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1. Introduction

Big data is a big deal.> From how we connect to our friends to how we buy products online
or even choose TV shows, big data has been transforming our lives in profound ways. Despite the
hype, however, there is only limited evidence on the implications of the rise of big data in capital
markets for individual or “Main Street” investors. On one hand, recent advancements in
computational power, expanded data storage capacity, and faster interconnection speeds have
enabled access to large amounts of alternative data that can inform investment decisions. On the
other hand, access to such data is often within the reach of sophisticated investors who can afford
to incur the substantial costs of acquiring and processing the data. This generally leads to unequal

access to alternative data across Main Street and Wall Street investors.

What are the implications of unequal access to alternative data for capital markets? The
conventional view is that access to new data sets should enhance price discovery in the stock
market even if access is restricted to sophisticated investors. This view assumes that stock market
prices instantaneously aggregate and disseminate value-relevant information embedded in
alternative data sets that would otherwise be inaccessible to small investors. This view goes back
to Hayek’s (1945) idea of the market as a mechanism for aggregating dispersed bits of knowledge
in society and prices as a system for communicating all value-relevant information to every
individual market participant. The alternative to the conventional view is that unequal access to
alternative data leaves small investors outside of the “information loop” and creates trading

opportunities for sophisticated investors without necessarily enhancing stock price discovery.

! The term big data was added to the Oxford English Dictionary in 2013 and the definition reads as follows “data of
avery large size, typically to the extent that its manipulation and management present significant logistical challenges.”



Bringing all investors, regardless of their size, into the information loop has long been a
key challenge for the Securities and Exchange Commission (SEC) in its mission to protect the
interests of the Main Street investor. This challenge was emphasized in the opening statement of
SEC Chairman Arthur Levitt nearly eighteen years ago at the open meeting on Regulation Fair
Disclosure (Reg FD) on August 10, 2000: “...Like that neighborhood with gated entrances and
tall fences, moving into the information loop is not always an option for many of America’s small
investors.”? While Reg FD addressed the selective disclosure of information by publicly-traded
firms so that small investors have access to market-moving information at the same time Wall
Street professionals get it, unequal access to alternative data raises the question whether another

tall fence has been raised leaving small investors outside the information loop.

In this paper, we study the emergence of high-resolution satellite imagery data in capital
markets. We use store-level data from RS Metrics, a company that provides daily parking lot traffic
signals derived from satellite imagery analysis. Satellite imagery is within the reach of
sophisticated investors, with hedge funds being the typical clients of RS Metrics. The daily data
feeds include point-in-time information about parking lot capacity, i.e., the total number of
available parking spaces, and utilization, i.e., the number of occupied parking spaces, at a specific
time of the day. The raw data includes 4.8 million daily observations across 67,120 unique store
locations for 44 major U.S. retailers over the period from 2011:Q1 to 2017:Q4. The data covers

2,571 counties representing over 98% of the U.S. population.

From the daily store-level parking lot information, we compile a panel of 650 firm-quarter

observations of enterprise-level parking lot fill rates. The key variable of interest is the year-over-

2 The full text of the statement is available from SEC’s News Supplement.



https://www.sec.gov/news/extra/seldisal.htm

year growth in same-store parking lot fill rates. The year-over-year comparisons control for
seasonal effects in quarterly parking lot utilization. The same-store comparisons control for year-

over-year growth in parking lot capacity due to acquisitions and the opening of new stores.

In our first set of results, we document that measuring parking lot traffic from outer space
provides timely insights for “nowcasting” retailer performance.® The evidence shows that year-
over-year growth in same-store parking lot fill rates is a timely indicator of current quarter growth
in same-store sales—a key driver of retailer performance at existing store locations that is widely
followed by market participants. The nowcasting content of year-over-year growth in parking lot
fill rates is incremental to that embedded in stock price fluctuations during the quarter as well as
lagged realizations of same-store sales growth, and it is robust to controlling for firm-specific time-

invariant effects as well as aggregate time-varying effects.

After establishing that fluctuations in parking lot fill rates are incrementally relevant for
nowecasting retailer performance, we examine whether financial analysts effectively aggregate this
information when projecting current quarter growth in same-store sales. Such information
aggregation on the part of financial analysts would allow individual investors to rely on sell-side
consensus forecasts for gaining access to the information loop. Our analysis shows, however, that
financial analysts do not fully aggregate information embedded in parking lot traffic signals when
revising their expectations for current quarter growth in same-store sales. As a result, financial
analysts’ forecast errors of same-stores sales growth for the quarter, i.e., the difference between
the actual realizations disclosed with the earnings report minus the prevailing consensus forecast,

are predictable based on parking lot traffic signals.

3 Nowcasting is a term derived from the contraction of now and forecasting refers to the prediction of the present,
the very near future and the very recent past in economics (e.g., Giannone et al. 2008).



In our third set of results, we examine whether satellite imagery of parking lot utilization
can be used to anticipate the stock market reaction to quarterly earnings. Our analysis focuses on
predicting short-window returns centered on the earnings announcement day typically three
trading weeks after the end of the quarter. We find that a trading strategy that buys (short sells)
retailers that experience an abnormal increase (decrease) in parking lot fill rates during the quarter
generates abnormal returns over the three-day window centered on the earnings announcement
date. More specifically, over the three-day earnings announcement window, the buy portfolio
outperforms the market by 1.63% while the short-sell portfolio underperforms the market by -
3.01%. The spread between the buy and sell portfolios is 4.64%, which is statistically significant
and economically important. Short selling entails borrowing the stock for a loan fee. The evidence,
however, shows that hedge portfolio returns remain intact after accounting for the cost of shorting

retailers with abnormal decreases in parking lot fill rates.

Our analysis of pre-earnings announcement effects yields only limited evidence of
abnormal returns, with most of the retailer portfolio performance being realized on the earnings
announcement day. Similarly, we do not find evidence of abnormal share turnover leading to the
earnings announcement day. Across retailer portfolios, abnormal share turnover is close to zero
before it jumps on the earnings announcement day. The lack of pre-earnings announcement
abnormal returns in combination with the lack of abnormal share turnover imply that most of the

price discovery happens on the earnings announcement day.

The lack of pre-earnings announcement effects in the stock market does not preclude
informed trading activity prior to earnings announcements. In fact, using daily stock loan demand
data from a proprietary data vendor (Markit), we provide evidence of informed short-selling

activity in the securities lending market. Focusing on retailers with abnormal decreases in parking



lot fill rates, we document a significant increase in the lender quantity on loan; that is, the quantity
of stock from the lendable quantity that has already been lent, starting five trading days prior the
earnings announcement for the quarter. Turning to retailers with abnormal increases in parking lot
fill rates, we do not find evidence of changes in the lender quantity on loan prior to the earnings
announcement for the quarter. Notwithstanding our evidence of informed short-selling activity
across portfolios, we highlight that Main Street investors cannot “piggyback™ on the information
content of daily fluctuations in short interest. This is because securities lending operates as an over-
the-counter market and the general investment community can observe short interest data only

twice per month and only with a significant delay.

Overall, our paper documents that while measuring parking lot traffic from outer space
provides timely, value-relevant information, such information is not impounded into stock prices
prior to the actual disclosure of retailer performance for the quarter. This creates opportunities for
sophisticated investors with access to satellite imagery data to formulate trading strategies earning
abnormal returns at the time of quarterly earnings reports. Our evidence is consistent with the view
that unequal access to alternative data leaves small investors outside the information loop without
necessarily enhancing stock price discovery. Indeed, using a difference-in-differences approach
we find consistent evidence that the introduction of satellite imagery data had no detectable effect

on stock price informativeness.

Our paper adds to growing research on the role of alternative data in capital markets. Few
relevant papers in this respect are Bollen et al. (2011), who find that aggregate-level Twitter mood
has predictive power for stock market returns; Da et al. (2011), who find evidence of short-term
momentum and long-term reversals for stocks with abnormally high Google search frequency;

Froot et al. (2017), who use proprietary data of consumer activity and find that managers distort



their disclosures in the presence of insider trading opportunities, and Zhu (2018), who finds that
alternative data availability, such as consumer transactions and satellite imagery, disciplines
managers’ insider trading and investment decisions by reducing information asymmetry. Our
paper also adds to research on the impact of data abundance on price informativeness. Our
evidence that the introduction of satellite coverage had no detectable effect on stock price
informativeness is broadly consistent with the theoretical predictions of Banerjee et al. (2018) and
Dugast and Foucault (2018), whereby improved data availability does not necessarily increase

price informativeness.

The paper proceeds as follows. Section Il provides the background on remote sensing
technology and reviews prior applications of satellite imagery in economics. Section 111 describes

the research design. Section IV presents the empirical results. Section V concludes.
2. Background
2.1 The evolution of remote sensing technology

Mounting cameras to take pictures of the surface of the earth was the driving force behind
early satellite launches. While the original purpose was oriented towards military applications and
weather forecasting, it was not long before the first applications in economics research. Before we
review prior applications of satellite imagery data, we provide a brief overview of the

characteristics of the satellites that generate the images.

Unlike most communication satellites that follow a geostationary orbit (at about 36,000km
altitude) and remain in a fixed point above the equator relative to the surface of the earth, the
satellites of interest to us orbit the earth at much lower altitudes. These remote sensing satellites

typically provide full coverage of the earth’s surface. Croft (1978) describes the first publicly



available data set originating from the U.S. Air Force’s Defense Meteorological Satellite Program
(DMSP) and NASA'’s Landsat system. The spacecraft in this program orbit the earth at altitudes
around 700km and take advantage of the smaller distance and the different orbital characteristics
to produce higher resolution images. Because of the lower orbit, theses satellites move fast above
the surface and orbit the earth about every 99 minutes or over 14 times a day. The near polar orbits
are set up such that they miss the poles only by a couple degrees and move mostly in a
northerly/southerly direction taking images of the surface in “vertical” strips. Furthermore, the
orbits are designed to be “sun-synchronous” such that the satellite passes a given latitude the same
time of the day, every day. Since the earth rotates under the orbit, the cameras record a different
strip of the surface on each revolution. Combining the different strips results in a full coverage of
the surface, where each point is covered at least once a day, at the same time of the day. With

multiple satellites in a system the frequency can be increased.

An important characteristic of remote sensing applications is the type of sensors used. The
variety ranges from passive sensing in different spectra of frequencies including, infrared, visible,
or ultraviolet light to active sensing such as LIDAR, which uses reflectance from laser pulses
emitted by the satellite. LIDAR is similar to radar but instead of microwave signals uses laser
emissions and their reflections to generate observations. Its main advantage compared to passive

sensing is that it perceives depth and can construct a three-dimensional map of the observed surface.
2.2 Prior applications of satellite imagery data

Early economics research in the area of remote sensing took advantage of nighttime
imagery where populated areas become distinctive due to light emissions. Donaldson and
Storeygard (2016) provide an extensive overview of remote sensing applications in economics,

including the data sources used. In one of the first applications, Welch (1980) combines Landsat



and DMSP data to study urban population and energy consumption. In one application, the paper
establishes a functional relationship between nighttime lighting intensity and urban population in
China. In another, it uncovers a similar relationship between nighttime lights in urban areas in the
U.S. and corresponding energy utilization. Sutton et al. (1997) uncovers the links between
nighttime lighting data observed by satellites and population density in the U.S. Continuing in this
direction, Sutton et al. (2001) provide global population estimates using similar satellite night-

lights data.

Another area of interest is land use. The early work of Skole and Tucker (1993) uses
Landsat data to study deforestation in the Amazon. They visually classify the images to ascertain
deforestation in the areas under question. Foster and Rosenzweig (2003) combine satellite data
with surveys to show that forest growth in India is related to increased demand for products
originating in the forest. Muller and Zeller (2002) use manually classified Landsat images to

augment meteorological data when examining land use and agricultural output in Vietnam.

Most early work in economics established a relationship between remote sensing data and
economic variables. However, the relatively low resolution of traditional nighttime satellite images
limits their use as an additional data source. Chen and Nordhaus (2011) compare estimates
obtained from DMSP data to traditional output measures and find that satellite data is a valuable
proxy for countries with the poorest statistical infrastructure, but high measurement errors in the
lighting data limit its use when there is better quality information. Doll et al. (2006) draw attention

to potential outliers and possible remedies.

Satellite imagery data has also been used to study growth over time. Henderson et al. (2012)
measure real GDP growth from nighttime lights (DMSP) and provide GDP estimates for countries

with unreliable economic measures. More recently, a newer technology, Visible Infrared Imaging



Radiometer Suite (VIIRS) Lights Data Set has been employed because of its higher accuracy in
sensing light intensity provided by onboard radiometric calibration. Li et al. (2013) use VIIRS
Lights Data Set as a supplementary source for modeling the regional economy of China. With a
less than 1 km x 1 km pixel, wider spectrum, and ability to record dimmer lights, Chen and
Nordhaus (2015) also demonstrate the superiority of VIIRS data improving measurements of

population and economic output in Africa.

Recent studies using satellite imagery data have further improved detection methods and
are able serve a wider variety of applications. For example, Guiteras et al. (2015) study exposure
to floods in Bangladesh. They do not rely on nighttime lighting data. Instead, they use Moderate
Resolution Imaging Spectroradiometer (MODIS) satellites to record surface reflectance in
multiple bands, being able to distinguish between green areas and water covered areas. They find
that data is better than other estimates based on precipitation and self-reports of exposure to floods.
Another recent example of using high-resolution images is that of Marx et al. (2015), who examine
dwelling investments in a Nairobi slum. Algorithmic analysis of these images that are similar to
ours in resolution can reveal newly constructed or replaced roofs due to their higher reflectivity
than older, rusted ones. Axbard (2016) uses satellite data to construct a monthly measure of local
fishing conditions and finds that better income opportunities reduce sea piracy in Indonesia. Easier
access to satellite images not only helps academic study of economics, it also has a direct impact
on certain industries. Nagaraj (2017) finds that access to Landsat imagery nearly doubled the rate
of significant gold discoveries in the mining industry. As we discuss later, availability of satellite

images also has an important role in the financial forecasting industry.



2.3 Our application of satellite imagery data

Our application uses high-resolution satellite imagery of parking lot traffic across major
U.S. retailers. We obtained satellite imagery data from RS Metrics, a company that specializes in
collecting and aggregating geospatial data. The data consists of daily store-level information about
parking lot capacity and utilization across major U.S retailers. RS Metrics obtains satellite imagery
from DigitalGlobe Inc., a division of Maxar Technologies and Airbus Defense and Space, formerly
known as the European Aeronautic Defense and Space Company (EADS). EADS launched the
Pleiades 1A & 1B satellites as part of a new constellation in December 2011 and December 2012,
respectively. Both satellites share the same sun-synchronous orbit, 180 degrees apart at an altitude
of 694 kilometers with an orbital period of 99 minutes. The orbits are designed that at least one of
the satellites crosses over a given latitude/longitude at roughly the same local time every day. Each
satellite photographs a north-south oriented swath of the surface of the Earth, with each swath
shifting in the direction opposite to the rotation of the earth. Given the wide viewing angle and the
resulting over 1 million square kilometers per day coverage capacity, the constellation provides
daily revisit of each point at around the same local time. The satellites have very high-resolution
cameras that provide a 0.5m resolution panchromatic and pan-sharpened multispectral images that
capture a large part of the electromagnetic spectrum. This level of resolution makes it possible to

measure parking lot traffic at the individual store-level.

While our satellite imagery data is of the highest quality available in the market, measuring
parking lot traffic from outer space is subject to at least three sources of measurement error. First,
satellite coverage is available only for a subset of a retailer’s store count. The reason is simply that
the cameras have to be pointed in a given direction for a certain store and there is a limited capacity

allotted to each satellite user. Relatedly, not all parking lots are visible from outer space.
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Underground or multi-story lots are obviously hidden from the satellite. Second, the satellite’s
orbit is designed in a way that it passes through a given latitude at the same local time of the day
at each given location. This time is between late morning and early afternoon for most of the
continental US, which captures only a snapshot of total parking lot traffic during the day. Third,
even though the resolution of satellite imagery has drastically improved over time, it is still hard
to count the cars precisely in a parking lot, due to clouds, haze, trees, shadows and other visual or
environmental factors. RS Metrics processes satellite imagery using software and the parking lot

counts are inspected for accuracy by human analysts.
3. Research Design
3.1 Measuring parking lot traffic at the individual store level

As we explain in Section Il, we obtained parking lot traffic data from RS Metrics. RS
Metrics provides satellite coverage at the individual store level for 44 major U.S. retailers from
2011:Q1 to 2017:Q4. RS Metrics generates the data by first using a proprietary software for
automated counts and then analysts for verifying the counts. The key information available from
the processed satellite imagery is the daily number of cars parked in an individual store parking
lot; denoted by , along with the total number of available parking spaces; denoted by

, Where i indicates the retailer, j indicates the individual store location, and d indicates
the day of the satellite imagery. Our data on parking lot capacity and utilization includes 4.8 million
daily observations across a total of 67,120 unique store locations for the 44 U.S. companies with

RS Metrics coverage.

Our sample starts in 2011:Q1 because this is the first quarter for which RS Metrics started

selling satellite imagery data. We note that RS Metrics was the first data vendor to sell satellite
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imagery data to investors, with hedge funds being their typical clients. Our sample ends in 2017:Q4
because this is the last quarter for which we obtained satellite imagery data from RS Metrics per

our data service agreement.

Table 1 reports information about the store count and satellite store coverage for each of
the 44 U.S. companies in our sample along with the starting date of RS Metrics coverage. The
cross-sectional average store count is 2,412 with satellite coverage available for 58% of the
individual store locations. We organize our sample using six-digit Global Industry Classification
Standard (GICS) codes. The most represented industry group in our sample is specialty stores with
16 retailers, including Walmart Inc., Target Corporation, and Bed, Bath & Beyond Inc. We note
that the number of retailers with satellite imagery coverage in our sample increased from 10 in

2011 to 30 in 2014 and 44 in 2017.

Figure 1 presents a heat map to illustrate the geographical coverage of our store-level data
at the county level across the U.S. Our store-level data provides coverage for 2,571 counties
representing over 98% of the U.S. population. For each individual county, we compute the number
of individual store locations with satellite coverage per 100,000 residents. Across counties, the
mean (median) store count per 100,000 residents is 18.11 (18.61) stores, with a standard deviation
of 12.48 and interquartile range from 9.55 to 26.55. The heat map shows that satellite coverage is
extensive not only in densely populated areas, but also in more rural counties with the exception
of some of the most sparsely populated ones. In fact, the mean (median) population of counties
with no coverage in our data is 7,537 (5,705), while that of counties with coverage is 117,725

(35,767).
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3.2 Measuring parking lot traffic at the enterprise level

From the daily store-level data, we compile a panel of 650 firm-quarter observations of
enterprise-level parking lot fill rates. Specifically, we start with the daily data for each individual
store location j during quarter g and compute the average number of cars parked during the quarter;
that is, , as well as the average number of parking lot spaces available at each store location
during the quarter; that is, . Due to seasonal effects in quarterly data, we focus on year-
over-year comparisons rather than sequential comparisons; that is, we compare quarter g to quarter

— 4. To ensure comparability on a year-over-year basis, we restrict our attention to individual
store locations with satellite imagery in both quarter and quarter — 4. The same-store
comparisons control for year-over-year growth in parking lot capacity due to acquisitions and the
opening of new stores. Our restricted sample includes 3.4 million daily observations across 53,647

unique store locations for the 44 major U.S. retailers covered from 2011:Q1 to 2017:Q4.

For each retailer-quarter, we sum up across individual store locations with year-over-year
satellite coverage to obtain the aggregate parking lot traffic; , and the aggregate parking lot
space; . For each retailer-quarter, we calculate the enterprise-level parking lot fill rate—
our primary measure of parking lot utilization—as the ratio of aggregate parking lot traffic divided

by aggregate parking lot space:

The key variable of interest in our analysis is the year-over-year growth in same-store

parking lot fill rates measured as:
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By construction, growth in parking lot fill rates is due to growth in parking lot traffic and
growth in parking lot capacity. In our data, most of the variability in same-store parking lot fill
rates is due to variability in parking lot traffic rather than parking lot capacity. This is because
parking lot capacity at the individual store-level is sticky on a year-over-year basis. Indeed, growth
in same-store parking lot fill rates is 99% correlated with growth in same-store car traffic and it is
virtually uncorrelated with growth in same-store parking lot capacity. Therefore, our inferences
are unchanged when we replace growth in same-store parking lot fill rates with growth in same-

store parking lot traffic.
3.3 llustrative example

Figure 2 illustrates the measurement of key variables using satellite imagery data for Target
Corporation, the department store company. The satellite image is for the Target store located at
Richmond, California on September 19, 2016 at 11:03am. The processed image indicates the
number of cars present within a fixed area of parking lot spaces that RS Metrics assigns to each
store. The parking lot spaces assigned to each store do not change over time unless the company
renovates the parking lot. At the time of the satellite image, RS Metrics reports 540 parking lot
spaces with 146 of them filled. The parking lot spaces on the bottom right of this Target store are
excluded because they may represent employee parking. As a general rule for any individual store
location, RS Metrics defines the “most likely parking area” for customers and keeps that parking
lot boundary relatively fixed over time so that the variability in the data comes from the number

of cars parked at any time.

Starting with the granular parking lot data for Target Corporation in 2016:Q3, we identify
1,210 individual store locations across the U.S. with year-over-year satellite coverage, i.e.,

coverage in both 2016:Q3 and 2015:Q3. We calculate the average parking lot size and parking lot
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traffic per Target store during the quarter, and we sum across stores to obtain the enterprise-level
information. For 2016:Q3 across the 1,210 Target store locations with year-over-year satellite
coverage, the aggregate parking lot traffic is 156,977 while the aggregate parking lot space is
595,340. It follows that the parking lot fill rate for Target Corporation in 2016:Q3 is 26.37%.
Repeating the steps for 2015:Q3, we find a fill rate of 26.94%. Hence, the year-over-year growth

rate in the fill rate is -2.14%.
3.4 Nowcasting same-store sales growth from outer space

Our first objective is to investigate the relevance of satellite imagery of parking lot fill rates
for nowecasting current growth in same-store sales. The idea is that seasonally-adjusted changes in
parking lot utilization should be correlated with shopper conversion at individual stores. Higher
year-over-year growth in same-store parking lot utilization should indicate higher close rates and,
therefore, higher same-store sales growth. Our efforts zero in on nowcasting same-store sales
growth—a key driver of retailer performance. Indeed, same-store sales are widely reported by
publicly-owned retail chains as a crucial element of their operational results. For chains that are
growing by opening new stores, same-store sales allows financial analysts to differentiate between
sales growth that comes from new stores, and growth from improved operations at existing store

locations.

We obtained quarterly data on same-store sales ( ) from Factset Fundamentals. We

focus on the domestic portion of sales because satellite imagery covers only individual stores

located in the U.S. Year-over-year growth in the domestic component of same-store sales is
measured as A = ( - _a) _4. Again, we use year-over-year growth rather

than sequential growth due to seasonal effects in quarterly same-store sales data; typically retail

sales spike during holiday seasons. Same-store sales growth is mostly auto-correlated at one lag,
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with a first-order autoregressive coefficient of 0.82, which is consistent with well-documented
evidence of mean-reversion in growth rates (e.g., Chan et al. 2003). When nowcasting retailer
performance, we are interested in the information content of same-store growth in parking lot
utilization that is incremental to that of lagged realizations of same-store sales growth. We note
that while same-store sales growth is realized during the quarter, the actual value of realized
A is disclosed only after the end of the quarter at the time of the quarterly earnings report.
The typical disclosure lag in our sample, i.e., the lag between the end of the quarter and the

quarterly earnings report, is three trading weeks.

Stock price fluctuations within the quarter capture revisions in investors’ expectations
about corporate value creation. Indeed, a long line of capital markets research provides evidence
that stock returns have predictive power for firm performance (e.g., Beaver et al. 1980) and that
prices lead earnings (e.g., Collins et al. 1987). Given the forward-looking component of stock
market prices, we search for the predictive content of growth in same-store parking lot utilization
that is incremental to that of contemporaneous stock returns. If the stock market fully incorporates
value-relevant information that is correlated with changes in parking lot traffic, one would expect
that stock returns cumulated from the beginning to the end of the quarter should subsume the

information content of A

Following this discussion, our first set of tests are based on pooled cross-sectional

regression models of the following form:
A = + 4A + LA 1t 3 + + O+ (2).

The dependent variable is domestic same-store sales growth and the set of right-hand-side

variables includes same-store growth in parking lot utilization (A ), the lagged value of
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same-store sales growth (A —1), and the quarterly stock return including distributions
( ). The model also includes firm fixed effects () to control for firm-specific time-
invariant factors, as well as quarter fixed effects () to control for aggregate time-varying factors.
The coefficient of interest is that of A . A significantly positive ; coefficient would imply
that same-store growth in parking lot utilization is incrementally relevant for nowcasting current
quarter growth in same-store sales. Throughout the paper, we use two-tailed tests when testing for

statistical significance and base statistical inferences on heteroscedasticity-robust standard errors.

Figure 3 illustrates the timeline of our research design. The timeline is organized around
the beginning and the end of fiscal quarter . The figure highlights that the right-hand-side
variables in equation (2), including A , A -1, and , are measured using
information available as of the end of quarter and, therefore, can be used for nowcasting same-
store sales growth realizations that will disclosed at the time of quarterly earnings announcement.
To be clear, while the quarterly stock return and the lagged realization of same-store sales growth
are available to all capital market participants, the A signal is within the reach of
sophisticated investors who can afford to incur the substantial costs of acquiring and processing

satellite imagery data.
3.5 Implications for financial analysts’ forecasts

After evaluating the relevance of parking lot traffic data for nowecasting retailer
performance, our second research objective is to investigate whether financial analysts incorporate
information embedded in parking lot fill rates when projecting same-store sales for the quarter.
We obtain sell-side forecasts of domestic same-store sales growth from Factset Estimates and

measure the consensus forecast revision from the beginning of quarter  to the most recent forecast

17



prior to the earnings announcement for quarter . The cumulative forecast revision ( )
measures the change in financial analysts’ expectations over the period that stretches from the
beginning of quarter to the earnings announcement for the quarter, typically three trading weeks
after the end of the quarter. Effectively, the measurement window allows several days for financial
analysts to incorporate in their forecasts of same-store sales growth for the quarter any value-

relevant information available to them as of the end of the quarter.

With this objective in mind, we replace the dependent variable in our baseline model in
equation (2) with the cumulative forecast revision ( ) and estimate pooled cross-sectional

regressions of the following form:
= + A L WP + o+ 4 (3).

With respect to the slope coefficient for A , one would expect a positive ; estimate
if (i) same-store growth in parking lot utilization is relevant for nowcasting current quarter same-
store sales growth, and (ii) financial analysts are responsive to the information flow that is
correlated with this signal. With respect to the slope coefficients for A _1 and , one
would expect positive estimates for , and 5. This is because there is long-standing evidence on
the auto-correlation properties of sales growth and the forward-looking content of stock returns.
Therefore, financial analysts should be responsive to the value-relevant information embedded in

these two well-known predictors of firm performance.

To be clear, evidence of an association between forecast revisions and growth in parking
lot fill rates would not necessarily imply that financial analysts directly use satellite imagery of
parking lot traffic when projecting same-store sales growth for the quarter. In addition, the

evidence would not necessarily imply that financial analysts fully incorporate all value-relevant
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information that could be extracted from A . Rather, the evidence would merely imply that
financial analysts revise their projections for the quarter in response to information that at least

partially overlaps with information embedded in A

This discussion leads to our next set of tests addressing the question whether financial
analysts fully incorporate the information flow within the quarter when forecasting same-store
sales growth for the quarter. Following our baseline specification, this set of tests is based on

pooled cross-sectional regression models of the following form:
= + A + LA -1t 3 + o+ + (4).

The left-hand-side variable is the consensus forecast error of same-store sales
growth for quarter . We measure the consensus forecast error as the actual value of same-store
sales growth released on the earnings announcement day minus the most recent consensus forecast
prior to the earnings announcement. If financial analysts fully incorporate information that is
relevant for forecasting same-store sales growth, one would expect that their forecast errors for the

quarter should be unpredictable based on stale signals measured as of the end of the quarter.
3.6 Implications for capital market participants

If same-store growth in parking lot traffic is incrementally relevant for nowcasting retailer
performance, what are the capital market implications of access to parking lot traffic data from

outer space? This is an important question for at least three reasons.

First, satellite imagery of parking lot traffic is not available to all investors. While
accessible in nearly real-time, the parking lot traffic feeds are only available for a substantial fee.
Therefore, the incremental information content of A is available only to sophisticated

investors that can afford to incur the substantial data acquisition and processing costs. Second,
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access to information that is incrementally relevant for anticipating realizations of current quarter
same-store sales growth can create opportunities for wealth transfers from small investors, who do
not have access to satellite imagery of parking lot traffic, to sophisticated investors with access to
such data prior to the disclosure of retailer performance for the quarter. Third, while financial
analysts could help level the playing field across different investor groups with unequal access to
data, in practice they may not do so if they themselves do not have access to satellite imagery data
or if they do not fully incorporate all value-relevant signals when forecasting same-store sales

growth for the quarter.
To address this question, we estimate pooled cross-sectional regressions as follows:
= + 4A + A 1t 3 + o+t (5).

The left-hand-side variable is the buy-and-hold market-adjusted stock return
over the three-day window centered on the earnings announcement for quarter . We identify
earnings announcement dates using the report date of quarterly earnings available from the
Compustat Fundamental Quarterly file. We measure market returns based on the CRSP value-
weighted index including distributions. The short measurement window [— 1, + 1] alleviates the
issue of risk-adjusting realized returns. This is because the expected value of returns at daily
frequencies is close to zero regardless of the asset pricing model. Therefore, the market-adjusted
short-window return offer a reasonable measure of earnings announcement surprises for capital
market participants. Our results are unchanged to using size and book-to-market factor-adjusted

returns in lieu of market-adjusted returns.

Market efficiency with respect to public information would imply that earnings-

announcement returns should be unpredictable based on either past stock returns or the lagged
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realization of same-store sales growth so that the slope coefficient estimates , and 3 should not
be different from zero. This prediction holds regardless of whether or not financial analysts’
forecast errors are predictable based on public signals. This is because capital market participants
are unlikely to completely fixate on sell-side analysts’ forecasts, especially if such forecasts are
known to be biased. If capital market participants do not fully incorporate forward-looking
information that is correlated with A , one would expect that higher (lower) growth in
parking lot traffic would translate into positive (negative) earnings announcement surprises so that

the slope coefficient ; is significantly positive.

To be clear, evidence of earnings announcement return predictability based on A
would not be inconsistent with market efficiency under costly information acquisition (e.g.,
Grossman and Stiglitz 1980). This is because the A signal is not available to the general
public and can only be acquired by sophisticated investors for a substantial fee. Importantly,
however, such evidence would imply that sophisticated investors with access to satellite imagery
of parking lot traffic can formulate a trading strategy that generates abnormal returns at the time

of quarterly earnings announcements.

The timeline in Figure 3 visually illustrates the measurement of short-window returns
centered on the earnings announcement day along with the measurement of sell-side analysts’
forecast revisions from the beginning of the quarter to the most recent consensus prior to the
earnings announcement, and forecast error of same-store sales growth for the quarter. The timeline
clarifies that the measurement window for analysts’ forecast revision does not overlap with the

measurement window for earnings announcement returns.
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4. Empirical Results
4.1 Descriptive statistics

Table 2, Panel A, reports the empirical distributions of key variables. The sample includes
650 firm-quarter observations across 44 major U.S. retailers from 2011:Q1 to 2017:Q4. The mean
(median) same-store sales growth is 1.3% (1.6%) with a standard deviation of 5.7% and an
interquartile range of -1.2% to 4.3%. The parking lot fill rate level has a mean (median) value of
29.8% (26.8%) with a standard deviation of 9.9% and an interquartile range of 23% to 35%. The
distribution of the year-over-year growth in parking lot utilization is centered at -0.7% and exhibits
substantial variation with a standard deviation of 4.9% and an interquartile range of -3.4% to 1.8%.
The mean and median cumulative analyst forecast revision is -0.7%, which is consistent with prior
evidence of long-term sell-side forecast optimism followed by a walk-down as the forecast horizon
shortens. The distribution of earnings announcement stock returns is symmetric around zero and

exhibits substantial variability with a standard deviation of 1.9%.

Turning to the pairwise correlations in Table 2, Panel B, we find preliminary evidence that
same-store growth in parking lot utilization co-moves with same-store sales growth; the Pearson
(Spearman) correlation is 37% (38%). Moreover, the pairwise correlations show that same-store
growth in parking lot utilization has predictive power for financial analysts’ forecast errors and
earnings announcement stock returns. Next, we provide formal empirical tests confirming these

preliminary findings.
4.2 Nowcasting same-store sales growth from outer space

Table 3 reports pooled cross-sectional regression results based on the model specification

described in equation (2). Panel A reports regression results using the raw values of the predictors.
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To ease the interpretation of the estimates and facilitate comparisons across predictors, Panel B
reports regression results using the standardized z-values of the predictors. The standardized z-
values of the predictors are rescaled to have a mean of zero and a standard deviation of one. These
standardized regression coefficients measure changes in standard deviation units, which allows us

to easily compare the relative importance of each predictor.

Starting with the simple regression results in column (1), the estimated slope coefficient
of A is significantly positive and its magnitude implies that a one standard deviation
increase in same-store growth in parking lot utilization is expected to result in a 2.2% increase in
same-store sales growth. Consistent with prior evidence of mean-reversion in growth rates (e.g.
Chan et al. 2003), the regression results in column (2) show that same-store sales growth has a
first-order auto-regressive coefficient of 0.82, which is below the benchmark value of one under a
random-walk model. The regression results in column (3) also confirm long-standing evidence
that stock returns embed forward-looking value-relevant information (e.g., Beaver et al. 1980).
The estimated slope coefficient of is significantly positive and its magnitude implies that
a one standard deviation increase in quarterly stock returns is expected to result in a 1.4% increase

in same-store sales growth.

Turning to the multiple regression results in column(4), we find that A IS
incrementally relevant for nowcasting current quarter same-store sales growth, after controlling
for the information content of other predictors. The multiple regressions in the last two columns
show that the inferences are not sensitive to controlling for firm-specific time-invariant factors as
well as for aggregate time-varying factors, with the complete model specification in column (6)

explaining more than 71% of the variation in quarterly same-store sales growth.
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4.3 Implications for financial analysts’ forecasts

Table 4 reports pooled cross-sectional regression results based on the model specification
described in equation (3). Starting with the simple regression results, we find a positive
association between financial analysts’ forecast revisions and same-store parking lot traffic growth.
The estimated slope coefficient of A is significantly positive and its magnitude implies that
a one standard deviation increase in same-store growth in parking lot utilization is expected to
result in a 0.7% increase in financial analysts’ consensus forecast of same-store sales growth.
Turning to the multiple regression results, we find that A is incrementally relevant for
explaining variation in financial analysts’ forecast revisions, after controlling for the explanatory
power of stock returns and lagged same-store sales growth. The regression results in the last two
columns confirm that the inferences are not sensitive to firm- and time-fixed effects, with the
complete model specification in column (6) explaining nearly 37% of the variation in financial
analysts’ forecast revisions from the beginning of the quarter to the most recent forecast date prior

to the earnings announcement.

As we also point out in Section 111, evidence of a positive association between financial
analysts’ forecast revisions and same-store growth in parking lot traffic comes with two caveats.
First, the evidence does not imply that financial analysts directly use the A signal when
updating their projections of current quarter growth in same-store sales. Second, it does not
necessarily imply that financial analysts fully incorporate all value-relevant information that could
have been extracted from A . Rather, the evidence merely suggests that financial analysts
revise their projections in response to information that is correlated with at least a fraction of the
information content embedded in A . We note that the same caveats apply for the

information embedded in stock returns and lagged same-store sales growth.
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Table 5 reports pooled cross-sectional regression results based on the model specification
described in equation (4) and provides evidence of predictability in financial analysts’ forecast
errors. The regression results show that current quarter growth in parking lot fill rates, stock returns,
as well as lagged realizations of same-store sales growth are incrementally relevant for anticipating
variation in financial analysts’ forecast errors, after controlling for firm- and time-fixed effects.
Evidence of forecast error predictability based on A suggests that financial analysts do not
fully incorporate information embedded in parking lot traffic data when projecting current quarter
growth in same-store sales. This finding is consistent with the fact that parking lot traffic data is
not widely disseminated to capital market participants and can only be accessed for a substantial
fee through specialized data vendors. The evidence of forecast error predictability based on

and A _1, however, also suggests that financial analysts underreact to public signals

that are as easily accessible as stock returns and lagged realizations of same-store sales growth.*

To be clear, evidence of predictability in analysts’ quarterly forecast errors does not
necessarily translate into earnings announcement return predictability. This is because the stock
market aggregates into stock prices the beliefs of not just financial analysts but of the general
investment community. Next, we test whether the stock market reaction to earnings

announcements can be predicted based on satellite imagery of parking lot traffic.

4 Evidence that financial analysts’ forecasts do not fully reflect the information in prior price changes can be traced
back to Abarbanell (1991), while evidence that analysts under-estimate the serial correlation in accounting data can
be traced back to Abarbanell and Bernard (1992).
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4.4 Implications for capital market participants
4.4.1Evidence of earnings announcement return predictability

Table 6 reports regression results based on the model specification described in equation
(5). Across columns, we find that earnings announcement stock returns are unrelated to lagged
stock returns and lagged growth in same-store sales. Evidence that earnings announcement returns
are unpredictable based on public information that is as easily accessible as past stock price
changes and past realizations of accounting data is consistent with weak-form market efficiency.
This finding also offers an interesting contrast to evidence of predictability in financial analysts’
forecast errors based on public signals. The key implication here is that the stock market as a whole
beats the financial analysts in terms of incorporating public information when forecasting retailer

performance for the quarter.

Turning to the predictive power of same-store growth in parking lot fill rates, we do find
evidence of return predictability around earnings announcements. The significantly positive
coefficient for A implies that investors with access to satellite imagery of parking lot traffic
can formulate a trading strategy using information as of the end of each quarter that pays off at the
time of the earnings announcement for the quarter; that is, typically three trading weeks after the
quarter end. The magnitude of the estimated slope coefficient for A implies that a one
standard deviation increase in same-store growth in parking lot utilization is expected to result in
a 1.2% increase in earnings announcement stock returns. Next, we formulate a long-short strategy
based on A and provide direct evidence that sophisticated investors with access to satellite
imagery of parking lot fill rates could gain an investment edge and get ahead of the rest of the

market.
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4.4.2Formulating a long-short strategy from outer space

Table 7, Panel A, reports the buy-and-hold stock return from a trading strategy that buys
(short sells) retailers with same-store parking lot fill rate growth in the top (bottom) quartile of the
cross-sectional distribution of A . The return measurement window is from one trading day
before to one trading day after the earnings announcement day for the quarter (day 0). We report
raw returns, market-adjusted returns, as well as size and book-to-market factor-adjusted returns.
We use the value-weighted CRSP index including distributions when calculating market-adjusted
returns. We use the portfolio data from Kenneth French’s website when calculating factor-adjusted
returns. To generate the cross-sectional quartile cutoff values of A , We consider retailers
with fiscal quarters ending within the last three months. This approach allows to generate cross-
sectional cutoff values on a rolling basis, thereby, allowing for time-series variability in the
empirical distribution of A . The buy (short-sell) portfolio includes retailers in the top
(bottom) quartile portfolio of the cross-sectional distribution of A . The portfolio mean

values of same-store parking lot fill rate growth are -5.31% and 4.72% for the bottom and top

quartile portfolios, respectively.

The evidence shows that at the time of the quarterly earnings announcements the bottom
portfolio underperforms the market by -3.01% while the top portfolio outperforms the market by
1.63%. The spread between the top and bottom portfolios in terms of market-adjusted returns is
4.64%, which is statistically significant and economically important. The buy-sell spread is 4.76%
in terms of factor-adjusted returns. While we find significant abnormal returns for both the buy
portfolio and the short-sell portfolio, the absolute magnitude of abnormal returns is nearly twice

as large for the short-sell portfolio.
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In practice, short selling entails borrowing the stock for a loan fee (see, e.g., Reed 2013 for
an overview of the short selling). To evaluate portfolio performance net of short-selling cost, we
obtain daily data on stock loan fees from Markit (formerly known as Data Explorers). The Markit
data aggregates survey information from a consortium of more than 100 institutional lenders that
collectively account for most of the lendable inventory of shares in the U.S. Table 7, Panel B,
reports results after adjusting the short-sell portfolio for stock loan fees. The evidence shows that
stock loan fees are less than one basis point per day. Therefore, the hedge portfolio returns remain

intact after accounting for the cost of short selling.

To shed light on pre-announcement effects leading to the earnings announcement day,
Figure 4, Panel A, reports the cumulative market-adjusted returns for the buy and short-sell
portfolios over the two trading weeks (i.e., ten trading days) before and after the earnings
announcement day.® The green (red) solid line presents the performance of the top (bottom)
portfolio of retailers with abnormal increases (decreases) in parking lot fill rates. The red dashed
line presents the performance of the short-sell portfolio net of stock loan fees. The plot shows that
there are only limited pre-announcement effects with most of the price discovery happening on the

earnings announcement day. Indeed, while A positively predicts earnings announcement
returns, the correlation between A and pre-earnings announcement returns is not

significantly different from zero.

Figure 4, Panel B, presents the hedge portfolio returns measured as the spread of the buy
portfolio minus the short-sell portfolio. The black solid (dashed) line presents the hedge portfolio

returns as the spread in the buy portfolio minus the short-sell portfolio before (after) stock loan

5> The cumulative abnormal portfolio returns are virtually identical using factor-adjusted returns.
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fees. The hedge portfolio performance provides consistent evidence of limited pre-announcement
stock price effects with most of the hedge portfolio return accruing on the earnings announcement
day. In fact, the hedge portfolio return accumulated from day -10 to day -2 is less than 0.50%,

which is not reliably different from zero.

Figure 4, Panel C, presents the daily share turnover for the buy and short-sell portfolios
during the two trading weeks before and after the earnings announcement day. We measure share
turnover as the daily trading volume divided by the number of shares outstanding. To obtain the
abnormal values of share turnover, we adjust the daily values of share turnover during the event
window for the share turnover prior to the event window. Consistent with the lack of abnormal
pre-earnings announcement returns, we observe that there is only limited evidence of abnormal
share turnover leading to the earnings announcement. Across portfolios, abnormal share turnover
is close to zero until two days prior to the earnings announcement day. The significant spike in
share turnover around day zero provides evidence consistent with the idea that most of the price

discovery happens on the earnings announcement day.®

Overall, the portfolio analysis provides evidence that stock prices do not aggregate
information embedded in parking lot fill rates prior to the earnings announcement, with most of
the price discovery happening in the short-window centered on the earnings-announcement day.
One key implication is that sophisticated investors who can afford to incur the substantial costs of
acquiring and processing satellite imagery data could get ahead of the market and formulate a long-

short strategy that generates abnormal returns. Small investors with no access to satellite imagery

b In additional portfolio analysis, we find consistent evidence that the bid-ask spread spikes on the earnings
announcement day and that there is no abnormal changes in the spread during the pre-announcement window.
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data are left out of the information loop and do not have the opportunity to formulate a similar

trading strategy.
4.4.3Evidence of informedhortselling activity

The evidence thus far shows that investors with access to satellite imagery have the
opportunity to use parking lot traffic signals to formulate a profitable trading strategy. The strategy
works on both the long and the short side, though the returns are especially pronounced from short
selling retailers with abnormal decreases in parking lot fill rates. In what follows, we use daily data
on stock loan demand from Markit and provide direct evidence of informed trading in the securities

lending market.

Markit provides the daily lender quantity on loan; that is, the quantity of stock from the
lendable quantity that has already been lent. Markit aggregates survey information from a
consortium of institutional lenders that collectively account for the vast majority of stock lending.
Therefore, Markit’s daily measure of lender quantity on loan offers a representative measure of
the overall short interest. Figure 5, Panel A, presents the cumulative change of lender quantity on
loan as a percentage of shares outstanding separately for the top and bottom A portfolios.
The evidence is consistent with informed short-selling activity prior to the earnings announcement
day. Focusing on the bottom A portfolio (red solid line), we find evidence of a significant
increase in the lender quantity on loan starting five trading days prior to the earnings
announcement. On the other side, we do not find evidence of significant changes in short-selling

activity for the top A portfolio (green solid line).

Notwithstanding evidence of informed short-selling activity, individual investors cannot

“piggyback” on the information content of daily fluctuations in the lendable quantity on loan. This
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is because daily short interest data is available only to those who can afford the substantial
subscription fees to Markit’s data feeds, with brokers and hedge funds being the typical clients of
Markit. In contrast, the general investment community has access to short interest data only twice

per month and with a significant delay.

Specifically, under the current reporting regime, the Financial Industry Regulatory
Authority (FINRA) requires member firms to report their short positions as of settlement on the
15" of each month (or the preceding business day if the 15™ is not a business day) and as of
settlement on the last business day of the month. The short-interest reports must be filed by the 2"
business day after the reporting settlement date. FINRA compiles the short interest data on a stock-
by-stock basis across all member firms and provides it for publication on the 8" business day after
the reporting settlement date. This means that general investment community can observe short
interest only twice per month and only with a significant delay due to the lag between the

settlement date and the dissemination date.’

One implication is that more timely and detailed information about short selling could help
level the playing field for individual investors and facilitate access to the information loop prior to
the earnings announcement day. However, as pointed out in SEC’s (2014) report on short-sale
position and transaction reporting prepared as part of the Dodd-Frank Wall Street Reform and

Consumer Protection Act, a more frequent short-selling reporting regime “...could also facilitate

" For more information on the schedule of short interest announcements visit FINRA’s short interest reporting dates.
The frequency of short interest reporting was amended to twice-a-month in 2007:Q3. Prior to this amendment, the
investor public received information about short interest positions only as of settlement on the 15" of each month.
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copycat and anticipation strategies that could discourage both the fundamental analysis that is

vital to price efficiency and hedging that facilitates capital formation.”®
4.4.4A note on insider trading activity

In general, insiders are privy to much more information regarding store performance
compared to what outsiders can access through alternative data sources, including satellite imagery
of parking lot traffic. While insiders are “on the inside” by definition, trading on material nonpublic
information is illegal and the SEC treats the detection and prosecution of insider trading violations
as one of its enforcement priorities. To mitigate their own legal risk, firms have adopted blackout
policies that restrict their insiders from trading their stock. These blackout policies allow insiders
to trade only within a short window after the quarterly earnings announcement and outside this
window, insiders are restricted from trading without pre-approval from their firms (e.g., Bettis et
al. 2000; Lee et al. 2014). In addition, pursuant to Sections 16(a) and 23(a) of the Securities
Exchange Act of 1934, and Sections 30(h) and 38 of the Investment Company Act of 1940, insiders
are required to disclose their trading activity in a Form-4 SEC filing within two business days
following the execution of the trade. The Form-4 filings are publicly available via the SEC’s
EDGAR system and are widely tracked by websites featuring searchable databases of insider

transactions (see, e.g., Finviz; GuruFocus).

In additional analysis, we examine whether insider-trading activity during the quarter is
incrementally relevant for nowcasting current quarter same-store sales growth as well as earnings
announcement returns. Using data from Thomson Financial, we measure insider-trading activity

during the quarter as the number of shares purchased less the number of shares sold by officers

8 The report on short-sale position and transaction reporting was prepared by the Staff of the Division of Economic
and Risk analysis of the SEC and it is available from the SEC website.
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and directors scaled by the number of shares outstanding. There are two takeaways from this
additional analysis. First, we do not find evidence that insider-trading activity during the quarter
is incrementally relevant for predicting current quarter performance. Second, we do not find
evidence of return predictability around earnings announcements based on insider trading activity
during the quarter. These findings imply that in our setting insiders do not use their access to
material nonpublic information for personal trading gains. It follows that Main Street investors

cannot piggyback on insider trading activity to gain access to the information loop.®
4.4.5Stock price informativenesdifference-in-differences

The evidence so far shows that stock prices do not fully incorporate value-relevant
information embedded in parking lot traffic data prior to the disclosure of quarterly retailer
performance. Next, we provide additional evidence on whether or not the introduction of satellite

imagery data had an impact on stock price informativeness.

An increase in stock price informativeness would imply that the market aggregates more
information prior to the quarterly earnings announcement, so that the market reaction to the actual
disclosure of retailer performance is muted.'® To identify the effect of satellite coverage on price
informativeness, we use a difference-in-differences (DID) approach that compares the treated
group of retailers with satellite coverage initiated at different points in time by RS Metrics to a

matched control group of retailers without satellite coverage throughout the sample period. To

® Consistent with the widespread adoption of blackout policies restricting insiders from trading their stock during
periods when financial statements are being prepared but have not yet been publicly disclosed, we do not find evidence
of insider buying or selling activity from the first day following the end of a quarter to two days after the quarterly
earnings announcement. In line with prior research, we find that a disproportionate fraction of insider-trading activity
occurs during the (+3,+1 2 window after the quarterly earnings announcement (e.g., Bettis et al. 2000).

10 This argument is consistent with rational expectations models showing that earnings announcement is decreasing
in the amount of pre-announcement information (e.g., Kim and Verrecchia 1991).
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construct the matched control group, we match each retailer in the treated group to a retailer
without satellite coverage throughout the sample period that operates in the same six-digit GICS
industry and has similar quarterly same-store sales growth. For each retailer in the treated group,
we use a symmetric event window before and after the initiation of RS Metrics coverage. We

implement the DID approach using a pooled cross-sectional regression model as follows.

= + 4 + 5 + 3 X + 4
+ 5 X + 6 X + 7
X X + + + (6).
The dependent variable is the buy-and-hold market-adjusted stock return over

the three-day window centered on the earnings announcement for quarter . Turning to the right-

hand-side variables, is an indicator variable that takes the value one after the initiation of
satellite coverage, is an indicator variable that takes the value one for retailers in the
treated group, and is the consensus forecast error of same-store sales growth. The
coefficient on the triple interaction term X X captures the change in the

differential sensitivity of stock prices to news about same-store sales growth across the treated and
matched control groups after the introduction of satellite coverage by RS Metrics. A greater
amount of pre-announcement information for retailers with satellite coverage would imply that the

market reaction should be muted in the post period; thatis, ; < O.

Table 8 reports regression results based on equation (6). Columns 1 and 2 report raw and
standardized coefficients, respectively. The significantly positive coefficient on IS
consistent with a positive (negative) market reaction to good (bad) news about growth. The

insignificant coefficients on the two-way interactions shows that there are no detectable
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differences across the treated and the control groups. Importantly, the insignificant coefficient on
the triple-interaction term X X implies that the introduction of satellite
coverage had no detectable effect on stock price informativeness. This implication is broadly
consistent with models where improved data availability does not necessarily increase stock price

informativeness (e.g., Banerjee et al. 2018; Dugast and Foucault 2018).

In additional DID analysis, we find evidence of an increase in informed short-selling
activity after the introduction of satellite imagery data. Specifically, we find that the change in
lender quantity on loan cumulated in the pre-earnings announcement period becomes a stronger
predictor of financial analysts’ forecast errors and short-window earnings announcement returns
after the introduction of RS Metrics coverage. Taken together, our DID analyses provide additional
support for the notion that the introduction of satellite imagery data created trading opportunities
for those who can afford to access and process such data, without necessarily enhancing stock

price discovery for the general investment community.
5. Conclusion

We study the emergence of satellite coverage of parking lot traffic across major U.S.
retailers as a source of alternative data in financial markets. We document that measuring
fluctuations in parking lot fill rates from outer space provides timely and incrementally relevant
information for predicting current quarter performance. Such material information, however, is not
impounded into stock prices prior to the actual disclosure of retailer performance for the quarter.
This creates opportunities for sophisticated investors with access to satellite imagery to formulate
long-short strategies that generate abnormal returns at the time of quarterly reports. Overall, the
evidence is consistent with the view that unequal access to big and alternative data leaves small

investors outside the information loop without necessarily enhancing stock price discovery.
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At a higher level, while so far the focus has been mostly on the bright side of the ongoing
data revolution, our paper suggests that there might be a less auspicious side to the rise of big and
alternative data in capital markets. Looking ahead, technological advancements will continue to
stimulate growth in the volume, velocity, and variety of alternative data sets. Data hunters will
continue to scour alternative data from anywhere there is a digital footprint. Sophisticated investors
will continue to invest in new data sets in their quest to gain an edge, especially as the value of
publicized signals extracted from existing data sets should decay over time (e.g., McLean and
Pontiff 2016). As the era of big and alternative data continues to transform capital markets, the
line separating public from material nonpublic information might be getting more blurry and the

fence separating sophisticated from individual investors might be getting taller.
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Appendix 1
Key variable definitions

Variable Definition
Year-over-year growth in domestic same-store sales. We obtain
A information on quarterly realizations of same-store sales from Factset
Fundamentals.
A Year-over-year growth in parking lot fill rates. We obtain daily store-

level information on parking lot traffic and capacity from RS Metrics.

Buy-and-hold stock market return (including distributions) cumulated
over the three-month window from the beginning to the end of quarter

. We obtain daily stock return data from CRSP.

Financial analysts’ consensus forecast revision of same-store sales
growth for quarter cumulated from the beginning of quarter to the
day prior to the earnings announcement date. We obtain sell-side

consensus forecasts from Factset Estimates.

Financial analysts’ consensus forecast error of same-store sales
growth for quarter measured as realized same-store sales growth for
quarter minus the prevailing consensus forecast as of the day prior

to the earnings announcement date.

Buy-and-hold market-adjusted stock return cumulated over the three-
day window centered on the earnings announcement for quarter . We
obtain daily stock return data from CRSP. We measure market returns

based on the CRSP value-weighted index including distributions.
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Table 1

Satellite coverage

S e e
1 Bed Bath & Beyond Inc. (BBBY) Specialty Retail 1,468 46% 2011:Q3
2 Best Buy Co., Inc. (BBY) Specialty Retail 2,403 38% 2011:Q3
3 Big 5 Sporting Goods Corporation (BGFV) Specialty Retail 433 79% 2013:Q4
4 Big Lots, Inc. (BIG) Multiline Retail 1,491 69% 2012:Q4
5 BJ's Restaurants, Inc. (BJRI) Hotels, Restaurants & Leisure 170 7% 2013:Q4
6 Buffalo Wild Wings, Inc. (BWLD) Hotels, Restaurants & Leisure 1,077 60% 2012:Q2
7 Burlington Stores, Inc. (BURL) Specialty Retail 587 67% 2016:Q1
8 Cabela's Incorporated (CAB) Specialty Retail 66 64% 2013:0Q1
9 CarMax, Inc. (KMX) Specialty Retail 177 81% 2016:Q4

10 Chipotle Mexican Grill, Inc. (CMG) Hotels, Restaurants & Leisure 1,830 56% 2012:Q2
11 Conn's, Inc. (CONN) Specialty Retail 108 79% 2015:Q2
12 Costco Wholesale Corporation (COST) Food & Staples Retailing 741 40% 2017:Q4
13 Dick's Sporting Goods, Inc. (DKS) Specialty Retail 769 61% 2015:Q2
14 Dillard's, Inc. (DDS) Multiline Retail 293 66% 2016:Q4
15 Dollar General Corporation (DG) Multiline Retail 12,246 33% 2013:Q2
16 Dollar Tree, Inc. (DLTR) Multiline Retail 11,448 46% 2014:Q2
17 El Pollo Loco Holdings, Inc. (LOCO) Hotels, Restaurants & Leisure 460 86% 2016:Q2
18 Home Depot, Inc. (HD) Specialty Retail 2,264 61% 2011:Q1
19 J. C. Penney Company, Inc. (JCP) Multiline Retail 1,062 66% 2011:Q4
20 Kohl's Corporation (KSS) Multiline Retail 1,158 69% 2011:Q4
21 Kroger Co. (KR) Food & Staples Retailing 3,892 51% 2016:Q1
22 Lowe's Companies, Inc. (LOW) Specialty Retail 1,862 68% 2011:Q1
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23 Lumber Liquidators Holdings, Inc. (LL) Specialty Retail 361 2% 2013:Q3
24 Macy's Inc. (M) Multiline Retail 855 30% 2013:Q1
25 Monro Inc. (MNRO) Specialty Retail 1,085 42% 2012:Q3
26 Nordstrom, Inc. (JWN) Multiline Retail 352 42% 2016:Q4
27 Panera Bread Company (PNRA) Hotels, Restaurants & Leisure 1,821 59% 2011:Q4
28 Party City Holdco, Inc. (PRTY) Specialty Retail 929 71% 2016:Q2
29 PetSmart, Inc. (PETM) Specialty Retail 1,320 63% 2012:Q2
30 Pier 1 Imports, Inc. (PIR) Specialty Retail 1,035 2% 2014:Q4
31 Ross Stores, Inc. (ROST) Specialty Retail 1,491 63% 2015:0Q1
32 Safeway Inc. (SWY) Food & Staples Retailing 1,371 63% 2013:Q2
33 Sears Holdings Corporation (SHLDQ) Multiline Retail 1,693 74% 2014:Q2
34 Sherwin-Williams Company (SHW) Chemicals 4,202 48% 2012:Q3
35 Smart & Final Stores, Inc. (SFS) Food & Staples Retailing 311 7% 2016:Q4
36 Staples, Inc. (SPLS) Specialty Retail 2,067 43% 2011:Q4
37 Starbucks Corporation (SBUX) Hotels, Restaurants & Leisure 21,942 8% 2012:Q2
40 TJX Companies Inc. (TJX) Multiline Retail 3,785 38% 2011:Q3
38 Target Corporation (TGT) Specialty Retail 1,819 71% 2014:Q4
39 The Container Store Group, Inc. (TCS) Specialty Retail 80 66% 2016:Q1
41 Tractor Supply Company (TSCO) Specialty Retail 1,412 46% 2012:Q1
42 Ulta Beauty Inc. (ULTA) Specialty Retail 781 64% 2012:Q3
43  Walmart Inc. (WMT) Food & Staples Retailing 10,957 18% 2011:Q1
44 Whole Foods Market, Inc. (WFM) Food & Staples Retailing 444 61% 2015:Q2

This table reports information about the store count and satellite store coverage for each of the 44 U.S. companies in our sample along
with the starting date of RS Metrics coverage.
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Table 2
Descriptive statistics

Panel A: Empirical distributions.

25 50 75

A 0.013 0.057 -0.317 -0.012 0.016 0.043 0.240

0.298 0.099 0.131 0.229 0.268 0.353 0.604
A -0.007 0.049 -0.295 -0.034 -0.007 0.018 0.415

-0.013 0.154 -0.553 -0.106 -0.013 0.080 0.624

-0.007 0.023 -0.205 -0.013 -0.003 0.003 0.154

-0.001 0.008 -0.138 -0.002 0.000 0.000 0.063

-0.001 0.019 -0.091 -0.010 0.000 0.008 0.068
Panel B: Pairwise correlations.

(1) (2) (3) (4) (5) (6)

(1) A 0.371 0.305 0.672 0.548 0.201
(2) A 0.383 0.066 0.263 0.254 0.127
(3) 0.246 0.045 0.383 0.210 0.018
(4) 0.728 0.260 0.335 0.280 0.050
(5) 0.614 0.257 0.172 0.270 0.380
(6) 0.172 0.121 -0.007 0.058 0.338

This table presents descriptive statistics. Panel A reports the empirical distributions of key variables. Panel B reports
Pearson (Spearman) pairwise correlations above (below) the main diagonal. The sample includes 650 firm-quarter
observations from 2011:Q1 to 2017:Q4.
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Table 3

Nowecasting same-store sales growth from outer space

Panel A: Raw regression coefficients.

=A
(1) (2) (3) (4) (5) (6)
A 0.446™" 0.159™"  0.148™  0.166™"
(5.35) (4.44) (4.00) (4.13)
A 1 0.817" 0.756™"  0.666°  0.672""
(20.62) (19.33) (12.45) (12.39)
0.091™"  0.042™"  0.041™  0.036™
(4.81) (3.93) (3.82) (3.11)
Firm Fixed Effects No No No No Yes Yes
Quiarter Fixed Effects No No No No No Yes
Adjusted R? 14.5% 67.5% 5.9% 70.3% 70.5% 71.4%
Panel B: Standardized regression coefficients.
= A
(1) (2) (3) (4) (5) (6)
A 0.022" 0.008™  0.007""  0.008™"
(5.35) (4.44) (4.00) (4.13)
A 1 0.047 0.043™"  0.038™  0.039™"
(20.62) (19.33) (12.45) (12.39)
0.014™  0.006™  0.006™  0.005™"
(4.81) (3.93) (3.82) (3.11)
Firm Fixed Effects No No No No Yes Yes
Quarter Fixed Effects No No No No No Yes
Adjusted R? 14.5% 67.5% 5.9% 70.3% 70.5% 71.4%

This table reports pooled cross-sectional regression results and provides evidence that growth in same-store parking
lot fill rates for quarter is incrementally relevant for forecasting current quarter growth in same-store sales. Panel A
(Panel B) reports regression results using the raw (standardized) values of the predictors. The standardized values of
the predictors are rescaled to have a mean of zero and a standard deviation of one. The sample includes 650 firm-
quarter observations from 2011:Q1 to 2017:Q4. The t-statistics are reported in parentheses. ***, ** and * indicate
statistical significance at the 1%, 5%, and 10% level, respectively, based on two-tailed tests.
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Table 4

Implications for financial analysts’ forecast revisions

Panel A: Raw regression coefficients.

(4)

(1) (2) (3) (5) (6)
A 0.139"™ 0.055™  0.059™"  0.061™
(4.24) (2.92) (2.63) (2.35)
A _1 . 0.244™ 0.209™ 0216 0.220™
(10.73) 9.72) (6.80) (6.64)
0.057"  0.043™  0.042"" 0.040™
(5.75) (5.12) (5.16) (4.89)
Firm Fixed Effects No No No No Yes Yes
Quiarter Fixed Effects No No No No No Yes
Adjusted R? 6.6% 28.3% 11.1% 35.3% 36.5% 36.9%
Panel B: Standardized regression coefficients.
(1) (2) (3) (4) (5) (6)
A 0.007" 0.003""  0.003"  0.003™
(4.24) (2.92) (2.63) (2.35)
A -1 . 0.014™ 0.012""  0.012"" 0.013™
(10.73) 9.72) (6.80) (6.64)
0.009™  0.007""  0.007""  0.006™"
(5.75) (5.12) (5.16) (4.89)
Firm Fixed Effects No No No No Yes Yes
Quarter Fixed Effects No No No No No Yes
Adjusted R? 6.6% 28.3% 11.1% 35.3% 36.5% 36.9%

This table reports pooled cross-sectional regression results and provides evidence that growth in same-store parking
lot fill rates for quarter is incrementally relevant for explaining financial analysts’ consensus forecast revisions from
the beginning of the quarter to the most recent date prior to the earnings report for the quarter. Panel A (Panel B)
reports regression results using the raw (standardized) values of the predictors. The standardized values of the
predictors are rescaled to have a mean of zero and a standard deviation of one. The sample includes 650 firm-quarter
observations from 2011:Q1 to 2017:Q4. The t-statistics are reported in parentheses. ***, ** and * indicate statistical
significance at the 1%, 5%, and 10% level, respectively, based on two-tailed tests.
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Table 5
Are financial analysts’ forecast errors predictable from outer space?

Panel A: Raw regression coefficients.

(1) (2) (3) (4) (5) (6)
A 0.098™" : : 0.066™"  0.062™"  0.073™
(4.73) (4.01) (3.78) (3.73)
A -1 . 0.107"™ : 0.083""  0.046™ 0.051™
(6.54) (5.12) (2.26) (2.44)
0.021™  0.015™ 0.014™  0.014™
(3.96) (3.02) (2.65) (2.46)
Firm Fixed Effects No No No No Yes Yes
Quiarter Fixed Effects No No No No No Yes
Adjusted R? 6.5% 10.6% 2.8% 14.4% 19.2% 20.4%
Panel B: Standardized regression coefficients.
(1) (2) (3) (4) (5) (6)
A 0.005™" : : 0.003"™"  0.003™  0.004™
(4.73) (4.01) (3.78) (3.73)
A 1 : 0.006™" . 0.005™  0.003™ 0.003™
(6.54) (5.12) (2.26) (2.44)
0.003™  0.002  0.002™  0.002™
(3.96) (3.02) (2.65) (2.46)
Firm Fixed Effects No No No No Yes Yes
Quarter Fixed Effects No No No No No Yes
Adjusted R? 6.5% 10.6% 2.8% 14.4% 19.2% 20.4%

This table reports pooled cross-sectional regression results and provides evidence that growth in same-store parking
lot fill rates for quarter predicts financial analysts’ consensus forecast error of growth in same-store sales for the
quarter. Panel A (Panel B) reports regression results using the raw (standardized) values of the predictors. The
standardized values of the predictors are rescaled to have a mean of zero and a standard deviation of one. The t-
statistics are reported in parentheses. The sample includes 650 firm-quarter observations from 2011:Q1 to 2017:Q4.

The t-statistics are reported in parentheses. ***, ** and * indicate statistical significance at the 1%, 5%, and 10%
level, respectively, based on two-tailed tests.
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Table 6
Are earnings announcement returns predictable from outer space?

Panel A: Raw regression coefficients.

(1) (2) (3) (4) (5) (6)
A 0.240™" : : 0.226™  0.256™" 0.235™
(2.77) (2.56) (2.68) (2.04)
A _1 . 0.099 . 0.043 -0.036 0.029
(1.38) (0.57) (-0.39) (0.29)
-0.004 -0.010 -0.024 -0.028
(-0.12) (-0.28) (-0.71) (-0.81)
Firm Fixed Effects No No No No Yes Yes
Quiarter Fixed Effects No No No No No Yes
Adjusted R? 1.3% 02%  -0.2% 1.1% 1.6% 1.5%
Panel B: Standardized regression coefficients.
(1) (2) (3) (4) (5) (6)
A 0.012™ : : 0.011™  0.013™ 0.012™
(2.77) (2.56) (2.68) (2.04)
A 1 . 0.006 . 0.002 -0.002 0.002
(1.38) (0.57) (-0.39) (0.29)
-0.001  -0.002 -0.004 -0.004
(-0.12) (-0.28) (-0.71) (-0.81)
Firm Fixed Effects No No No No Yes Yes
Quarter Fixed Effects No No No No No Yes
Adjusted R? 1.3% 0.2%  -0.2% 1.1% 1.6% 1.5%

This table reports pooled cross-sectional regression results and provides evidence that growth in same-store parking
lot fill rates for quarter  predicts three-day stock returns centered on the earnings announcement for the quarter. Panel
A (Panel B) reports regression results using the raw (standardized) values of the predictors. The standardized values
of the predictors are rescaled to have a mean of zero and a standard deviation of one. The sample includes 650 firm-
quarter observations from 2011:Q1 to 2017:Q4. The t-statistics are reported in parentheses. ***, ** and * indicate
statistical significance at the 1%, 5%, and 10% level, respectively, based on two-tailed tests.
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Table 7
Formulating a trading strategy from outer space

Panel A: Before short-selling cost.

A
-2.82%" -3.01% -3.10%
(-2.90) (-3.13) (-3.25)
1.78%" 1.63%" 1.66%""
(2.38) (2.17) (2.22)
— 4.60% " 4.64% 4.76% "
(3.75) (3.80) (3.93)

Panel B: After short-selling cost.

A
-2.79% -2.98%"" -3.07%™"
(-2.87) (-3.10) (-3.22)
1.78%" 1.63%" 1.66%"
(2.38) (2.17) (2.22)
- 457%" 4.62%" 4.73%"
(3.73) (3.78) (3.90)

This table reports the buy-and-hold returns from a trading strategy that buys (short sells) retailers with same-store
parking lot fill rate growth in the top (bottom) quartile of the cross-sectional distribution of A . We report raw
returns, market-adjusted returns, as well as size and book-to-market factor-adjusted returns. To generate the cross-
sectional quartile cutoff values of A , We consider retailers with fiscal quarters ending within the last three
months. The return measurement window is from one trading day before to one trading day after the earnings
announcement day for the quarter (day 0). Panel A (Panel B) report results before (after) adjusting the short-sell
portfolio returns for accumulated stock loan fees. The sample includes 650 firm-quarter observations from 2011:Q1
to 2017:Q4. The t-statistics are reported in parentheses. ***, ** and * indicate statistical significance at the 1%, 5%,
and 10% level, respectively, based on two-tailed tests.
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Table 8
Stock price informativeness: Difference-in-differences

(1) (2)

0.010 0.010

(1.14) (1.14)

0.019 0.019

(0.86) (0.86)

X 0.000 0.000

(0.02) (0.02)
0.012™ 0.025™

(4.71) (4.71)

X -0.001 -0.001

(-0.14) (-0.14)

X 0.003 0.004

(0.68) (0.68)

X X 0.003 0.003

(0.66) (0.66)

Firm Fixed Effects Yes Yes

Quarter Fixed Effects Yes Yes
Adjusted R? 14.7% 14.7%

This table implements a difference-in-differences approach using pooled cross-sectional regressions and provides
evidence that the introduction of satellite imagery data had no detectable effect on price informativeness. The
dependent variable is the buy-and-hold market-adjusted stock return over the three-day window centered on
the earnings announcement for quarter . Turning to the independent variables, is an indicator variable that
takes the value one after the initiation of RS Metrics coverage, is an indicator variable that takes the value
one for the treated group of retailers with satellite coverage, and is the consensus forecast error of same-
store sales growth. The model includes the main and interaction effects of the independent variables. The treated group
of retailers includes 650 firm-quarter observations from 2011:Q1 to 2017:Q4. We match each retailer in the treated
group to a matched control group of retailers without satellite coverage that operates in the same six-digit GICS
industry and has similar quarterly same-store sales growth. For each retailer in the treated group, we use a symmetric
event window before and after the initiation of RS Metrics coverage. Columns 1 and 2 report raw and standardized
coefficients, respectively. The t-statistics are reported in parentheses. ***, ** and * indicate statistical significance at
the 1%, 5%, and 10% level, respectively, based on two-tailed tests.

48



Figure 1
Geographical coverage of satellite imagery
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This figure presents the number of individual store locations with satellite coverage per 100,000 residents across
counties in the U.S. The underlying data covers 67,210 individual store locations across 2,571 counties covering 98%
of the U.S. population. The color spectrum across counties is proportionately dark to the number of store coverage per
capita ranging from white to dark orange. Across counties, the median store count per 100,000 residents is 19 stores
with interquartile range from 10 to 27.
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Figure 2
Illustrative example of satellite imagery

This figure presents the parking lot satellite image of the Target store located at 4500 Macdonald Ave, Richmond CA
94805. The image was captured by RS Metrics on September 19, 2016 at 11:03am. The red line outlines the boundary
of the parking lot associated with Target and the red dots indicate the occupied parking lot spaces. For this case, RS
Metrics identifies 540 parking lot spaces with 146 of them filled.
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Figure 3
Timeline of research design

We measure analysts’ consensus forecast error of
same-store sales growth for quarter ¢ measured as
realized same-stores sales growth for quarter g
minus the prevailing consensus forecast as of the
day prior to the earnings announcement date for

We measure analysts® consensus forecast
revision of same-store sales growth for quarter g. We measure the buy-and-hold market-
quarter ¢ cumulated from the beginning of adjusted stock market return cumulated over the
quarter q to the day prior to the earnings three-day window centered on the earnings
announcement date for quarter q. announcement date for quarter g.
€ e e e e e e e e e e e e e e e e e e e e e > <>
| | | S
| | .
D S it >
End of Quarter q Earnings

Announcement Date
for Quarter g

Beg. of Quarter ¢
We measure year-over-year quarterly

growth in same-store sales and
parking lot fil rates, as well as the buy-
and-hold stock market return
(including distributions) cumulated
over the three-month window from the
beginning to the end of quarter.

This figure presents the timeline of our research design along with the measurement of key variables.
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Figure 4
Formulating a trading strategy from outer space

Panel A: Buy and sell portfolio returns.
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Panel B: Hedge portfolio returns.
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Panel C: Abnormal share turnover.
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This figure presents the buy-and-hold market-adjusted return from a trading strategy that buys (short sells) retailers
with same-store parking lot fill rate growth in the top (bottom) quartile of the cross-sectional distribution of A

To generate the cross-sectional quartile cutoff values of A , We consider retailers with fiscal quarters ending
within the last three months. The measurement window is from ten trading days before to ten trading days after the
earnings announcement day for the quarter (day 0). In Panel A, the green (red) solid line presents the performance of
the portfolio that buys (short-sells) retailers in the top (bottom) quartile portfolio of A , While the red dashed
line presents the performance of the short-sell portfolio net of cumulated stock loan fees. In Panel B, the black solid
(dashed) line presents the hedge portfolio returns as the spread in the buy portfolio minus the short-sell portfolio before
(after) stock loan fees. Panel C presents the daily values of abnormal share turnover for the buy and short-sell portfolios.
We measure share turnover as the daily trading volume divided by the number of shares outstanding. To obtain the
abnormal values of share turnover, we adjust the daily values of share turnover during the event window for the share
turnover prior to the event window. The sample includes 650 firm-quarter observations from 2011:Q1 to 2017:Q4.
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Figure 5
Evidence of informed short-selling activity
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This figure presents the cumulative changes in the lender quantity on loan for the portfolio that buys (short-sells)
retailers in the top (bottom) quartile portfolio of A . To generate the cross-sectional quartile cutoff values of
A , We consider retailers with fiscal quarters ending within the last three months. The measurement window is
from ten trading days before to ten trading days after the earnings announcement day for the quarter (day 0). In Panel
A, the green (red) solid line presents the cumulative change in lender quantity on loan as a percentage of the number
of shares outstanding for the portfolio that buys (short-sells) retailers in the top (bottom) quartile portfolio of A

The sample includes 650 firm-quarter observations from 2011:Q1 to 2017:Q4.
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