ Omt — Omi—12- (2)

As a first step, we estimate the following regression to obtain the residual compo-

nent Ai,ﬁ
Ajy = log <dlt) = uj+ v + i + A 3)
dit—12

Here, v; denotes the year-over-year change in the market-time fixed effect, 0, —
Om,t—12 = Ot — Op—12.The brand-specific time effect, §;; is the year-over-year difference
S]t S]t 12 capturing brand-level advertising decisions. The establishment fixed ef-
fect, u; = 1; x 12 reflects trend growth in the z; ; process described above.

Returning to the process for the underlying demand shock, we model year-over-
year growth in Z;; as:

Z.

log <”) = p;log ( i1 > + (1 —pi)yi x 12+ ¢€jy, 4)
Zit—12 Zit—13

where the year-over-year innovation is €;; = (;; — (;;—12. We can put this back into

Equation (2) and combine with our definition of A;; from Equation (3) to get our final

estimating equation.

it = pilog <Zl: 113> + (1= i) x 124 €4+ Sjt — Sjp—12 + Ot — Omp—12,
1

Aip = pi(Bip1 — 01— Gjp1) + (1 —pi)ui + €4 + Gji + 0t

Since Ai,t = Aj; — vt — Gjt — uj, we have
ANip =0 =&y —ui = pi(Aiy—1 —0p-1 — Cjp1 — Ui) +€ip.

Substituting the first-stage residual A into this expression yields our estimating equa-
tion:
Aip = pidip—1 + €iy- (5)

In this, we have used a first stage to take out market and brand fixed effects and we
are left with a dynamic equation for residual foot traffic that can estimate both the
persistence p; and innovations €;; for the underlying demand process. To restate this,
this specification now lets us estimate the demand shock process directly from foot
traffic growth patterns where p; and €;; are actually deep parameters for the demand
innovation process that are estimated off of the dynamics of residual foot traffic.

5 A Machine Learning Approach to Growth Het-
erogeneity

We next examine heterogeneity in demand shock process across establishments. Con-
sistent with the literature on establishment-level productivity, which often empha-
sizes the existence of residual heterogeneity within the manufacturing sector, we an-
ticipate finding residual heterogeneity within the customer-facing sectors.
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We use a k-means clustering approach to uncover the underlying heterogeneity in
demand dynamics. This approach, previously utilized by Bonhomme et al. (2022) to
examine wage patterns, allows us to characterize groups of establishments based on
similarities in the demand patterns. We choose this unsupervised machine learning
approach instead of a parametric approach for two reasons (see Sterk et al. (2021)).
Firstly, the data we are working with is novel, so employing an agnostic approach
helps us avoid biased modeling choices due to limited prior knowledge. Secondly,
given the large cross-section of data available but with a short panel and ongoing
improvements in data quality, clustering enables us to identify and isolate outliers
without affecting the other parameters.

Following Bonhomme et al. (2022), we first determine the optimal number of clus-
ters K, and then estimates the dynamic panel in (5) within each cluster k, using resid-
ual growth A; ; from (3). This yields cluster-specific persistence estimates p(k), which
are directly comparable to the structural p; in the model.” We form clusters based on
three establishment-specific characteristics: average year-over-year growth rate (A;),
monthly volatility (7,,), and average foot traffic (d;) over two years. The optimal num-
ber of clusters, denoted as K, is the minimum ensuring that the sum of within-cluster
variances is smaller than the sum of within-establishment variances across time. The
clustering algorithm identifies 3 distinct categories, and Table 2 outlines the charac-
teristics of the chosen clusters.

We define the group with the highest annual demand growth as the Fast-Growing
category. About 25.6% of establishments fall into this cluster, each serving an average
of 201 unique customers per month. Within this group, 49.2% are from the retail sector
and 47.3% from the service sector, predominantly located in Manhattan and Brooklyn.
The Low-Traffic cluster, characterized by the lowest average monthly foot traffic—of
about 61 customers per store—, includes 15.5% of establishments. Conversely, the
High-Traffic group, characterized by the highest foot traffic—at approximately 359
unique customers per store monthly—, constitutes 58.8% of the establishments. In-
terestingly, establishments in the High-Traffic group show nearly zero average year-
over-year growth in foot traffic, with a smooth monthly trend. Conversely, those in the
Low-Traffic cluster, while not experiencing annual growth, exhibit the highest volatil-
ity in monthly foot traffic changes. Note the differences in sectoral compositions
between the Low-Traffic and High-Traffic clusters: the Low-Traffic group predomi-
nantly comprises establishments from the retail sector, while the High-Traffic cluster
is largely made up of establishments from the service sector and has a high fraction
of establishments from the health sector. Additional characteristics for each cluster,
including detailed sectoral composition, top categories, and brand compositions, are
provided in Appendix C.4.

Our findings based on equations (3) and (5) indicate the presence of substantial
heterogeneity in the demand process. Figure 6 displays the estimates for each cluster
and the pooled regression. We observe considerable disparities between clusters and
pooled regression estimates. Specifically, the estimate for persistence for the Low-
Traffic group is significantly lower than those from the other two groups and the

9We reject the i.i.d. error assumption due to autocorrelation and adopt an MA(4) specification, which
passes diagnostic tests for all clusters; see Appendix C.5. As we suggested when describing the model,
incorporating this into our underlying demand structure is only a matter of adding a richer process for z
and complicating the algebra somewhat.
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Variable: — Cluster: | Fast-Growing Low-Traffic High-Traffic Pooled
FT Characteristics:

A, 0.289 0.073 -0.035 0.065

Op, 0.316 0.718 0.245 0.337

d; 201.282 61.186 358.862 272.277
Sectoral Compositions:

% in Retail 0.492 0.534 0.393 0.440

% in Service 0.473 0.383 0.590 0.528
Location Compositions:

% in Manhattan 0.421 0.681 0.587 0.559

% in Brooklyn 0.414 0.226 0.242 0.283
Regression Estimates:

1Y 0.596*** 0.162 0.799** 0.710%*

[0.127] [0.136] [0.073] [0.081]

Oe;, 0.439 0.542 0.265 0.410
Arellano-Bond Test for:

AR(4)P — value 0.640 0.416 0.098 0.364

AR(5)P — value 0.658 0.604 0.471 0.984
Fraction of Establishments | 0.256 0.155 0.588 1.000

Note: Standard errors are reported in brackets. *p < 0.10, **p < 0.05, ***p < 0.01.

Table 2: Characteristics & Estimates of Clusters

pooled analysis. Moreover, the Low-Traffic group exhibits the highest standard devia-
tion within establishments, whereas the High-Traffic group shows the lowest, indicat-

ing that variance within points of interest (POlIs) for year-over-year demand growth,
2
calculated as 1%’;2, is different across groups. These results highlight that estimates

from the pooled regression may not accurately represent the data, and there is also
heterogeneity between clusters.

We next examine whether the observed differences arise from variation across
boroughs or sectors. Figure 7 shows the within-establishment standard deviation of
residuals (0¢) by cluster, disaggregated by sector (panel a) and borough (panel b).
Across all sectors—retail (green), services (red), and health (yellow)—"High-Traffic”
establishments consistently have the lowest standard deviation of shocks. Similarly,
across boroughs—Manhattan (green), Brooklyn (red), and the Bronx (yellow)—the
“High-Traffic” group again records the lowest volatility, while the “Low-Traffic” group
shows the highest. These patterns suggest that neither sectoral nor geographic differ-
ences help explain the heterogeneity in demand shocks.

5.1 Robustness to Sample Selection

In this section, we use the full sample to verify the robustness of our findings to
the sample exclusion of non-branded establishments. Firstly, we categorize establish-
ments in the full sample into these three clusters, keeping the centroids of each cluster
as defined previously in the brand sample. Table 3 lists out the characteristics of these
three clusters for all establishments in the full sample. According to Table 3, we find
the characteristics of these three clusters are similar to those in the brand sample. In
the full sample, 19.4% of establishments are categorized as Fast-Growing, with an
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Note: The figure illustrates the relationship between the standard deviation within establishments (ce) and
the persistence level (p). Dot size is proportional to total visitors per cluster (Low-Traffic = smallest,
Fast-Growing = mid-size, High-Traffic = largest). Centers indicate cluster-specific estimates; the pooled
regression estimate is marked with a bold gray “x.” Horizontal bars denote 95% confidence intervals for p.

Figure 6: Clusters and Pooled Estimates
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Note: The figure shows the standard deviation of residuals for establishments in each cluster, categorized
by sectors or boroughs. The horizontal axis in both panels lists cluster groups. Blue bars show the overall
cluster-level standard deviation (see Table 2); other bars show the same statistic for each sector or borough
within a cluster.

Figure 7: Standard Deviation of Residuals By Groups

average annual growth rate higher than one-third and high monthly volatility. Mean-
while, 22% fall into the Low-Traffic cluster and 58.6% are classified as High-Traffic.
Similar to the brand sample, establishments in the High-Traffic group display almost
zero average year-over-year growth in foot traffic with a consistent monthly pattern.
Conversely, those in the Low-Traffic cluster, despite no annual growth, exhibit the
highest volatility in monthly foot-traffic changes. Within each cluster, the distribution
of establishments across locations and sectors mirrors that of the brand sample, with
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the exception of a higher proportion of establishments from the health sector in the
full sample.

Variable: — Cluster: | Fast-Growing Low-Traffic High-Traffic Pooled
FT Characteristics:

A; 0.383 -0.020 -0.006 0.067

op, 0.517 0.676 0.271 0.407

d; 87.925 54.723 241.400 170.601
Sectoral Compositions:

% in Retail 0.389 0.379 0.319 0.346

% in Service 0.416 0.424 0.595 0.523
Location Compositions:

% in Manhattan 0.457 0.567 0.520 0.518

% in Brooklyn 0.438 0.340 0.335 0.356
Regression Estimates:

o 0.422%** 0.164 0.775%** 0.727***

[0.145] [0.152] [0.073] [0.082]

Oe;, 0.596 0.435 0.276 0.411
Arellano-Bond Test for:

AR(4)P — value 0.963 0.349 0.019 0.316

AR(5)P — value 0.210 0.361 0.171 0.905
Fraction of Establishments | 0.194 0.220 0.586 1.000

Note: Standard errors are reported in brackets. *p < 0.10, **p < 0.05, ***p < 0.01.

Table 3: Robustness Check: Characteristics & Estimates of Clusters

.8

Branded Sample ® Full Sample

.6

Std Dev Within Establishment(o_,)

< ——
————
A
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Note: The figure plots persistence estimates and within-establishment standard deviations for the brand
sample (blue) and full sample (gray). “x” marks indicate pooled regression estimates for each sample.
Horizontal lines denote 95% confidence intervals for persistence. Cluster labels are abbreviated as “L” for
Low-Traffic, “FG” for Fast-Growing, and “H” for High-Traffic.

Figure 8: Robustness Check: Clusters and Pooled Estimates
Then, we estimate the process as outlined in equations (3) and (5) for the year-

over-year demand growth rate of all establishments, including those without brands,
in each cluster. Observations in the full sample are weighted by the ratio of the
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Note: The figure shows the standard deviation of residuals for establishments in each cluster from the full
sample, categorized by sectors or boroughs. The horizontal axis in both panels lists cluster groups. Blue
bars show the overall cluster-level standard deviation (see Table 3); other bars show the same statistic for
each sector or borough within a cluster.

Figure 9: Robustness Check: Standard Deviation of Residuals By Groups

borough-sector-specific number of establishments in the brand sample to those in the
full sample. Table 3 summarizes the regression estimates. Figure 8 presents these
estimates with 95% confidence intervals, comparing them to those from the brand
sample, which confirm the robustness of our persistence estimates. Note that in the
full sample, the Fast-Growing group exhibits the highest standard deviation of resid-
uals, while in the brand sample, the Low-Traffic group shows the highest standard
deviation.

Similar to Figure 7, Figure 9 also displays the standard deviation of the residuals
for establishments within each cluster by sectors or boroughs, using data from the full
sample. Based on Figure 9, there is no evidence that location or sectoral differences
explain the heterogeneity in demand shocks across clusters.

6 Why Does This Matter?

A large literature in macroeconomics and industrial organization models firm behav-
ior under the assumption that all establishments draw productivity or demand from
a single stochastic process. In canonical firm dynamics models, such as Hopenhayn
(1992) and Hopenhayn and Rogerson (1993), firms evolve according to a common
AR(1) process, single cutoff that governs decisions like entry, exit, hiring, or invest-
ment. These models typically rely on a single productivity distribution, so policy
changes affect firms uniformly through shifts in this threshold. Even richer environ-
ments incorporating financial frictions (e.g., Midrigan and Xu (2014)) or imperfect
competition (e.g., Asplund and Nocke (2006)) maintain this single-process structure.
Many models of firm dynamics continue to build on this foundation, linking discrete
choices—such as opening new establishments (e.g. Cao et al. (2017) or Smith and
Ocampo (2025)) or hiring and firing (e.g. Alvarez and Veracierto (2001))— to the
shared underlying process. This simplifying assumption also appears in models of
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technology adoption (e.g., Mukoyama (2003); Buera and Shin (2013))), where firms
face fixed costs to upgrade technology but still draw productivity from a common
stochastic process. While recent research highlights the importance of realistic shock
modeling—e.g., Jaimovich et al. (2025) show that deviations from Gaussian AR(1)
shocks can materially alter macro outcomes—these models typically retain the as-
sumption of a single underlying shock process.

In contrast, our evidence demonstrates that establishments face multiple, system-
atically different demand processes. This richer structure implies that models relying
on a single cutoff may misidentify marginal firms and mischaracterize how policy
propagates through the cross-section of firms. By quantifying this cluster-level het-
erogeneity, our framework offers a data-driven foundation for calibrating dynamic
heterogeneous-firm models—including those used for policy analysis and business-
cycle research—much in the spirit of structural calibration approaches like Ferndndez-
Villaverde et al. (2016).

6.1 A Simple Dynamic Model with Cutoff Decisions

We present a highly stylized dynamic model in which an establishment chooses whether
to incur a cost (e.g., to invest, expand capacity, hire additional workers, or open a new
establishment) based on its demand-growth state. The goal is not to match the rich-
ness of firm dynamics, but to illustrate how different stochastic processes for demand
shocks imply different marginal establishments, even when all other primitives are
held constant. To keep the problem analytically tractable, we treat the upgrade de-
cision as a once-and-for-all choice in the current period, abstracting from the option
value of delaying the investment.!’
Let the state variable be the establishment’s year-over-year demand growth,

St = Ai,t/

which evolves according to an AR(1) process similar to that in eq. (5). Our objective
is to contrast the standard ‘single-process benchmark’ typically used in the literature
with a ‘three-process specification” motivated by our empirical results.

Single-Process Benchmark. In the canonical heterogeneous-firm environment,
all establishments draw shocks from the same AR(1):

St+1 = PSt + €41, €r+1 ~ N(O, 0'2)-
Suppose that per-period profits depend linearly on demand growth,

7(st) = & + sy,

19Tn canonical heterogeneous-firm models, establishments re-optimize in every period and may delay up-
grading until the continuation value exceeds the associated fixed cost; see Hopenhayn (1992), Hopenhayn
and Rogerson (1993), and Midrigan and Xu (2014). This formulation introduces a nonlinearity through the
max{ V), V1 } operator in the Bellman problem, eliminating closed-form solutions. Our once-and-for-all as-
sumption abstracts from this option value and allows the cutoff to be derived analytically while preserving
the core comparative-static insight.

20



and that upgrading increases the slope (permanently) to 1 = (1 + ¢)y with ¢ > 0:
T (s¢) = & + Y15

The firm decides whether to upgrade or not in period 0. If it chooses to upgrade,
it commits to pay F every period from then on in exchange for higher production
capacity (e.g. access to the 711 technology). The value of not upgrading is denoted by
Vo(s) and the value after upgrading by Vi (s). The Bellman equations are

Vo(s) = mo(s) + BE[Vo(s') | s]  and  Vi(s) = mi(s) — F + BE[V4(s') | s].

Because the profit function and the transition law are linear, the value functions are
themselves linear, satisfying:

a—F 71

« Y
VWo(s) = + s, Vi(s) = + S.
T A A A
The upgrade decision V;(s) > Vj(s) yields the unique cutoff
o FO-fp) _Fa-pp)

(1=B)(m—) @Q—=PB)py

Under a common shock process, all establishments therefore share the same cutoff

s*. This is the standard mechanism in heterogeneous-firm models: a single set of

marginal establishments governs entry, exit, exporting, or investment responses to

policy.

Three Distinct Shock Processes. Motivated by our empirical findings, suppose
instead that establishments belong to one of three groups

¢€{H,G,L},
each characterized by a distinct AR(1) demand-growth process,
si1=pgsetef,y, el ~ N(O,03).

We can solve for the Bellman equations following similar steps to those in the bench-
mark case, and replacing p with p,. The closed-form value functions are

x % x—F Y1
V3 (s) = + s, Vi) = + 5.
i B I L T A 7
The cutoff determining group-g’s cutoff is therefore
g — F(l - :Bpg)
$ (1=B)gr’

which is strictly decreasing in p,. Because py > pg > pr in the data, the cutoffs satisty
ST > sg > S

Establishments in the High-Traffic group (high persistence) upgrade at the lowest s,
while those in the Low-Traffic group require substantially stronger current demand
growth.
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Why the Single-Process Benchmark Is Misleading. The single-process bench-
mark implies a single marginal establishment, with policy responses governed by the
cutoff s*. In reality, the continuation value E[V,(s’) | 5] is increasing in persistence py,
so ignoring heterogeneity collapses three distinct continuation-value mappings into
one. This leads to the following two failures:

1. Misidentification of marginal establishments. Using a common, single shock pro-
cess misidentifies the marginal establishments that are indifferent between up-
grading and not upgrading. Because pg > p > pg > pr in the data, the single
process cutoff s* lies between the true group specific cutoffs,

ST >S5 > s* > s

As a result, the model incorrectly predicts that Low Traffic and Fast Growing
establishments upgrade when they should not, while failing to capture upgrades
by High Traffic establishments that are in fact marginal.

2. Incorrect comparative statics. The single shock benchmark also generates incor-
rect comparative statics. When policies change F, ¢, or f, the cutoff s; responds
differently across groups because the change in the upgrade threshold depends
on the persistence p,. Establishments facing less persistent demand shocks, such
as those in the Low Traffic and Fast Growing groups, exhibit larger changes in
their upgrade cutoffs, while establishments subject to more persistent shocks,
namely those in the High Traffic group, respond more weakly. Imposing a com-
mon shock process suppresses this heterogeneity and forces all establishments
to respond as if they shared the same degree of persistence.

Aggregation therefore produces biased predictions for outcomes such as invest-
ment, exporting, capacity expansion, and job creation, depending on the specific ap-
plication. In short, even in this extremely simple environment, heterogeneous shock
processes imply heterogeneous marginal establishments. Imposing a single-process
structure, as is standard in heterogeneous-firm models, therefore obscures the true
propagation of shocks and policy across consumer-facing industries.

6.2 Numerical Example

To illustrate the implications of our findings, consider a policy that loosens regulations
and reduces the cost of adding a new establishment—such as a regulatory reform that
reduces entry barriers F. We use this example to compare outcomes under two dif-
ferent assumptions about the demand process: one in which all establishments face a
common stochastic process for demand growth, and another in which establishments
face three systematically distinct demand processes, as supported by our empirical
evidence. This quantitative exercise highlights how model predictions—particularly
for investment responses—can differ substantially depending on whether demand
heterogeneity is accounted for.

To that end, we simulate 30,000 firms, with group shares reported in Table 2 (con-
tained in the row ‘fraction of establishments’). The baseline parameters are g = 0.98,
¢ = 050, « = 1.00, and v = 1.00, while the fixed cost F moves from 0.01 to 0.02.
Figure 10 reports the share of firms that upgrade (that is, add an establishment) and
the average investment per firm. Aggregate investment is this value multiplied by the
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number of firms in the economy. The figure presents results for both the single-shock
process and the three distinct shock processes.
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Figure 10: Change in Fixed Cost F

With only a single, common stochastic process, one would predict more invest-
ment and more firms upgrading than actually occurs at every level of F, as shown in
Figure 10. Although a larger share of establishments in the high traffic group choose
to upgrade and invest more than predicted by the single process, they account for only
58.8 percent of all establishments. In contrast, a smaller share of establishments in the
Fast Growing and Low Traffic groups upgrade, and their investment levels fall below
those implied by the single process. As a result, the single process benchmark gener-
ates aggregate investment that exceeds the level implied by the three distinct shock
processes. This could, of course be abrogated by changing the calibration, but would
then lead one to incorrectly identify other parameters. For instance, if ¢ = 1 is the
true gain in productivity from an investment, with the single, common productivity
process, we would infer that ¢ is about ; lower.

A similar experiment can be conducted to measure the effects of innovation sub-
sidies, which we represent by increasing ¢ or monetary policy contraction, increasing
the discount rate by decreasing . Figure 11 shows how these policies affect upgrad-
ing decisions under the single shock and under the heterogeneous shock process en-
vironment. In both cases, policy changes generate heterogeneous responses across
establishment groups that are obscured by the single process specification.

An increase in the innovation subsidy raises upgrade rates across all groups by
lowering the relevant upgrade cutoffs.!! When these heterogeneous responses are
aggregated, the single-shock benchmark again predicts higher aggregate investment
than the heterogeneous-shock process environment. A similar pattern emerges under
changes in monetary policy: a lower discount factor increases upgrade incentives in
all groups, but the magnitude of the response depends on the shock persistence, and

1 Although policy changes shift cutoffs by different amounts across groups, larger cutoff movements do
not necessarily translate into larger changes in upgrade shares. what matters is the density of establish-
ments around the cutoff. Because the state variable follows a normal distribution, groups with more mass
near the margin may exhibit larger responses even when their cutoff shifts are smaller.
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Figure 11: Changes in the investment threshold and policy

the single-shock benchmark systematically overstates the resulting increase in aggre-
gate investment.

7 Conclusion

We analyze demand dynamics among various groups of branded establishments in
customer-facing retail, services and health sectors using SafeGraph’s monthly foot-
traffic data for the pre-pandemic period from 2018-2019. Our high-frequency panel
data allow us to explore both the annual growth and monthly volatility in demand.

To estimate demand shocks using establishment foot-traffic data, we begin by
eliminating location-specific biases and trend biases in sampling. We obtain the ad-
justed number of visitors for each establishment every month. Then, we find estab-
lishments with high foot traffic still exhibit considerable within-year variation. Be-
sides, there is heterogeneity in the foot traffic growth pattern. Although monthly
volatility occurs in establishments of all sizes, it is substantial in establishments in the
two tails of the average annual growth rate distribution in foot traffic. Thus, growing
or declining paths are not smooth over months.

We develop a theoretical framework to explore the relationship between foot traf-
fic and actual demand. Changes in foot traffic may also reflect firms” endogenous
decisions, such as promotional strategies or advertising campaigns. To address this,
we construct a model that isolates establishment-level demand shocks from firms’ en-
dogenous actions. This theoretical model provides the foundations for using changes
in foot traffic to estimate demand shocks in the empirical analysis.

We apply a k—means clustering method to discuss the demand growth hetero-
geneity more systematically. In this paper, we categorize establishment clusters based
on establishment-specific average foot traffic, the year-over-year growth rate, and
monthly volatility in demand. We obtain three distinct groups: Fast-Growing, Low-
Traffic, and High-Traffic clusters. The Fast-Growing cluster, comprising 25.6% of es-
tablishments, exhibits the highest annual growth in foot traffic. Most establishments
in this group operate in the retail and service sectors and are primarily located in Man-
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hattan and Brooklyn. The Low-Traffic cluster, representing 15.5% of establishments,
is characterized by the lowest average monthly foot traffic. Within this group, 53.4%
belong to the retail sector, with 68.1% located in Manhattan. The High-Traffic clus-
ter contains establishments with the highest average monthly foot traffic, with 59%
operating in the service sector, and most are also based in Manhattan.

We then estimate the AR(1) process for the year-over-year foot-traffic growth rate
with MA(4) errors for all branded establishments in different clusters. By comparing
the estimates for each cluster and the pooled regression results, we conclude that the
analysis of the average effect is not representative of the actual data observed in busi-
ness due to considerable heterogeneity in estimates across establishments clusters.
Establishments in the High-Traffic cluster consistently experience the lowest variabil-
ity in demand shocks across all boroughs and sectors.

Our analysis reveals that demand dynamics in customer-facing industries are fun-
damentally heterogeneous, and this heterogeneity is driven largely by establishment-
specific factors—differences in persistence, innovation variance, and underlying growth
trends—rather than by sector, geography, or brand-level strategies. This insight over-
turns the common assumption, implicit in much empirical and theoretical work, that
demand shocks can be treated as homogeneous or pooled across firms within a sec-
tor or region. Instead, establishments exhibit distinct demand processes, reflecting
micro-level fundamentals such as managerial practices, local competition, neighbor-
hood characteristics, and other unobserved attributes. Importantly, this variation is
not entirely idiosyncratic: our clustering analysis identifies three stable and econom-
ically meaningful groups—Fast-Growing, Low-Traffic, and High-Traffic—each with
its own characteristic shock process. Recognizing this structure is essential. Models
that ignore these clusters and rely on pooled or sector-level shocks risk conflating fun-
damentally different demand environments and misrepresenting both the persistence
and volatility of shocks. By identifying and quantifying this cluster-level heterogene-
ity, our framework provides a more accurate and tractable foundation for modeling
demand in customer-facing sectors and improves the external validity of applications
that rely on establishment-level demand shocks.
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A Adjusting “Raw” Foot Traffic

This section documents the sampling biases in the raw foot-traffic data and details the
adjustment procedures implemented to correct them.

A.1 Sampling Bias in “Raw” Foot Traffic

Figure A12 shows monthly raw foot traffic overall and by borough. In panel (a), total
foot traffic more than doubles in the first four months of observation before stabilizing.
Panel (b) highlights heterogeneity across boroughs: the Bronx experiences a markedly
larger early increase compared with Brooklyn and Manhattan.
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Note: Monthly foot traffic for each POl is computed by summing visitor counts from all home CBGs, then
aggregating across POls. The first observation is normalized to 1 to highlight the magnitude of the initial
increase, both overall and by borough.

Figure A12: Normalized Raw Foot Traffic Over Time

A.2 Adjustment Process

We denote each establishment (POI) as i. The total number of unique POIs within
borough c at month ¢ is denoted as I.;. We only consider three boroughs in this paper,
so ¢ € {NYC, Brooklyn, Bronx}. From the Place Patterns data, we observe the home
residence at the CBG level of consumers who visit POI i located in borough ¢ during
month ¢. Their home CBGs are denoted by ¢ € {1, ..., L.;;}, where L. ;; presents the
total number of unique home CBGs of customers visiting POI i located in borough ¢
during month t. The total number of unique visitors who reside in ¢ and visit estab-
lishment i located in borough c at month ¢ is denoted by V. ; ;. Hence, foot traffic in
all POIs located in borough ¢ at month ¢ is denoted by V., and

Ic,t Ec,i,t

Ver =) Vit

i=1 (=1
Total foot traffic in month ¢ is denoted by FT;, and

FT; =) Ve
C
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In Figure A12, the left panel shows the total foot traffic FT; over time, and the right
panel depicts total foot traffic for three boroughs V,; over time.

Addressing Location-specific Biases We collect the total number of devices lo-
cated in all home CBGs during a specific time from the Home Panel Summary.'> We
denote the total number of devices located in CBG / at time t by Sy;. Subsequently,
we calculate the proportion of devices in our sample relative to the local total popula-
tion in 2019. We obtain the the total population data from the American Community
Survey (ACS) and denote it byP, for CBG ¢. We compute the location-bias adjust-
ment factors such that V, the total foot traffic to establishments in each borough at ¢,
remains unchanged,

T 3 Vosnrgl oo (6)
ot o cilt Sg,t/Pg‘

We denote the location-bias adjustment factors each CBG ¢ in borough c at month ¢ as
Ac ¢+, which satisfies

TS + ok P/
AC,[,t — #,
So
with TS.; defined such that equation (6) holds with equality,
Ic,t ['c,i,t
TS., — i=1 Zgzl c,ilt
b et Loit Voipr*Pr
o1 121 s,

While this adjustment fixes cross-sectional biases, it still retains the aggregate trend
described in Figure A12.

Addressing Trend Biases To correct for trends, we divide the number of unique
visitors adjusted for location-specific bias, V. ;1A ¢, by the total foot traffic in our

sample, FT;, and normalize it by the long-run average of foot traffic FT (FT = ZfziT’ .
Hence, the number of unique visitors adjusted for both location-specific bias and time
trends is denoted by

. FT

Vc,i,ﬂ,t = Vc,i,é,tAc,é,tﬁ-

Notice that we compute the location-bias adjustment factors such that the total raw
foot traffic to POIs in each borough at time t remains unchanged, so

Lot Eczt V
9 ct
Z VC,i,Et - ﬁFT
i=1/¢=1

Figure A13 displays the evolution of adjusted foot traffic over time for each borough
as a proportion of FT. Each line represents the monthly percentage of foot traffic
within a borough relative to the total foot traffic across all boroughs. The summation
of these proportions for all boroughs in a given month equals one. This adjustment
notably eliminates the trends observed in Figure A12. In what follows, we use ad-
justed foot traffic Vc,i,g,t for the analysis.

129pecifically, we use the number of devices residing in each CBG from the Home Panel Summary data.
This variable captures the number of distinct devices observed with a primary nighttime location in the
specified census block group.
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Figure A13: Adjusted Foot Traffic

Adjusted Foot Traffic Figure A13 plots adjusted foot traffic by borough, expressed
as each borough’s share of total foot traffic across all boroughs. By construction, the
monthly shares sum to one. The adjustments remove the artificial trends evident in
Figure A12 and reveal the relative scale of foot traffic across boroughs.

B Cleaning Process

In this section, we show the steps used in the cleaning process and their effects on the
sample size. Table B4 shows how each step reduces the sample size. From our initial
set, the first large reduction is to only take large enough POIs. That is, in each period,
if a POI has fewer than 10 visitors in the month, we drop it. Note that doing this
tirst implies that it will also restrict our panel, because our restriction on length then
becomes having a sufficient number of months with a sufficient number of visitors.
The rest of our selection mostly takes out extreme fluctuations that are due to mea-
surement error until our final restriction to include only the POIs with an associated
brand.

Figure B14 illustrates the ratio of total monthly adjusted foot traffic between the
brand sample and the full sample. We use the brand sample for further analyses in
this paper.

C The Branded Sample

C.1 Descriptive Statistics of Establishment and Foot Traffic

Figure C20 provides a more detailed breakdown of the top 10 (out of 34) SafeGraph-
defined categories, which together represent about 88% of unique establishments in
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#0f POIs % of POIs  # of Obs.

Original POIs all boroughs 71,683 100.00% 1,513,157
Drop if < 10 monthly visitors 67,809 94.60% 1,348,087
Drop if YoY change does not exist 60,811 84.83% 1,262,762
Keep Retail, Services, and Health 47,678 66.51% 1,020,406
Drop POIs w/ extreme fluctuations 47,248 65.91% 1,011,498

Drop POIs w/ extreme YoY growth 47,201 65.85% 1,010,620
rate

Drop POIs with top 1% average YoY 46,729 65.19% 1,002,706
growth rate over time

Drop POIs w/ < two MoM change 44,011 61.40% 993,164
in visitors

(Full Sample)

Keep branded POlIs 5,924 8.26% 137,512
(Branded Sample)

Table B4: Sample Selection
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Figure B14: Total Adjusted Foot-Traffic Ratio

the branded sample.'® The largest single group is restaurants and eating places, which
align closely with the demand framework we study: food production is recorded as
revenue only when customers physically visit the establishment.

Figure C16 shows that most establishments are corporate-owned or franchises
with limited autonomy over pricing and advertising decisions that could endoge-
nously affect foot traffic. This can be validated anecdotally looking at Table C1, which

13GafeGraph-defined categories are more granular than NAICS codes for understanding specific place
types.
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Figure C15: Top 10 Categories of Establishments
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Figure C16: Establishments by Brand Types
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Brand Name Brand Type Share (%)

Dunkin’ Franchise Brand 6.20
Starbucks Corporate-Owned Brand 4.19
Sweetgreen Corporate-Owned Brand 3.71
Subway Franchise Brand 2.62
Walgreens Corporate-Owned Brand 2.55
Baskin Robbins Franchise Brand 2.30
McDonald’s Franchise Brand 2.26
BP Licensee Brand 1.92
Duane Reade by Walgreens Corporate-Owned Brand 1.42
CVS Corporate-Owned Brand 1.40

Note: This table presents the top 10 brands of establishments in the branded sample, their type, and their
unweighted share of all branded establishments.

Table C1: Top 10 Brands of Establishments

shows the top 10 brands among the establishments. This can be validated anecdotally
looking at Table C1, which shows the top 10 brands among the establishments. Most
top brands in the sample are corporate or franchise chains with centralized marketing,
standardized offerings, and largely brand-wide prices.

Table C2 outlines the distribution of establishments by sector and location within
our sample. Each cell in the table provides two ratios: the first indicates the propor-
tion of establishments within a sector for each location, and the second shows the
distribution of sectors within a borough. The table reveals that the majority of Man-
hattan establishments are in the service sector, whereas in Brooklyn and the Bronx,
retail dominates. Additionally, Manhattan hosts the majority of establishments across
all sectors compared to the other boroughs.

Retail Service Health
Manhattan 47%/37% 63%/60% 43%/3%
Brooklyn  33%/51% 25%/46% 28%/3%
Bronx 20%/55% 12%/39% 29% /6%

Table C2: Distribution of POIs Across Locations and Sectors (%)

Figure C17 presents the average number of foot traffic among POls in each sector
for a given month both across years (left panel) and by different years (right panel).
The average foot-traffic trends for each sector are similar in 2018 and 2019. On aver-
age, establishments in the service sector have higher foot traffic than other sectors for
all months. The average foot traffic for POIs in all sectors slightly decline in the first
half of the year but then rebound to the original level in the latter half of the year. So,
we conclude the average foot-traffic processes for all sectors are stationary cross time.

Figure C18 displays the distribution of POIs on average foot traffic across time.
We exclude those POIs with top 1% average foot traffic, but the distribution is still
right-skewed.!4

14Those POIs with the top 1% average foot traffic are mainly in the retail (53%) and service sectors (47%)
and in Manhattan (66%). Particularly, Restaurants and Other Eating Places, Department Stores, and Health and
Personal Care Stores are the three top categories.
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Figure C18: Distribution of Establishment on Average Monthly Foot Traffic

C.2 Foot Traffic Growth Rates

We categorized POIs by their average monthly foot traffic into ten deciles. Figure C19
illustrates the average growth rate and range of monthly volatility in foot traffic for
POIs in each decile. In Figure C19, the left panel demonstrates that establishments
with higher monthly foot traffic exhibit lower average year-over-year growth rates in
foot traffic, suggesting the fast-growing establishments with fewer customers every
month. The right panel illustrates increasing average foot traffic by deciles (blue dots)
and shows the 90th, 50th, and 10th percentiles of monthly volatility in foot traffic
across deciles. Establishments with lower monthly foot traffic show notably unstable
foot-traffic growth patterns compared to those with higher foot traffic.

34



A2

4 Mean Average Foot Traffic
Medium Monthly Volatility (right axis)
10th-90th Monthly Volatility (right axis)

.08 A
| |

Average YOY Growth Foot Traffic
.06
|

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
Average Foot Traffic Deciles Average Foot Traffic Deciles
(a) Average YoY Growth (b) Monthly Volatility

Figure C19: Growth Heterogeneity Among POIs By Deciles

C.3 Monthly Volatility and YoY Growth Across Space and Sec-
tor

Monthly Volatility YoY Growth

Mean St. Dev Min Max Mean St. Dev Min Max
Overall 034 021 0.01 2.40 0.06 0.20 -0.66 0.99
By Borough
Manhattan 0.36  0.22 0.01 2.36 0.03 021 -0.66 0.99
Brooklyn  0.32  0.20 0.01 1.69 012 0.20 -0.54 0.99
Bronx 028 0.19 0.08 2.40 0.09 0.17 -0.40 0.87
By Sector
Retail 036 0.23 0.01 236 0.08 0.21 -0.66 0.99
Service 031 0.19 0.01 2.40 0.05 0.19 -0.61 0.99
Health 049 0.26 0.11 1.96 011 0.22 -041 0.82

Table C3: Monthly Volatility and Average Year-Over-Year Growth per POI

Table C3 provides descriptive statistics on monthly volatility and average year-
over-year growth for establishments, categorized by different boroughs or sectors.
The statistics suggest potential differing demand dynamics across locations and sec-
tors. Specifically, Manhattan establishments show nearly zero average year-over-year
growth but exhibit the highest volatility in monthly foot traffic. Conversely, establish-
ments in the Bronx display faster average growth compared to the other boroughs,
coupled with high volatility in their growth processes. Additionally, establishments
in the health sector, on average, experience the highest growth rate and exhibit the
highest monthly volatility compared to those in the other two sectors.

Table C4 presents the mean of monthly volatility and average year-over-year growth
for establishments in each borough and each sector. We find that establishments in
Brooklyn, across all sectors, exhibit the highest average year-over-year growth com-
pared to other boroughs. Conversely, establishments in Manhattan, regardless of sec-
tor, consistently show the highest average monthly volatility. In all boroughs, estab-
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Monthly Volatility Average YoY Growth
Retail Service Health Retail Service Health

Manhattan 042  0.32 0.53 0.03  0.02 0.09
Brooklyn 033  0.29 0.49 0.14 0.10 0.14
Bronx 029 025 0.45 0.10  0.07 0.12

Table C4: Monthly Volatility and Average Year-Over-Year Growth per POI Across
Locations and Sectors

lishments in the health sector exhibit the highest average year-over-year growth and
the greatest monthly volatility compared to establishments in other sectors. These
findings align with the observations discussed in section 3.

C.4 Other Characteristics of Establishments in Each Cluster

This section reports the top ten establishment categories within each cluster of the
branded sample. The High-Traffic cluster is notably more concentrated in restaurants
(47.8%) compared to the other two groups. This concentration may help explain why
establishments in the high-traffic cluster consistently exhibit lower residual standard
deviations than those in the Low-Traffic and Fast-Growing clusters.
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Figure C20: Top 10 Categories of Establishments
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C.5 AR(1) Demand Process

We begin by assuming a AR(1) process for the year-over-year demand growth rate
with i.i.d errors for all branded establishments in each cluster k.

We applied the same method to form clusters, so the cluster groups remain the
same as those shown in Table 2 in the main text. The estimates are based on equations
(3) and (5), and we conducted a portmanteau test for autocorrelation of residuals, as
introduced by Inoue and Solon (2006). The null hypothesis is that there is no first-
order autocorrelation in the residuals. Since the p-value for all cluster groups is ap-
proximately 0, the null hypothesis is rejected, indicating the presence of autocorrela-
tion in the residuals, which violates the i.i.d. error assumption. Thus, we incorporate
a moving average process into the errors to account for the autocorrelation.

Variable: - Cluster Fast-Growing Low-Traffic High-Traffic Pooled
FT Characteristics
A; 0.289 0.073 -0.035 0.065
Op, 0.316 0.718 0.245 0.337
d; 201.282 61.186 358.862 272.277
Sectoral Compositions:
% in Retail 0.492 0.534 0.393 0.440
% in Service 0.473 0.383 0.590 0.528
Location Compositions
% in Manhattan 0.421 0.681 0.587 0.559
% in Brooklyn 0.414 0.226 0.242 0.283
Regression Estimates
0 0.151*** -0.047** 0.123*#* 0.084***
[0.016] [0.019] [0.008] [0.008]
Oy, 0.141 0.237 0.098 0.181
Oe;, 0.393 0.521 0.216 0.342
Inoue and Solon (2006) Test:
P —value 0.000 0.000 0.000 0.000
Fraction of Establishments 0.256 0.155 0.588

Note: Standard errors are reported in brackets. *p < 0.10, **p < 0.05, ***p < 0.01.

Table C5: Characteristics & Estimates of Clusters

D Descriptive Statistics of the Full Sample

In this section, we present the descriptive statistics of the full sample for comparison
with the branded establishments. Table D6 shows the summary statistics for adjusted
foot traffic per establishment across years, locations, and sectors. The distribution
of establishments by location mirrors that of the brand sample in Table 1, with over
half situated in Manhattan, which records the highest average foot traffic. The full
sample, however, has a higher proportion of health sector establishments (about 13%
of the total) compared to the brand sample. As in the brand sample, establishments
in the service sector have the highest average foot traffic, with the health sector the
lowest.
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# of POIs

Mean FT St. Dev. FT

Overall 44,011
By Year
2018 44,011
2019 44,011
By Borough

Manhattan 22,799
Brooklyn 15,670

Bronx 5,542
By Sector

Retail 15,215

Service 23,016

Health 5,780

171

172
169

187
142
184

151
203
92

300

306
300

357
205
256

244
344
210

Table D6: Adjusted Foot Traffic (Full Sample)

Retail Service Health
Manhattan 49%/33% 57%/56% 41%/11%
Brooklyn  37%/36% 33%/49% 41%/15%
Bronx 14%/39% 10%/42% 18%/19%

Table D7: Distribution of POIs Across Locations and Sectors (%)

Table D7 presents the distribution of establishments by sector and location within
the full sample. Within each sector, the largest proportion of establishments is located
in Manhattan. Unlike the results in the brand sample (see Table D7), the majority
of establishments across all boroughs in the full sample belong to the service sector.
Moreover, establishments in the health sector represent a larger percentage in the full

sample across all boroughs.
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