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Abstract

Whereas between-retailer price discrepancies are well documented, less is known about price differ
entiations within a single chain. This article investigates the prevalence and the magnitude of online
within-retailer price dispersion over time. Amazon is the US largest online food retailer (and the sec-
ond largest retailer in the entire US grocery market), and we use the rich daily price data on food and
beverages sold by Amazon Fresh in New York City and Los Angeles to shed light on the prevalence,
magnitude, and determinants of the within-retailer price dispersion over time. We show that differences
in economic indicators, competitive pressure, and COVID-19 exposure across locations contribute to
price dispersion. Once those factors are controlled for, we observe a negative linear time trend in the
share and magnitude of non-identical prices confirming an increasing market integration as e-commerce
matures.
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1. Introduction

Although information economics predicts that online retailing eventually brings about a
reduction in price dispersion (Bakos 1997), an increased market efficiency (Biswas 2004),
and a nearly competitive market (Brynjolfsson and Smith 2000), price discrepancies are
still observed in domestic and international markets alike (Anania and Nistico 2014; Duch-
Brown et al. 2021). Strategic pricing and quality signalling (Wang and Li 2020), consumer
loyalty (Reichheld and Schefter 2000), information overload (Grover, Lim, and Ayyagari
2006), price adjustment costs (Boheim, Hackl, and Holzl-Leitner 2021), or use of price
promotions (Cavallo 2017) keep prices for the same products across retailers from being
identical even online.

Even if between-retailer price dispersion has not ceased with the development of e-
commerce (Gorodnichenko, Sheremirov, and Talavera 2018), the online market matura-
tion seems to have guided companies towards uniform pricing across their own physical
and online stores. Although recent developments in information technology and the in-
creasing popularity of e-commerce provide sellers with access to consumer information that
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might create favourable conditions for the application of third-degree price discrimination
(e.g. Baker, Marn, and Zawada 2001; Fudenberg and Villas-Boas 2012), lower managerial
decision-making costs, as well as online transparency and fairness concerns (Cavallo 2018;
Mookherjee, Lee, and Sung 2021), seem to be powerful arguments for identical pricing
in all channels of multi-channel retailers. While international companies tend to use uni-
form pricing within currency unions (Cavallo, Neiman, and Rigobon 2014), online disclo-
sure of prices reduces price dispersion in traditional offline retailing (Ater and Rigbi 2018).
Even for geographically segmented markets with different income levels, price variations
within chains are negligible compared with price dispersion among stores of different chains
(DellaVigna and Gentzkow 2019). Using a dataset of the twenty largest multi-channel com-
panies in ten countries, Cavallo (2017) finds that most hybrid retailers have a single price
online regardless of the location of the buyer. Offline stores of hybrid retailers have iden-
tical within-same-chain-store prices in 78 per cent, while online and offline price levels are
uniform in 72 per cent of the cases. Cavallo (2018) further confirms that uniform pricing is
also shared by many online retailers, including Amazon, whose cross-section average share
of uniform prices is higher than the sample average (91 versus 78 per cent in the whole
sample). In the USA, Amazon seems to be a relevant force in promoting uniform pricing:
Products that can be found on Amazon are more likely to be priced identically by Walmart,
Amazon’s main competitor in the US market, in multiple locations. More recently, Aparicio,
Metzman, and Rigobon (2021) show that offline retailers exhibit more uniform pricing than
online retailers within the chain and across locations. In their sample, uniform prices offline
were observed in 78 per cent of the cases within (and 63 per cent across) states, whereas the
respective shares in online data were 66 and 40 per cent. The within-retailer price dispersion
was higher for fresh produce and packaged food than for personal care items and cleaning
supplies. According to Cavallo (2018), most price differences across geographical locations
occur in food and beverages, the sector with the lowest share of online sales. However, the
share of uniform grocery prices at Amazon is higher than that at other retailers (84 versus 76
per cent), and the authors expect geographical price dispersion to go down as e-commerce
in food retailing develops.

Back in 2018, Amazon was the eighth largest player in US grocery retailing. The rel-
evance of electronic commerce for food retailing and the role of Amazon have dramati-
cally increased since that time. The COVID-19 pandemic triggered a general surge in online
sales in the grocery sector. On top of that, Amazon has come out as a major winner of the
pandemic-driven demand boom for food and beverages, showing the highest absolute and
relative increase in sales among the top fifty US grocery retailers (Troy 2021). As of 2021,
Amazon is America’s second-largest grocery retailer after Walmart.

Those recent developments in the US grocery sector call for an update on Amazon’s price
dispersion estimates. So far, price dispersion within retailers has received little attention in
the literature, and there are only a few attempts to not only detect but also explain the
within-retailer dispersion. The commonly assumed drivers of price dispersion that might be
useful for price comparisons across retailers seem to be less relevant for explaining price dis-
persion within retailers. Although Amazon’s presence seems relevant for reducing the price
dispersion in online food retailing, there is no information on the drivers of price differences
within Amazon. Has price dispersion vanished? Which factors can explain within-retailer
price dispersion over time?

This study provides insights into price dispersion for a wide range of grocery products
offered by Amazon, the US largest online retailer, in two geographic locations over time. Us-
ing web scraping methods, we collected price quotes for products that were simultaneously
available at Amazon Fresh in New York City (ZIP Code 10001) and Los Angeles (ZIP Code
90001). Amazon Fresh is Amazon’s full-assortment grocery subsidiary that operates in the
USA and worldwide and is now used to consolidate the various food-related businesses of
Amazon. The matched dataset contains prices for 18,470 products simultaneously offered in
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Table 1. Distribution of prices, US dollars.

Percentile
Location Mean  Standard deviation Min. Max. 5th  25th  50th  75th  95th
New York City 4.37 2.98 0.13 196.06 1.27 269 392 524 8.99
Los Angeles 4.21 2.93 0.17 131.60 1.19 2.50 3.69 499 8.79

both locations. With twelve grocery product groups included, and roughly 2,200,000 pairs
of price quotes sampled between November 2017 and September 2020, our data belong to
the most recent, detailed, and comprehensive datasets for online food prices available at the
moment.

Our results indicate a lower share of uniform prices across locations than earlier studies
suggested. Whereas in Cavallo (2018), 84 per cent of grocery prices offered by Amazon in
different locations were identical, in our sample the share is 27 per cent. Furthermore, we
show that the prevalence and magnitude of price differences across geographic locations
over time are sensitive to differences in the economic situation, competitive pressure, and
pass-through of external shocks. When those factors are controlled for, there is a negative
trend associated with the prevalence of price dispersion, suggesting that ceteris paribus the
share and to a lesser extent the magnitude of unequal prices go down over time.

While concentrating on a single company allows us to clearly isolate within-chain from
between-retailer price dispersion, the narrow focus on a single market player, however large
and relevant, results in a limited generalization capacity of our findings that cannot simply
be extended to other market participants or geographic locations. We acknowledge the
limitations of such an approach, yet we firmly believe that understanding Amazon’s food
pricing is an important step in evaluating possible effects that Amazon’s decisions might
have on general grocery retailing prices and beyond.

2. Price data

For our analysis, we collected daily price data for foods and beverages simultaneously avail-
able! at Amazon Fresh in two distinct locations: New York City (ZIP Code 10001) and Los
Angeles (ZIP Code 90001). The data were collected for the following twelve product groups:
meat and fish, produce (fuits and vegetables), deli, dairy, frozen products, bread and bak-
ery, pantry, snacks, beverages, baby food, sweets, and breakfast. To collect online prices, we
used a Phyton scraping algorithm that accessed the Amazon Fresh website every day at the
same time to avoid possible influences related to intra-day price changes (see Hillen 2019,
for more technical details). The collected prices are the posted promotional prices exclud-
ing delivery costs. Any discounts that were available to all customers were included. The
prices were collected for almost three years. The earliest available price quotes are from 23
November 2017, and the latest from 16 September 2020. The data are unbalanced; on some
days, observations were missing owing to product availability or technical issues in the data
collection process. On some days, the scraping algorithm could not fully gather the data or
returned empty because the script did not run through correctly, e.g. due to changes in the
Amazon Fresh website, bugs in the script, or unknown temporary technical issues. When
products identified as miscellaneous and double entries are excluded, we have almost 2.2
million price quotes for 18,470 products available for each location. Table 1 shows sum-
mary statistics for price quotes in New York City and Los Angeles. The median product
price in the sample is 3.92 US dollars in New York City and 3.69 US dollars in Los Angeles.
About a quarter of all products have prices below 2.70 US dollars in both cities; less than 5
per cent of goods have prices higher than 9 US dollars, and less than 1 per cent have prices
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higher than 14 US dollars. Few products have substantially higher prices: The maximum
prices in New York City and Los Angeles are 196 and 132 US dollars, respectively, and
belong to the meat and fish and produce categories.

Table 2 compares price levels between New York City and Los Angeles for each prod-
uct group. The share of identical prices is 27 per cent for all pooled observations across
product groups (column 2). Frozen products, snacks, bread and bakery, and dairy products
have the lowest share of identical prices (only 19-24 per cent of prices are the same across
locations). Baby foods and sweets have the highest share of identical prices (47 and 41 per
cent, respectively). When prices in New York City and Los Angeles differ, they are more
often higher in New York City (columns 3—4). This is especially true for product groups
with low shares of identical prices. In the pooled sample, 46 per cent of prices are higher in
New York City, whereas 27 per cent of prices are higher in Los Angeles.

The average size of the price differences across cities is shown in columns 5 and 6. Column
5 reports an average price difference, which includes cases with no price difference across
locations. Column 6 excludes cases where prices are identical. The price differences are
relatively small, at roughly 5 per cent of the sample average price when identical prices are
excluded. The positive values imply that, on average, prices are higher in New York City
than in Los Angeles. This is the case for all product groups except meat and fish. When
identical prices are included, the average price difference drops to roughly 4 per cent of the
sample average price.

In this article, we are not merely interested to find out whether prices on average are
higher in a particular location, but rather whether (and why) prices differ across locations.
However, the simple price averages can hide the true prevalence of price dispersion because
they might cancel out the effects of prices that are higher in New York City versus prices
that are higher in Los Angeles. Imagine, for instance, a situation in which one product is
10 US dollars more expensive in New York City, and another product is 10 US dollars
more expensive in Los Angeles: Although prices for both products deviate across locations,
a simple average price difference equals zero. To avoid such cancel-out effects, columns 7-8
report the average values of absolute price differences across locations. These values are
considerably larger than the average price differences in columns 5-6.

Columns 9-10 report the per cent difference in absolute value between two prices. The
highest price dispersion is observed in bread and bakery, pantry, produce, and snacks,
whereas the lowest values are in baby foods, sweets, and breakfast. The sample average
relative price difference is 22 per cent when identical prices are excluded and 16 per cent
when they are included. Column 11 shows the maximum value of the (absolute) price dif-
ference for each product group. Some of the differences across locations are extremely high
given the magnitudes of the average and the maximum prices in our sample, and we test
the sensitivity of our results to the exclusion of the extreme values in the empirical part
(Section 4).

3. Determinants of price dispersion

The determinants of price dispersion have been studied intensively in the empirical litera-
ture. The most prominent finding is well summarized by Berardi, Sevestre, and Thébault
(2017), who studied a large dataset of French supermarkets and came to the conclusion
that price dispersion mostly results from between-retailer heterogeneity in retail chains’ na-
tional pricing. In local markets, however, demand and local competitions are also important
factors that affect prices and hence price dispersion, also within chains of a single retailer.
According to Aparicio, Metzman, and Rigobon (2021), an increase in the demand or in-
come gap between two locations is expected to lead to a higher share of non-uniform prices
and a higher magnitude of price dispersion. Gorodnichenko, Sheremirov, and Talavera
(2018) show that the intensity of direct online competition affects Amazon’s regional price
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dispersion. Cavallo (2018), too, expects price dispersion to be higher when economic dis-
crepancies across locations increase.

A brief analysis of the US grocery retailers’ communications further confirms that fierce
competition, consumer demand, and the COVID-19 outbreak in 2020 are the major factors
that affect the sector (Amazon 2021; Costco 2021; Target 2021; Walmart 2021) and might
hence influence food pricing decisions and price dispersion. We use these theories and in-
dustry insights to explain the prevalence and magnitude of within-Amazon price dispersion
over time. The prevalence of price dispersion is characterized by the share of non-identical
prices in each price pair. Share is a binary variable that takes the value of 1 if the prices for
each product offered at two locations on the same day are not identical, and 0 if prices are
uniform

ShareN'E4 = 1if pN it Yo phd 75 0 otherwise, (1)

ij,t

"% denotes the price of product 7 in a product category ; in location NY (LA) at

where p/y
time £.
We define Magnitude of price dispersion as the per cent difference in absolute value be-

tween two prices at a product and time level across two locations

Pf\l]Yt - P%?t
(o) + 1) /2

We regress our measures of price dispersion, Share or Magnitude, for a product pair i
from a category j at a time ¢ on the absolute differences in income, inflation, competitive
pressure, and the intensity of the COVID-19 outbreak between the regions and a set of
time-related variables

NY,LA __

Magmtude x100. (2)

DzsperszonNYLA =a+b- ‘ AlncomeN": LA‘ +c- ‘ Aln flationN": LA‘

‘ (Z CompetztzonNy LA)

12
-NoFee; + Z bh; - Month, + Z ki - Weekday, + n; + u;j (3)
=2 m=2

+e- ‘ACoviley‘LA’ + f-Trend, + g

Table 3 outlines our expectations regarding the sign of the estimated coefficients. Ap-
pendix A reports some descriptive statistics for our independent variables and underlying
raw data. Income is approximated by personal income per capita in the states of New York
and California, measured in thousands of current US dollars from the US Bureau of Eco-
nomic Analysis. Inflation (food or total) is sourced from the US Bureau of Labor Statistics.
The data are monthly and reported at the city level. The Competition variable is calculated
as the absolute difference between the total number of Walmart, Costco, and Target stores
(main Amazon competitors in the US grocery sector) in the states of New York and Califor-
nia. It can be decomposed into variables of individual competitive pressure of those chains.
Those competition-related data are annual and available at the state level only. Covid is the
daily number of new infections. The data are taken from the Los Angeles County COVID-19
Surveillance Dashboard and the New York City Department of Health and Mental Hygiene.
In the empirical part, we use the absolute difference in those indicators between both loca-
tions. Trend is a time trend of a form 0, 1, 2... 7. The monthly Amazon Fresh subscription
fee has been lifted in the USA since the last week of October 2019. NoFee is a binary vari-
able that takes the value of 1 from 30 October 2019, and is 0 otherwise. Before the fee was
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Table 3. Expected signs of estimated coefficients.

Coefficient Variable Hypothesis Sign

b Alncome Higher income heterogeneity results in more +
discrepancies in consumer preferences and demand,
and willingness-to-pay for the same products, hence
more price dispersion

c Alnflation Inflation hinders income effects, hence is expected to -
negatively affect price dispersion

d ACompetition Price dispersion increases with an increasing difference +
in the competitive pressure across locations

e ACovid An increased demand for online grocery products due +

to COVID-19 restrictions depends on the timing and
intensity of the COVID spread at each location. If so,
the higher discrepancy in new infection numbers
across locations might result in higher price
dispersion over time
On the other hand, nationwide shocks—e.g. delivery
bottlenecks—could put additional pressure on prices,
increase the degree of pass-through and negatively
affect price dispersion
f Trend Online market maturation is expected to make grocery +
markets more efficient and reduce price dispersion
over time
Consumer loyalty or information overload online
might have an opposite effect on price dispersion
Which effect prevails in the current US food market
is an empirical question
g NoFee Reducing entry barriers for new consumers is expected -
to boost market efficiency and transparency,
affecting price dispersion negatively

eliminated, one had to be an Amazon Prime member and pay an additional monthly fee of
14.99 US dollars to use Amazon Fresh services.

We include the full set of product-level fixed effects, 7, in our estimation model to account
for time-invariant heterogeneity of prices as well as monthly and weekday dummies to cap-
ture possible seasonal/promotional effects in price dispersion. Both equations are evaluated
using the reghdfe estimator (Correira 2015) using Stata 15. The major advantage of this
approach is the ability to deal with large datasets and a high number of involved fixed
effects.

Table 4 reports estimation results for the full sample. The increasing income heterogeneity
between two locations is associated with higher price dispersion. An increase in the personal
income gap between states by 1,000 US dollars is linked to an increase in the share of non-
identical prices (magnitude of price dispersion) between New York City and Los Angeles
by about 2.7 (4.7) per cent. The income gap between the two locations declined by about
2,000 US dollars over the sample period, contributing to a lower price dispersion over time,
ceteris paribus. A one-unit change in the difference in inflation across the cities results in
a decline in the magnitude of price dispersion of 1.18 per cent. The effect of inflation on
the share of non-identical products is negligible although statistically significant (—0.3 per
cent).

The competition intensity variable is positive and statistically significant in both equa-
tions, suggesting a positive link between price dispersion and the difference in the number
of competitors’ outlets available in both locations. The price dispersion prevalence and mag-
nitude increase by 1.4-1.6 per cent, other factors held constant, with each additional store
that augments the difference in the competitor’s presence in both locations. In an additional
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8 Fedoseeva and Irek

Table 4. Determinants of price dispersion.

Share Magnitude
Alncome 0.027%*%* 4.696%**
(0.00) (0.05)
Alnflation —0.003%** 1.184%%*
(0.00) (0.01)
ACompetition 0.016%*** 1.390%**
(0.00) (0.01)
ACouvid (x1000) —0.010%** _1.855%%%
(0.00) (0.02)
Trend (x1000) —0.193%** —1.056%%*
(0.00) (0.36)
NoFee —0.207%** _03.4471% %%
(0.00) (0.09)
Constant —7.869%%* —720.967%**
(0.14) (6.27)
Adj. R-squared 0.43 0.28
Number of products 18,216 18,216
Number of observations 2,194,224 2,194,224
Notes: *** ** and * refer to statistical significance at P < 0.01, 0.05, and 0.10, respectively. Robust standard

errors are in parentheses. The dependent variables are the share of non-identical prices (Share) and the absolute
mean price difference in per cent (Magnitude) for each price pair. The economic indicators, COVID-19-related
numbers, and competition variables are absolute differences in respective values between New York City (New
York) and Los Angeles (California). Fixed effects are at individual product level. Categorical variables for days
of the week and months of the year are included in the estimation but not reported. The estimated coefficients for
Trend and COVID are small, and we multiply them by 1,000 to facilitate their visibility here and in the following
tables. The resulting effect is to be interpreted as the change in the measure of price dispersion due to a 1,000
case increase in the difference in new infections (or over 1,000 days for the trend).

regression, we substituted the aggregated competition variable by individual covariates for
Walmart, Target, and Costco (results are not reported here but are available on request). The
difference in the number of Walmart and Costco outlets seems to have the highest impact
on the share and the size of the price difference per store (about 2 per cent in the share equa-
tion and 3.0-3.5 per cent in the magnitude equation, respectively). The number of Costco
stores in New York did not change over the sample period, whereas California added an
extra six stores, increasing the gap in competition intensity between both locations and
contributing to a larger magnitude of price differences and a higher share of non-identical
prices. New Walmart stores opened and closed in both locations over the sample period. The
difference in the number of stores declined by two between 2017 and 2020, contributing,
ceteris paribus, to a lower magnitude of price dispersion over time. Target has the lowest
coefficient estimate (below 1 per cent in both equations) and has been expanding rapidly in
both states. New York added eight stores and California added twenty-four stores over the
sample period. The difference across locations hence increased by sixteen stores, adding to
the frequency of non-identical prices and magnitude of price differences.

The impact of the COVID-19 spread is statistically significant, and its effect on price dis-
persion is negative. When the difference in new infections across locations increases by 1,000
cases, the share of non-identical prices goes down by about 1 per cent, and the magnitude
of price dispersion decreases by about 1.85 per cent, other factors held constant. During
the first outbreak in New York, the difference in new daily infections reached over 5,000
cases. The negative sign of the Covid variable estimate suggests the COVID-19 outbreak
contributed to a more complete aggregate shock pass-through to consumer prices, leading
to more uniform pricing and smaller price gaps between New York and Los Angeles.

The negative coefficient of the trend variable supports the economics of information ap-
proach predictions that expect more efficient markets and less price dispersion as online
markets mature. Both measures of price dispersion seem to be declining over time. The
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Table 5. Results from regressions without multivariate outliers (BACON).

Share Magnitude
P=0.30 P =0.40 P=0.30 P =0.40
Alncome 0.027%** 0.026%** 4.717%** 4.665%%%
(0.00) (0.00) (0.05) (0.05)
Alnflation —0.003*** —0.003*** —1.183%** —1.176***
(0.00) (0.00) (0.01) (0.01)
ACompetition 0.016%** 0.017%** 1.391%** 1.373%**
(0.00) (0.00) (0.01) (0.01)
ACovid (x1000) —0.010*** —0.011*** —1.860*** —1.986***
(0.00) (0.00) (0.02) (0.02)
Trend (x1000) —0.193*** —0.1947** —1.176*** —0.8197***
(0.00) (0.00) (0.36) (0.35)
NoFee —0.207%%* —0.207%%* —23.492% %% —23.35%%*
(0.00) (0.00) (0.09) (0.09)
Constant —7.868%%* —7.876%%% —721.330%** —711.899%**
(0.14) (0.14) (6.26) (6.149)
Adj. R-squared 0.43 0.43 0.28 0.28
BACON outliers 290 2,684 290 2,684
Number of products 18,214 18209 18,214 18,209
Number of observations 2,193,935 2,191,542 2,193,935 2.191,542

Notes: ***, ** and * refer to statistical significance at P < 0.01, 0.05, and 0.10, respectively. Robust standard
errors are in parentheses. The dependent variables are the share of non-identical prices (Share) and the absolute
mean price difference in per cent (Magnitude) for each price pair. The economic indicators, COVID-19-related
numbers, and competition variables are absolute differences in respective values between New York City (New
York) and Los Angeles (California). Fixed effects are at an individual product level. Categorical variables for
days of the week and months of the year are included in the estimation but not reported.

share of non-identical prices goes down by roughly 19 per cent per 1,000 days or about
7 per cent per year. The decline in the magnitude of price differences is lower, about 1.25
per cent per 1,000 days or 0.5 per cent per year.

The negative association is also observed following the Amazon Fresh fee elimination:
The magnitude of price differences declined on average by 23 per cent compared with
the period before the fee elimination. The share of non-identical prices declined by about
21 per cent. In the next section, we assess the robustness of our results to the elimination of
extreme price differences or the omission of a particular product group from the sample.

4. Robustness

Our sample contains some extremely large price differences. For instance, while the average
absolute price difference is 0.73 US dollars and the average price in the sample is 4.29 US
dollars, 180 price differences are larger than 50 US dollars. Sixty-eight price differences are
larger than 100 US dollars. The majority of large price deviations are in pantry, meat and
fish, snacks, and dairy. Almost all price differences over 100 US dollars are from just two
product groups: meat and fish and dairy.

To deal with the outliers, we first use the blocked adaptive computationally efficient out-
lier nominator (BACON) algorithm proposed by Billor, Hadi, and Velleman (2000) to iden-
tify outliers in multivariate data. There are no BACON outliers at the P = 0.10 and only
three at the P = 0.20, and we report the results of estimations with eliminated outliers at
higher percentile levels (P = 0.30 and P = 0.40) in Table 3.

Alternatively, we repeat the regressions with the sub-samples in which the largest price
differences (in absolute terms) are eliminated. We set our cut-off values at 0.005, 0.05, and
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10 Fedoseeva and Irek

Table 6. Descriptive statistics for absolute price differences (in US dollars) across locations for various cut-off
values.

Top Observations Mean Standard deviation Min. Max.
0.005 per cent 2,194,364 0.72 1.59 0.00 65.94
0.05 per cent 2,193,379 0.70 1.39 0.00 26.66
0.5 per cent 2,183,486 0.64 0.99 0.00 8.90

0.5 per cent of the sample, so that the maximum price gap between two locations fluctuates
all the way from 66 US dollars to just below 10 US dollars (Table 6).

Our conclusions regarding the determinants of price dispersion prevalence and magni-
tude remain largely unaffected with exclusion of extreme values or alternative cut-off val-
ues (Appendix B). The outcomes in the Share equation remain unaffected. Eliminating the
largest price differences somewhat reduces the size of estimated coefficients in the Magni-
tude equation but does not alter their signs or statistical significance.

To test if our results are driven by a particular product group, we recursively drop one
product group at a time from the estimation and compare results (Appendices C and D).
Most individual coefficients are robust to sample adjustments, and their sign and magnitude
remain largely unchanged in comparison to the base model discussed in the previous section.
The Trend variable in the Magnitude equation is the most sensitive of all model covariates to
product exclusion, which hints at heterogeneous paths of price dispersion development over
time for different product categories. The magnitude of price dispersion declines much faster
when frozen or fresh products are excluded from the analysis. These product groups are
much more difficult to arbitrage geographically, and price dispersion is the most persistent.

Finally, because not all product groups’ price information is available throughout the
entire sample period, we exclude products that only appeared in the dataset in 2020. Those
include beverages, baby food, sweets, and bread and bakery. The results remain largely
unaffected in terms of signs and magnitude, and we do not report them here.

5. Discussion and conclusions

Recent studies increasingly argue that uniform pricing is becoming the rule for US retailers
(Gunn 2019; Stambor 2018), even if customized prices across different geographic locations
are not generally prohibited by law. Cavallo (2018) attributes the high share of identical
prices of multi-channel retailers to Amazon’s presence on the market (the so-called Amazon
Effect). In his sample, the majority of products had the same posted price regardless of the
buyer’s location, and the share of uniform prices was higher if the product could be found
on Amazon. Amazon’s own prices were identical at 91 per cent on average. Food prices
exhibited more price dispersion at the time (84 per cent of Amazon’s prices were identical),
but the share of uniform prices for grocery products was expected to grow as e-commerce
matures. Since then, Amazon has become America’s second-largest grocery retailer, and its
importance grew stronger owing to pandemic restrictions and higher shares of online pur-
chases. Grocery e-commerce (at least as represented by its leader) seems to have matured,
but have these developments also led to a decline in within-retailer price dispersion?

The goal of our analysis was to answer this question by focusing on Amazon’s own prices.
We used a rich dataset of daily Amazon Fresh prices for identical products in New York City
and Los Angeles collected for almost three years (2017-2020) to measure the prevalence
and the magnitude of price dispersion. We found that the share of non-uniform prices is
higher in our dataset than in earlier findings. Whereas about 27 per cent of prices are iden-
tical in our data, the share of uniform prices for grocery products across states is 84 per
cent in Cavallo (2018) and about 40 per cent in Aparicio, Metzman, and Rigobon (2021).
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The highest share of uniform prices in our sample is in baby food (47 per cent), and only
19 per cent of frozen products’ prices are identical. Our estimates of the magnitude of price
differences across locations are also larger (the mean difference is roughly 16-22 per cent),
because we did not focus on the simple price averages but instead analysed absolute price
differences. Using simple means underestimates the scale of price dispersion by allowing
opposite price differences in different locations to cancel each other out.

Whereas Cavallo (2018) scraped the prices from Amazon.com, we focused on the Ama-
zon subsidiary Amazon Fresh, which is increasingly promoted by Amazon as its main food
service (Schader 2021). It might be the case that Amazon Fresh allows for more regional
price dispersion because it focuses on fresh and chilled products, whose prices are more dif-
ficult to arbitrage than those of pantry products and beverages, which make up a large share
of the Amazon.com assortment. Amazon Fresh also requires customers to enter their ZIP
code before any products or prices are shown. This might result in less price transparency
than at Amazon.com, which allows for easy price comparison, including via price compar-
ison web engines. Given that our results on the magnitude of price dispersion are closer to
those of Aparicio, Metzman, and Rigobon (2021), who also used Amazon Fresh data in
their analysis, the choice of a retailer’s division seems to be an important determinant of
price dispersion within Amazon. Unfortunately, little is known about potential price differ-
ences between Amazon’s own grocery distribution channels, and more research is needed
to shed light on this issue.

Going one step further, we identify possible drivers of within-retailer price dispersion
and quantify their effects on the share and magnitude of price deviations. Our analysis
suggests that differences in income across regions, competition intensity, as well as COVID-
19 exposure contribute to regional price dispersion within Amazon. In line with Aparicio,
Metzman, and Rigobon (2021), there is a positive association between the prevalence and
the magnitude of price dispersion and the gap in personal income across locations: The more
different in terms of income the regions become over time, the higher is the expected price
dispersion across locations. In our sample, the declining gap in regional income in 2017-
2020 seems to have contributed to reduced price dispersion. A note of caution is due here.
Our income variables are specified at the state level. The price data, however, were collected
for particular ZIP codes. For our analysis, this implies that, on average, the New York
City neighbourhood is considerably richer than the chosen neighbourhood in Los Angeles.
These local average income differences are higher than aggregated state differences that
enter our empirical specification. As a result, the true income effect on price dispersion might
be even larger than discussed, but the unavailability of the relevant ZIP-code-level income
data prevents us from formally testing this issue. The real income effect on price dispersion
is somewhat lower as the inflation gap is negatively associated with price dispersion.

In line with Gorodnichenko, Sheremirov, and Talavera (2018), we found that competi-
tion plays an important role in price dispersion, even within a single retailer. Not only the
intensity of direct online competition affects Amazon’s regional price dispersion (the result
we did not directly quantify), but also the difference in the number of physical stores of
main competitors available in each location.

Our results further suggest that the pandemic, online market maturation over time, and
the membership fee elimination might have made grocery markets more efficient. In our
sample, an increasing gap in new COVID-19 cases reduces both the share and the magnitude
of price dispersion. Overall, our data suggest that price dispersion declines over time when
other factors are controlled for. This trend is more pronounced in the share of non-identical
prices than in the magnitude of price deviations. This finding corroborates predictions of
economics of information regarding more efficient markets and less price dispersion as times
go by and online markets mature. In addition to earlier findings, we observed that the change
in the magnitude of price dispersion is sensitive to product categories. Food products that
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are more challenging to store, transport, and hence arbitrage are those for which larger price
dispersion is observed.

From recent studies, we know that e-commerce maturation and online competition are
expected to change retailing in many ways, including pricing behaviour that might be linked
to inflation dynamics. Lower price dispersion and rigidity make prices more sensitive to
aggregate shocks and increase the magnitude and speed of their pass-through. Our results
confirm that price dispersion in the grocery sector declines, although they suggest a higher
starting point than earlier studies. We also show that the anticipated communicated risks of
American grocers are indeed associated with price differences observed across locations and
over time. Our analysis might help market participants directly or indirectly connected to
grocery retailing to anticipate Amazon’s reactions in responses to various temporal or spatial
shocks and/or to better model those using our price dispersion determinants as instruments
in structural modelling.

Besides this gradual decrease in price dispersion over time, there seem to be further steps
taken by Amazon to facilitate the spread of uniform prices accross its geographic locations.
The price dispersion decline following the Amazon Fresh fee elimination is a case in point.
Both the fee elimination and restricting its own prices from following the US inflationary
trends (Hillen 2021), applied jointly with more uniform pricing, can all be a part of Ama-
zon’s expansion course in times of more price-sensitive consumers. Locked at home and
income-restricted, consumers might not only be willing to spend a larger share of their in-
come on online versus offline products but might also become more aware of existing price
levels and discrepancies, fuelling the ethical debate on non-uniform pricing and price dis-
crimination. The increasing price uniformity and synchronization at Amazon could further
increase convergence and flexibility in other retailers’ pricing, fostering market integration
and efficiency in and beyond the grocery sector, online and offline alike.

Supplementary material

Supplementary data, including data and replication code, are available at O Open online.
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End Notes

1 Our prices are for posted promotional prices excluding delivery costs for products that are simultane-
ously available in both locations. As such, products that are stock-out in one or both locations are not
included in the analysis. Individual stock-outs might be non-random, occurring more frequently for
highly demanded products, or maybe also for niche products with low stocks, or for perishable prod-
ucts with a short shelf life. However, given the large number of products in the sample and because
there is no information available on consumer preferences regarding those individual products across
locations, we assume that overall, the remaining product pairs in the analysis are random.
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