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This dissertation looks at the profound impact of digital transformation in the grocery retail

industry. It specifically focuses on the competitive repercussions of Amazon’s foray into

the grocery market, the effects of its Fulfillment Centers (FCs) on local labor markets, and

the integration of image and text information from digital sellers into demand estimation.

Spanning three interconnected chapters, the research presents a comprehensive examination

of the ongoing shifts revolutionizing the retail landscape.

Chapter 1 probes the entry of Amazon Fresh and its ensuing effects on local grocery stores.

An intricate analysis of quarterly grocery scanner data, combined with Amazon Fresh’s

entry information, reveals intriguing dynamics of retail competition. Interestingly, Amazon

Fresh’s debut prompts a significant negative volume response and a slight positive price

response from incumbent grocery stores, specifically within the juice products category. The

competition extends beyond mere volume and price adjustments, revealing that incumbent

stores expand their product assortments and enhance service quality to differentiate from

digital retailers. This nuanced understanding of the competitive entry effect sheds light

on the strategic responses of traditional brick-and-mortar stores to digital competition in a

rapidly evolving marketplace.

Chapter 2 broadens the scope to the county level, examining the impacts of Amazon FCs

on local labor markets. Employing robust econometric methods, this chapter unveils that



while FCs stimulate higher wages, they also seemingly contribute to a reduction in the overall

retail workforce. Additionally, the analysis notes a decrease in juice sales volume and incon-

sistent price changes across the county. These findings hint at a complex interplay between

labor market changes, retail market adjustments, and the ongoing digital transformation.

Chapter 3 offers a comprehensive exploration of the integration of deep learning-derived

features into traditional demand estimation methodologies. A comparison of econometric

models with machine learning models using juice product data illuminates the efficacy of

different techniques in capturing diverse product characteristics. The study further explores

advanced methods like double machine learning and convolutional neural networks to address

challenges inherent in high-dimensional and sparse data. Notably, we successfully incorporate

deep learning into traditional demand estimation, demonstrating a substantial improvement

in model performance, particularly in neural networks. This work not only enhances the

representation of product features but also bolsters the models’ capacity to accurately capture

underlying demand dynamics.
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Chapter 1

THE COMPETITIVE EFFECT FROM DIGITAL
TRANSFORMATION IN GROCERY INDUSTRY: THE ENTRY

OF AMAZON FRESH

1.1 Introduction

The conventional grocery retailing industry in the United States is significantly influenced

by several demographic variables, including population density, lifestyle, local income, and

most importantly, local competition. The phenomenon of suburbanization and increased

mobility since the 1960s has driven the development of economies of scale. This progress

has consequently promoted the dominance of larger stores over smaller ones and initiated

the emergence of innovative distribution structures centered around mass retailing(Holmes,

2011). Through their broad scope of operations and the sale of cost-effective store-brand

products, mass merchandisers can provide products at lower prices. Walmart’s distribution

network exemplifies the potential advantages of scaling up operations in this concentrated

industry1.

Over recent decades, the digital transformation has significantly disrupted the U.S. food

and grocery industry. The proliferation of the internet, wireless technologies, and mobile

devices has spurred the growth of online grocery shopping, offering consumers a convenient

alternative to traditional in-store purchases. Technology companies, rather than traditional

supermarkets or food manufacturers, were the early adopters of this trend. These companies

1As of 2018, Walmart, a leading mass merchandiser in the United States, has achieved a market share of 50
percent or more of grocery sales in 43 metropolitan areas and 160 smaller markets. This dominance can be
attributed to the company’s strategy of leveraging its massive distribution and supply chain infrastructure
to offer competitive pricing, particularly for store-brand products. Walmart has been able to use its
economies of scale to drive down costs and improve efficiency, which has enabled it to expand rapidly and
gain a significant competitive advantage in many regions of the country.
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utilized their expertise in coding and systems to revolutionize the sector. Amazon.com, for

instance, launched its Amazon Fresh service to penetrate the online grocery market2.

The digital transformation of the grocery industry presents numerous benefits. For con-

sumers, it provides a convenient platform to purchase a diverse range of products and services

from multiple vendors, often at competitive prices. Search engines and price comparison

sites significantly reduce search costs, enabling consumers to easily find and compare vari-

ous offers for the same product. Electronic markets offer 24/7 shopping from any location,

circumventing limitations of physical store hours, distance, and product availability. From a

business perspective, digital technologies can enhance product differentiation and mitigate

price competition. However, despite the potential advantages, concerns remain about the

digital transformation’s impacts on employment, the environment, and traditional retailers.

For example, critics are concerned that the rise of online grocery shopping might lead to job

losses in the traditional retail sector. This paper seeks to understand how such competition

influences the market behaviors of traditional grocery stores.

This paper aims to delve into the competitive impacts of digital transformation on incum-

bent grocery stores, with a particular focus on the revenue implications for juice products.

The research offers an all-encompassing understanding of competition, incorporating facets

such as sales volume, pricing, assortment optimization, and quality modifications. To quan-

tify the responses of physical stores to the incursion of online grocery platforms, I utilize three

distinct specifications: a static two-way fixed effect model, dynamic TWFE, and decompo-

sition methods. These are coupled with recent advancements in econometrics that address

potential bias arising from the staggered design of the treatment. In this context, the ex-

pansion of Amazon’s distribution network serves as a case study for investigating potential

bias and heterogeneity in the treatment effects.

2Amazon Fresh is an online supermarket that allows consumers to purchase a wide range of grocery and
household items and have them delivered directly to their homes. As part of Amazon’s broader strategy to
expand its retail offerings, Amazon Fresh was launched in 2007 as a way to enter the competitive grocery
market. The service has since grown to include a range of grocery items at competitive prices, offering
consumers the convenience of online shopping and home delivery.
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The findings of the research underscore that digital platforms indeed cannibalize the

market share of incumbent grocery stores. However, the reactions of these stores are complex

and manifold. A reduced variety of juice products are sold in incumbent grocery stores

following the entry of Amazon Fresh into the market, and this impact intensifies over time.

Competition also manifests in other dimensions, such as adjustments in pack sizes or product

assortments by stores. To account for this, I have expanded the empirical approach to sub-

module level data, enabling the examination of price variations for similar products in the

same store pre and post-exposure. The stores’ response is seen in their differentiation from

online services by offering a broader selection of products and items at higher prices (which

imply superior quality due to either higher input costs or service markup) in physical stores.

Furthermore, I explore price dispersion of similar products at the onset of competition

to determine whether digital transformation equips consumers with enhanced access to price

information, subsequently leading to heightened price uniformity, as posited by DellaVigna

and Gentzkow, 2019. Employing the procedure utilized by Kaplan et al., 2019, I decompose

prices and eliminate trends to attain dispersion devoid of seasonality. The results suggest

that digital exposure narrows the price dispersion of incumbent stores, although this needs

to be verified at a more granular level3.

This research contributes to several strands of literature. The study conducted by Basker

and Noel, 2009 investigates the competitive entry of Walmart in the context of their physical

locations. However, the advent of online competition broadens the playing field as it typically

manifests at the zip code or county level. This indicates that the degree of competition is

not solely determined by the proximity of stores to distribution centers, thus necessitating

the elimination of several confounding factors. Additionally, this research integrates recent

advancements in correcting bias from staggered design (Goodman-Bacon, 2021, Callaway

and SantAnna, 2021, Sun and Abraham, 2021, Athey and Imbens, 2022, de Chaisemartin

and D’Haultfuille, 2020), allowing for heterogeneous treatment effects grouped by entry

3The data is aggregated at the sub-module level.
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timing. These methodological progressions offer valuable avenues for considering the diverse

treatment effects noted at different market strata. Notably, this study also contributes to

the expanding literature concerning the behavioral aspects of firm decision-making and their

implications for market efficiency, as evidenced by DellaVigna and Gentzkow, 2019 and

Hitsch et al., 2019. Both papers highlight that the variation in prices within retail chains

across markets is significantly less pronounced than what local market conditions would

typically suggest.4

The remainder of the paper is structured as follows. Section 2 offers a literature review

of recent advances in two way fixed effect models. Section 3 delves into the operational

aspects of Amazon Fresh and outlines the data sources harnessed to compile the necessary

datasets for estimation. Section 4 introduces the model framework employed in the estima-

tion. Section 5 presents the estimation results from various model specifications and offers

explanations. Section 6 addresses the alternative issue of price uniformity resulting from dig-

ital competition. Section 7 explores store-level heterogeneity analysis and provides potential

explanations. Finally, Section 8 concludes the paper.

1.2 Recent Advances in Methodology

The difference-in-difference (DiD) estimator has been widely utilized in various empirical

research fields, including economics, marketing, political science, and public health. The

core concept of DiD is to estimate the counterfactual outcomes for treated units by requiring

several key assumptions that enable researchers to impute the average untreated outcomes

for the treated group. To achieve this, following assumptions must be made.

Firstly, the parallel trend assumption suggests that, in the absence of treatment, the

average outcomes for both treated and untreated groups would follow parallel trends. This

assumption helps isolate the treatment effect from any pre-existing trends in the data. Sec-

4These studies emphasize that, despite differences in local market conditions, price uniformity within
retail chains across various markets is more prevalent than expected, indicating firm-level decision-making
significantly affects market prices.
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ondly, the no anticipation effect assumption ensures that the treatment does not have any

causal influence before its actual implementation. This constraint prevents any behavioral

changes in the treated population that might arise from the anticipation of treatment, en-

suring that the treated group’s actions remain consistent with the untreated group until

the treatment commences. Lastly, the independent intervention assumption posits that the

treatment is unrelated to the outcome in order to guarantee asymptotic consistency. This

condition helps to eliminate the possibility of biased estimates arising from a correlation

between the treatment and the outcome variable. By satisfying these key assumptions, the

difference-in-difference estimator can provide a reliable estimate of the causal effect of an

intervention on the treated population in various research contexts.

Numerous recent advancements have emerged in the field of DiD estimators. To better

comprehend how the impact of Amazon Fresh’s entry can be assessed, I present the stag-

gered design approach. This methodology enables the estimation of heterogeneous treatment

effects by modifying the underlying parallel trends assumption to accommodate variations.

A growing body of research has concentrated on easing the timing constraint while main-

taining the fundamental structure of the stylized model, which includes parallel trends, no

anticipation, and independent sampling.

In this context, the staggered design approach offers a valuable perspective for investigat-

ing the consequences of Amazon Fresh’s entry into the market. By allowing for the estimation

of heterogeneous treatment effects, this method acknowledges the potential differences in im-

pact across various market segments or time periods. As researchers continue to refine and

adapt the key assumptions in DiD estimators, our understanding of their implications for

real-world scenarios, such as the case of Amazon Fresh, will only grow stronger.

Angrist, 2009 asserts that generalized regression DiD model has a good property of “easy

to add states or periods to regression setup” and it is easy to add additional covariates.

The application on staggered design offers desirable properties over simple 2× 2 DiD. Mul-

tiple treatment periods introduced in the staggered design can alleviate concerns that the

observed treatment effects are caused by some contemporaneous trends instead of parallel



6

trend assumption that simple DiD requires but is hard to prove the existence.

The staggered Difference-in-Difference (DiD) approach, particularly the Two-Way Fixed

Effects (TWFE) model, can sometimes yield biased results when applied to settings with

more than two time periods and more than two units. Recent literature has demonstrated

that the estimated coefficient (β in Equation 1.5) is, in fact, a weighted average of numerous

distinct treatment effects. Goodman-Bacon (2021) Goodman-Bacon, 2021 illustrates that

in cases where the treatment is binary and the design is staggered, the coefficient can be

expressed as:

β =
∑

g 6=g′,t<t′

vg,g′,t,t′β
DID
g,g′,t,t′ (1.1)

where βDID
g,g′,t,t′ represents a DiD estimator comparing the evolution of outcomes between

two groups, g and g′, from a pre-treatment period t to a post-treatment period t′. The non-

negative weights vg,g′,t,t′ sum to one, with vg,g′,t,t′ > 0. Goodman-Bacon Goodman-Bacon,

2021 demonstrates that β can be decomposed as a weighted average of DiDs between cohorts

of groups transitioning to treatment (grouped by treatment time) and between periods where

their treatment status remains constant. This decomposition can be further expressed in the

form of Equation 1.1.

Equation 1.1 reveals that the staggered DiD TWFE approach is essentially a weighted

average of all possible two-group/two-period DiD estimators present in the data. The bias

emerging from traditional models arises when early treated units are compared to later

treated units in the presence of treatment effect heterogeneity.5

This understanding of the staggered DiD TWFE approach highlights its limitations and

the potential biases that may emerge. By recognizing these issues, researchers can account

for these biases in their analyses or consider alternative methods to more accurately estimate

treatment effects when heterogeneity is present. This finding highlights the complexities and

potential pitfalls associated with the staggered DiD approach, especially when using the

5A graphical explanation of the Bacon decomposition theorem is provided in the appendix.
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TWFE model. By understanding the nuances of this methodology, researchers can better

interpret the results and, if necessary, explore alternative approaches to more accurately

estimate treatment effects in their specific context.

Similar to Goodman-Bacon, 2021, Callaway and SantAnna, 2021 defines the ATT for

different groups g by treatment timing t (they call this as the “group-time average treatment

effect”)

ATTg(t) = E[Yi,t(1)− Yi,t(0)|g] (1.2)

ATTg(t) is the expected difference between the observed outcome variable for treated

units at time t and the outcome had the firms not received treatment. This generalized

formulation easily allows for heterogeneity in the ATT across groups g or over time t.

In their work, Imai and Kim, 2021 explore scenarios where units receive treatment at

different times, without necessarily mandating that treatment be an absorbing state. Their

estimators intuitively compare changes in outcomes for units with altered treatment status to

those units whose treatment status remains constant over the same periods. This approach

yields an interpretable causal effect under generalizations of the parallel trends assumption

and an additional ”no carryover” assumption. The latter imposes that potential outcomes

depend solely on the current treatment status, rather than the entire treatment history.6

However, as noted by Bojinov et al., 2021, the no carryover assumption might be restric-

tive in various settings. For instance, if the treatment involves raising the minimum wage

and the outcome is employment, the no carryover assumption requires that employment in

period t depends only on whether the minimum wage was raised in period t and not on

the history of minimum wage changes. Other studies have examined DiD settings with non-

binary treatments. de Chaisemartin and D’Haultfuille, 2020 investigate ”fuzzy” DiD settings

where all groups receive treatment in both time periods, but the proportion of units exposed

6Though there is currently no consensus on this issue, ongoing research in this area aims to either correct
the weight issues, as in Goodman-Bacon’s approach, or select appropriate control groups, or a combination
of the two.
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to treatment increases in one group and remains constant in the other.

This chapter seeks to offer a comprehensive understanding of the challenges and potential

solutions related to staggered DiD estimators in estimating marketing behavior, particularly

within the context of online grocery shopping, by highlighting key contributions in the litera-

ture. Recognizing the ongoing debates and proposed alternatives is essential for researchers to

select the most suitable method for their specific research questions and settings. This paper

primarily concentrates on the traditional TWFE regression and the approaches suggested

by Goodman-Bacon, 2021 and Callaway and SantAnna, 2021. While several alternative

methods have been proposed to tackle biases associated with the staggered DiD design, they

are not examined in this paper. Notable examples include the works of Sun and Abraham,

2021, Athey and Imbens, 2022, Baker et al., 2022, Barrios, 2021, and de Chaisemartin and

D’Haultfuille, 2020, which present general overviews of these methods across various settings.

1.3 Industry Background

The online grocery industry has witnessed rapid growth as consumers increasingly value the

convenience of home delivery for their groceries. In response, numerous companies now offer

delivery services to households in metropolitan areas. One of the early entrants in this market

was Amazon Fresh, which started operations in Seattle in 2007 and later expanded to Los

Angeles, San Francisco, and New York. Around the same period, FreshDirect also explored

expansion opportunities beyond the New York City metropolitan area, with plans to enter

additional East Coast markets like Boston, Philadelphia, and Washington D.C. In 2017,

Walmart announced its intention to open over 1,000 online grocery pickup locations across

the U.S. In this paper, the focus is specifically on the entry decision made by Amazon Fresh,

one of the first companies to significantly disrupt the traditional grocery retailing industry

with its online grocery delivery service. To eliminate confounding effects from the entries

of similar services, the study targets markets where Amazon Fresh was the sole provider of

online grocery services. According to a 2020 report by Moodys, the US online food retail
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business was estimated to be roughly $20 billion7.

Amazon Fresh is an online grocery delivery service established in 2007 that has ex-

perienced consistent growth since its inception. Unlike Walmart, which benefits from its

well-established distribution network, Amazon Fresh utilizes Amazon’s existing distribution

network to deliver groceries to customers in select metropolitan areas. The markets where

AF operates typically exhibit two characteristics: high levels of discretionary income, as

observed in the West Coast and New York, and a significant proportion of elderly residents,

as seen in Florida. Amazon Fresh relies on a large portion of cold storage facilities, unlike

a regular Amazon distribution center, to store grocery items. The last-mile clusters com-

prise delivery stations, Prime hubs, and Amazon Fresh hubs, which are small in size but

high in throughput. These facilities are uniformly distributed to maximize accessibility for

last-mile deliveries in medium to high-density consumption markets. With this logistical

infrastructure, Amazon Fresh can deliver groceries swiftly and compete with traditional gro-

cery retailers on cost savings. The COVID-19 pandemic led to a surge in demand for online

grocery services, as consumers increasingly turned to online shopping for essential items.

However, even prior to the pandemic, the digital transformation of the grocery industry was

already gaining momentum worldwide.

Amazon’s grocery distribution network is a crucial component of their grocery delivery

service, Amazon Fresh, which operates both ambient and cold storage centers across the

United States. In 2017, Amazon acquired Whole Foods Market, and with it, ownership of

their existing retail grocery distribution network, primarily focused on perishable merchan-

dise for retail stores in major markets. This acquisition has intensified local competition not

only between online and offline retailers but also between Amazon’s own services, including

their Prime Now service, which offers similar grocery delivery services. To avoid potential

confounding factors introduced by the acquisition of Whole Foods, this study concentrates

on the period from 2010 to 2016, during which Amazon Fresh was established through the

7https://superfood.digital/online-grocery-store-ecommerce-statistics/
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opening of its Fresh distribution centers and before the acquisition of Whole Foods. This

enables a clearer analysis of the competitive effects of Amazon Fresh on incumbent grocery

stores.

Traditional grocery stores are now competing with online grocery stores by recognizing

the value of the connection between online and in-store grocery shopping. They are using this

connection to win more sales and compete in todays integrated retail environment8. One good

example is Walmart. Before 2016, Walmart was already working on online grocery pickup

since 2014 that was similar to what Amazon Fresh offered in Seattle. Walmart expanded the

service to more than 600 stores and was hoping to quickly expand its automated system if

all went well9.

Utilizing a staggered design in the case of Amazon Fresh is justifiable given its incremental

market expansion, which enables researchers to evaluate the causal impact of its market entry

on existing grocery stores while considering varying treatment effects. This method adjusts

for timing differences, enhances identification by using both cross-sectional and time-series

data variations, and provides greater resilience against potential breaches of the parallel

trends assumptiona critical aspect when examining complex and evolving markets such as

the online grocery sector. Ultimately, the staggered design delivers a more precise and

thorough analysis of Amazon Fresh’s competitive influence on conventional grocery stores.

1.4 Data

The data for this study are gathered from three main sources: Amazon Fresh Distribu-

tion Center data, Nielsen Scanner data, and Consumer Expenditure Surveys. The Amazon

Fresh Distribution Center data provides information on the locations and operations of Ama-

zon’s grocery distribution centers, including their capacity and proximity to customers. The

Nielsen Scanner data covers sales data for grocery products, including brand, price, and quan-

8https://www.brickmeetsclick.com/competing-with-online-grocery-retailers–five-ways-grocers-can-win-
more-sales

9https://www.theverge.com/2017/6/6/15742746/walmart-automated-grocery-pickup-amazonfresh
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tity sold of numerous physical grocery stores, across various retail channels. The Consumer

Expenditure Surveys offer insights into household spending on groceries, demographics. Col-

lectively, these data sources provide a comprehensive view of the online grocery market in the

United States, as well as the competitive landscape and consumer behavior within retailing

industry.

Amazon Fresh Distribution Center Data

This study utilizes data from MWPVL10, which includes information on Amazon’s global

fulfillment center network, such as the address, size, type, and opening and closing dates

of each facility. The research defines the entry of Amazon Fresh into a Designated Market

Area (DMA) as the inauguration of the first local Fresh facility within that region. Due to

tax policies (Newberry et al., Forthcoming) or serving multiple cities simultaneously11, some

Fresh facilities are located in neighboring states. The study identifies the DMAs of Fresh

facilities using the facility code assigned by Amazon. To gauge the market penetration of

Amazon Fresh in each DMA, the study calculates the distance from each county’s population

center12 to the closest Fresh facility and establishes four distance bands. The Google Maps

API is employed to acquire the longitude and latitude of facilities and counties, and a map

of Amazon Fresh facilities in 2020 is presented in Figure 1.13.

10MWPVL is a supply chain consulting company that offers a comprehensive summary of
Amazon’s Fulfillment center and distribution network. For more information, visit https :
//mwpvl.com/html/amazoncom.html.
11Amazon Fresh facilities utilize advanced technology and logistics to optimize the supply chain, minimize
delivery times, and enhance the customer experience. They can serve multiple cities at once, particularly
on the east coast where metropolitan areas are closely situated.

12Population center data is obtained from the U.S. Census: https :
//www.census.gov/geographies/reference− files/time− series/geo/centers− population.html

13The complete list of cities and the timing of Amazon Fresh’s entry is provided in the Appendix table
A.2
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Figure 1.1: 2020 Amazon Fresh Distribution Center

Census Data on Consumer Demographics and Population Center

The Consumer Expenditure Surveys (CE) is a comprehensive and nationally representative

survey that aims to collect detailed information on household spending, which is then used

to develop estimates of the Consumer Price Index. The Consumer Expenditure Surveys

(CE) is a data collection effort conducted by the Census Bureau for the Bureau of Labor

Statistics (BLS) through two separate surveys: the Interview Survey and the Diary Survey.

The Interview Survey collects information on major and recurring expenses, while the Diary

Survey focuses on more minor or frequently purchased items. The main purpose of collecting

CE data is to revise the relative importance of goods and services in the market basket of

the Consumer Price Index, which is a key measure of inflation in the United States. In

addition to spending data, the CE survey also collects key demographic and socioeconomic

information from the households surveyed. For this study, we used this information to create

covariates at the county level.

To calculate the distance between counties and their nearest Fresh distribution center, I

utilized population center data collected by the U.S. Census Bureau. The population center
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data contains geographic information for each county, which enabled us to estimate the

distance to the closest Fresh distribution center for each county. The concept of the center

of population, as used by the U.S. Census Bureau, refers to a balance point. It represents

the point at which an imaginary, weightless, rigid, and flat surface representation of the 50

states14 and the District of Columbia would balance if weights of identical size were placed

on it so that each weight represented the location of one person. This information was

crucial for our study, as it allowed us to estimate the distance between counties and Fresh

distribution centers, which is an essential variable in our analysis.

Nielsen Scanner Data

The data used in this study is sourced from the Nielsen Retail Scanner data (also known as

RMS) provided by the Kilts Center for Marketing at the University of Chicago Booth School

of Business. The data set contains more than 2.6 million products identified by 12-digit

universal product codes (UPCs). The data is collected from over 40,000 stores across 370

metropolitan statistical areas (MSAs) in the United States, representing approximately 53%

of all sales in grocery stores, 55% in drug stores, 32% in mass merchandisers, and 2% in

convenience stores. Nielsen categorizes the products into 10 departments, over 100 product

groups, and over 1,000 product modules. In this study, we focus on data from the juice

product group.

The RMS dataset contains over 100 billion unique observations at the week-store-UPC

level. To make the data comparable, I aggregated the weekly data to the quarterly frequency

at store sub-module level. sub-modules are defined as subsets of modules with similar package

size since they are comparable but not as granular as UPCs. I normalized the prices of

product groups to the same units, such as price per ounce for juice. Additionally, we used

the size and packaging information provided by Nielsen to calculate the volume of sales for

juice products.15 The store characteristics are obtained from the 2012 to 2016 Nielsen Annual

14or 48 conterminous states for calculations made prior to 1960
15Since the volume of data is huge, I ignore the upc level difference.
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data appendix. These data include corporate parent owner of the store, retailers, store types

(Food, Mass Merchant etc.), county code, designated market area. I further calculate chain

size of stores and Amazon Fresh entry time.16

1.4.1 Store Level scanner data

I begin with 9,056 stores across all markets after excluding those in areas potentially influ-

enced by similar services like Instacart, Peapod, and FreshDirect17. To create a balanced

panel data, I apply the following criteria for store eligibility: stores must be in operation

at both the beginning and end of our study period (2012 Q1 and 2016 Q4) and must have

sales records for all 20 quarters during our investigation. Additionally, I exclude stores with

insufficient juice sales throughout the study period to avoid issues in calculating prices and

indexes necessary for analysis. I also aim to prevent the impact of store exits and entries

on our study, as Nielsen’s data does not clearly indicate whether missing information is due

to no purchases, store closures, or exits from the grocery market. Following these selection

criteria, 8,380 stores are included in the study.

Table 1.1 presents the descriptive statistics for various store-sub-module level variables

in a quarter. These variables consist of total revenue, total volume, price dispersion, number

of visits, number of brands, and number of products. Total revenue refers to the earnings

generated by selling juice products, while total volume denotes the quantity of juice products

sold in ounces. Price dispersion represents the standard deviation of prices within a store,

reflecting the range of product prices offered by the store. The number of visits tallies the

customers who purchased juice products, as captured by Nielsen scanner data. The number

of brands and products count the unique juice brands and distinct products sold by a store

16As for the fresh produce products, there is no consistent unit for items in the fresh produce product
group, so I calculate total revenue from scanner data at store level, then aggregate by FIPS code to obtain
county level revenue data.

17Instacart initially launched its service in San Francisco in 2012. Peapod was founded in Evanston,
Illinois in 1989, and later expanded its services to the Chicago metropolitan area. FreshDirect began its
operations in New York City in 2002.
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Table 1.1: Descriptive Statistics By Package Size

Pkg Size Variable Mean SD Min Q1 Median Q3 Max

Party Total Volume (kOz) 77.5 234.7 0.2 5.1 17.9 55.9 5284.6

Price ( $/kOz) 36.2 18.8 12.9 20.6 34.8 44.1 101.5

Average Volume 906.1 1281.4 101.4 268.8 489.9 957.3 11246.7

Price Dispersion ( $/kOz) 5.0 5.1 0.0 1.3 3.3 7.3 75.5

Num Visits 57.8 70.5 2.0 13.0 26.0 75.0 505.0

Num Brands 2.6 1.9 1.0 1.0 2.0 3.0 13.0

Num Products 5.7 6.4 1.0 2.0 3.0 7.0 45.0

Large Total Volume (kOz) 66.5 152.0 0.1 2.2 8.6 52.1 4011.7

Price ( $/kOz) 53.1 13.6 25.9 42.5 52.6 61.2 100.9

Average Volume 325.1 329.7 33.6 114.6 204.0 403.3 2386.6

Price Dispersion ( $/kOz) 12.1 8.8 0.0 6.6 10.6 15.5 135.2

Num Visits 125.4 188.8 2.0 15.0 41.0 121.0 1844.0

Num Brands 4.9 5.4 1.0 2.0 3.0 6.0 54.0

Num Products 12.6 17.4 1.0 2.0 5.0 13.0 152.0

Medium Total Volume (kOz) 28.5 99.7 0.0 0.5 2.1 11.2 1419.7

Price ( $/kOz) 105.3 48.0 28.6 64.4 104.0 131.8 254.9

Average Volume 110.5 109.3 12.5 43.8 72.5 131.0 768.3

Price Dispersion ( $/kOz) 28.8 27.5 0.0 7.4 22.8 41.7 352.8

Num Visits 124.9 256.6 2.0 11.0 26.0 76.0 2120.0

Num Brands 4.8 6.4 1.0 1.0 2.0 5.0 45.0

Num Products 13.5 26.1 1.0 1.0 3.0 8.0 189.0

Small Total Volume (kOz) 4.2 11.5 0.0 0.2 0.8 3.3 270.2

Price ( $/kOz) 320.0 163.4 38.3 209.1 297.6 401.7 1011.8

Average Volume 38.9 33.6 2.5 17.6 28.6 47.8 258.9

Price Dispersion ( $/kOz) 66.3 57.8 0.0 8.7 59.9 116.3 778.5

Num Visits 79.2 149.2 2.0 12.0 25.0 74.0 1348.0

Num Brands 4.0 5.1 1.0 1.0 2.0 4.0 42.0

Num Products 8.9 15.6 1.0 1.0 3.0 8.0 122.0
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in a quarter, respectively.18

The table highlights various disparities among different package sizes. Party-sized prod-

ucts have an average sales volume of 77.5 kOz per store, with a price of 36.2 per kOz. Large-

sized products, on average, sell 66.5 kOz with an average price of 53.1 per kOz. Medium-sized

products have a mean volume of 28.5 kOz and a mean price of 105.3 per kOz, while small-

sized products sell only 4.2 kOz per store at the highest average price of 320 per kOz19. The

average number of brands and UPCs per store is highest for medium (4.8 brands and 13.5

UPCs) and large packaged products (4.9 brands and 12.6 UPCs), indicating which sizes are

most competitive. Price dispersion is highest for small-sized products, as their prices heavily

depend on product quality, including factors such as ingredients, packaging, etc. This data

provides a comprehensive foundation for understanding the areas where competition may

occur.

1.5 Empirical Model

This study investigates the competitive impact of Amazon Fresh’s (AF) entry on incum-

bent grocery stores. Three primary challenges arise in this analysis. The first challenge

concerns the limited availability of store-level data, potentially leading to endogeneity due

to confounding factors that cannot account for. The second challenge relates to the varying

treatment timing across different markets, as AF entered some markets earlier than others,

potentially resulting in heterogeneous treatment effects that must be considered. For in-

stance, early-entry markets such as Seattle and Los Angeles may have experienced a smaller

impact compared to later-entry markets like Miami, attributable to customers being less

acquainted with online grocery shopping and maintaining loyalty to incumbent stores. In

18Additionally, I calculate two more variables based on the aforementioned metrics: average volume per
visit (total volume divided by the number of visits) and average unit price (total revenue divided by
total volume). These variables assess the average consumption and price level of juice products at the
store-sub-module level.
19Regarding package sizes, small products are under 20Oz per bottle; medium products are above 20 Oz

and below 40 Oz; large products are above 40 Oz but less than 96 Oz; party-sized products are over 96
Oz.
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contrast, later-entry markets may have faced a more significant impact, as customers were

more cognizant of Amazon’s reputation and more inclined to embrace online grocery shop-

ping. In addition, the entry of Amazon Fresh could have indirect effects on incumbent stores

through increased awareness of online grocery shopping, leading to a change in customer

behavior and potentially benefiting other online grocery platforms as well (spillover effects).

Figure 1.2: Amazon Fresh Entry

1.5.1 Assumption

To address the above concerns, I make following assumptions from Goodman-Bacon, 2021

and Callaway and SantAnna, 2021.

Staggered Treatment Adoption Assumption: Staggered treatment adoption implies

that once a unit participates in the treatment, they remain treated. This means that once a

unit receives the treatment, it stays treated and does not unlearn its treatment experience.

For example, this would apply to policies that are implemented in different locations over

time. It would also apply to Amazon Freshs market entry. Entering a market usually
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involves a large cost and no observed exits based on the current data. I focus on this main

case because I think it is hard to analyze non-staggered treatment setups within the DiD

framework without imposing more restrictions on how the treatment effect varies across time,

groups, treatment sequences, etc.

Parallel Trends Assumption based on never-treated units: For all g = 2, ..., T ,

t = 2, ..., T with t ≥ g

E[Yt(0)− Yt−1(0)|G = g] = E[Yt(0)− Yt−1(0)|D = 0] (1.3)

This is a natural extension of the parallel trends assumption in the two periods and two

groups case. This means that, without treatment, the average untreated potential outcomes

for the group that received treatment first at time g and for the group that never received

treatment would have been parallel in all periods after treatment t ≥ g.

This parallel trend assumption depends on using the never treated units as a comparison

group for all eventually treated units. This requires that (i) a (large enough) never-treated

group exists in the data, and (ii) these units are similar enough to the eventually treated

units so that they can serve as a valid comparison group. If these conditions are not met,

we can use an alternative parallel trend assumption that uses the units that have not yet

received treatment as valid comparison groups.

Parallel Trends Assumption based on not-yet treated units: For all g = 2, ..., T ,

s, t = 2, ..., T with t ≥ g and s ≥ g

E[Yt(0)− Yt−1(0)|G = g] = E[Yt(0)− Yt−1(0)|Ds = 0, G 6= g] (1.4)

This assumption implies that we can use the units that have not received treatment by

time s (s ≥ t) as valid comparison groups when estimating the average treatment effect

for the group that was treated first at time g. This assumption generally uses more data

when constructing comparison groups. However, Callaway and SantAnna, 2021 note that

this assumption also imposes some restrictions on some pre-treatment trends across different

groups.
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No anticipation: This assumption implies that if a unit is not treated in a particular

period, their outcome should not be influenced by when they will receive treatment in the

future. In other words, units are not expected to behave differently based on their knowledge

of their future treatment date before treatment actually begins.

1.5.2 Static Two-Way Fixed Effect (TWFE) Model

To address the concerns outlined in Table 1.220, I begin by employing the static staggered

design, which has been extensively used in previous literature. This staggered DiD design

is a regression-based DiD method commonly applied to situations involving more than two

units (treated vs control) and more than two periods (pre-treatment and post-treatment).

The regression-based DiD also takes the following two-way fixed form:

Yit = αi + γt + βAFit + εit + θ (1.5)

where αi and γt represent unit and time fixed effects. In this application, I estimate the

TWFE model using store-level data, with time measured in quarters. The static specification

provides a reasonable estimand when there is no heterogeneity in treatment effects across

either time or units. β signifies the treatment effect of AF entry on the dependent variable

Yit, which is assumed to have a homogeneous treatment effect across different stores and

time, irrespective of the duration since the treatment started; θ is the intercept, and εit is

the error term. Each store in the data has a specific date for AF entry, and AFgt is 0 before

the entry and 1 afterward. The treatment occurs over time as Amazon opens new Fresh

distribution centers, following a staggered design that allows groups to only switch into the

treatment group but not out of it. I further modify the TWFE model to include covariates21.

20The table demonstrates that AF enters different markets across the country at various times as part
of their strategic expansion. Competitive effects from AF will be influenced not only by market-level
characteristics but also by the different timings of entry.
21The covariates are at the county level. They include consumer units, vehicles per household, average

number of persons in a household, distance bands it is to the closest distribution center, average household
annual income, etc.



20

1.5.3 Dynamic TWFE Model

Apart from the TWFE approach, I also explore the dynamics of the treatment effect using

an event study specification, incorporating a series of dummy variables for six months before

and after the entry of AF. The following general regression is estimated:

Yi,t = αi + γt + β−K
k AF<−K

i,t +
−2∑

k=−K

βlead
k AF k

i,t +
L∑

k=0

βlag
k AF k

i,t + βL+
k AF>L

i,t + εi,t (1.6)

In this equation, AF k
i,t represents the event study dummy variable for AF entry, taking

a value of 1 if AF’s entry is k months away from the initial entry at time t, and 0 otherwise.

AF<−K
i,t and AF>L

i,t assume a value of 1 if the entry is before K or after L months of the initial

entry. These represent leads and lags in the TWFE event study. βlag
k can be interpreted as

measurements of the average treatment effect for being exposed to treatment for k months,

while βlead
k estimates the trends before the treatment occurs. The leads and lags are set to 4

quarters, allowing for an examination of the trends 4 quarters before and after the entry of

AF on dependent variables. The event study diagram in a staggered setting for Juice in the

data is shown in Figure ??. This graph indicates a negative trend in volume as AF’s entry

approaches.

1.5.4 Staggered DiD: Callaway and SantAnna, 2021

In light of the literature review, recent papers have addressed potential issues arising from the

assumption of a homogeneous treatment effect in staggered designs. I proceed with another

regression following Callaway and SantAnna, 2021, considering observations divided into G

groups and T periods, indexed by group segments g and time period t. Let βgt represent the

coefficient of treatment AFgt, the treatment in group g at period t. The estimating equation

can be expressed as:

Yigt = αg + γt + βgtAFgt + εgt (1.7)
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Here, αg denotes the group fixed effect, γt represents the time fixed effect, β is the

treatment effect of AF entry on dependent variable Yigt, and εigt is the error term. AFgt is

defined as in equation 1.5.

Intuitively, under the staggered versions of parallel trends and no anticipation assump-

tions, we can identify ATT (g, t) by comparing the expected change in outcome for cohort g

between periods g - 1 and t to that for a control group not-yet treated at period t. If we

average over a set of comparisons G such that g′ > t for all g ∈ G, the average treatment

effect on the treated would be:

ATT (g, t) = E[Yi,t − Yi,g−1|Gi = g]− E[Yi,t − Yi,g−1|Gi ∈ G] (1.8)

We can estimate the ATT by replacing expectations with their sample analogs. However,

when there are numerous treated periods and/or cohorts, reporting all ˆATT (g, t) might be

unwieldy, and each estimate may lack precision. Fortunately, the method described above

can be easily extended to estimate any weighted average of the ATT (g, t). For example, we

may be interested in an ”event-study” parameter that gives the (weighted) average of the

treatment effect l periods after adoption across different adoption cohorts, as in Callaway

and SantAnna, 2021 and Goodman-Bacon, 2021 in 1.122.

1.6 Main Results

In this section, I present the findings from the model setups presented in the previous section,

focusing on the competitive effect of Amazon Fresh’s entry on various aspects of retail grocery

industry. I begin by evaluating the impact of Amazon Fresh’s entry on incumbent grocery

stores’ sales volume, volume-weighted price, product assortment, and price quality at the

store level, using the approaches detailed earlier and a log specification. The analysis is

centered on juice products, aggregated from Nielsen scanner data.

The regression’s dependent variables include the logged average monthly store sales vol-

22Details of Bacon decomposition are in Appendix 1.
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ume (in ounces), the logged volume-weighted price index (per ounce), the number of brands

sold at stores, the number of products (UPCs) sold at stores, and the logged quality index.

The findings aim to provide a comprehensive understanding of the competitive effects of

Amazon Fresh’s entry on incumbent grocery stores by examining various dimensions that

characterize store competition, such as sales, prices, assortment, and product or service

quality.

1.6.1 Volume Effect

To examine the impact of Amazon Fresh entry on grocery store performance, I first run a

regression analysis of the logged quarterly store sales volume on Amazon Fresh entry under

various model specifications. At the store level, the influence of Amazon Fresh entry on

grocery stores’ quarterly volume is negative. Results from the static model indicate that

Amazon Fresh entry leads to a -2.1% decrease in the average volume of juice sold in stores.

The dynamic specification results suggest a 2.0% decrease in sales volume due to competition.

When applying the method proposed by Callaway and SantAnna, 2021, grouping at entry

time to allow for heterogeneous treatment effects, the average treatment effect is -0.8%. By

grouping at time since treatment, which allows for heterogeneous treatment effects as time

passes, the average treatment effect is -3.1%. This demonstrates that, when accounting for

heterogeneous treatment effects, the impact of Amazon Fresh entry is less severe than with

traditional estimation methods, suggesting potential bias in the latter. All estimates are

significant and provide a good explanation for the observed variability.

Similar to the methods employed by Callaway and SantAnna, 2021 and Goodman-Bacon,

2021, I divide different treatment times into multiple 2 × 2 DiD designs and implement a

series of diagnostic tests to evaluate the robustness of TWFE estimates in a staggered DiD

setting23. I plot the 2 × 2 DiD against its weight and calculate the treatment effect for

different types of comparisons: treated versus untreated, early treated versus later treated,

23The Bacon decomposition is conducted on county-level data due to model complexity
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Table 1.2: Volume Effect

Model Spec. OLS Static Static Dynamic CS (Time) CS (Group)

Amazon Fresh -0.5 -2.1∗ -4.3∗∗∗ -2.0∗ -3.1∗ -0.8∗

SD (1.3) (1.0) (1.0) (0.8) (1.3) (0.8)

95% CI Lower Bound -3.1 -4.1 -6.4 -0.4 -5.7 -2.4

95% CI Higher Bound 2.2 -0.1 -2.3 -3.6 -0.6 0.8

Unit Fixed Effect None Store Store Store Store Store

Time Fixed Effect No Yes No Yes Yes Yes

adj. R2 30.2 92.8 92.7 92.8 NA NA

Note: 1. Standard errors are in parentheses. Coefficients reported in the table are in 10−2. ∗ p < 0.05,
∗∗ p < 0.01, ∗∗∗ p < 0.001. 2. All std errors are grouped at county level. 3. All estimates are in

percentage. 4. For dynamic TWFE, I only report the estimates that are 1 quarter post treatment.

Rest of estimates will be available in the appendix.

and later treated versus early treated. In the baseline Bacon DiD setup, there is also a later

versus always treated group.

The results obtained from the Bacon decomposition reveal new insights. They suggest

a 4.5% decrease in the volume of juice products, indicating that competition from Amazon

Fresh has led to a decline in juice sales at local grocery stores based on the weighted estimates.

The volume response remains relatively small for groups treated at different times, such as

early treated versus later treated and later treated versus earlier treated, implying that the

timing of treatment is not a significant factor.

However, the results also highlight two substantial volume responses: a 5.3% drop in

juice sales when comparing stores facing Amazon Fresh competition to those that do not

face online competition, and an even larger decline when comparing later treated stores with

Seattle (the only always treated market since 2012). As Seattle was the first market for

Amazon Fresh, the adoption of online shopping was much lower at the time of entry. When

comparing Seattle with other, later treated markets, incumbent grocery stores may face
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Table 1.3: Bacon Decompose Weights and

Estimates on Volume

Groups Weight Estimate

Earlier vs Later Treated 22.5 -0.8

Later vs Always Treated 6.7 -15.9

Later vs Earlier Treated 9.0 -0.2

Treated vs Untreated 61.8 -5.3

Note: All estimates are in percentage.

more intense competition due to the faster shipping speeds and increased market adoption

of online shopping.

1.6.2 Price Effect

Next, I employ the previous specifications, including static, dynamic, and Eq 1.7, to obtain a

regression of logged average quarterly store unit price24 on Amazon Fresh’s entry, with store

fixed effects and time fixed effects. The results are shown in Table 1.4. For the static setup,

the impact on price is not statistically different from 0. However, CS estimators grouped by

time since treatment suggest a 3.1% increase in price due to competition, while grouping by

entry time results in a competitive effect that only increases the price by 1.1%. The dynamic

TWFE also suggests a 0.7% increase in price.

Interestingly, as shown in 1.5, the weighted price response from Bacon decomposition is

-1.2%. The results following the Bacon decomposition reveal new insights, suggesting an

increase in juice product prices between treated and untreated stores. The price response

between these groups demonstrates a 1.7% drop in prices, indicating that competition from

Amazon Fresh lowers juice product prices when comparing treated stores with untreated

stores. The price response remains relatively small for groups treated at various treatment

24In the Nielsen Data, the unit for juice products is ounces. I also deflate the price using the CPI index
from FRED. https://fred.stlouisfed.org/series/CPIFABSL
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Table 1.4: Price Effect

Model Spec. OLS Static Static Dynamic CS (Time) CS (Group)

Amazon Fresh 0.7∗∗∗ 0.4 8.2∗∗∗ 0.7∗ 3.1∗∗∗ 1.1∗∗∗

SD (0.3) (0.3) (0.2) (0.3) (0.5) (0.3)

95% CI Lower Bound 0.2 -0.3 7.8 0.1 2.2 0.6

95% CI Higher Bound 1.2 1.0 8.7 1.3 4.0 1.7

Unit Fixed Effect None Store Store Store Store Store

Time Fixed Effect No Yes No Yes Yes Yes

adj. R2 37.3 72.3 70.3 73.7 NA NA

Note: 1. Standard errors are in parentheses. Coefficients reported in the table are in 10−2. ∗ p < 0.05,
∗∗ p < 0.01, ∗∗∗ p < 0.001. 2. All std errors are grouped at county level. 3. All estimates are in

percentage. 4. For dynamic TWFE, I only report the estimates that are 1 quarter post treatment.

Rest of estimates will be available in the appendix.

timings. The inconsistency between different model setups implies that competition may not

affect prices as initially anticipated.

Table 1.5: Bacon Decompose Weights and

Estimates on Price

Groups Weight Estimate

Earlier vs Later Treated 22.5 0.3

Later vs Always Treated 6.7 -0.4

Later vs Earlier Treated 9.0 -1.4

Treated vs Untreated 61.8 -1.7

Note: All estimates are in percentage.

The observed increase in prices could stem from various factors. Stores may attempt to

distinguish themselves by offering premium products, unique items, or specialized services,

which could warrant higher prices. They might also incur additional costs due to competition,
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such as increased marketing expenses, investments in store improvements, or enhancements

to their e-commerce platforms. These extra costs might be passed on to consumers in the

form of higher prices. Alternatively, when faced with competition, a store could target a

customer segment that is less price-sensitive and places greater emphasis on quality, service,

or convenience, leading to increased prices for specific products. In the following analysis, I

will explore whether stores compete on a more granular level, such as product assortment or

quality-based differentiation.

1.6.3 Product Assortment

The marginally positive price effects observed in Table 1.425 prompt an investigation into

how retailers might compete in other areas. For instance, improvements in service or better

product assortment availability might be contributing factors. Consequently, I analyze the

distribution of product and brand availability across stores and retail chains. The entry of

Amazon Fresh could also influence the product assortment provided by incumbent stores,

who may respond by expanding their product selection to differentiate themselves. In such

cases, even if prices rise, the change in assortment might offset the price response, potentially

masked by the volume-weighted price index.

To explore this hypothesis, I examine whether firms strategically adjust their product

assortments in response to competition. Specifically, I focus on the number of unique brands

and UPCs sold at stores per quarter as dependent variables, capturing the characteristics of

product assortments offered by stores and chains throughout the study period. Using the

scanner data, I compute the number of distinct UPCs and brand codes sold at each store in

a quarter and employ them separately as measures of product assortment26.

The findings27 are displayed in Table 1.6. In the static model, the entry corresponds

25This table presents the results of the analysis of price effects, indicating a potential increase in service
quality or product assortment availability in stores.
26These measures help in understanding how retailers might adapt their product offerings in the face of

increased competition.
27The results for the change in the number of UPCs are presented in Appendix Table A.4.



27

Table 1.6: Product Assortment Effect: Use Number of Distinct Brands.

Model Spec. OLS Static Static Dynamic CS (Time) CS (Group)

Amazon Fresh 6.6∗∗∗ -1.3 6.6∗∗∗ -1.2∗ 2.4∗∗∗ -0.2

SD (0.3) (0.7) (0.6) (0.4) (0.7) (0.4)

95% CI Lower Bound 6.1 -2.8 5.4 -2.1 1.0 -1.1

95% CI Higher Bound 7.1 0.2 7.8 -0.4 3.8 0.6

Unit Fixed Effect None Store Store Store Store Store

Time Fixed Effect No Yes No Yes Yes Yes

adj. R2 81.8 93.2 93.1 93.3 NA NA

Note: 1. Standard errors are in parentheses. Coefficients reported in the table are in 10−2. ∗ p < 0.05,
∗∗ p < 0.01, ∗∗∗ p < 0.001. 2. All std errors are grouped at county level. 3. For dynamic TWFE, I

only report the estimates that are 1 quarter post treatment. Rest of estimates will be available in the

appendix.

to a 6.6-brand increase. However, when employing CS estimators grouped by time since

treatment, the competitive effect results in a 2.4-brand increase, while grouping by entry time

reveals a negligible change of -0.2 brands. These outcomes suggest a minor augmentation

in product assortment based on brand and product differentiation28. Results from both

measures (UPC and brand) indicate that the entry of Amazon Fresh prompts incumbent

grocery stores to expand their assortments to cater to different consumer preferences and

increase the likelihood of retaining customers.

1.6.4 Product Quality

In response to competition from Amazon Fresh, stores may also refine their assortment

strategies by differentiating the quality of products they offer. Retailers must consider not

only the number of products they display and sell but also other store-level factors, such as

28These minor increases could be a result of retailers attempting to differentiate their offerings in response
to the competition.
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the range of brands and availability of organic items. These elements may cater to varying

consumer demands, with stores in lower-income areas potentially offering more affordable

options, while those in higher-income areas may stock premium alternatives.

Table 1.7: Product Quality Effect

Model Spec. OLS Static Static Dynamic CS (Time) CS (Group)

Amazon Fresh 7.1∗∗∗ 7.7 7.1∗ 2.0∗ 15.6∗∗∗ 8.2∗∗∗

SD (1.3) (3.0) (3.4) (1.0) (2) (1.3)

95% CI Lower Bound 4.6 1.8 0.5 0 11.7 5.7

95% CI Higher Bound 9.6 13.6 13.7 4 19.6 10.7

Unit Fixed Effect None Store Store Store Store Store

Time Fixed Effect No Yes No Yes Yes Yes

adj. R2 (%) 8.0 91.6 91.5 91.6 NA NA

Note: 1. Standard errors are in parentheses. Coefficients reported in the table are in 10−2. ∗ p < 0.05,
∗∗ p < 0.01, ∗∗∗ p < 0.001. 2. All std errors are grouped at county level. 3. For dynamic TWFE, I

only report the estimates that are 1 quarter post treatment. Rest of estimates will be available in the

appendix. 4. All units are in h

To examine this aspect, I create a quality measure index based on the average national-

level prices of products sold by a store, factoring in package size. The index is higher for

stores carrying relatively expensive products but does not depend on the store’s own pricing

strategy. For product j, I compute a per-unit constant price as the average log price in year y

across all stores s carrying the product, divided by the unit size (e.g., 40 oz). This measure is

then averaged across the products carried by store s to establish a quality measure index for

store s in year y within a sub-module b. Sub-modules are categorized as subsets of modules

with similar product sizes to ensure comparability. To generate the final assortment index

for store s, I demean the index by sub-module-quarter and subsequently average it over the

quarters and sub-modules. The final store-level index is weighted by the revenue of each

sub-module. To further refine the index, I apply a min-max normalization. To minimize
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bias, I include only products that rank in the top 1000 in terms of total revenue during the

study period.

As illustrated in Table 1.7, the quality index suggests that stores competing with Amazon

enhance their service quality. This index is an all-encompassing measure that captures

various factors contributing to a store’s overall quality. Retailers may choose to sell organic

or high-quality products at elevated prices, or opt to expand their inventory and revamp

their store layout to justify increased markups for these enhancements. The models control

for differences in location and income through time and store fixed effects. The consideration

of this index also relates to the marginally positive price response observed in Table 1.4. In

the face of Amazon Fresh’s entry, stores optimize their assortment by gravitating toward

relatively more expensive products. They aim to provide a diverse range of top-quality

products catering to diverse customer preferences and requirements. Furthermore, they

maintain a clean, well-organized, and visually appealing store layout, promoting effortless

navigation and a pleasant shopping experience.

1.6.5 Heterogeneous Treatment Effects

This section presents the evidence of heterogeneous treatment effects of Amazon Fresh’s

entry based on model specification described before. Demonstrating heterogeneous treatment

effects strengthens the validity and robustness of the study’s findings. It shows that the

results are consistent across different model specifications, which enhances the credibility

of the conclusions drawn from the analysis. Also, accounting for heterogeneous treatment

effects allows for a more comprehensive understanding of the digital transformation. It

acknowledges that the impact of entry may vary across different groups, contexts, or time

periods, and helps identify which factors contribute to these variations.

In Fig 1.3 and Fig 1.4, both trends exhibit similarities and are in line with our estimations.

Regarding volume, the pre-entry trend is approximately zero but begins to decline in the

post-entry period, with a more pronounced drop evident after 12 quarters following entry.

As for price, its pre-entry trend is also around zero, but it starts to rise after 4 quarters
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in the post-entry period, and the increase becomes more substantial after 9 quarters since

entry. The reactions of product assortment and quality align with our estimates as well.

The growth in product assortment starts to emerge after about 8 quarters from the entry,

while the change in product quality experiences an immediate spike following the entry and

resumes its upward trajectory after 10 quarters.

In Fig 1.5 and Fig 1.6, stores confronted with competition display a diverse range of

responses. These differences suggest that the treatment effects of entry on various measures

vary across markets, emphasizing the importance of accounting for heterogeneity in the

study. By considering these variations, we can better understand the nuances in competitive

dynamics and more accurately evaluate the impact of market entry on different aspects of

the retail industry.
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1.7 Price Dispersion

In order to investigate the impact of Amazon Fresh on store behavior, I concurrently examine

the price dispersion and dynamics of identical goods within the same geographic area and

over the same time period. Following Kaplan et al., 2019, I use Nielsen data to construct a

dispersion measure, which estimates a comprehensive stochastic process for a store’s average

price level, as well as the price of a good at a store relative to its average price level. Using the

estimated stochastic process, I decompose the variance of the price of the same good within

the same time period and geographic area. Subsequently, I employ the models specified in

previous sections to explore the effects of online competition, addressing questions examined

by numerous scholars, such as DellaVigna and Gentzkow, 2019.

1.7.1 Decomposition Framework

Let pjst denote the quantity-weighted average price of sub-module j at store s in time period

t. As defined before, a time period would be a quarter and a good is defined by sub-module.

I first decompose the log of each price pjst into three additively separable components: a

component that reflects the average price of the good in period t, µjt; a component that

reflects the expensiveness of the store selling the good, yst; and a component that reflects

factors that are unique to the combination of store and good, zjst. Formally, we decompose

the log of pjst as

logpjst = µjt + yst + zjst (1.9)

I model both the store component of the price, yst, and the store-good component of

the price, zjst, as the sum of a fixed effect, a persistent part and a transitory part. This

statistical model is motivated by the empirical shape of the auto-correlation functions of yst
and zjst,

Formally, the statistical model for yst and zjst is given by
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yst = yFs + yPst + yTst, zjst = zFjs + zPjst + zTjst,

yPst = ρyy
P
s,t−1 + ηys,t, zPjst = ρzz

P
js,t−1 + ηzjst,

yTst = εys,t +

q∑
i=1

θy,iε
y
s,t−1, zTjst = εzjs,t +

q∑
i=1

θz,iε
z
s,t−1,

yFs = αy
s zFjs = αz

js

where yFs and zFjs denote the fixed-effects of the store and of the store-good components,

yPst and zPjst denote the persistent parts of the store and of the store-good components, and

yTst and zTjst denote the transitory parts of the store and of the store-good components. The

parameters αy
s and αz

js are random variables with mean zero and variance σ2
αy
s

and σ2
αz
s
. The

parameters ρy and ρz are the auto-regressive parameters of the AR(1) part of the store and

store-good components, while ηys,t and ηzs,t are the innovations to the AR(1) part and are

assumed to be random variables with mean zero and variance σ2
ηys

and σ2
ηzs

. Finally, the

parameters θy,i and θz,i are the coefficients of the MA(q) part of the store and store-good

components, while εys,t and εzjs,t are the innovations to the MA(q) part and are assumed to

be normal random variables with mean zero and variance σ2
εys

and σ2
εzs

. All random variables

are independent across goods, stores and times. In our baseline model we set q = 1.

1.7.2 Estimation Process

I estimate the parameters of the statistical model presented in 1.7.1 by utilizing data on

quantity-weighted average prices, pjst, for a substantial number of goods (j = 1 . . . J)

at numerous stores (s = 1 . . . S) within a the same geographic markets at a quarterly

frequency (t = 1 . . . T). Due to the vast number of goods, stores, and time periods, as well

as the presence of unobserved components in prices, estimating this model via Maximum

Likelihood is not feasible. Instead, I employ a multi-stage Generalized Method of Moments

approach, which is analogous to techniques commonly used in estimating models of labor

earnings dynamics (see Kaplan et al., 2019). I provide their framework here as a reference.

The estimation procedure involves four steps. Step 1. Estimate the good-time mean,
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µjt, as the average of the log price, logpjst, across all stores s in the market of interest, i.e.

µ̂jt =
1

S

S∑
s=1

logpjst (1.10)

Then construct normalized prices as

p̃jst = logpjst − µ̂jt (1.11)

Step 2. Estimate the store component yst by taking sample means of the normalized

prices across all goods in store s, i.e.

ŷst =
1

njst

njst∑
j=1

p̃jst (1.12)

where njst is the number of goods for which we have data for store s in period t. In some

instances njst < J because not every store-good combination will meet our sample selection

requirements in every quarter. I estimate the store-good component zjst as

ẑjst = p̃jst − ŷjst (1.13)

The above process leads to a S × T panel of store components ŷst, and a (J × S)× T panel

of store-good components ẑjst (where there may be missing data for some combinations of

(j, s, t)).

Step 3. Construct the auto-covariance matrix of each of these panels up to L lags.

Step 4. Minimize the distance between the theoretical auto-covariance matrices implied

by the model and the empirical auto-covariance function from step three. I use a diagonal

weighting matrix that weights each moment by n0.5
jst. However, the main results are not

sensitive to using an identity weighting matrix instead.

1.7.3 Variance Decomposition

These findings align with other research studying uniform pricing behavior using Nielsen

scanner data. DellaVigna and Gentzkow, 2019 find higher levels of uniform pricing in the
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data when firms face chain-level decision-making costs. In a comprehensive analysis of the

same data, Hitsch et al., 2019 also find that chain factors explain a larger fraction of price

dispersion than market factors. They conclude this is partly driven by the fact that, by

segmenting the market, chains face relatively more homogeneous demand than the market

as a whole. Incumbent grocery stores may not respond to Amazon Fresh’s entry in a specific

market since most stores in the Nielsen data belong to chains. If pricing decisions are made

at the chain level, no price response is expected for such a local market shock unless the

stores of a particular chain are densely located in one market. However, this is typically

not ideal due to cannibalization concerns. Later, I also examine heterogeneous competitive

effects at the store level with stores belonging to chains of different sizes.

Results of price decomposition are shown in figure 1.7.29 In the next section, I will talk

about the characteristics that contribute to store level heterogeniety of competition effects.

1.8 Store Level Heterogeniety

The observed negative causal impact of Amazon Fresh’s entry on incumbent grocery stores’

sales volume, along with the slightly positive effect on prices, is consistent with the findings

of Arcidiacono et al., 202030. Although these results may be somewhat surprising, they con-

cur with studies investigating uniform pricing behavior among retailers using Nielsen data.

To verify the robustness of these findings, I construct store-level data incorporating store

characteristics to assess response variations at a more granular level. The three store charac-

teristics considered include store type, proximity to the nearest Amazon Fresh distribution

center, and chain size31.

29I only present the markets that experience the entry of Amazon Fresh during the study period. Controls
are not included.
30Arcidiacono et al., 2020 explores the competitive consequences of Walmart’s entry on nearby grocery

stores, utilizing the distance to Walmart as a means to differentiate between treatment and control groups.
31Owing to computational constraints related to store-level fixed effects, estimations are conducted on

data from 2014 to 2016 for selected markets.
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Figure 1.7: Price Dispersion Decomposition

(a) Los Angeles (b) Washington (c) San Francisco

(d) Sacramento (e) Boston (f) Dallas

(g) Chicago (h) New York (i) Cincinnati

1.8.1 Distance to the Closest Amazon Fresh Distribution Center

The penetration level of Amazon Fresh can be affected by a store’s proximity to the nearest

AF distribution center. Stores situated closer to a distribution center might experience
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heightened competition, as local consumers can take advantage of swifter delivery and earlier

service availability32. Such proximity can render Amazon Fresh a more attractive option due

to the reduced delivery times.

The disparity in customer awareness could also imply varying impacts. Consumers re-

siding nearer to the AF distribution center might exhibit greater awareness of the service

and could be more inclined to embrace online grocery shopping because of its convenience

and expedited delivery33. A shorter distance between the distribution center and customers

enables AF to streamline its delivery routes, curtail transportation expenses, and bolster

overall operational efficiency. These benefits empower AF to present competitive prices,

thereby further challenging the incumbent stores in the vicinity.

To gauge the influence of Amazon Fresh’s entry on the price and volume of juice products

in incumbent grocery stores, I utilize a static two-way fixed effects (TWFE) approach. I

classify stores into distinct groups based on their distance from the nearest Fresh distribution

center and estimate the entry’s impact using the equation below:

Yit = αi + γt + βAFit + εit (1.14)

In this equation, αi represents the store fixed effect to control for county heterogeneity,

while γt denotes the month fixed effects to control for temporal shocks or seasonality. Yit

refers to the logged store-level sales volume or price per unit, β is the treatment effect of

AF’s entry on the dependent variable Yit, and εit is the error term.

The results, as displayed in Table 1.8, reveal that incumbent grocery stores situated

within 20 miles of the nearest distribution center experience a 2.1% price increase and a

2.5% sales volume decrease in juice products upon Amazon Fresh’s entry. The positive price

response due to the competitive effects of entry contradicts my initial expectations, suggest-

32Faster delivery times are essential for perishable items such as fresh produce, which plays a significant
role in customers’ decisions to opt for online grocery shopping.
33As a result, incumbent stores in these areas may face stiffer competition as customers gravitate towards
AF.
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Table 1.8: Model Estimates by Different Distance Bands

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

Dependent Variable Log Price per Unit Log Total Volume

Distance (Miles) < 20 20 to 50 > 50 < 20 20 to 50 > 50

AF 2.112∗∗∗ 0.137 -2.013∗∗∗ -2.527∗∗∗ -0.530∗ 2.499∗∗∗

(0.129) (0.203) (0.412) (0.147) (0.232) (0.156)

95% CI Lower Bound 1.86 -0.26 -2.82 -2.82 -0.98 1.57

95% CI Higher Bound 2.37 0.53 -1.21 -2.24 -0.08 3.43

Store Fixed Effect Yes Yes Yes Yes Yes Yes

Month Fixed Effect Yes Yes Yes Yes Yes Yes

Observations 147744 74424 19932 147744 74424 19932

Number of Stores 4105 2069 554 4105 2069 554
Note: Standard errors are in parentheses. Coefficients reported in the table are in 10−2. ∗ p < 0.05, ∗∗

p < 0.01, ∗∗∗ p < 0.001.

ing the existence of price-increasing competition34. For stores located between 20 and 50

miles from the distribution center, the competitive effects on price and volume from AF are

not significantly different from zero, indicating no competitive effects within this distance

range. Intriguingly, stores located more than 50 miles away from the Fresh distribution cen-

ter exhibit significantly positive volume responses and significantly negative price responses.

Although these effects are counterintuitive, it is plausible that AF’s entry signifies a flour-

ishing grocery market in nearby counties, which in turn positively impacts the revenue of

more distant stores.

34One possible explanation is that, in price-taking markets, suppliers especially large brands can impose
higher prices when consumers have more choices.
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1.8.2 Store Type

I utilized the information provided by Nielsen data to focus on three major store types that

sell juice products, as these stores compete with Amazon Fresh to varying degrees based

on their customer overlap. These stores compete with Amazon Fresh to varying extents,

contingent on the degree of customer overlap. Table 1.9 demonstrates that incumbent food

grocery stores encounter a 3.0% price increase and a 3.3% volume decrease in juice prod-

uct sales when faced with Amazon Fresh’s entry, signifying direct competition with these

stores. Conversely, drug stores exhibit a 0.5% price decline and no significant volume al-

teration, implying a lack of competitive effects due to their indirect rivalry with Amazon

Fresh. Simultaneously, incumbent mass merchandise stores grapple with a moderate level of

competition, manifested by a 2.3% price escalation and a 2.7% volume reduction in response

to Amazon Fresh’s entry.

Table 1.9: Model Estimates by Different Store Types

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

Dependent Variable Log Price per Unit Log Total Volume

Channel Food Drug Mass Food Drug Mass

AF 2.988∗∗ -0.491∗∗ 2.301∗∗∗ -3.306∗∗∗ -0.075 -2.654∗∗∗

(0.137) (0.163) (0.242) (0.151) (0.189) (0.281)

95% CI Lower Bound 2.72 -0.81 1.82 -3.60 -0.44 -3.21

95% CI Higher Bound 3.26 -0.17 2.78 -3.01 0.29 -2.10

Store Fixed Effect Yes Yes Yes Yes Yes Yes

Month Fixed Effect Yes Yes Yes Yes Yes Yes

Observations 81792 112068 48240 81792 112068 48240

Number of Stores 2272 3113 1340 2272 3113 1340
Note: Standard errors are in parentheses. Coefficients reported in the table are in 10−2. ∗ p < 0.05, ∗∗

p < 0.01, ∗∗∗ p < 0.001.
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Multiple factors can influence the degrees of competitive effects between Amazon Fresh

and various store types. Firstly, the customer base for each store type might differ in aspects

such as income levels, shopping inclinations, and priorities35.

Secondly, each store type generally focuses on a unique set of products or services. Food

grocery stores customarily offer a more comprehensive assortment of fresh produce and gro-

ceries, while drug stores might emphasize pharmaceuticals, health, and beauty items. Mass

merchandise stores provide a diverse range of products, including groceries, clothing, and

electronics. Although Amazon Fresh principally competes with food grocery stores in the

online grocery domain, its impact on other store types that specialize in distinct product

categories may be restricted.

Thirdly, store types can vary concerning their physical locations, operating hours, and

accessibility36. In conclusion, the competitive interplay between Amazon Fresh and different

store types hinges on factors such as customer demographics, product offerings, and con-

venience. These elements contribute to the observed heterogeneity in competition across

disparate store types.

1.8.3 Chain Size

In this analysis, I investigate whether the lack of price response can be attributed to retailer

scale. Large chains may be inclined to minimize their reaction to local entry to reduce price

competition. Similarly, chain supermarkets could establish relatively uniform retail prices

across their stores within a specific market or region, either to save on firm-level adjustment

costs or to prevent price comparisons within their chain. This multi-market aspect of price-

setting would, in turn, limit the extent to which chains might optimally react to Amazon

35For instance, customers who prioritize convenience may gravitate towards Amazon Fresh or drug stores,
while those who value an extensive product selection might opt for larger grocery or mass merchandise
stores.
36Amazon Fresh holds the advantage of online shopping and home delivery, appealing to convenience-

seeking customers. In contrast, traditional grocery and mass merchandise stores might supply more exten-
sive in-store services and product variety, while drug stores are often conveniently situated in residential
areas or adjacent to pharmacies.
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Fresh’s entry, which only locally affects one or a few of their stores. Consequently, I examine

whether price responses vary depending on whether the incumbent supermarket is part of a

national chain, regional chain, local chain, or an independent supermarket.

The results in Table 1.10 indicate that small and medium-sized chains experience more

significant competition from Amazon Fresh’s entry, while stores belonging to large chains

are minimally affected. This finding suggests that Amazon Fresh’s entry primarily generates

intense local competition, with regional chains being the most impacted. Such competitive

effects exhibit positive price responses and negative volume responses.

Table 1.10: Model Estimates by Different Chain Sizes

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

Dependent Variable Log Price per Unit Log Total Volume

Chain Size Small Medium Large Small Medium Large

AF 2.030∗∗∗ 5.045∗∗∗ -0.439∗∗ -2.337∗∗∗ -5.603∗∗∗ 0.046

(0.180) (0.188) (0.148) (0.147) (0.232) (0.172)

95% CI Lower Bound 1.68 4.67 -0.82 -2.73 -6.02 -0.29

95% CI Higher Bound 2.38 5.41 -0.21 -1.95 -5.19 0.38

Store Fixed Effect Yes Yes Yes Yes Yes Yes

Month Fixed Effect Yes Yes Yes Yes Yes Yes

Observations 55368 50328 136404 55368 50328 136404

Number of Stores 1538 1398 3789 1538 1398 3789
Note: Standard errors are in parentheses. Coefficients reported in the table are in 10−2. ∗ p < 0.05, ∗∗

p < 0.01, ∗∗∗ p < 0.001.

Another concern is that large chains might launch their online grocery service in response

to Amazon Fresh’s entry. These similar online grocery services not only compete with Ama-

zon Fresh but also cannibalize their physical store revenue. Including only a store fixed

effect would not be sufficient to account for the effects of stores that initiate online grocery

services. Fortunately, according to Cavallo, 2017, online and offline grocery prices do not
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significantly differ. The study demonstrates that, in large multi-channel retailers, there is

minimal difference between online prices collected from a website and offline prices obtained

by visiting the physical store. Prices are identical approximately 72% of the time, and

while price changes are not synchronized, they exhibit similar frequencies and magnitudes.

However, considerable heterogeneity exists across countries, sectors, and retailers.

1.8.4 Future Research

The findings from the previous store-level heterogeneity analysis reveal unexpected compet-

itive effects. Stores anticipating competition from Amazon Fresh’s entry exhibit a positive

price response and a negative volume response. In addition, results from product assort-

ment and quality index suggest that stores react to the entry by providing more juice and

sell higher end products. In this section, I discuss several potential confounds that require

future testing and offer possible explanations for the observed store-level estimates.

Firstly, incumbent stores may implement various loyalty programs or customer retention

strategies to maintain their customer base in the face of competition from Amazon Fresh.

Incumbent stores might engage in more promotional activities, such as special discounts,

limited-time offers, or loyalty programs, to retain customers in the face of increased compe-

tition from Amazon Fresh. These promotional activities might temporarily affect prices and

sales volumes, making it difficult to isolate the direct impact of Amazon Fresh’s entry on

incumbents.

Another possibility is that customers who continue to shop at these supermarkets may

purchase more expensive product bundles, which could obscure any negative price response

in our analysis. Even if incumbents do not respond to Amazon Fresh entry by altering their

product offerings, the remaining customers might be more likely to buy pricier items or prefer

smaller package sizes than those who switch. In such a case, even if prices are reduced, this

effect could counterbalance the price response and be masked by our volume-weighted price

index.

Another potential confound is that exposure to Amazon Fresh entry might generate
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a positive causal effect by affecting price dispersion across products. This dual response

could result from the digital transformation of grocery shopping, which changes both the

distribution of consumers who shop at incumbent stores and the competitive environment.

For example, Amazon Fresh’s entry may prompt a store to set competitive prices for price-

sensitive shoppers and raise prices for brands preferred by quality-sensitive shoppers, leading

to an offsetting effect that evens out across products. In line with this, a study of shopper

homescan data by Jindal et al., 2018 finds that low-priced value brands perform better at

Walmart Supercenters, while premium brands perform better at supermarkets. Additionally,

consumers who shop at both types of outlets are more price-sensitive than those who are

loyal to a single one. Similarly, a shifting consumer distribution might imply the optimal

incumbent response to Amazon Fresh’s entry. The distributional change, termed the price

sensitivity effect by Chen and Riordan, 2008, suggests that incumbents should raise prices,

while the competitive or market share effect implies a price cut. The estimated positive

causal effect of entry on prices would thus represent the net of these two effects.

Lastly, the possibility that the positive price response is driven by retailers not having

full control over the pricing process is a potential explanation for our findings. Specifically,

it is conceivable that incumbent supermarkets are limited in their price-setting ability by

contractual (vertical) relationships with manufacturers. The literature does not provide a

clear consensus on whether the retailer or the manufacturer has the most power in setting

prices. Previous literature has modeled this either as a non-cooperative game, as per (Villas-

Boas, 2007), or as a cooperative (Nash) bargaining problem, as per (Draganska et al., 2010).

If the manufacturer dominates the relationship, the price response at an individual store

may be positive, as the manufacturer seeks higher profits by trading with other platforms.

1.9 Conclusion

This research highlights the importance of employing multiple methods and considering

various confounders to thoroughly examine the impact of online grocery services on tradi-

tional retail stores. By integrating the traditional DiD design with advanced econometric
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techniques and accounting for potential confounders, the study provides a more robust and

comprehensive understanding of the complex competitive landscape.

In this study, I merge quarterly grocery scanner data with information on the entry

of Amazon Fresh to investigate the impact of the digital transformation of online grocery

shopping on brick-and-mortar stores. Using the traditional staggered DiD design of TWFE,

along with recent advances in econometrics to correct potential bias due to varying treatment

timings, I discover that Amazon Fresh’s entry leads to a significant negative volume response

and, surprisingly, only slightly positive price response for incumbent grocery stores in the

juice products category.

Bacon decomposition results further corroborate these findings within treated groups

with different treatment timings, while comparisons between treated and untreated groups

reveal a positive price response. This suggests a potential price-increasing competition,

which starkly contrasts with previous studies that indicate considerable price reductions and

welfare gains for consumers through competitive mechanisms.

Incumbent grocery stores not only compete through volume and price but also respond

to competition by expanding their product selection and improving the quality of their

offerings. The positive price response is partially attributed to increased costs and markup

charges due to changes in product assortment and quality. While online grocery services

attract customers with convenience, brick-and-mortar stores aim to differentiate themselves

by providing superior in-person service. This strategy inevitably raises costs and may force

smaller stores that cannot adapt to exit the market.

The positive price response obtained from Bacon decomposition is further scrutinized

through store-level heterogeneity analysis. Amazon Fresh’s entry appears to have a localized

impact, primarily affecting local and regional chains. The estimated effects also suggest

that Amazon Fresh mainly competes with stores located within 20 miles of its distribution

center. These results warrant further investigation, as other confounding factors such as

promotinal activities, manufacturer price-setting behavior, and consumer shopping patterns

may change in response to the introduction of online grocery services. The application
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of recent econometric contributions to correct bias from TWFE estimates offers intriguing

implications and has the potential to be further employed in empirical research.

The utilization of multiple methods and the investigation of confounders not only strength-

ens the credibility of the findings but also contributes to the development of empirical research

methodologies. By considering various aspects of the market, researchers and industry practi-

tioners can derive more actionable insights and better understand the repercussions of digital

transformation on traditional retail businesses, ultimately guiding future policy-making and

business strategy decisions.
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Chapter 2

E-COMMERCE EFFECT ON LOCAL MARKETS

2.1 Introduction

The rise of e-commerce giants, such as Amazon, has drastically altered the retail landscape

and consumer behavior. This phenomenon, known as the digital transformation of retail,

is the focus of this chapter. We aim to explore the intricate impacts of this transformation

at the county level, with particular emphasis on the labor market, the retail market, and

consumer shopping behavior. These shifts are essential to comprehend as they provide crucial

insights into how the retail industry is adjusting to the digital era and how these changes

affect communities at a localized level.

An integral part of the e-commerce retailer’s strategy is the optimization and expansion

of the Fulfillment Center (FC) network. The inauguration of the first FC took place in 1997,

and by the close of 2016, the number of FCs had exceeded 90. The establishment of new

FCs aims to eliminate long-zone shipping and reduce the order-to-delivery time, which is

evident by the majority of FCs being strategically located in densely populated areas such

as the east and west coasts. This strategy may draw nearby customers to shop through the

e-commerce retailer, favoring the convenience of faster delivery over local brick-and-mortar

stores.

We begin our exploration by examining the labor market, focusing on the complex dy-

namics that emerge when Amazon Fulfillment Centers (FCs) establish their presence in an

area. Interestingly, while these centers tend to increase wages, they also appear to decrease

the total retail workforce. This dichotomy presents intriguing questions about labor compe-

tition and the impact of digital transformation on traditional stores. Next, we scrutinize the

retail grocery market at the county level, paying close attention to changes in sales volumes
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and prices. Incumbent stores are facing the daunting challenge of an increasingly digital

marketplace, which seems to be applying pressure on their revenues.

Furthermore, we analyze consumer behavior, noting a shift towards online shopping and

a reduction in physical store visits and spending. This evolution offers a clear indication

of the ongoing digital transformation and presents questions about the future of traditional

shopping habits. Our goal in this chapter is to illuminate these multi-faceted impacts of

digital transformation at the county level. By doing so, we seek to provide a comprehensive

understanding of these ongoing changes and their implications for various stakeholders in

the retail industry.

This research contributes to the literature on the heterogeneous effects of e-commerce

on the retail sector, particularly in the grocery retail sector. Earlier studies have reported

how e-commerce lowers prices and increases consumer surplus for various products using

reduced-form models. This research investigates how e-commerce influences competition,

employment, income, entry-exit dynamics, and pricing in the grocery retail sector using

a structural model. This sector is particularly relevant for studying e-commerce effects

because it accounts for a large share of consumer spending and employment, and e-commerce

penetration has been growing rapidly in recent years.

The chapter is organized as follows: Section 2 presents a literature review; Section 3

introduces the data used in the study; Section 4 discusses the impact of Amazon fulfillment

centers on local labor markets; Section 5 examines the competitive effects of Amazon Fresh

at the county level; Section 6 investigates the changes in consumers’ behavior in response to

the introduction of Amazon Fresh; and finally, Section 7 concludes the chapter.

2.2 Literature Review

This paper contributes to the growing literature on the competitive effects of e-commerce on

traditional retail sectors and expands upon previous research by focusing on the impact of

online competition on local labor markets at the county level. Several related studies have

laid the groundwork for understanding various aspects of e-commerce and its effects on con-
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sumer welfare, pricing, and geography. For instance, Brynjolfsson et al., 2003 demonstrated

that online bookstores increased consumer welfare by offering greater product variety, while

Dimoka et al., 2012 found that online used-book sales only cannibalized a small portion of

new-book purchases.

The paper also connects to the literature that explores the impact of big-box retailers,

such as Walmart, on local labor markets at the county level. Basker, 2005 studies the

effects of Walmart on retail employment using nationwide data. Basker attempts to account

explicitly for endogeneity by instrumenting for the actual number of stores opening in a

county in a given year with the planned number. The latter is based on numbers that

Walmart assigns to stores when they are planned; according to Basker, these store numbers

indicate the order in which the openings were planned to occur. She then combines these

numbers with information from Walmart Annual Reports to measure planned and actual

openings in each county and year; the data reflect some measurement error in store opening

dates. Her results indicate that county-level retail employment grows by about 100 in the

year of Walmart entry, but declines to a gain of about 50 jobs in five years as other retail

establishments contract or close. In the meantime, possibly because Walmart streamlines its

supply chain, wholesale employment declines by 20 jobs in the longer term.

Jia, 2008 tackles the endogeneity of Wal-Mart store locations through a more structural

approach. Specifically, she investigates the entry of chain stores such as Wal-Mart and K-

Mart into local markets and their effects on the number of small retailers (as opposed to retail

employment) by modeling it as a two-stage game. In the first stage, Wal-Mart and K-Mart

enter local markets, and in the second stage, small retailers decide whether to enter. Her

estimates indicate that during the 1988-1997 sample period, Wal-Mart’s expansion accounts

for 50% to 75% of the decline in the number of small retailers. Furthermore, she demonstrates

that estimating a reduced-form model and neglecting the endogeneity of entry decisions could

lead to underestimating the negative effects of Wal-Mart on small retailers by 50-60 percent.

Neumark et al., 2008 examine the impact of Wal-Mart stores on county-level retail em-

ployment and earnings, taking into account the endogeneity of location and timing of Wal-
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Mart openings, which could potentially bias the evidence against identifying negative effects

of Wal-Mart stores. To address the endogeneity issue, they employ a natural instrumen-

tal variables approach that stems from the geographic and temporal patterns of Wal-Mart

store openings, which gradually expanded from the initial stores in Arkansas. Their find-

ings suggest that the opening of a Wal-Mart store leads to a reduction in county-level retail

employment by approximately 150 workers, implying that each Wal-Mart worker replaces

around 1.4 retail workers. This equates to a 2.7 percent decrease in average retail employ-

ment. Furthermore, the payroll analysis indicates that Wal-Mart store openings result in a

decline of roughly $1.4 million in county-level retail earnings, or a 1.5 percent decrease. It

is essential to note that these effects transpired in the context of increasing retail employ-

ment, and only imply lower retail employment growth than what would have occurred in the

absence of Wal-Mart’s influence.

This paper also relates to studies examining the impact of digital platforms, such as

Craigslist, on local newspapers’ advertising revenue (Seamans and Zhu, 2014). By focusing on

county-level changes, this paper contributes to the literature on e-commerce and traditional

retail sectors, emphasizing the importance of understanding the impact of online grocery

competition on local labor markets. This insight will be crucial in informing policy decisions

and preparing the workforce for the ongoing transformation of the retail landscape driven

by e-commerce.

Ghose and Yao, 2011 emphasize the importance of price dispersion as an indicator of mar-

ket efficiency and examine a unique dataset of actual transaction prices from both electronic

and offline business-to-business markets. They find a substantially lower price dispersion in

electronic markets (0.22%) than previously reported, suggesting that the ”law of one price”

can prevail when considering transaction prices instead of posted prices. By developing a

theoretical framework that identifies new drivers of price dispersion, such as product cost,

order cycle time, own price elasticity, and transaction quantity, they also investigate the

moderating role of electronic markets in the relationship between these drivers and price

dispersion. The study concludes that electronic markets can enhance consumer surplus by
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up to $97.92 million per year, highlighting the efficiency gains resulting from transactions in

relatively friction-free markets.

Newberry et al., Forthcoming investigates the distortionary effects of nexus tax laws

on Amazon’s distribution network investments from 1999 to 2018, emphasizing the roles of

network densification and vertical integration into package sortation. While densification

reduces shipping costs, it increases facility operating costs in more expensive areas and

reduces scale economies in processing shipments. Nexus laws also generate additional sales

tax liabilities as the network expands. By combining household spending data across online

and offline retailers with detailed information on Amazon’s distribution network, the authors

quantify these trade-offs using a static demand model and a dynamic investment model.

Their findings suggest that Amazon’s expansion led to significant shipping cost savings and

facilitated the realization of aggregate economies of scale.

In more recent studies, Chava et al., 2022 utilizes an administrative payroll dataset for 2.6

million retail workers to investigate the impact of a major e-commerce firm’s staggered rollout

of fulfillment centers on traditional retail workers’ income in geographically nearby counties.

Their findings reveal a 2.4% decrease in income, with hourly workers, particularly part-time

hourly workers, experiencing a significant drop in wages due to reduced hours worked. A

U-shaped pattern emerges, with both young and old workers facing a sharper decline in wage

income. This leads to an increase in credit card delinquency for some workers. By analyzing

data for 3.2 million stores, the study finds that sales and employment at proximate stores

decrease by 4% and 2.1%, respectively. Additionally, exits, predominantly of young and

small stores, increase while entry decreases. In aggregate, the retail sector loses 938 jobs per

county per quarter, while the transportation-warehousing sector and food services sector gain

256 and 143 jobs, respectively. These results underscore the impact of creative destruction

driven by e-commerce on local labor markets.

Alcedo et al., 2022 investigates e-commerce trends in 47 economies and 26 industries

during the COVID-19 pandemic using aggregated and anonymized transaction-level data

from Mastercard, which has been scaled to represent total consumer spending. The study



52

finds that the share of online transactions in total consumption increased more in economies

with higher pre-pandemic e-commerce shares, thereby widening the digital divide across

economies. However, recent data indicates that these spikes in online spending shares are

dissipating at the aggregate level, with variation across industries. Specifically, the share

of online spending in professional services and recreation has fallen below its pre-pandemic

trend, while a more persistent shift to digital channels is observed in retail and restaurants.

Hwang and Park, 2016 analyze the impact of Walmart supercenter conversions on con-

sumer shopping behavior using a difference-in-difference estimator. They find that, after

conversion, Walmart experiences a 41% increase in weekly revenue, primarily due to larger

expenditures per visit rather than an increase in store visits. On the other hand, competing

grocery retailers face a 20% decrease in weekly revenue, mainly attributed to a reduction

in store visits. These findings suggest that consumers benefit from reduced shopping costs

by making fewer trips overall and increasing their Walmart basket sizes. Additionally, the

authors discover that the revenue gains for Walmart from conversion outweigh the small

cannibalization loss at existing Walmart supercenters located farther away. Category-level

analyses reveal increased spending in pre-existing categories at the converted supercenter,

with positive demand externality more pronounced in food categories, primarily due to in-

creased purchase incidence. The implications of these findings are relevant for both academics

and retail managers, as they provide valuable insights into consumer behavior changes and

the competitive dynamics in the retail industry following the conversion of Walmart super-

centers.

2.3 Data

In this chapter, I concentrate on the impact of Amazon Fresh before its merger with Whole

Foods in 2017, focusing on the same markets as in Chapter 1. However, the primary difference

is that this study investigates county-level competition arising from household shopping

behavior and local retail labor market. To examine the influence of Amazon fulfillment
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centers (FCs) on the local retail industry, the study utilizes county-level data1. The study

period spans from 2012 to 2016, during which Amazon expanded from 36 to 97 FCs in the

United States.

2.3.1 Nielsen Consumer Panel Data

Nielsen acquires consumer panel data through home scanners, providing detailed insights

into participating households’ shopping behavior from 2012 Q1 to 2016 Q4. This dataset

encompasses information on panelist households’ local store shopping habits. Although the

data for Amazon Fresh and Amazon are not available during the study period, consumer

panel data allows us to directly assess the incremental impact of Amazon Fresh on compet-

ing retail channels. The study includes 232 counties, and trip-level data is converted into

quarterly data. For each household in a county during the study period, quarterly spending,

the count of visits, and average per-visit expenditure are computed, offering a comprehensive

analysis of consumer shopping patterns.

2.3.2 Amazon Fulfillment Center data

Amazon’s distribution network2 has witnessed remarkable growth in recent years, with the

number of fulfillment centers (FCs) increasing rapidly in parallel with the company’s rising

net revenue. These FCs cater to various purposes and product types, including sortation cen-

ters that handle items of all sizes, as well as specialized FCs such as Prime Now Hubs, return

processing centers, vendor product management centers, and facilities for frozen merchandise

storage.

The size of FCs varies significantly, with large sortation centers often exceeding one

1Although I take county-level data from the Census, Amazon operates at a more granular zip code level.
Nevertheless, the results should remain unbiased as Amazon usually covers most zip codes within a county
where it has a presence, and the majority of retail stores are likely located in densely populated areas
within each county that correspond to the zip codes served by Amazon.

2In addition to the Amazon Fresh distribution center data set, I expand the data to all fulfillment centers
(FC) to estimate both the impact of Amazon FCs and Amazon Fresh centers on the local grocery industry.
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million square feet and Prime Now Hubs being considerably smaller, some as little as 10,000

square feet. Amazon’s FC expansion is evident in its growth from 19 FCs in 2010 to 97 by

2016 and to surpass 100 in 2017. Table 2.1 showcases the cumulative number of Amazon

Fresh Fulfillment centers, newly added FCs, the number of current states and counties with

FCs, and average FC area added each year.

A key feature of Amazon’s FCs is their strategic clustering in densely populated areas,

with 89 out of 92 analyzed counties classified as part of metropolitan statistical areas. Many

of these counties host multiple FCs, enabling Amazon to efficiently cater to a large customer

base and maintain its competitive advantage in the fast-paced e-commerce industry.

Year Cumulative Counts of FC Counts of New FC States with FC County with FC Avg area of New FC (k sqft)

2010 19 7 10 379 759

2011 28 9 10 379 841

2012 36 8 12 752 975

2013 44 8 14 1,189 906

2014 55 11 14 1,644 707

2015 67 12 16 1,937 548

2016 97 30 27 1,983 704

Table 2.1: Amazon Fulfillment Center & Amazon Fresh Center

Note: Here I provide the fulfillment center data for both regular Amazon

FC and Amazon Fresh distribution center.

2.3.3 County Business Pattern Data

Using the County Business Patterns (CBP) dataset, collected by the US Census Bureau, I

can access annual business and worker data across counties and industries, including pay-

ments to workers and job numbers. However, the primary limitation of the CBP data in

studying Amazon’s effects is the inability to compute wages due to the absence of employ-

ment breakdown into full-time and part-time workers or skill composition information. As a

result, it is not possible to determine whether changes in payrolls reflect changes in pay rates
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for comparable workers or shifts in skill composition or hours. Nevertheless, I can estimate

the effect of Amazon on total retail payrolls.

The study investigates the retail sector as a whole and the general merchandising sub-

sector, which encompasses Amazon and other general department stores. This approach

aids in evaluating the results and understanding the potential implications on different retail

sectors.

Working with CBP data presents challenges due to federal law prohibiting the publication

of data that may disclose an individual employer’s operations. As I examine more disaggre-

gated subsets of industries, data is more likely to be suppressed, and the sample becomes

smaller. I construct a sample that consistently compares at least some retail industry sectors
3 for the same set of observations, considering all county-year observations with complete

employment and payroll data for aggregate retail and the separate retail subsector to which

Amazon and Amazon Fresh belong.

To create time-consistent geographical areas, I account for county merges or splits during

the sample period. For counties that split, I maintain the original county definition, and for

merged counties, I create a single corresponding county throughout. This process results in

a file of 156 counties over seven years, to which I merge the CBP and Amazon data. Finally,

I assign population data from the US Census Population Estimates to the counties for each

year.

3I focus on 3-digit NAICS industries that are most likely to compete with the major e-commerce retailer’s
product catalog. The 3-digit NAICS codes that I classify as retail includes 442 (furniture and home
furnishing stores), 443 (electronic and appliance stores), 444 (building material and garden equipment and
supplies dealers), 448 (clothing and clothing accessories stores), 451 (sporting goods, hobby, book, and
music stores), 452 (general merchandise stores), and 453 (miscellaneous store retailers).
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2.4 The Impact of Amazon Fulfillment Center on Local Labor Market

2.4.1 Empirical Model

Influenced by Neumark et al., 20084, I estimate models for shifts in retail employment and

payrolls. Generally, I gauge the heightened exposure to Amazon Fulfillment centers through

a metric of center openings in a county-year cell, represented by the change in center count. I

express changes in employment, payrolls, and the number of centers on a per capita basis to

mitigate the disproportionate impact of significant employment shifts in exceptionally large

counties. By dividing all these changes by the county population, the estimated coefficient

for the Amazon Fulfillment center variable still reflects the effect of a center opening on

alterations in retail employment or earnings levels.

To account for overall income growth potentially influencing retail demand, I incorporate

changes in total payrolls per capita as a control variable. This captures county- and year-

specific economic shocks that might coincidentally relate to the distance-time interactions

forming the instrumental variable, as these shocks are likely to affect particular regions

during specific periods. Furthermore, all models include fixed year effects to accommodate

aggregate factors influencing retail employment or earnings shifts that could correlate with

Amazon Fulfillment center openings, which tend to increase in frequency later in the sample.

I represent the county-level measures of retail employment, payrolls (per capita), as Y ,

the number of Amazon FCs (per capita) as AFC, total payrolls per capita as TP, indicator

whether they are in the same county as the FC5, and year fixed effects (in year s) as Y Rs.

With county j (j = 1,...,J) and year t (t = 1,...,T) indices, the baseline model for the change

in the dependent variable for each observation jt is:

∆Yjt = α + β∆AFCjt + γ∆TPjt +
T∑

s=1

ξsY Rs + εjt (2.1)

4They examine the impact of increased Walmart exposure on county labor markets.
5If FC is in the county or neighbouring county, the new FCs may hire directly those retail workers which

are under consideration.
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Fixed county differences in the levels of the dependent variables are eliminated in the

first-differenced model. However, there may be systematic variation in these first differences

across different regions, corresponding to faster or slower growth. To accommodate this in

a highly flexible manner, I also estimate the first-difference models, including county fixed

effects. This approach allows for a distinct linear trend for each county, transforming the

model into

∆Yjt = α + β∆AFCjt + γ∆TPjt +
T∑

s=1

ξsY Rs +
J∑

i=1

φiCTi + εjt (2.2)

I define changes in employment, payrolls, and number of stores on a per person basis, to

eliminate the undue influence of a small number of large employment changes in extraordi-

narily large counties. As long as we divide all of these changes by the number of persons in

the county, the estimated coefficient on the Amazon Fresh variable still measures the effect

of the entry of Amazon Fresh on the change in the level of retail employment or earnings. To

control for overall income growth that may affect the level of demand for retail, we include

changes in total payrolls per person as a control variable, capturing economic shocks specific

to counties and years that could coincidentally be associated with the distance interactions

that make up the instrumental variable, since these shocks likely affect specific regions in

specific periods. In addition, all models include fixed year effects to account for aggregate in-

fluences on changes in retail employment or earnings that might be correlated with Amazon

Fresh openings, which occur with greater frequency later in the sample.

Here, fixed effects models can help address endogeneity in panel data analysis, partic-

ularly when the source of endogeneity is due to time-invariant unobserved heterogeneity.6

By utilizing fixed effects, the model accounts for these time-invariant unobserved factors,

potentially reducing endogeneity. However, fixed effects models cannot fully address endo-

geneity arising from other sources, such as time-varying unobserved factors or simultaneous

6In other words, fixed effects models control for unobserved factors that are constant over time within an
observational unit (e.g., individual, firm, or region) but might be correlated with the independent variables
of interest.
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causality (reverse causality) between dependent and independent variables.

2.4.2 Endogeneity and Potential Biases

Consistent estimation of Eq 2.1 or Eq 2.2 requires that εjt is uncorrelated with the right-

hand-side variables. If the Amazon fulfillment center location decisions are based in part

on contemporaneous and future changes in employment or payrolls, then this condition

could be violated. This endogeneity is natural, since Amazon would be expected to make

location decisions (including the location and timing of store openings) based on current

conditions and future prospects to lower their operational cost, which might be related to

both employment and payroll. As one example, Amazon may open fulfillment centers where

real estate development and zoning have recently become favorable to retail growth and road

construction is favorable for transportation.

An instrumental variable is a third variable that exhibits a correlation with the pre-

dictor variable but remains uncorrelated with the response variable. This variable assists

in estimating the genuine causal effect of the predictor variable on the response variable.

In studying Amazon fulfillment center locations, an instrumental variable is required that

relates to Amazon’s decision to locate its centers while remaining unconnected to other fac-

tors that may impact the outcome of interest. One potential instrumental variable could be

the proximity to significant transportation hubs and highways, as this factor may influence

Amazon’s delivery cost and efficiency without directly affecting other variables, such as local

employment, wages, or prices.

Another potential instrumental variable could be the number of existing warehouses in a

region, as this may indicate Amazon’s market share and demand without directly influencing

other outcomes such as consumer behavior or satisfaction. These examples of potential

instrumental variables must be tested for validity and relevance to your specific research

question and data.
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2.4.3 Identification

My identification strategy in light of this potential endogeneity is based on the geographic

pattern of Amazon fulfillment centers’ openings over time. First, Amazon placed FCs in

relatively low population states that were close to highly populated areas. For example,

Amazon opened two FCs in Nevada, both of which were on the California border close to

that states major cities. Second, they also placed FCs in states with relatively high tax

rebate and low sales tax. For example, the company opened a FC in New Hampshire, in

addition to the one it already operated in Delaware, both of whom are close to major East

Coast cities and have zero sales tax.7

This pattern of growth generates an exogenous source of variation in the location and

timing of Amazon business service in a given market with different level of services that

provides natural instrumental variables for online business. I construct an instrument that

is similar to Baum-Snow and Kahn, 20008 The instrument is composed of cross-sectional

variation in the distance between the FCs and the closest Interstate highway entrance and

major airports9 interacting with state-level state subsidy of corporate subsidies10.

The choice of FC locations by the major e-commerce retailer is not random. To optimize

fulfillment time, the major e-commerce retailer chooses locations that serve large populations

and minimize long-zone shipping within the distribution network. This, in turn, utilizes

7Newberry et al., Forthcoming argue that such choices of states are also advantageous since sales tax
rates are positively correlated with population (across states, correlation of between 0.35 and 0.4 across
2006 to 2013), so that entry into a small state near a large state has limited tax implications for only a
small population, while allowing the firm to serve both states populations more efficiently.

8Baum-Snow and Kahn, 2000 investigates the impact of large public transit projects in the US aimed
at reducing private vehicle dependency and reversing the decline in public transit use. The study utilizes
a unique panel dataset for five major cities that upgraded their rail transit systems in the 1980s, using
distance as a proxy for transit access. The results indicate that new rail transit has a modest effect on
usage and housing values, providing tangible benefits to nearby residents. However, these benefits are not
evenly distributed. The authors examine which demographic groups are over represented in transit growth
areas and analyze changes in transit usage among different demographic groups.

9The distance is calculated as the travel distance to the closest Interstate highway entrance and airports
using Google map.
10Chava et al., 2022 constructed a similar IV using distance to closest USPS interacting with the state

level generosity of Amazon.
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existing logistics and shipping infrastructure. I use the distance of each FCs to it’s closest

Interstate highway and major airports to approximate shipping infrastructure. However,

this network of shipping infrastructure does not vary greatly over time. Corporate subsidies

offered by local and state governments may play an important role in determining the location

of FCs. Using the Good Jobs FirstSubsidy Tracker Database, I find that between 2010

and 2016, the major e-commerce retailer received $129 million in tax rebates, tax credits,

and property tax abatement from various state and local governments11. I calculate State

Generosity as the logged value of cumulative corporate subsidies offered by the state from

1990 to 2016 (the end of our sample period) scaled by cumulative state revenue.

In particular, the instrument that is composed of cross-sectional variation in the distance

between the FCs and the closest Interstate highway entrance and major airports interacting

with state-level state subsidy of corporate subsidies follows the Eq 2.3

∆AFCjt = a+ b∆TPjt +
J∑

i=1

T∑
s=1

λiDISTi × µsSubsidys + εjt (2.3)

Given this specification, the endogenous effect of Amazon FCs openings is identified in Eq

2.2 by using the instruments for exposure to Amazon FCs. Throughout, I report standard

errors that cluster on state and year, which are robust to heteroskedasticity of the error

across state-year cells, and to spatial autocorrelations across counties within states.

2.4.4 Descriptive Statistics

The CBP data covers all counties in the US. Based on my previous analysis, the data is built

only on counties belonging to a major metropolitan area defined by Nielsen. I further filter

out counties with populations below 10,000 and 300 annual employees. The descriptive table

is shown in Tab 2.2. I further filter out counties that the has less than 10,000 in population12

11https://www.washingtonpost.com/us-policy/2019/02/16/amazon-paid-no-federal-taxes-billion-profits-
last-year/
12Minimum population is greater than 9,999.
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and 300 in annual employees13. The descriptive table is shown in Tab 2.2.

Table 2.2: Descriptive Statistics

Variable Mean (SD) Q1 Median Q3

Total Employees 21,774 (49,096) 1,805 5,220 19,795

Total Annual Payroll ($1 million) 508.6 (1,211) 44.7 120.1 429.9

Total Number of Establishments 1,728 (3,477) 312 640 1,624

Number of Establishments (Employee size 1-9) 1200 (2458) 244 468 1,105

Number of Establishments (Employee size 10-99) 475.6 (947.6) 60 156 464

Number of Establishments (Employee size 100-499) 51.7 (101.7) 8 16 52

N = 936

Note: 1. All data are gathered by mid March that year.

The table presents summary statistics for CBP data on establishments and their employ-

ment sizes. The variables include Total Employees, Total Annual Payroll, Total Number of

Establishments, and the Number of Establishments categorized by employee size (1-9, 10-99,

and 100-499). The table displays the Mean and Standard Deviation (SD) values, as well as

the first quartile (Q1), median, and third quartile (Q3) for each variable.

On average, there are 21,774 total employees in the observed establishments, with a

standard deviation of 49,096. The Q1 value is 1,805, the median is 5,220, and the Q3 value

is 19,795. The mean total annual payroll is $508.6 million, with a standard deviation of

$1,211 million. The Q1, median, and Q3 values for total annual payroll are $44.7 million,

$120.1 million, and $429.9 million, respectively.

The mean total number of establishments is 1,728, with a standard deviation of 3,477.

The Q1, median, and Q3 values are 312, 640, and 1,624, respectively. For establishments with

employee sizes 1-9, the mean number of establishments is 1,200, with a standard deviation

of 2,458, and Q1, median, and Q3 values are 244, 468, and 1,105. Establishments with

13Minimum number of annual employee is greater than 299.
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employee sizes 10-99 have a mean number of 475.6, a standard deviation of 947.6, and Q1,

median, and Q3 values of 60, 156, and 464. Finally, for establishments with employee sizes

100-499, the mean number is 51.7, the standard deviation is 101.7, and the Q1, median, and

Q3 values are 8, 16, and 52.14

2.4.5 OLS and IV Estimates

We now delve into the findings derived from the Ordinary Least Squares (OLS) and In-

strumental Variables (IV) estimates. The OLS estimates illuminate the impact of Amazon

Fulfillment Centers (FCs) by comparing the outcomes in counties and years where FCs were

established versus those where they were not. On the other hand, the IV estimates elucidate

the effect by contrasting outcomes in counties and years with a high versus a low predicted

probability of FC openings. Therefore, for instance, a decline in retail employment subse-

quent to Amazon FC openings will be inferred if retail employment decreased or grew at a

slower pace in county-year pairs situated within geographic regions (defined by proximity to

the nearest regional airport) and years marked by a higher likelihood of FC openings15.

The dependent variable in this analysis is the per capita change in retail employment at

the county level, while the measure for Amazon FCs is the per capita change in the number

of stores. We present estimates excluding and including county-specific time trends, with the

latter being the preferred specification. The estimates for retail employment and earnings

appear to be largely unaffected by the inclusion of county fixed effects. This observation

strengthens the validity of the assumption that the instrumental variables are uncorrelated

with the error terms16.

According to the OLS estimates, an Amazon FC opening correlates with a reduction of

14On top of it, the data also shows that there are 149 counties have establishment with more than 500
employees in the facility.
15This strategy relies on the assumption that geographic regions near regional airports and years with

higher predicted probability of FC openings are more likely to see Amazon FCs. These areas and years
are compared to those with less likelihood of FC openings.
16This means that the changes in retail employment and earnings observed are not due to unmeasured

county-level factors that might also affect the opening of Amazon FCs.
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31.3 workers in county employment as per the County Business Patterns (CBP) data. The

estimated coefficient for total payrolls per person is positive, implying a 2.3% average payroll

increase in the county due to enhanced competition.

Contrastingly, the IV estimates—which, given the validity of the identification strategy,

can be interpreted as causal effects of FC openings on retail employment—suggest employ-

ment declines in the aggregate retail sector as workers transition to different sectors. In the

absence of county-specific trends, the estimates indicate that an Amazon FC opening re-

duces county-level employment by approximately 175 workers. Incorporating county-specific

trends reduces this estimate to 152. On a county basis, this translates to a 2.9% reduction

in retail employment attributable to an Amazon FC opening, potentially reflecting a mix of

other retail establishment closures and employment reductions at these establishments. It’s

crucial to understand that these estimates do not signal absolute declines in retail employ-

ment but rather indicate that retail employment was lower than it would have been in the

absence of FC openings17.

Regarding worker payroll, the IV estimates consistently indicate a 1.8% increase in av-

erage payroll (occasionally significant), which, although smaller, qualitatively aligns with

the OLS estimates. It’s plausible to expect payroll increases as Amazon’s entry empowers

workers to bargain and negotiate more effectively. However, the evidence suggesting that

the estimated payroll increase is significantly less than the average size of an FC implies that

Amazon’s presence curtails employment at other retailers in the remaining retail sector. The

observation that the OLS estimates of employment effects for the aggregate retail sector are

generally negative, and the IV estimates negative, is consistent with the idea that Amazon

strategically locates FCs in regions where retail growth is on an upward trajectory.

17In other words, these estimates measure the difference between the observed level of retail employment
and the level that would have been expected in the absence of Amazon FC openings.
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2.5 How Does Amazon Fresh Change the Local Competition?

Chapter 1 of this dissertation centers around assessing the multifaceted impact of Amazon

Fresh at the store level. This analysis encompasses an extensive range of competitive pa-

rameters including, but not limited to, price, sales volume, product assortment, and product

quality. The chapter initiates its discourse by evaluating the competitive landscape at the

county level.

The first part of this chapter implements a two-way fixed effects model to study the effect

of Amazon Fresh’s entry on price and sales volume at county level. This comprehensive

analysis enables a broad understanding of how Amazon Fresh’s entry into the marketplace

affects the dynamics of competition within the county. Through this lens, the introduction

of Amazon Fresh appears to heighten competition substantially at the county level.

More specifically, the arrival of Amazon Fresh influences several crucial performance in-

dicators within the retail grocery sector. These include the sales volume, price per ounce,

and total revenue of incumbent grocery stores. The effects are multidimensional, and under-

standing the interaction between these variables provides a more comprehensive view of the

competitive impact Amazon Fresh has on the retail grocery landscape.

The goal of this section is to unpack these interactions and provide detailed insights into

how Amazon Fresh’s entry reshapes the competitive dynamics at the county level, setting

the groundwork for a more profound examination of store-level impacts in the subsequent

sections of the dissertation. I run regressions of the equations as follows:

Log(Salesit) = αi + γt + βAFit + θεit (2.4)

Log(Priceit) = αi + γt + βAFit + θεit (2.5)

Log(Revenueit) = αi + γt + βAFit + θεit (2.6)
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In the above equations, my aim is to scrutinize the effects of competition at the county

level within the grocery retail sector, using the entry of Amazon Fresh as a case study. These

regression structures remain consistent with the methodologies delineated in Chapter 1. For

a more comprehensive understanding of these methods, I would recommend referring back

to the dedicated section in Chapter 1.

The fundamental difference in this context, however, lies in the application of these

regressions. Specifically, I employ these regressions on county-level data, focusing on juice

and fresh produce categories. The purpose of this approach is to evaluate the impact of the

first Amazon Fresh distribution center on the dynamics of the local grocery retail business.

This subtle shift in focus allows us to explore the implications of digital transformation at

a broader geographical level, providing a wider perspective on the shifts occurring in the

industry.

The results outlined in Table 2.3 clearly illustrate the competitive dynamics introduced

by a new fulfillment center (FC) in a county. On average, each existing store within a county

that encounters the first-ever Amazon FCwhether in their own county or in the adjacent

onesexperiences a decrease in juice sales volume by approximately 4.3% to 10% 18. These

consistent estimates signal the tangible business diversion away from local stores towards the

e-commerce behemoth. This shift has significant economic implications, particularly for the

stability of local establishments and the state of the local labor market within the affected

industry.

Upon applying Equation 2.6, a similar pattern emerges in the context of fresh produce

revenue. This metric also experiences a decrease, by approximately 3%. In broader terms,

these results suggest that the establishment of an Amazon FC in the vicinity induces a

behavioral shift in consumers19. It appears that customers, enticed by the convenience and

potential cost savings offered by a major e-commerce retailer, begin to migrate some of their

18This is a significant decrease, suggesting that the entry of Amazon FC has a considerable impact on the
sales of local stores.
19This behavioral shift refers to changes in shopping habits, such as opting to shop online rather than

in-store.
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Table 2.3: County Level Competition Effects

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

AmazonFresh Entry -0.1004 -0.0727 -0.0689 -0.0727 -0.0694 -0.0428

Volume(Juice) (0.0193) (0.0177) (0.0170) (0.0199)

AmazonFresh Entry -0.0183 0.0112 0.0114 0.0111 0.0113 -0.0073

Price(Juice) (0.0066) (0.0079) (0.0077) (0.0055)

AmazonFresh Entry 0.0615 -0.0293 -0.0301 -0.0293 -0.0296 -0.0591

Revenue(FP) (0.0186) (0.0272) (0.0272) (0.0158)

Time FE No Yes Yes Yes Yes Yes

Unit FE Yes Yes Yes Yes Yes Yes

Control No No Yes No Yes No
Note: Model (1) reports estimates with only county fixed effect as in equation 1.5; model (2) reports

estimates from TWFE model without covariates; model (3) reports estimates from TWFE with covariates;

model (4) reports estimates following Goodman-Bacon, 2021; model (5) reports estimates following

Goodman-Bacon, 2021; model (6) reports estimates following Callaway and SantAnna, 2021. SE are in the

parenthesis.

purchases away from traditional, local brick-and-mortar stores. This trend underscores the

profound and transformative impact of digital commerce on traditional retail landscapes,

a phenomenon that warrants deeper investigation, especially given its potential to reshape

local economies and communities20.

2.6 How Does Amazon Fresh Change Consumer Shopping Behavior?

From the perspective of consumers, the introduction of Amazon Fresh will increase consumer

welfare as it will bring more options to local shoppers and potentially make the market more

20The digital transformation of retail has far-reaching effects beyond just consumer behavior, including
impacts on employment, real estate, and local economic health.
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competitive. But the process may look completely different from the competition with local

grocery stores. As discussed by Huang et al., 2012, the market expansion of Walmart has

increased consumer surplus as Walmart takes advantage of the economies of scale to squeeze

profits which brings down prices leading to higher surplus. As you can imagine, the new

service of Amazon Fresh would also make the local grocery market more competitive thus

increase the consumer surplus. As found in chapter 1, the entry of Amazon Fresh leads to

local incumbents serving better quality of products with a larger assortment availability, but

I have not looked at how consumers’ shopping behavior change after the introduction of such

service.

In this section, I use Nielsen consumer panel data to answer the question of how Amazon

Fresh changes the shopping behavior. I estimate similar equation as in Eq 2.4 by replacing

the dependent variable with average consumer consumer spending per visit and average

number of visits during a quarter from a quarterly frequency data. I also apply a

Yi,t = αi + γt + β−K
k AF<−K

i,t +
−2∑

k=−K

βlead
k AF k

i,t +
L∑

k=0

βlag
k AF k

i,t + βL+
k AF>L

i,t + εi,t (2.7)

With K = 4 to capture the year before and after the entry of Amazon Fresh on local

shoppers’ behavior. The two way fixed effects model21 indicates the average spending of

consumers drop by 8.4 per visit. The results in Table 2.4

In the context of the event study, the findings indicate that Amazon Fresh’s entry into

local markets significantly influences consumers’ average spending per household on juice per

quarter. The coefficients, especially the indicators for the pre and post periods, suggest a

downward trend in average spending both before and after Amazon Fresh’s debut. The pre-

period coefficient of -12.7 implies that there was a decrease of $12.7 in the average household

spending on juice in the quarters leading up to Amazon Fresh’s entry, relative to the quarter

of entry. Furthermore, the -14.5 post-period coefficient signifies that this trend endures

21Standard errors are following Stata type and clustered at designated market level defined by Nielsen.
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Table 2.4: County Level Competitive Effects

Estimate Std. Error t-value p-value

Pre -12.678 17.755 -0.714 0.475

‘rel quarter -4‘ -17.419 21.986 -0.792 0.428

‘rel quarter -3‘ -8.942 21.323 -0.419 0.675

‘rel quarter -2‘ -23.576 21.467 -1.098 0.272

rel quarter 0 -8.274 21.467 -0.385 0.700

rel quarter 1 -21.069 21.555 -0.977 0.328

rel quarter 2 -19.047 22.564 -0.844 0.399

rel quarter 3 -29.507 23.542 -1.253 0.210

rel quarter 4 -15.009 23.654 -0.635 0.526

Post -14.477 19.013 -0.761 0.446

Multiple R-squared(full model): 0.6058, Adjusted R-squared: 0.5824

F-statistic(full model): 25.89 on 260 and 4379 DF, p-value: 2.2e-16

even after Amazon Fresh has established its presence, underlining a lasting impact on the

performance of local stores.

The coefficients linked with the ”rel quater” variables offer a more detailed perspective

on the impact on average spending at specific periods around Amazon Fresh’s entry. For

instance, the negative coefficient for in two quarters before the entry suggests a $23.6 decrease

in average spending two months prior to Amazon Fresh’s entry. However, the relatively

high p-values linked with these coefficients imply that these specific monthly effects are not

statistically significant.22

Nevertheless, the F-statistic and the associated p-value for the projected model suggest

that the event-specific (quarterly) effects are not statistically significant. This implies that

while the overall trend of reduced average spending associated with Amazon Fresh’s entry

22The R-squared value for the full model indicates that the model, which takes into account Amazon
Fresh’s market entry among other factors, can explain approximately 60.6% of the variation in average
spending on juice. This significant proportion signals a good fit of the model to the data.
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is evident, the specific timing effects around the event are less certain. In general, these

results suggest that Amazon Fresh’s entry has a substantial negative impact on the average

household spending on juice at local stores. However, subsequent research could delve deeper

into the temporal effects and other potential confounding factors to provide a more nuanced

understanding of this impact.

2.7 Conclusion

This chapter broadens the exploration of digital transformation at the county level, focusing

on three critical areas: the labor market, the retail market, and consumer shopping behavior.

Each of these areas has experienced distinct yet interconnected shifts due to the digitalization

brought about by entities such as Amazon.

In the labor market, I find that the advent of Amazon Fulfillment Centers (FCs) corre-

sponds with an increase in workers’ salaries. However, this benefit is tempered by a reduc-

tion in the workforce within the retail industry. This trend could be attributed to Amazon’s

competitive pull, attracting workers away from traditional retail. Alternatively, it could be

a consequence of incumbent stores closing as they struggle to compete in the increasingly

digital marketplace.

Turning to the county-level retail grocery market, I observe a decrease in juice volume,

indicating a potential shift in consumer purchasing patterns. Price changes in this market

present an inconsistent picture, suggesting complex underlying dynamics. Generally, the

revenue of incumbent stores appears to be on a downward trajectory, which could be a

contributing factor to the observed labor market changes.

Lastly, when examining consumer behavior, a clear trend towards digital transformation

emerges. Consumers are gradually transitioning towards online shopping, reducing both the

frequency of their physical store visits and their in-store spending. This shift signifies an

adaptation to the digital market, with consumers taking advantage of the convenience and

efficiency offered by online platforms like Amazon.

In conclusion, the digital transformation catalyzed by Amazon and similar entities has
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multifaceted and profound impacts on county-level markets. While it brings some advan-

tages, such as higher salaries for workers, it also presents challenges, including a reduction

in the retail workforce and lower revenues for traditional stores. As consumers continue to

adapt to this new digital era, it will be crucial to understand these changes further and

develop strategies to navigate this evolving landscape successfully.
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Chapter 3

DEMAND ESTIMATION USING DEEP FEATURES

3.1 Introduction

In recent years, the increasing availability of data has opened new avenues for enhancing

existing econometric models. With the proliferation of internet access, consumer behavior has

shifted towards browsing and comparing products online before making purchases, whether

in-store or online1. This trend has made it imperative for economists to integrate data

from both online and offline sources into their analyses. Consider the modern shopping

experience: it is highly likely that you’ll encounter attractive product images and detailed

descriptions that influence your purchasing decisions. This chapter aims to leverage these

everyday experiences by incorporating image and text information into demand estimation

models.

Traditionally, demand estimation models have primarily relied on economist-derived char-

acteristics such as price, flavor, and brand. These discrete choice models attempt to predict

consumer preferences but often fall short of capturing the rich and diverse array of charac-

teristics influencing consumer choices in today’s digital shopping landscape. By integrating

image and text data, researchers can create more comprehensive and accurate representa-

tions of product characteristics, leading to improved demand estimations. Images and text

descriptions are a valuable resource for uncovering the nuances of product aesthetics, brand-

ing, and other qualitative factors influencing consumer decisions. For example, images offer

a wealth of visual information that can highlight key design elements and visual cues res-

onating with consumers. On the other hand, text descriptions provide insights into market

1Cavallo, 2017 finds that online prices are identical to their offline counterparts about 70% of the time
(on average across countries), thereby justifying the treatment of both on-line and off-line retail sector as
the single sector. This indicates online retails do have a significant impact on off-line retail.
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positioning and unique selling points that distinguish products from their competitors.

Figure 3.1: An example of information consumers see from juice products online

Moreover, incorporating image and text descriptions into demand estimation models

enables researchers to explore complex relationships and interactions between product char-

acteristics. This inclusion can lead to the discovery of previously overlooked patterns and

trends, ultimately improving the accuracy and predictive power of demand estimations. By

leveraging advancements in machine learning and deep learning techniques, researchers can

efficiently process and analyze large amounts of image and text data, further enhancing the

potential of these models.

In this study, we use sales data from local grocery stores to construct a demand model for

juice products. This model will then be used to estimate product elasticities. We generate

product attributes from text and images using state-of-the-art deep learning models and

combine these attributes with other characteristics to build the demand model.

Specifically, we utilize a pre-trained ResNet502 model to generate embeddings for juice

2ResNet50 is one of the most popular neural networks to extract image features. We also experiment the
performance from various image extraction techniques. However, as the depth of CNNs increases, they face
the problem of vanishing gradients, which can lead to degraded performance during training. To address
this challenge, He proposed the Residual Network (ResNet) architecture in 2015, which introduced a novel
skip-connection mechanism that enables the network to learn residual functions instead of the underlying
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product images and a sentence transformer (Reimers & Gurevych, 2019) model to convert

word descriptions. In the second phase, we construct the demand function using features

generated from these embeddings. We apply various methods including linear regression,

logit, random forest, xgboost, double machine learning, and neural networks to estimate the

quantity of juice sold.

Our research reveals a significant enhancement in model performance upon the integra-

tion of image and text features into demand estimation models. This integration leads to a

substantial reduction in training loss, indicating a more accurate and reliable model. It im-

plies that the model is better equipped to learn from the data and make accurate predictions,

a benefit directly attributable to the incorporation of these additional features.

Furthermore, the integration of image and text features results in the estimation of elas-

ticities that are more aligned with those found in existing literature. This finding underscores

the value of using image and text data in improving the validity of our model. The closer

alignment with established findings lends further credibility to our approach, suggesting

that the inclusion of these additional features allows for a more comprehensive and nuanced

understanding of the factors that influence demand.

By incorporating image and text features into demand estimation models, we are effec-

tively bridging the gap between traditional econometrics and the vast, untapped potential

of unstructured data. The contribution of this paper is three-fold. Firstly, it pioneers the

integration of image and text data into traditional demand estimation models, thus offering

a more holistic approach to predicting consumer preferences. Secondly, it utilizes a variety of

machine learning and deep learning techniques to handle the high dimensionality and com-

plexity of image and text data. Finally, it provides a comprehensive comparison of various

models’ performance in demand estimation, contributing to the ongoing discussion on the

intersection of machine learning and econometrics in demand estimation.

The remainder of the paper is structured as follows. Section 2 discusses the relevant

mapping directly.
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literature on demand estimation, double machine learning, and deep learning, forming the

foundation for our methodology. Section 3 introduces the dataset and outlines our feature

engineering process. In Section 4, we detail our models, while Section 5 delves into the

empirical performance of various configurations. Finally, Section 6 summarizes our findings

and proposes directions for future research.

3.2 Literature Review

3.2.1 Demand Estimation

Demand estimation serves as a crucial tool in contemporary Empirical Industrial Organiza-

tion (EIO) literature for the analysis of various markets with limited data. Berry and Haile,

2021a highlights several advantages of demand and supply estimation. Firstly, it enables

economists to deduce demand elasticities3, which prove valuable for assessing market power,

competition, and welfare implications of different policies or interventions. Secondly, it per-

mits the calculation of market markups for firms, reflecting the extent to which firms charge

above their marginal costs and unveiling sources of market power, such as product differen-

tiation, entry barriers, or antitrust issues. Thirdly, it facilitates counterfactual analysis by

simulating market responses to various scenarios like mergers, regulations, or innovations.

Moreover, Aguirregabiria, 2018 asserts that demand estimation helps overcome data lim-

itations frequently encountered in IO research. For instance, while we may lack direct in-

formation about firms’ costs or production functions, we can estimate them indirectly using

first-order conditions connecting marginal costs and marginal revenues. Likewise, in the ab-

sence of detailed data on consumer preferences or characteristics, as in Gandhi and Nevo,

2021, we can estimate them indirectly employing discrete choice models that associate con-

sumers’ choices with observable product attributes.

Demand estimation is applicable to a broad array of industries and markets involving

differentiated products, such as automobiles, airlines, telecommunications, healthcare, re-

3Elasticities measure consumer sensitivity to changes in prices or other determinants of their choices.
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tailing, media, and many more. Estimating demand and supply models for these industries

offers insights into consumer valuation of different product features, competition among firms

based on prices and qualities, and the impact of market structure on efficiency and innovation

outcomes.

In this study, we aim to compare traditional demand models with machine learning and

deep learning techniques to investigate their potential in contemporary empirical IO research.

3.2.2 Deep Learning

Speaking of which, deep learning, which has gained significant attention in recent years due

to its ability to analyze large and complex data sets nowadays, is used in many aspects to

extract information from images and text descriptions that consumers observe everyday. One

of the key features of deep learning is its use of deep convolutional nets, which have brought

about breakthroughs in processing images, video, speech and audio, whereas recurrent nets

have shone light on sequential data such as text and speechLeCun et al., 2015.

One of the most powerful applications of DL is in the area of feature extraction. This

involves the automatic identification of patterns and features in data, which can then be

used to train models for a wide range of tasks. In the case of natural language processing

(NLP), DL models can be trained to automatically extract features from text data, such as

sentiment, topic, and syntax. This has led to significant advances in areas such as text clas-

sification, sentiment analysis, and machine translation. In the case of image processing, DL

has revolutionized the field of computer vision. DL models can be trained to automatically

extract features from images, such as edges, textures, and shapes. This has led to significant

improvements in tasks such as image recognition, object detection, and facial recognition.

Overall, DL has the potential to revolutionize a wide range of fields by automating the pro-

cess of feature extraction and allowing models to learn and adapt to complex patterns in

data. As such, it is a rapidly growing field with significant potential for future developments

and applications.
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Figure 3.2: Relationships Between AI, ML and DL. (Liu, 2023)

3.2.3 Double Machine Learning

Double machine learning (DML) is a novel method for estimating causal effects of treatments

or policies when there are many potential confounders that may affect both the treatment

assignment and the outcome. DML combines the advantages of machine learning (ML)

techniques, such as flexibility and scalability, with the rigor of causal inference methods, such

as orthogonality and consistency. DML can handle high-dimensional and non-parametric

settings where traditional methods may fail or be impractical.

The main idea of DML is to use ML methods to estimate nuisance parameters, such

as the conditional expectation of the outcome given the confounders and the conditional

probability of treatment given the confounders, and then use orthogonalization techniques



77

to obtain unbiased and efficient estimates of the causal parameters. DML can also estimate

heterogeneous treatment effects by allowing for interactions between the treatment and co-

variates. DML has been developed in a series of papers by Chernozhukov et alChernozhukov

et al., 2016 and has been applied to various domains such as economics, health care, and

social sciences.

Orthogonalization techniques are methods for removing the influence of confounders from

the estimation of causal effects. They can be seen as a generalization of regression adjust-

ment, where instead of directly regressing the outcome on the treatment and confounders,

we first orthogonalize both the outcome and the treatment with respect to the confounders.

This means that we remove any linear or nonlinear dependence of the outcome and treat-

ment on the confounders by subtracting their conditional expectations given by ML models.

Then we regress the orthogonalized outcome on the orthogonalized treatment to obtain an

unbiased estimate of the causal effect.

Orthogonalization techniques have several advantages over standard regression adjust-

ment. They can handle high-dimensional and non-parametric settings where regression ad-

justment may suffer from overfitting or misspecification. They can also estimate heteroge-

neous treatment effects by allowing for interactions between the orthogonalized treatment

and covariates. Moreover, they can be easily implemented using any ML method for esti-

mating nuisance parameters, such as random forests, neural networks, or lasso.

3.3 Data

In this study, we focus on juice products as a case example to apply our methods, utilizing

a comprehensive dataset sourced from Nielsen’s consumer panel database.4 Our analysis

targets sales data for 717 juice products with images and text description available. The

Nielsen dataset provides a wealth of information, including a large percentage of price data

4The dataset encompasses weekly scanning data collected from over 100,000 households across 208
markets in 23 cities throughout the United States. These households are equipped with handheld scanners
by AC Nielsen to record barcodes of every product they purchase. The data primarily covers purchases
from food stores, drug stores, mass-merchandise stores, and convenience stores.
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embedded within the scanner data and a smaller portion in the Consumer Panel Data. To

obtain a more complete view of price information, along with quantity and market char-

acteristics for the juice products, we combine both Panel and Scanner data sources. This

integration enables us to access information on the month, price, volume, product features,

and market conditions for each juice product.

Variable Mean Min 1st Q Median 2nd Q Max

Volume (Oz) 195.3 2.7 50.7 104.8 222.6 20289

Price ($ per Oz) 0.148 0.015 0.043 0.086 0.200 1.776

Table 3.1: Summary Statistics of Juice Scanner Data

The word description data for the juice products are also sourced from Nielsen, available

as part of the additional product information provided within the consumer panel database.

These textual descriptions offer insights into the marketing strategies, unique selling points,

and various attributes of the products, such as flavor profiles, nutritional content, and pack-

aging details.

By incorporating this textual data into our analysis5, we can extract meaningful features

through deep learning techniques, such as Sentence Transformers, which allow us to create

high-dimensional word vectors representing the semantic content of the descriptions. These

word vectors can then be combined with the image features and other numerical data to

create a richer and more comprehensive set of inputs for our demand estimation models.

In addition to the data provided by Nielsen, we also collect product images for the

juice products by web scraping from major retailers. This is done by matching the product

barcodes (UPC) in the Nielsen dataset with the corresponding product listings on these retail

websites. This image data enriches our dataset with visual information, which can then be

used to extract image features through deep learning techniques, such as ResNet (He et al.,

5Top descriptions are shown in 3.2.
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Variables Top 3 Frequent Description

Brand GATORADE

V8

WELCH’s

Bottle Size (OZ) 20

32

64

Product Module FRUIT DRINKS-OTHER CONTAINER

FRUIT JUICE-REMAINING

VEGETABLE JUICE AND DRINK REMAINING

Table 3.2: Summary of Category Variables

2015). 6

Figure 3.3: Grabing Data Online

Our dataset includes price, volume, market characteristics, and visual features for the

6As we proceed with our data analysis, it will be necessary to keep track of three levels of aggregation.
It is easiest to understand these levels of aggregation by means of an example drawn from our data. At
the lowest level we have a product which we identify using the UPC. For example, a bottle of ”Kroger
100% Lemon Juice 15.0 oz” (this product description and the photo are scraped from an online website)
has a UPC of 1111070205. Each UPC in turn belongs to a module in the Nielsen dataset ”Fruit Juice -
Lemon/Lime.” At the highest level, we have a ”product group,” which in this case would be ”Juice, Drinks
- Canned, bottled,” which contains not just lemon juice, but also other modules like ”Soft Drinks. At the
same time, we use the product group description and product module description to match with the CPI
entry level item (ELI).
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juice market and also integrates word description data. The combination of these diverse

data sources enables us to capture a more holistic understanding of the factors influencing

consumer preferences in the juice market, ultimately enhancing the accuracy and predictive

power of our demand estimation models.

3.4 Feature Extraction with Deep Learning

Deep learning, with its capacity to undertake intricate tasks with minimal human supervision,

has emerged as a transformative technology. This development has stimulated an increasing

interest in incorporating deep learning techniques into traditional econometric models, such

as those employed for demand estimation. In this study, we aim to leverage these techniques

to extract detailed and meaningful features from online product descriptions and images,

using these attributes to estimate demand elasticities for a variety of products.

Online product information presents a current and diverse dataset that can enhance the

precision and predictive capability of demand estimation models. By integrating these sup-

plemental data sources, our objective is to formulate a more comprehensive depiction of

product characteristics influencing consumer decisions. Specifically, we utilize deep learning

algorithms to process textual product descriptions and analyze images. This approach al-

lows us to capture nuanced aspects of branding, design, and other qualitative factors often

neglected in conventional numerical models.

In pursuit of this objective, we employ pre-trained deep learning models, including Resid-

ual Networks (ResNet) for image feature extraction and Sentence Transformers for textual

feature extraction. These models are recognized for their efficacy in extracting high-level

semantic information from input data. By amalgamating these extracted features with tra-

ditional numerical data, we generate a richer set of inputs for our demand models. This

approach enables us to investigate complex relationships and interactions between product

characteristics and consumer preferences, ultimately offering a more robust and nuanced

analysis of market demand.
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3.4.1 Word Features Extraction

Word2vec is a technique employed for generating vector representations of words that capture

their semantic and syntactic properties. It utilizes a two-layer neural network architecture,

which takes a substantial volume of text as input and outputs a set of fixed-length vectors

for each word. This results in a generic numeric vector for web descriptions gathered for

each product. To augment the quality of vectors, facilitating the categorization and classi-

fication of various product types, we employ sentence2vec (Pagliardini et al., 2018). This

method generates vector representations of sentences based on word2vec. The advantage of

sentence2vec lies in its ability to understand semantic similarities between sentences by inte-

grating word vectors in diverse ways. This results in more accurate and meaningful sentence

vectors that can be used to summarize information, thus serving our objective of demand

estimation.

In this study, we generate our text features following the sentence2vec process. We em-

ploy sent2vec7, a Python library that provides a plethora of options for word and sentence

embeddings. We select Word2Vec for our word embedding method and averaging for our sen-

tence embedding method. Our chosen pre-trained model is sent2vecwikibigrams8, sourced

from the package. We apply the sentence embedding model to each product’s web descrip-

tion, obtaining a 788-dimensional vector representation for each sentence. These vectors

subsequently serve as text characteristics for demand estimation using various methods.

The sentence2vec technique operates through a flow of processes. Starting with a large

corpus of text, it first creates a vocabulary of words, assigning a unique vector to each word.

It then scans the text using a sliding window, predicting each word based on its context

(surrounding words) in the window. Through this process, the vectors are adjusted such

that semantically similar words end up with similar vectors. This word embedding model

is then used to generate sentence embeddings. A sentence embedding is typically created

7If you are interested, visit https://pypi.org/project/sent2vec/ for more details.
8A bigram feature constitutes a pair of words that occur together, such as I ate, ate banana, or banana

bread. These are trained on a large corpus of text spanning various domains
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Figure 3.4: The Frequency of Words in the Data

by combining the word description of products. This could be done through averaging,

summation, or other complex methods like considering the order of words. These sentence

embeddings are then used as input features for our demand models.9

3.4.2 Image Features Extraction

ResNet introduced a breakthrough concept that residual blocks can be used to improve the

performance of very deep neural networks. These residual blocks allow the network to learn

9The flowchart of sentence2vec is presented in the appendix ??.
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a residual mapping, which is then added to the original input to produce the output of the

block. This mechanism enables the network to pass the gradient directly from the output to

the input, alleviating the vanishing gradient problem and enabling the network to effectively

train much deeper architectures.

ResNet can be employed to create image feature vectors that capture high-level semantic

information about the input images. By leveraging the pretrained ResNet models, we can

extract feature vectors from one of the intermediate or final layers of the network. These

feature vectors can then be used as input for various machine learning tasks, such as demand

estimation.

We want to estimate the demand for different products based on their characteristics in

images. For example, we want to know how many customers would buy a certain juice based

on how it looks. To do this, we need to convert the images into numerical features that can

be used in our estimation model and the method is introduced in Im2VecReddy et al., 2021.

It is a method that can convert raster images into vector graphics that are scalable,

editable, and compact. It uses a neural network that consists of an encoder-decoder archi-

tecture with attention and a differentiable renderer. The encoder-decoder learns to predict

a sequence of vector commands that can reconstruct the input image. The differentiable

renderer converts the vector commands into a raster image that can be compared with the

input image using a loss function. Im2Vec does not require any vector supervision, meaning

it does not need any ground-truth vector graphics for training. It can learn from any raster

dataset. Im2Vec can be applied to various tasks such as vectorization, editing, interpola-

tion, and generation of fonts, logos, emojis, icons, and other graphic designs. It can produce

high-quality vector graphics that preserve the details and topology of the input images. It

can also handle complex shapes and curves that are challenging for existing methods.

We follow the below process to create vectors of image features:

• Obtain a pretrained ResNet, Im2Vec model (e.g., ResNet-50) from a deep learning

library, such as TensorFlow or PyTorch.
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• Prepare the input images for feature extraction by resizing and normalizing them

according to the requirements of the pretrained ResNet model.

• Pass the input images through the pretrained ResNet model up to a chosen intermediate

or final layer (e.g., the last average pooling layer or a fully connected layer) to obtain

the feature vectors.

• Optionally, apply dimensionality reduction techniques (e.g., PCA) to reduce the size

of the feature vectors while retaining most of the relevant information.

• Use the extracted image feature vectors as input for the demand estimation model,

either alone or in combination with other features (e.g., word descriptions, numerical

features).

The intial dimensions of vectors from ResNet and Im2Vec are 2048 for each product

image.10 These vector embeddings capture the visual characteristics of the products that

influence customer preferences. By using these embeddings as inputs in our estimation

model, we can better predict the demand for each product.

3.5 Model

Our objective is to discern the most effective methodologies for incorporating information,

derived from deep learning, into traditional demand estimation procedures. Guided by Bajari

et al., 2015, we initiate our analysis by juxtaposing econometric models with machine learning

models in a standard demand estimation setup, using juice product data for illustrative

purposes. This juxtaposition permits us to evaluate the aptitude and limitations of each

approach in capturing the impact of various product characteristics on consumer preferences.

10These embeddings are further compressed into 128, 256, 512, 1024 due to test the performance on
various dimensions.
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As we broaden our analytical framework, we delve into advanced techniques such as

double machine learning (Chernozhukov et al., 2016). This methodology is specifically for-

mulated to tackle challenges associated with the increased dimensionality and sparsity of

data11. Additionally, we contemplate the application of other cutting-edge techniques, such

as convolutional neural networks and deep instrumental variables (Deep IV) (Hartford et al.,

2017), to further probe the potential of demand estimation models.

Let’s now establish the fundamental structure of characteristic demand estimation mod-

els. Suppose there exist J competing products in the markets, each possessing observable

characteristics Xj. Let the demand for product j in market m at time t be represented by

a general log form of demand function:

logQjhmt = f(pmt, Xmt, Dmt, εjmt) (3.1)

Here, X is the matrix of observed characteristics, p is the vector of logged prices, D

represents a vector of demographics for each market at time t, and ε is an idiosyncratic

shock. This specification is very general, allowing for nesting via the stratification of the

error term. Assuming there are H nests of products; for instance, in the juice example, two

nests could be organic and regular juices. By grouping alternatives into nests and accounting

for the correlation within these nests, we allow substitution patterns to vary in a reduced-

form way across different classes of products.

One significant hurdle with this approach is that the characteristics space is typically

manually crafted, which might not comprehensively represent the product features. With

the assistance of deep learning, we aim to integrate this method into traditional demand

estimation. We accommodate various setups to Eq3.1 to investigate the model performance

with the inclusion of additional features.

11The regression may encompass thousands of variables on one side.
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3.5.1 Linear Regression

We start our analysis with a linear approach, where we approximate Equation 1 using a

flexible linear form as follows:

logQjmt = αpmt + βXmt + γDmt + εjmt + ηhm + ξmt (3.2)

In this equation, the matrix X represents the high-dimensional and potentially sparse

data that encompasses information from dummy variables categorizing product attributes

such as category and flavor. Furthermore, the dimensions of the final embeddings derived

from image and word data can vary significantly, ranging from 128 to as high as 204812.

In our linear regression model, we also incorporate nested structures through the term

ηhm, which captures the influence of unobserved product characteristics shared by products

within the same nest. Additionally, we account for seasonality effects by including the term

ξmt, which captures variations in demand patterns across different time periods.

By employing this linear approach, we aim to assess the effectiveness of a relatively simple

model in capturing the complex relationships between product characteristics and consumer

preferences. This baseline analysis will serve as a foundation for our subsequent exploration

of more advanced modeling techniques, allowing us to evaluate their added value in the

context of demand estimation.

3.5.2 Logit

As discussed in the literature review, there is a large strand of papers focus on logit models.

Starting with traditional BLP style (Berry et al., 1995) to Conlon and Mortimer, 2013’s

work to allow incomplete product availability. They are widely used to model discrete choice

situation with limited data observed by econometricians. The error term is assumed to follow

a Type I Extreme Value distribution.

12This upper bound could be even larger depending on the structure of the deep learning neural network.
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The BLP model is a widely used discrete choice model in the industrial organization

literature for estimating demand in differentiated product markets. The model extends the

multinomial logit framework by incorporating random coefficients, which capture consumer

heterogeneity and allow for flexible substitution patterns. The utility of individual i for

product j in market t is given by:

uijt = δjt + µijt + εijt, (3.3)

The market share sjt of product j in market t is derived by integrating the individual-

specific probabilities of choosing product j over the distribution of consumer heterogeneity:

sjt =

∫
exp(uijt)

1 +
∑J

k=1 exp(uikt)
dF (νi, ξi), (3.4)

where uijt is the utility of individual i for product j in market t, J is the number of

products, and F (νi, ξi) is the joint distribution of individual-specific random coefficients (νi
and ξi).

To calculate the quantity demanded for each product in a demand estimation model, you

first need to estimate the market shares sjt of each product using the market share equation.

Once you have the market shares, you can multiply them by the total market size Mt to

obtain the quantity demanded for each product:

qjt = sjt ·Mt. (3.5)

The total market size Mt can be measured by the total number of consumers, total sales,

or total expenditure in market t.13

3.5.3 Feature Selection under regularization

When the dimension of right hand side is high. In machine learning they usually add feature

selection technique to assign weights on different features. Lasso and Ridge are regularization

13The whole process is built upon Conlon’s pyBLP package.
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techniques used in linear regression to prevent overfitting and improve model generalization.

They add a penalty term to the linear regression objective function. Here are the objective

functions for Lasso and Ridge regression14. The objective function for Lasso regression is

given by:

min
β0,β

n∑
i=1

(yi − β0 −
p∑

j=1

xijβj)
2 + λ

p∑
j=1

|βj|, (3.6)

where yi is the observed response for the i-th observation, β0 is the intercept, xij is the

value of the j-th predictor for the i-th observation, βj is the coefficient of the j-th predictor,

n is the number of observations, p is the number of predictors, and λ is the regularization

parameter that controls the amount of shrinkage applied to the coefficients.

3.5.4 Ensemble Methods

Random Forest, Boosting, and Bagging are popular ensemble learning methods used in

various prediction and classification tasks, including demand estimation. These methods

combine the outputs of multiple base models to improve overall model performance, reduce

overfitting, and increase generalization capabilities.

Random Forest is an ensemble method that constructs a multitude of decision trees

and combines their predictions through a majority voting mechanism for classification tasks

or by averaging for regression tasks. In demand estimation, Random Forest can be used

to model non-linear relationships between the demand and various explanatory variables,

capturing complex interactions and providing robust predictions. The method’s ability to

handle a large number of variables with different scales, missing data, and outliers makes it

particularly suitable for practical demand estimation problems.

Given the input features pmt (price), Xmt (product characteristics matrix), and Dmt

(image and word embeddings), as well as the nested structure ηhm and seasonality ξmt, we

14The main difference between Lasso and Ridge regression lies in the penalty term: Lasso uses an L1

penalty (absolute values of coefficients), while Ridge uses an L2 penalty (squared values of coefficients).
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can train a Random Forest model to predict the log quantity logQjmt.

For each decision tree in the Random Forest ensemble, we would:

• Select a random bootstrap sample from the training data.

• Grow the decision tree by recursively splitting the nodes based on the input features,

while randomly selecting a subset of features at each split.

• Continue the process until the tree reaches a predefined depth or a minimum number

of samples per leaf node.

Boosting is an iterative ensemble method that combines multiple weak learners (usually

decision trees) to create a strong learner. The main idea behind boosting is to sequentially

train base models by assigning higher weights to instances that were misclassified or had

larger errors in previous iterations. In the context of demand estimation, boosting algo-

rithms like AdaBoost or Gradient Boosting can be applied to model complex, non-linear

relationships and interactions between variables, improving prediction accuracy and gener-

alization performance compared to single models.

Bagging (Bootstrap Aggregating) is an ensemble method that trains multiple base mod-

els (commonly decision trees) on different subsets of the data, obtained by bootstrapping

(random sampling with replacement). The final prediction is obtained by averaging the

predictions of all base models for regression tasks or by majority voting for classification

tasks. In demand estimation, Bagging can be used to reduce the variance and overfitting

of single decision trees or other base models, resulting in more accurate and stable demand

predictions.

Overall, these ensemble methods offer valuable tools for demand estimation, as they can

handle complex and high-dimensional data, capture non-linear relationships, and provide

more robust and accurate predictions than single models. Their versatility and robustness

make them particularly suitable for real-world demand estimation problems with diverse

data sources, noise, and uncertainty.
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3.5.5 Double Machine Learning

Double machine learning (DML) can be employed to estimate causal effects in the presence of

many potential confounders. In the context of this study, we can formulate a partially linear

model using the DML framework. The advantage of using double machine learning is that

we can utilize all different regressors to estimate the model. Let Pmt denote the treatment

variable prices that would want to estimate elasticity, and Wjmt denote the confounders,

which could include product characteristics, image and word embeddings, nested structure,

and seasonality. The partially linear model can be written as:

logQjmt = αPjmt + g(Wjmt) + εjmt, (3.7)

Pjmt = m(Wjmt) + ξjmt (3.8)

where α represents the causal effect of the treatment variable Pmt on the log quantity

logQjmt, g(Wjmt) is an unknown function of the confounders, and εjmt and ξjmt are error

terms. The goal is to estimate the causal parameter α.

To implement the DML method, we split the data into K cross-validation folds and

proceed with the following steps for each fold.

• Train ML models to estimate the nuisance parameters: E[logQjmt|Wjmt] and E[Pjmt|Wjmt].

Use the remaining K−1 folds as the training set and the current fold as the validation

set.

• Orthogonalize the log quantity and price with respect to the confounders by sub-

tracting their estimated conditional expectations, i.e., compute Q̃jmt = logQjmt −

Ê[logQjmt|Wjmt] and P̃ jmt = Pjmt− Ê[Pjmt|Wjmt].

• Regress the orthogonalized log quantity Q̃jmt on the orthogonalized treatment variable

P̃ jmt to obtain an unbiased estimate of the causal effect α̂k.
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• Average the estimates α̂k across all K folds to obtain the final DML estimate of the

causal effect: α̂DML = 1
K

∑K
k=1 α̂k.

By following this procedure, we can efficiently estimate the causal effect of the treat-

ment variable on the log quantity, while accounting for the influence of the confounders and

handling high-dimensional and non-parametric settings.

3.5.6 Neural Network

In order to capture the potentially complex and non-linear relationships within our dataset,

we opted to utilize a Neural Network (NN) for our analysis. The choice of NN is motivated by

its capability to approximate any function, given a sufficient amount of data and a suitable

architecture. The flexibility of NNs enables us to uncover underlying structures that tra-

ditional linear models might overlook. However, we acknowledge that this flexibility comes

with a risk of overfitting, which we have attempted to mitigate through various strategies

described later in this section.

Figure 3.5: Neural Network Structure
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Our dataset comprises of N observations, each with D features. These features include

numerical data such as ..., categorical data like ..., and high-dimensional inputs derived

from images and text descriptions of the juice products. Prior to inputting the data into our

model, we performed several preprocessing steps. The numerical data were standardized, and

the categorical data were one-hot encoded. Text descriptions were converted to word vectors

using the Word2Vec model, while images were processed through a pre-trained Convolutional

Neural Network to extract feature vectors.

Our NN comprises of multiple layers designed to handle different types of input data. The

first part of the network is made up of dense layers that process numerical and categorical

data. The second part consists of two branches, each made up of multiple layers designed to

process image and text vectors. The image and text branches incorporate dropout layers to

prevent overfitting. The outputs of all branches are then concatenated and passed through

additional dense layers, culminating in a single output neuron.

We trained the NN using the mean squared error (MSE) loss function, which is suitable

for our regression task. The Adam optimizer was used for its efficiency and low memory

requirements. We used a portion of the data as a validation set during training to monitor the

model’s performance and prevent overfitting. The model’s architecture and hyperparameters

were selected based on their performance on the validation set.

Model performance was evaluated using both the Mean Squared Error (MSE) and Mean

Absolute Error (MAE) on a separate test set. These metrics provide a comprehensive view

of the model’s predictive accuracy, with MSE emphasizing larger errors and MAE providing

a more robust measure against outliers. The R2 score, indicating the proportion of vari-

ance in the dependent variable that is predictable from the independent variables, was also

calculated.

3.6 Results

The loss function L used for training our neural network model is the Mean Squared Error

(MSE) which is defined as follows:
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L(y, ŷ) =
1

N

N∑
i=1

(yi − ŷi)
2 (3.9)

where yi is the actual value of the target variable for the ith observation, ŷi is the predicted

value of the target variable for the ith observation, N is the total number of observations in

the dataset.

In Table 3.315, the estimated price elasticities of demand for juice are observed to span a

range from 0.8 to 3.0, contingent on the specifics of the model configuration. The integration

of supplementary text and image characteristics notably augments the performance of the

models, as manifested by the diminished mean squared error (MSE).

Furthermore, the elasticity estimates extracted from these augmented models gravitate

towards the reference elasticity of 1.37 for soft drinks, as documented by Guerrero-López

et al., 2017. This indicates that our models are not only more statistically adept, but also

exhibit a greater alignment with preceding empirical observations, thereby strengthening

their external validity.

(a) (b) (c) (d)

Figure 3.6: Word 256, Image 256

We also discern a distinct pattern of escalating Adjusted R2 values as additional features

are incorporated into the models. This infers that these supplementary features inject sig-

nificant explanatory power, thereby further enhancing the models’ capability to accurately

15The results presented correspond to the best performing setup after experimenting with a variety of
parameter configurations for each model.
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decipher the intricate dynamics of juice demand. The magnitude of this enhancement is of

considerable importance as it signifies that the features derived via deep learning effectively

embody complex patterns and interrelationships that traditional variables fail to capture.16

The addition of deep learning features also had a particularly notable impact on the

performance of the neural network models (Fig 3.6). As indicated in Table 3.3, the neural

network models, including Random Forest and XGBoost, demonstrated considerable im-

provements in predictive accuracy following the incorporation of these features. This is a

testament to the ability of these models to effectively leverage the high-dimensional, non-

linear information contained within the deep features. The neural networks’ capacity for

modeling complex interactions and capturing intricate patterns in the data appears to syn-

ergize well with the rich, nuanced information encapsulated by the deep features. This

combined capacity leads to a more accurate representation of product demand, highlighting

the potential benefits of integrating deep learning techniques into traditional econometric

analysis.

3.7 Conclusion

In this study, we embarked on an exploratory journey to uncover the most effective methods of

leveraging information from deep learning in traditional demand estimation. By comparing

econometric models with machine learning algorithms, we focused on a typical demand

estimation scenario using a rich dataset of juice products. Our research journey led us to

expand our methods to encompass techniques like double machine learning, which effectively

dealt with the rise in data dimensionality and sparsity.

We then successfully incorporated the high-dimensional and sparse matrices from various

data types, including dummy variables categorizing product categories and flavors, image and

word embeddings, and more into our models. This process was facilitated by a blend of ma-

chine learning and econometric techniques, striking a balance between traditional statistical

16Additional results are in the appendix.
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methods and modern computational power.

As part of our methodology, we employed a variety of machine learning techniques includ-

ing Random Forests, Lasso regression, and XGBoost, as well as a custom-designed regression

neural network. All these models were tailored and fine-tuned to effectively accommodate

the unique structure of our dataset.

Our results highlighted the importance and potential of incorporating deep learning fea-

tures into traditional econometric models. We found that the inclusion of image and text

features not only improved the accuracy of our models but also provided more robust elastic-

ity estimates. This, in turn, reinforced our belief in the potential of a synergistic approach,

combining traditional econometrics with innovative machine learning techniques to handle

complex, high-dimensional data.

This paper provides a roadmap for integrating machine learning techniques with econo-

metric models, a promising direction for future research. We hope that our findings and

methodologies can serve as a catalyst for further innovation and exploration in the field of

demand estimation.
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A.1 Appendix 1

A.1.1 Summary Statistics of Scanner Data

Table A.1: Summary Statistics of Scanner Data

Juice FreshProduce

Total Range Total Range

Number of Stores 8128 2657

Number of Years 7 2010-2016 7 2010-2016

Number of County 128 245

Number of Markets 17 17

Store type Total Percent Total Percent

Food 2584 31.8% 225862 93.4%

Drug 3711 45.7% 3094 1.3%

Mass Merchandise 1554 19.1% 12831 5.3%

Others 279 3.4%

Distance to Closest center Total Percent Total Percent

Less than 20 Miles 379506 60.2% 144745 59.9%

Between 20 and 50 Miles 195856 31.1% 68983 28.5%

Between 50 and 100 Miles 45531 7.2% 22235 9.2%

Over 100 Miles 9828 1.6% 5824 2.4%

Chain Size Total Percent Total Percent

Over 2000 Stores 333171 52.8% 3022 1.2%

Between 500 and 2000 Stores 151568 24% 91526 37.9%

Less than 500 Stores 145982 23.1% 147239 60.9%
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A.1.2 List of Amazon Fresh Distribution Center

Distribution Center

DMA Name Entry Date Number of center (by 2020)

Seattle Aug 2007 3

Los Angeles Jun 2013 4

Cincinnati Sep 2013 1

New York Nov 2014 1

San Francisco Jan 2015 3

Sacramento Mar 2015 1

Boston Jun 2015 1

Washington center Jun 2016 4

Dallas Jun 2016 2

Chicago Jul 2016 2

Kansas City Oct 2016 2

Atlanta Nov 2016 3

Miami Jan 2017 2

Denver Aug 2017 2

Hartford-New Haven Aug 2017 1

San Antonio Aug 2017 1

Detroit Apr 2018 1

Austin Feb 2020 1

Table A.2: Fresh Distribution Center

Note: The treatment group are the markets that have Amazon Fresh entry before 2017. Miami, Denver,

Hartford, San Antonio, Detroit have AF entered after 2017 and they are in the control group.
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A.1.3 TWFE DID Estimates

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

Amazon Fresh Entry -0.1004 -0.0727 -0.0689 -0.0727 -0.0694 -0.0428

Volume(Juice) (0.0193) (0.0177) (0.0170) (0.0199)

Amazon Fresh Entry -0.0183 0.0112 0.0114 0.0111 0.0113 -0.0073

Price(Juice) (0.0066) (0.0079) (0.0077) (0.0055)

Amazon Fresh Entry 0.0615 -0.0293 -0.0301 -0.0293 -0.0296 -0.0591

Revenue(FP) (0.0186) (0.0272) (0.0272) (0.0158)

Time FE No Yes Yes Yes Yes Yes

Unit FE Yes Yes Yes Yes Yes Yes

Control No No Yes No Yes No

Table A.3: TWFE DID Estimates

Note: Model (1) reports estimates with only county fixed effect as in equation 1.5; model (2) reports

estimates from TWFE model without covariates; model (3) reports estimates from TWFE with covariates;

model (4) reports estimates following Goodman-Bacon, 2021; model (5) reports estimates following

Goodman-Bacon, 2021; model (6) reports estimates following Callaway and SantAnna, 2021. SE are in the

parenthesis.
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A.1.4 Summmary Stats

(a) Average Volume (b) Price

(c) Total Brands (d) Total Visits

Figure A.1: Summmary Stats
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A.1.5 Goodman-Bacon Decompose

Bacon decomposition1 is a procedure used to decompose a variable into fixed, persistent,

and transitory components. It’s a popular technique in econometrics for dealing with panel

data, as it allows for the analysis of dynamic, non-stationary processes.

Figure A.2: GoodMan-Bacon DiD in Different Groups

In the context of a panel data setting, consider yit as the observed variable of interest for

unit i at time t, we can express this as:

yit = αi + ρyi,t−1 + ηit + θηi,t−1 + εit (A.1)

where αi is the fixed effect, ρyi,t−1 represents the persistent component, ηit and θηi,t−1

1Named after its creator, economist Francis Bacon, it is also known as the Bacon-Huber-Wooldridge
(BHW) decomposition.
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capture the transitory component, and εit is the idiosyncratic error term2.

The fixed effect (αi) represents the time-invariant characteristics of each unit. The per-

sistent component (ρyi,t−1) represents a process that is highly autocorrelated and changes

slowly over time. The transitory component (ηit and θηi,t−1) represents changes that are not

permanent and revert to the mean quickly.

Bacon decomposition is a useful tool for understanding the dynamics of a variable over

time and can provide valuable insights into the nature of the data being studied. It allows

for the identification of the parts of the variation that are intrinsic to the units (fixed), that

are due to persistent shifts (persistent), or that are temporary (transitory), thus offering a

comprehensive picture of the variable’s behavior over time.

2It is assumed that the idiosyncratic error is not serially correlated and has zero mean.
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Figure A.3: Bacon Decomposition for Juice on Volume

Figure A.4: Bacon Decomposition for Juice on Price

Figure A.5: Bacon Decomposition for Fresh Produce on Revenue
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A.1.6 Event Study

Figure A.6: Event Study

Figure A.7: Event Study: Callaway and SantAnna, 2021
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A.1.7 Product Assortment

Table A.4: Product Assortment Effect: Use number of distinct UPCs

Model Spec. OLS Static Static Dynamic CS (Time) CS (Group)

Amazon Fresh 2.6∗∗∗ -1.1 15.2∗∗∗ -2.9∗ 6.2∗∗∗ -1.3

SD (0.6) (1.7) (1.7) (1.1) (1.7) (1.2)

95% CI Lower Bound 1.6 -4.4 11.9 -5.1 2.9 -3.6

95% CI Higher Bound 3.8 2.2 18.5 -0.7 9.5 1.0

Unit Fixed Effect None Store Store Store Store Store

Time Fixed Effect No Yes No Yes Yes Yes

adj. R2 83.5 94.4 94.3 94.4 NA NA

Note: 1. Standard errors are in parentheses. Coefficients reported in the table are in 10−2. ∗ p < 0.05,
∗∗ p < 0.01, ∗∗∗ p < 0.001. 2. All std errors are grouped at county level. 3. For dynamic TWFE, I

only report the estimates that are 1 quarter post treatment. Rest of estimates will be available in the

appendix.
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A.2 Appendix 2

IV

A potential alternative instrumental variable might be the quantity of preexisting warehouses

in a given area, as this could serve as an indicator of Amazon’s market share and consumer

demand. However, this variable may not necessarily influence other outcomes, such as cus-

tomer behavior or satisfaction. These are merely a few examples of potential instrumental

variables, and their applicability and validity may need to be tested depending on your

specific research question and data.

The influence of Amazon’s distribution network and the progression of freight digitaliza-

tion is the central theme of this paper. It delves into how Amazon’s distribution network

impacts freight flows and urban logistics, utilizing the proximity to major transport hubs and

highways as an instrumental variable to gauge Amazon’s presence’s effect on truck traffic.

The paper titled ”Machine Learning Instrument Variables for Causal Inference” puts

forward a unique algorithm for constructing instrumental variables from exogenous data

candidates using machine learning. This methodology is utilized to estimate the causal

influence of the number of existing warehouses in a region on consumer demand for online

retail.

The paper ”Understanding Instrumental Variables in Models with Essential Heterogene-

ity” scrutinizes the attributes and limitations of instrumental variables in models where

responses to interventions are heterogenous, and agents engage in treatments with partial

knowledge of their unique responses. It explores how to interpret and test instrumental

variables in such contexts.

A.2.1 How Does Amazon Fresh Change the Local Competition?
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A.3 Appendix 3

A.3.1 Data Aggregation

As we conduct our data analysis, it is crucial to keep track of three different levels of aggre-

gation. This can be best understood with the help of an example drawn from our dataset.

At the lowest level, we have individual products identified by their unique Universal Product

Code (UPC). For instance, we may have a bottle of ”Kroger 100% Lemon Juice 15.0 oz”

with a UPC of 1111070205. Each UPC belongs to a module within the AC Nielsen dataset,

such as ”Fruit Juice - Lemon/Lime.”

Moving up the hierarchy, the next level of aggregation is the ”product module” which

groups together similar products with the same UPC codes. For example, ”Fruit Juice -

Lemon/Lime” is a product module that includes all lemon and lime juice products. The

module provides a way to aggregate data for all the products within it.

The highest level of aggregation is the ”product group,” which encompasses a set of

related product modules. For example, ”Juice, Drinks - Canned, bottled” is a product group

that contains multiple modules, including ”Fruit Juice - Lemon/Lime” and ”Soft Drinks.”

To help match with the CPI entry level items (ELIs), we use the product group description

and product module description. The CPI defines ELIs as the goods and services that

underlie the index and are used to calculate inflation. Our sample covers approximately 104

of the 305 ELIs, and by matching the product descriptions to the ELIs, we can gain insights

into how changes in the prices of different products impact the CPI.

By analyzing the data at these different levels of aggregation, we can gain a deeper

understanding of how consumers’ purchasing behaviors and preferences influence the prices

of specific products, product modules, and product groups, and how these price changes, in

turn, impact the overall inflation rate as reflected in the CPI.
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A.3.2 Word2vec Flowchart
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A.3.3 Sentence2vec Details

In this section, we describe the process of using sentence2vec to create word vectors, which

can be employed to capture semantic relationships between words and sentences. The flow

of the process can be outlined as follows:

• Data preparation: Gather a large corpus of text from various sources, such as articles,

books, and web pages. Preprocess the text by tokenizing it into sentences and words,

removing stop words, and performing stemming or lemmatization as necessary.

• Training a word2vec model: Train a word2vec model using the preprocessed text cor-

pus. Word2vec is a widely-used neural network-based technique for creating word

embeddings, which are vector representations of words capturing their semantic and

syntactic properties. The model learns to map words to high-dimensional vectors based

on their co-occurrence patterns in the text.

• Sentence embedding using sentence2vec: Utilize sentence2vec, a method that extends

word2vec to generate sentence embeddings. Sentence2vec creates vector representa-

tions of sentences by combining the word vectors of the words in a sentence. The

sentence embeddings can capture the semantic similarity between sentences, as they

account for the relationships between the words in a sentence.

• Choosing an aggregation method: Select an appropriate aggregation method to com-

bine word vectors into sentence vectors. Common aggregation methods include aver-

aging, summation, or more complex techniques such as weighted averaging based on

word importance or frequency.

• Applying the sentence2vec model: Apply the sentence2vec model to your text data,

transforming each sentence into a high-dimensional vector representation. These sen-

tence embeddings can be used for various natural language processing tasks, such as

text classification, clustering, or sentiment analysis.
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• Evaluation and fine-tuning: Evaluate the performance of the sentence2vec model on

relevant tasks or benchmarks. Fine-tune the model’s hyperparameters, such as the size

of the word and sentence vectors, the learning rate, and the context window size, to

improve the quality of the embeddings.

By following this process, we can leverage sentence2vec to create word and sentence

vectors that capture the semantic relationships between words and sentences to create the

word descriptions vecotrs used as inputs for future Neural Networks.

A.3.4 Discrete Choice Models

Discrete choice models (DCMs) are widely employed in modern Industrial Organization for

analyzing and modeling consumer behavior. Their applications span demand estimation

and prediction, product recommendation, and market segmentation. DCMs rest on the

assumption that consumers choose among a set of products based on their preferences for

product attributes, such as price, quality, and brand.

One of the main strengths of DCMs is their ability to capture the heterogeneity in

consumer preferences and estimate the relative importance of different product attributes.

DCMs can also predict the market share of different products under different scenarios,

such as changes in product attributes, prices, and promotions. DCMs are based on a well-

established theoretical framework and offer interpretability of the model estimates, which is

particularly important for policy and decision-making purposes.

Another strength of DCMs is their ability to handle complex and dynamic choice sit-

uations, such as multiple and nested choices, product substitutions, and attribute non-

attendance. DCMs can incorporate different types of preference heterogeneity, such as taste

heterogeneity, scale heterogeneity, and error heterogeneity. DCMs can also account for tem-

poral dynamics, such as habit formation and learning Dynan, 2000.

As expected, nothing is always perfect. DCMs have several limitations that need to be

taken into account before its application. As stated in Berry and Haile, 2021b, a primary chal-
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lenge in demand estimation is the endogeneity of prices. There’s a risk of mis-specification

and bias, particularly in the presence of endogeneity and omitted variable bias. DCMs as-

sume that consumers are rational and make choices based on their preferences, but this

assumption may not always hold in practice. DCMs may also suffer from measurement error

and response bias, particularly in self-reported surveys. Another limitation is that Demand

for a given good, of course, typically depends on the prices and characteristics of all related

goods. It requires DCMs rely on strong assumptions about the distribution of unobserved

factors and the linearity of the utility function3. DCMs are also sensitive to the choice set

and the level of detail in the product attributes.

DCMs are a powerful tool for demand estimation that offer interpretability, flexibility,

and the ability to capture heterogeneity in consumer preferences. However, DCMs also have

several limitations, particularly in the presence of endogeneity and bias. The integration of

DCMs with other methods, such as machine learning, offers a promising direction for future

research in demand estimation.

Recent research has explored the integration of DCMs with other methods, such as ma-

chine learning, to overcome some of these limitations and leverage their strengths. Hybrid

models that combine DCMs with machine learning techniques, such as latent class analysis

Sfeir et al., 2021 and gradient boosting, have been proposed to improve the accuracy and

interpretability of demand models. Another approach is to use machine learning to prepro-

cess the data and extract relevant features for DCMs, such as using deep learning to extract

latent representations of images or text. This article is trying to explore the use of deep

learning in demand estimation to see if they can outperform traditional DCMs.

A.3.5 Additional Results

3In Athey and Imbens, 2007, more unobserved characteristics may require strict functional form of the
utility.
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