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ABSTRACT

How do digital platforms exploit their dual role as marketplace operators to strategically com-

pete with third-party sellers? To answer this, I introduce the Data Power Index (DPI), a novel

measure quantifying Amazon’s accumulated informational advantage. Unlike traditional market

power measures such as the HHI, the DPI reveals that tighter data environments compress seller

margins and force exposed public firms to cut costs and accelerate innovation. Crucially, this infor-

mational advantage robustly predicts the timing and targets of Amazon’s private-label entry. After

Amazon’s entry, incumbent sellers suffer sharp declines in profitability, while exposed firms face

heightened risk. Ultimately, this data-driven encroachment creates an important welfare trade-off:

aggregate consumer surplus expands, but it is systematically reallocated away from incumbent

sellers.
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1 Introduction

Over the past two decades, digital platforms have evolved from neutral intermediaries into ac-

tive market participants, leveraging exclusive access to marketplace data to guide their own product

entry strategies (Zhu and Liu, 2018; Martens, 2021). The economic implications of this dual role

have recently culminated in landmark antitrust scrutiny, notably the Federal Trade Commission’s

(FTC) lawsuit against Amazon, which alleges that the platform exploits non-public seller data to

unfairly advantage its own retail operations.1 At the heart of this regulatory and academic de-

bate is a profound economic trade-off. While superior platform information can resolve matching

frictions and enhance consumer surplus through lower prices, the expropriation of incumbent data

severely compresses third-party margins and threatens independent innovation. Yet, evaluating

the net impact of this trade-off requires understanding exactly how platforms accumulate and de-

ploy their informational advantage, a mechanism that remains largely unexplored in the empirical

literature.

Evaluating this data-driven mechanism is empirically challenging because a platform’s infor-

mational advantage is typically an unobservable state variable. While theoretical models concep-

tualize data as a productive capital asset that generates self-reinforcing market power (Arcidiacono

et al., 2020; Bergemann et al., 2022), existing empirical studies predominantly document the con-

sequences of platform integration without measuring the underlying data accumulation (Crawford

et al., 2022; Bennati, 2024). To bridge this gap, this paper introduces a novel measure: the Data

Power Index (DPI). Using Amazon as a canonical laboratory, the DPI quantifies the platform’s

accumulated informational precision derived from massive volumes of consumer interactions. By

making this unobservable advantage measurable, I explicitly link data accumulation to the plat-

form’s entry decisions, the competitive responses of public firms, and the resulting redistribution

of welfare.

My empirical analysis yields four main sets of findings that trace the lifecycle of this data-

driven market power. First, I demonstrate that a stronger data environment inherently disciplines

both marketplace sellers and public firms. In high-DPI categories, intensified price competition

1FTC v. Amazon.com, Inc. (2023). Complaint for Permanent Injunction, U.S. District Court for the Western
District of Washington; see also Mattioli, D. (2020), “Amazon Scooped Up Data From Its Own Sellers to Launch
Competing Products,” The Wall Street Journal.
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systematically compresses third-party margins, with a one-standard-deviation increase in the DPI

lowering the average margin per product by 10.5%. To absorb this margin pressure, exposed

U.S. public firms preemptively adopt leaner cost structures, significantly reducing operating ex-

penses (SG&A) by 1.1 percentage points and accelerating the renewal of their knowledge base

toward younger patent portfolios. Rather than competing head-on, these public firms attempt to

out-innovate the platform’s data advantage by shifting their R&D toward entirely new, unexploited

technological frontiers. Crucially, these structural adaptations are not explained by traditional mar-

ket concentration (HHI), confirming that the DPI captures a distinct, information-based channel of

competition.

Second, I document that the DPI serves as a highly robust predictor of Amazon’s strategic

transition from a marketplace operator to a direct competitor. Even after controlling for average

prices, margins, HHI, and platform-specific signals like review volume, the DPI remains highly

significant in forecasting the timing and target category of Amazon’s private-label entry. Econom-

ically, this reveals that big tech platforms do not merely chase historical profitability; instead, they

act as informational arbitragers, deploying capital precisely into markets where their proprietary

data eliminates demand uncertainty. This establishes accumulated data as the critical state variable

governing platform integration.

Third, exploiting Amazon’s staggered entry in a difference-in-differences framework, I causally

identify the devastating consequences of this data-driven integration. Following Amazon’s private-

brand entry, incumbent third-party sellers experience a structural collapse, including an 11.9% drop

in sales per product and a 17.4% decline in per-product profitability. Furthermore, this competitive

shock heavily spills over into the broader corporate sector. U.S. public firms exposed to the entered

categories face heightened financial uncertainty, manifesting as a 12% increase in total stock return

volatility, a 10% rise in idiosyncratic risk, and a 9% increase in market beta. This indicates that

platform entry is no longer just a localized product-market shock, but a systematic risk factor that

fundamentally alters the cost of capital and risk profile of competing public firms.

Finally, translating these product-market and corporate-level shifts into aggregate welfare terms,

I document a stark economic trade-off. While the consumer surplus generated by individual third-

party stores contracts by 38.8% post-entry, the aggregate category-level consumer surplus signifi-

cantly rises by 118%. This dynamic reveals the dual nature of informational monopoly: the plat-
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form’s data-driven entry enhances overall allocative efficiency through improved matching, but it

acts as a mechanism of systematic wealth transfer. While the platform efficiently scales consumer

access, it simultaneously acts as an algorithmic tollbooth, permanently extracting incumbent rents

and deepening the distributional asymmetry within the digital economy.

Underpinning these findings is a novel, multi-dimensional dataset that overcomes traditional

empirical limitations. By integrating over two decades of Amazon product reviews and ratings

(2000–2022) with firm-level financial data from Compustat and intellectual property data from

the USPTO, this study constructs a transparent, highly granular measure of data accumulation.

I then leverage the staggered timing of Amazon’s private-label entry across hundreds of product

categories using a robust stacked difference-in-differences design, effectively isolating the causal

impact of data-driven market power from pre-existing industry trends.

The contributions of this paper are threefold. First, this paper provides the first empirical quan-

tification of the link between data accumulation and strategic entry in digital platform markets.

Recent theoretical literature has elegantly modeled data as a networked, productive asset that gen-

erates self-reinforcing monopolies (Kirpalani and Philippon, 2020; Bergemann et al., 2022). How-

ever, empirical applications mapping these models to real-world platform behavior have severely

lagged. By introducing the DPI as a theoretically grounded proxy for a platform’s information

advantage, this paper identifies information precision as the missing state variable in platform

competition, offering the first empirical measure capable of mapping theoretical data capital into

observable strategic entry.

Second, I bridge the gap between industrial organization literature and modern antitrust policy

by jointly examining the consequences of information-based entry on prices, variety, and welfare.

While recent empirical studies document the negative effects of Amazon’s entry on third-party

seller outcomes (Zhu and Liu, 2018; Crawford et al., 2022; Bennati, 2024), this paper complements

and extends those findings by explicitly quantifying the redistribution of surplus across market

sides. By demonstrating that informational power can simultaneously enhance allocative efficiency

and deepen asymmetries in surplus extraction, this paper provides rigorous empirical evidence that

addresses the exact distributional concerns raised by the FTC, placing economic measurement at

the center of ongoing regulatory debates.

Third, this paper contributes to the broader corporate finance literature connecting product
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market competition to firm risk and innovation dynamics (Aghion et al., 2005; Kogan et al., 2017;

Makaew and Maksimovic, 2020; Baker et al., 2023). Rather than focusing solely on traditional

balance-sheet metrics or marketplace-bound sellers, I highlight how platform-induced margin com-

pression fundamentally forces U.S. public firms to implement leaner cost structures and rotate

their patent portfolios to survive. By tracing how algorithm-driven competition propagates from

the platform level directly to corporate risk exposures and innovation decisions, this paper offers

new evidence on how digital monopolies reshape the strategic behavior of firms across the entire

economy.

The remainder of the paper is organized as follows. Section 2 describes the data, details the

construction of the Data Power Index (DPI), and examines how the DPI relates to product market

and firm dynamics. Section 4 lays out the empirical strategy for predicting Amazon private-label

entry. Section 5 studies post-entry adjustments across product-market outcomes, consumer wel-

fare, and corporate responses. Section 6 concludes.

2 Data

2.1 Amazon Platform Data

The primary dataset used in this study is the Amazon Review Dataset (Hou et al., 2024), which

contains comprehensive product- and review-level information from May 1996 to September 2023.

The dataset provides (i) product-level metadata, including product features, category, seller (store)

identifiers, average number of reviews, average rating, and listing price, and (ii) consumer-level

information, such as review text, rating, verified purchase indicator, review timestamp, and help-

fulness votes. The dataset contains approximately 570 million reviews across 34 major product

categories, offering rich and granular information that enables identification of activity from the

consumer to the seller level.

On the Amazon platform, each product is uniquely identified by a “Parent ASIN.” Variants of

the same product, such as different colors or sizes, are assigned distinct “ASINs.” Accordingly,

Parent ASIN serves as the main identifier for product-level analysis in this study. On the con-

sumer side, each review record includes the date and time of submission, the review content (if
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provided), the rating, and whether the review is verified through an actual purchase. Even if no

textual comment is provided, any numerical rating constitutes a review entry, ensuring coverage of

all consumer feedback events.

The product-level metadata do not provide explicit information on the time span of a product’s

availability. If a product has never received a review, its metadata exist but its consumer review

record is missing. Therefore, I approximate a product’s lifecycle by using the timestamp of the

first review as its market entry date and the timestamp of the last review as its exit date. Due to

the data limitation, I acknowledge that this procedure introduces potential sample selection bias,

as products without consumer reviews are under-represented.

To construct the dataset, product metadata were merged with consumer review data using Par-

ent ASIN as the unique identifier. The merged data were then aggregated at the monthly frequency.

For each product-month, I computed the mean or total number of product prices, consumer ratings,

reviews, verified reviews, and etc. Because each product record identifies its associated store, I ag-

gregate and construct store-level variables such as the number of active products, total and verified

reviews, and average product price.

Another data limitation is that the direct information on the number of units sold is unavailable

in the dataset. Hence, the number of verified reviews was used as a proxy for sales, following

prior studies that link verified purchase reviews to actual transactions. The total number of reviews

may be influenced by marketing campaigns, fake reviews, or non-purchasing activities. Therefore,

focusing on verified reviews allows for a more accurate representation of realized sales, although I

acknowledge that there is a gap between realized sales and our sales proxy.

Although fee-related data are not included in the review dataset, Amazon’s fee structure plays

an important role in determining seller profitability and strategic behavior. Amazon’s fees can be

broadly categorized into three components. First, the Referral Fee is a percentage of the sales price

that varies by product category, typically ranging from 8% to 15% (e.g., around 8% for Electronics

and up to 15% for Beauty or Clothing). Second, the Fulfillment Fee (FBA Fee) applies to sell-

ers who use the Fulfillment by Amazon (FBA) service and depends on product weight and size

tier. It includes storage and shipping charges, with additional long-term storage fees for inven-

tory held over extended periods. Third, Subscription and Other Service Fees cover the monthly

Professional Seller plan fee ($39.99), advertising (Sponsored Products), returns processing, and
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packaging costs.

Using official documentation from Amazon Seller Central2 , I compiled these fee components

at the category-month level. Specifically, I computed the average Referral Fee rate and FBA uti-

lization rate by category to capture variation in seller cost structures. This categorization allows

us to construct measures of seller margin and margin rate in addition to sales proxies, thereby

enabling a more complete analysis of product-market dynamics on the Amazon platform.3

Before constructing the final sample from the Amazon dataset, this study excludes several

product categories that do not align with the characteristics of standard physical goods markets.

Specifically, the categories “Books,” “CDs and Vinyl,” “Digital Music,” “Gift Cards,” “Kindle

Store,” “Magazine Subscriptions,” “Movies and TV,” and “Subscription Boxes” are omitted from

the sample. This is because categories such as “Books,” “Music,” and “Movies” often list the

author or artist as the store rather than the actual manufacturer or distributor, making them struc-

turally distinct from typical retail products. In addition, categories such as ”Gift Cards,” ”Kindle

Store,” and ”Subscription Boxes” do not represent tangible manufactured goods and therefore dif-

fer fundamentally in their pricing, production, and market dynamics. To maintain consistency with

the focus on product-based retail markets, these categories are excluded from the final analytical

sample. After these data filtering process, I have 10,811,312 observations in our final sample.

2.2 Descriptive Statistics of Amazon Product Market

Table 1 presents summary statistics of key variables constructed at the store–month level using

the Amazon dataset. The final sample consists of 156,831 unique stores. Overall, the distribution

of sales activity across stores on Amazon is highly skewed. The average number of products per

store is 4.19, but the standard deviation is large (9.69), and the 90th percentile reaches 10 products.

This indicates a highly unequal structure in which most sellers manage only a few products, while a

small number of large sellers operate extensive product portfolios. Consistent with this skewed size

distribution, the average number of product entries and exits per store-month is also low around

2https://sellercentral.amazon.com/help/hub/reference/external/G200336920
3It should be noted that I cannot observe the true internal production or overhead costs of individual stores. There-

fore, the “margin” discussed here refers strictly to a platform-level margin, calculated by deducting platform fees from
the revenue. While incorporating actual store-level costs would be ideal, such data are practically unobservable. Thus,
these figures must be interpreted purely as a platform-specific margin concept.
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2.2 per month, while the dispersion is substantial. Even though the median is zero, meaning most

sellers do not introduce or withdraw products in a typical month, the upper tail reaches up to five

product entry or exit events. This further suggests that a small group of active, multi-product sellers

drive most of the product turnover on the platform, whereas the majority of sellers operate with

a stable and limited product set. Consumer review variables further illustrate disparities in seller

activity. The average store receives 15.45 reviews per month. The average consumer rating is 2.6,

lower than the median value of 3.58, reflecting a left-skewed distribution driven by a subset of

negative reviews.

The average product price is about $42.4. The price distribution is wide, with the 10th per-

centile at $9.99 and the 90th percentile at $89.99, respectively. Because price information is avail-

able for roughly half of all products in the metadata, the number of observations for this variable

is about 50% smaller than for other variables. Sales-related variables exhibit a similar degree of

skewness. The average total monthly sales per store amount to $667.19, but the standard devia-

tion is as high as $1,826.37, and the median is 119.50. For standardization, I construct sales per

product, and it also shows substantial heterogeneity, with a mean of $80.10 and a 90th percentile

of $184.43. These patterns collectively suggest a highly skewed marketplace where a small subset

of products and sellers account for a disproportionate share of economic activity.

Margins and platform fees also display substantial dispersion across sellers. The average

monthly margin per store is about $530, but the standard deviation is more than double the average

($1,494.55), and the 90th percentile rises to $1,131.59. Average margin per product is similarly

low on average, only $8.87 per product, yet highly dispersed, with a standard deviation of $77.53

and a 90th percentile of $23.71. This indicates that most products generate monthly profits around

11% on average. This variation reflects the coexistence of low-cost private-label sellers, high-cost

niche sellers, and sellers facing intense price competition within their categories.

Platform fees also exhibit substantial variation. Total FBA fees average $56 per store-month,

but the standard deviation reaches $1,224 due to the presence of high-volume sellers who rely

heavily on Amazon’s fulfillment services. Storage fees show similar dispersion, with an average of

$0.87 and a 90th percentile of $1.19, suggesting that only a small fraction of sellers carry large or

slow-moving inventories. Referral fees, the most ubiquitous fee category, average $139.90 but vary

considerably across sellers (standard deviation of $1,238.55), reflecting differences in sales levels,
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listing price, and category-specific referral fee rates. Summing across categories, the total monthly

fees paid by a store average nearly $197, with the 90th percentile exceeding $306, indicating that

fee burdens increase sharply for high-volume sellers.

Overall, the dispersion in margins and fees highlights that Amazon’s marketplace supports a

highly heterogeneous group of sellers with markedly different cost structures, business models, and

competitive environments. These patterns further reinforce the implication that platform outcomes

are dominated by a relatively small subset of large, active sellers while the majority of sellers

participate at a much smaller scale.

[Insert Table 1 Here]

2.3 Linkage with US Firm-level Variables

In the next step, I link the processed Amazon dataset to firm-level information for publicly

listed U.S. companies. This linkage allows us to examine how firms operating on digital platforms

engage in product market strategies and how such platform-level activities relate to their corporate

performance and innovation behavior. In particular, this integrated dataset enables the analysis of

how firm-level characteristics shape, and are shaped by, their platform-based brand operations.

To establish this linkage, I implement a multi-stage fuzzy matching procedure connecting Ama-

zon sellers (stores) to actual firms. In the first stage, each Amazon store name (brand name) is

matched with the corresponding trademark name in the United States Patent and Trademark Office

(USPTO) dataset. The USPTO dataset contains detailed information on all registered trademarks

in the United States, including the trademark text and the name of the trademark owner. In the sec-

ond stage, the owner name is used to identify the corresponding firm in the Compustat database,

thereby linking brand-level activities on Amazon to firm-level financial and organizational data.

Because Amazon requires sellers participating in its Brand Registry to hold a registered (or

pending) trademark under the USPTO or an equivalent intellectual property authority, this institu-

tional condition provides a strong basis for assuming correspondence between Amazon stores and

USPTO-registered trademarks.4 In this paper, the matching procedure employs a text similarity

approach based on term frequency–inverse document frequency (TF-IDF) and cosine similarity to

4https://sell.amazon.com/blog/brand-registry-requirements
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compute the closeness between store names and trademark names (e.g., Paulsen et al., 2023).5 In

this version, I conservatively retain only the matches with a perfect similarity score (100%) for

the baseline analysis, while manually reviewing and refining the linkage to improve coverage and

accuracy over time.

Through this process, I identify 552 unique publicly listed U.S. firms that can be reliably

matched to Amazon stores. This firm–platform integrated dataset provides a novel foundation

for analyzing how digital platform participation interacts with firm-level competition, innovation,

and performance outcomes.

2.4 Descriptive Statistics of Firm-linked Variables

Table 2 summarizes firm-quarter level characteristics for the 552 publicly listed U.S. firms that

are successfully linked to Amazon’s product market data. All financial variables are drawn from

quarterly Compustat and expressed in millions of U.S. dollars. Overall, the linked firms represent

a broad cross-section of the U.S. corporate sector, encompassing both large, diversified enterprises

and smaller, specialized companies that actively operate on Amazon’s marketplace.

Firm size and asset distributions are highly skewed, reflecting the heavy right tail typical of

publicly traded firms. The mean market capitalization is approximately $64.9 billion, whereas the

median is only $5.6 billion, suggesting that a few mega-cap firms dominate the distribution. The

book-to-market ratio exhibits a mean of 0.46 and a median of 0.36, consistent with a predominance

of growth-oriented firms among those engaging with Amazon. A similar pattern appears in total

assets, which average $52.7 billion with a median of $5.8 billion.

Sales and profitability measures also display substantial dispersion. Average quarterly sales

amount to roughly $5.4 billion, but the median is below $1 billion, again indicating wide hetero-

geneity in firm scale. Net income averages $818 million per quarter, with a median of only about

$54 million, underscoring that most firms in the sample are much smaller and less profitable than

the largest outliers. Research and development expenditures show a mean of $850.84 million and

a median of $45.43 million, implying that only a subset of firms invest heavily in innovation while

5Specifically, I compute character-level n-gram (2–5) TF-IDF vectors for both datasets and measure pairwise cosine
similarity between store and trademark names. For each trademark, I identify the store name with the highest similarity
score as its best match.
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the majority spend relatively little on R&D.

Lastly, the number of Amazon stores linked to each firm, reveals notable variation in firms’

platform engagement. On average, each firm operates about 15 distinct stores on Amazon, with a

median of 3 and a 90th percentile of 63. This dispersion reflects heterogeneous platform strategies:

while many firms maintain a limited online presence under a small number of brand storefronts, a

minority of firms leverage Amazon extensively through multiple brand or product-line stores.

Overall, these statistics indicate that firms integrated with Amazon’s marketplace are not con-

fined to a particular segment of the corporate distribution. Instead, they encompass both large

multinationals and smaller niche players, providing a comprehensive view of how participation in

digital platforms interacts with firm-level financial and strategic characteristics.

[Insert Table 2 Here]

3 What Drives Digital Platforms?

The competitiveness of digital platforms depends less on traditional production factors or

economies of scale and more on how broadly and precisely they can collect and utilize data (Martens,

2021; Bergemann and Bonatti, 2024). In traditional product market, market power is typically mea-

sured by prices, profit margins, or market concentration (e.g., HHI). Yet such indicators is expected

to fail to capture the distinctive nature of the platform economy, where informational asymmetry

between the platform and other market participants is the fundamental source of competitive ad-

vantage (Eisenmann et al., 2011; Demary and Rusche, 2018).

In platform markets, the primary asset is the accumulated data from consumers and products.

By observing the entire spectrum of user behaviors, platforms and sellers continuously learn the

structure of market demand in real-time (Parker and Van Alstyne, 2005; Anderson and Bedre De-

folie, 2024). In particular, platforms such as Amazon can infer consumer preferences with high

granularity from massive digital traces, such as search queries, product reviews, star ratings, clicks,

and conversion rates, whereas individual sellers can only observe the performance of their own

products (Dinerstein et al., 2018; Crawford et al., 2022).6 This structural information asymmetry

6Although sellers can access certain market-level metrics through programs like Amazon Brand Analytics or rely
on third-party estimation tools (e.g., Helium 10, Jungle Scout), they do not have the ability to purchase raw, user-level
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constitutes the foundation of the platform’s informational dominance within the market (Hagiu

et al., 2022; Zennyo, 2022; Bergemann and Bonatti, 2024).

This data-driven competitive structure fundamentally differs from the mechanisms observed

in traditional product markets. For instance, when offline retailers such as Walmart entered lo-

cal markets, their competitive advantage largely stemmed from price reductions and supply-chain

efficiency gains that enhanced consumer welfare (Basker, 2007; Hausman and Leibtag, 2007). In

contrast, digital platform, such as Amazon, transforms market structure through data accumulation,

improving the precision of demand forecasting and matching efficiency (Etro, 2021; Gutierrez Gal-

lardo, 2021).

Accordingly, while Walmart’s advantage is grounded in logistics and price competition, Ama-

zon’s strength lies in its predictive power and learning rate derived from data. This process benefits

consumers by offering richer information and more personalized choices, yet simultaneously ex-

poses sellers to copycat risks and downward pressure on profitability (Lee, 2013; Arcidiacono

et al., 2020; Long and Amaldoss, 2024). Consequently, data power in platform markets is not

merely a source of efficiency but a transformative force that reshapes both market competition and

welfare distribution (Kirpalani and Philippon, 2020; Hagiu et al., 2022; Bergemann and Bonatti,

2024).

Building on these insights, I construct a Data Power Index (DPI) to empirically measure the

informational advantage of digital platforms. Using this measure, I analyze (i) price and product-

structure dynamics within the platform, (ii) consumer engagement and welfare responses, (iii)

strategic and financial adjustments among U.S. public firms exposed to high-DPI categories, and

(iv) whether Amazon’s own brand entry decisions are systematically predicted by prior increases

in category-level DPI. Overall, this section conceptualizes data power as the central competitive

engine of the digital platform economy, and the following section demonstrates how it can be

empirically employed.

platform data. Consequently, a fundamental information asymmetry persists: the platform observes the complete,
granular customer journey across the entire ecosystem, while sellers are restricted to aggregated indices and their own
localized sales data.
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3.1 Theoretical Motivation of Data Power Index (DPI)

The conceptual foundation of the Data Power Index (DPI) rests on the economics of informa-

tion in digital platforms. For example, Bergemann and Bonatti (2024) characterize data power not

merely as the accumulation of volume, but as an informational advantage, specifically, the preci-

sion gap between a platform’s knowledge of consumer preferences and the generic market priors.

To formalize this concept and derive a structural form for measurement, I adopt the two-sided

directed search framework of Kirpalani and Philippon (2020), which decomposes platform value

creation into two orthogonal components: matching technology and information technology.

Consider a platform inter-mediating between a mass of buyers Nb and sellers Ns. The total

number of matches formed is governed by the platform’s matching technology, denoted by α .

This parameter captures the efficiency of the infrastructure reducing search frictions. The matching

function is given by:

M(Nb,Ns) = αNγ

b N1−γ
s , (1)

where α represents the baseline matching efficiency, effectively measuring the quantity of trade

facilitated by the platform.

However, the volume of matches is insufficient to characterize value in digital markets. The

quality of these matches depends on the platform’s information technology, denoted by δ . Kir-

palani and Philippon (2020) model δ as the precision of the signal σ that the platform generates to

steer consumers toward their preferred variety ui. Formally, if a consumer’s true ideal variety is u,

the platform observes a signal σ with precision δ :

Pr(σ = i | ui = u) = δ . (2)

Assuming rational Bayesian updating, the parameter δ maps directly to the posterior probability

of a successful match. That is, conditional on the platform recommending product i (σ = i), the

probability that the consumer actually derives utility from it is exactly δ :

Pr(ui = u | σ = i) =
Pr(σ = i | ui = u)Pr(ui = u)

∑ j Pr(σ = i | ui = j)Pr(ui = j)
= δ . (3)

Thus, δ serves as a sufficient statistic for the platform’s ability to identify specific consumer tastes
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among heterogeneous varieties, interpreted effectively as the probability of ex-post consumer satis-

faction. In other words, δ implies the platform’s ability to resolve uncertainty about heterogeneous

consumer tastes, such that it captures the precision of identifying ‘who likes what’ rather than

identifying ‘what is best’.

The critical implication of this framework is that the value generated for participants is multi-

plicative in these two dimensions. The equilibrium value functions for sellers (Vs) and buyers (Vb)

are derived as:

Vs(δ ,n) ∝ α ·δ ·n−γ , (4)

Vb(δ ,n) ∝ α ·δ ·n1−γ . (5)

Equations (4) and (5) demonstrate that data power cannot be captured by matching efficiency (α)

or information precision (δ ) in isolation. A platform with high traffic but poor targeting (high α ,

low δ ) generates low surplus, as does a platform with perfect precision but no scale (low α , high

δ ).

Consequently, to empirically gauge the platform’s data power at the category level, any valid

index must mirror this functional form. I therefore define the Data Power Index (DPI) not as a

linear combination, but as the interaction of observable proxies for these two latent parameters:

Data Powerst ≡ f (α̂st)×g(δ̂st). (6)

In the subsequent empirical specification, I construct α̂st to proxy for the transactional friction

and volume (matching technology) and δ̂st to proxy for the resolution of uncertainty regarding

consumer preferences (information technology).

3.2 Constructing Data Power Index (DPI)

Building on the theoretical decomposition of platform value derived in Section 3.1, this section

details the construction of the Data Power Index (DPI). I first define the baseline measure used

throughout the main analysis, followed by a discussion of potential measurement concerns and the

alternative specifications constructed to address them.
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3.2.1 The Baseline Measure

The primary measure, simply denoted as DPI, is designed to capture the fundamental accu-

mulation of information through two orthogonal dimensions: the capacity of the matching infras-

tructure and the precision of consumer targeting (Kirpalani and Philippon, 2020). To reflect the

theoretical complementarity between these dimensions, I aggregate them using a geometric mean:

DPIs,t =

√√√√√√√ψ

(
1

|Js,t | ∑j∈s
log(1+N j,t)

)
︸ ︷︷ ︸

Matching Efficiency (α)

×ψ

(
1

|Js,t | ∑j∈s

[
Avg.Rating j,t ×Entropy(Rating) j,t

])
︸ ︷︷ ︸

Information Precision (δ )

(7)

where j indexes individual products within category s at time t, and |Js,t | is the total number

of products in that category-month. For the matching capacity (α), N j,t represents the number

of reviews for product j, and the log-transformed volumes are averaged across all products. For

the information precision (δ ), Avg.Rating j,t represents the product’s average consumer rating, and

Entropy(Rating) j,t denotes the Shannon entropy of the 1-to-5 star rating distribution for product

j. The precision component aggregates this interaction across all products in the category. The

function ψ(·) denotes the Min-Max normalization operator, which scales each component to the

unit interval [0,1] before taking the geometric root. The use of the geometric mean imposes strict

complementarity: a platform cannot possess true data power if either its transaction volume or its

matching precision is near zero.

The justification for these proxies is grounded in the structural decomposition of platform value

(Kirpalani and Philippon, 2020). First, the average product-level review volume proxies for the

matching capacity (α). Ideally, the most precise measure of a platform’s matching efficiency

would rely on the exact algorithms and granular user inputs, such as individual browsing histories,

search queries, and click-stream data, that Amazon uses to match buyers and sellers. However,

these algorithmic mechanics are closely guarded trade secrets, rendering the direct observation of

the matching process practically impossible (OECD, 2022). Given this structural data limitation,

the most viable empirical strategy is to measure the outcome of the matching technology rather

than its underlying process.
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While actual product-level transaction volumes are the definitive outcome of successful match-

ing, they remain unobservable without proprietary internal data. Consequently, the closest empir-

ical proxy for realized matches is consumer feedback. Because consumers can only leave a rating

after completing a transaction, this feedback serves as a verifiable footprint of a successful match.

Indeed, a well-established literature affirms that review volume acts as a robust proxy for actual

sales and transactional liquidity (Chevalier and Mayzlin, 2006).

In the Kirpalani and Philippon (2020) framework, α represents the efficiency with which the

platform converts buyer and seller traffic into successful transactions. By utilizing consumer feed-

back volume, we capture this exact dynamic. Furthermore, by calculating the log-volume at the

product level before averaging, this specification prevents the metric from being overwhelmingly

skewed by a single superstar product, ensuring that α captures broad and robust transactional liq-

uidity across the category’s catalog. A higher average review volume implies that the platform has

successfully minimized the friction of bringing buyers and sellers together, effectively expanding

the quantity of trade (Anderson and Bedre Defolie, 2024).

Second, to proxy for information precision (δ ), I utilize the product-level interaction of av-

erage consumer satisfaction and the dispersion of consumer opinions. Unlike matching capacity,

information precision is theoretically tied to consumers’ ex-post satisfaction, making the average

rating a necessary empirical baseline to capture vertical match quality. However, using the aver-

age rating in isolation is structurally insufficient for measuring a platform’s data power. While a

high average rating successfully captures general product acceptability, indicating that a product

is broadly appealing to the average consumer, it fails to reveal the nuances of idiosyncratic tastes,

such as whether a product serves a specific niche segment with heterogeneous preferences.

Theoretical frameworks, including Kirpalani and Philippon (2020), emphasize that a platform’s

true informational advantage lies not in identifying universally good products, but in steering het-

erogeneous consumers toward their unique ideal varieties. Consequently, measuring data power

requires capturing the extent to which a platform recognizes and satisfies this diversity of prefer-

ences. The inclusion of Entropy(Rating) j,t exactly captures this capacity to resolve heterogeneity.

Following the framework of Kirpalani and Philippon (2020), I interpret δ as the probability of

successfully steering consumers toward their idiosyncratic ideal varieties. In a data-poor environ-

ment (low δ ), the platform relies on aggregate priors, maximizing match probability by promoting
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generic products with broad, uncontroversial appeal. This strategic concentration results in ho-

mogenized feedback patterns, where reviews are uniformly concentrated at the maximum rating

(e.g., universally 5-stars), yielding a low rating entropy.

Conversely, an informational advantage enables the platform to implement precision steer-

ing, matching specific consumers to niche, polarizing products that would otherwise face high

search frictions. This granular matching resolves horizontal differentiation, mechanically increas-

ing Entropy(Rating) j,t as the product attracts a diverse set of idiosyncratic opinions. Indeed,

Clemons et al. (2006) emphasize that in information-rich environments, such “hyper-differentiated”

products, those eliciting polarizing, high-variance feedback, generate immense value precisely be-

cause they cater to passionate niche segments rather than generic preferences. However, opinion

dispersion alone is insufficient; it is only a valuable signal of data power if the matches ultimately

satisfy the targeted consumers.

This structural requirement necessitates the multiplicative functional form between average rat-

ings and rating entropy. As mathematically demonstrated by Sun (2012), the informational value

of rating variance is strictly contingent on the mean. A product with a low average rating and

high entropy typically indicates poor or inconsistent quality. In contrast, the interaction of a high

average rating and high entropy uniquely identifies a successful niche product: one that delivers

exceptional utility to a specific consumer segment despite inherent, polarizing taste heterogeneity.

Therefore, by multiplying these two metrics, the δ component acts as a stringent filter, mathemat-

ically rewarding the platform only when it successfully simultaneously resolves horizontal taste

heterogeneity (high entropy) and ensures high vertical match quality (high average rating).

3.2.2 Addressing Measurement Concerns: Alternative Specifications

While the baseline DPI captures the structural dimensions of data power, one might raise con-

cerns regarding the quality, authenticity, and depth of the underlying signals. For instance, prod-

ucts exhibiting both high average ratings and high opinion dispersion could arguably be inflated by

unverified purchases, coordinated fake reviews, or superficial feedback rather than reflecting gen-

uine, precise matching. To mitigate these concerns, I construct two alternative versions (DPIV Q

and DPIDQ) that explicitly account for signal quality, trust, and complexity by evaluating these

metrics at the granular, product level.
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First, to address the noise introduced by unverified purchases, DPIV Q (Verified Quality) incor-

porates the share of verified purchases directly into the precision component:

DPIV Q
s,t =

√√√√√√√ψ(αs,t)︸ ︷︷ ︸
Matching

×ψ

(
1

|Js,t | ∑j∈s

[
Avg.Rating j,t ×Entropy(Rating) j,t ×Valid j,t

])
︸ ︷︷ ︸

Augmented δ

(8)

where αs,t =
1

|Js,t | ∑ j∈s log(1+N j,t) represents the baseline volume capacity, j indexes individual

products within category s, |Js,t | is the total number of products, and Valid j,t denotes the share of

verified purchases. By integrating Valid j,t , this specification heavily penalizes categories where

signals are distorted by fake reviews.

Another concern is that star ratings and their entropies are relatively coarse signals that may

fail to capture the full nuance of consumer learning. In markets with complex products, the

true data power lies in the rich, contextual details provided by users. To capture this depth of

engagement, DPIDQ (Deep Quality) introduces a composite richness weight, defined as Ω j,t =

Valid j,t × Img j,t × (1+Len j,t):

DPIDQ
s,t =

√√√√ψ(αs,t)×ψ

(
1

|Js,t | ∑j∈s

[
Avg.Rating j,t ×Entropy(Rating) j,t ×Ω j,t

])
(9)

where Ω j,t explicitly penalizes unverified reviews while rewarding visual evidence (Img j,t , the av-

erage percentage of reviews with images) and detailed textual feedback (Len j,t , the log-transformed

average word count). A high DPIDQ thus identifies categories where the platform learns not just

from a binary transaction outcome, but from the immense complexity and depth of the consumer

feedback.

Despite these differences in construction, all three specifications share the same structural form

derived from the Kirpalani and Philippon (2020) framework. As shown in the subsequent empirical

results, the main findings remain robust across DPI, DPIV Q, and DPIDQ.
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3.3 Stylized Facts of Data Power Index (DPI)

The Data Power Index (DPI) quantifies the platform’s informational capacity and learning pre-

cision over time. Figure 1 plots the time-series evolution of the DPI from 2000 to 2022, split by

Amazon’s private label entry status. The red line represents the average DPI for categories that

Amazon brands eventually entered, demonstrating a steady and significant increase in informa-

tional richness over time. In contrast, the blue line tracks the categories that remained untouched

by Amazon brands, which exhibit a gradual decline in their DPI. This distinct divergence highlights

that categories targeted by Amazon possess a structurally different trajectory of data accumulation

compared to non-targeted ones, motivating subsequent analysis on how the platform leverages this

informational advantage.

[Insert Figure 1 Here]

To further validate the empirical relevance of the DPI and explore its relationship with plat-

form noise, this paper examines a specific exogenous shock, the COVID-19 pandemic. Figure 2

plots the monthly evolution of the overall DPI alongside the share of nonsense brands between De-

cember 2018 and December 2020. This case study yields two critical insights into the platform’s

informational dynamics.

First, the DPI exhibits a distinct spike corresponding to the onset of the COVID-19 pandemic.

As global lockdown induces an unprecedented shock to offline retail, digital platforms experienced

an explosive influx of both consumers and third-party sellers. The sharp increase in the DPI during

this period demonstrates that this index effectively captures the sudden surge in platform-level data

generation and informational richness driven by real-world macroeconomic phenomena.

Second, the figure highlights a dynamic between the DPI and the proliferation of nonsense

brands.7 While the share of nonsense brands shows a steady upward trend over the sample pe-

riod, it fundamentally moves in the opposite direction of the DPI. Conceptually, nonsense brands,

which frequently rely on counterfeit products, algorithmic naming conventions, and fake reviews

7To systematically identify these entities, this paper develops a hybrid detection algorithm. The algorithm first
screens out established, legitimate entities using a comprehensive global brand whitelist (e.g., Fortune 500 and Forbes).
For the remaining store names, it computes a nonsense score by evaluating linguistic anomalies, such as high consonant
density, lack of vowels, unnatural character repetitions, and the use of rare letters, supplemented by an algorithmic
gibberish detector (i.e., the nostril package) and non-English character penalization.
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to sustain their business models, do not contribute valuable consumer signals. Instead, they act as

informational pollution or noise that degrades the platform’s learning efficiency. Consistent with

this visual evidence, pairwise correlations confirm a meaningful negative relationship between the

nonsense brand exposure and our DPI measures, with correlation coefficients ranging from −0.08

to −0.19 across the baseline and adjusted DPI versions (untabulated). This negative correlation

supports the premise that a higher penetration of opportunistic, low-quality sellers structurally im-

pairs the platform’s data power by diluting the quality of actionable consumer feedback.

[Insert Figure 2 Here]

Next, Table 3 summarizes the cross-sectional properties of the three DPI measures. Panel A

reports descriptive statistics based on 6,723 category–month observations from 2000 to 2022. The

average values of the baseline DPI, DPIV Q, and DPIDQ are 0.52, 0.51, and 0.49, respectively,

with standard deviations ranging from 0.23 to 0.28. The 10th percentiles lie between 0.13 and

0.17, whereas the 90th percentiles range from 0.80 to 0.92, indicating substantial dispersion in the

platform’s informational environment across categories. This heterogeneity suggests that while

some product categories accumulate rich and varied consumer feedback, providing Amazon with

stronger informational advantages, others remain relatively data-sparse and exhibit lower learning

efficiency.

Panel B reports the correlation matrix among the DPI measures. The three DPI versions are

strongly positively correlated with one another, with pairwise correlations ranging from 0.75 to

0.91. This high correlation indicates that while DPIV Q and DPIDQ incorporate stricter adjustments

for data credibility and dynamic learning, they capture closely related dimensions of the underlying

fundamental data environment. These results confirm that the refined DPI measures reflect a robust

and consistent variation in the platform’s information accumulation.

[Insert Table 3 Here]

Overall, DPI exhibits a long-run, monotonic increase, consistent with the cumulative strength-

ening of Amazon’s data-based learning capacity. Second, the hierarchical structure across DPI

versions implies that incorporating stricter informational filters yields lower absolute values but

greater interpretive precision. Third, the wide dispersion across categories highlights persistent
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heterogeneity in the platform’s data environment. Finally, the evolving trends suggest that Ama-

zon’s information infrastructure systematically matures over time.

3.4 How does DPI relate to Amazon Product Market Dynamic?

In this section, I examine how the Data Power Index (DPI) maps into store outcomes in Ama-

zon’s product market. The key idea is that a higher DPI today reflects a richer and more precise

information environment at the category level, which allows the platform to match consumers to

products more accurately tomorrow. If Amazon uses this informational advantage when ranking,

recommending, or promoting products, then categories with higher DPI should exhibit systemat-

ically different store-level outcomes, such as prices, sales, margins, and product scope, in subse-

quent periods.

Empirically, I therefore focus on the lagged DPI rather than its contemporaneous value. Using a

contemporaneous measure DPIc,t would raise timing and simultaneity concerns, because the index

is partly constructed from reviews and transactions that are themselves outcomes of store perfor-

mance in month t. In contrast, DPIc,t−1 summarizes the information environment that the platform

has already accumulated before month t and can leverage when shaping demand allocation and

competitive interactions in that month. Lagging DPI in this way helps mitigate look-ahead bias

and mechanical feedback from Yi,c,t into the construction of the index, and it aligns more closely

with the interpretation of DPI as a predetermined measure of data-based informational power.

To differentiate this information-based view of platform power to traditional notions of product

market structure, I also compare DPI against the standard Herfindahl–Hirschman Index (HHI) at

the category level. Comparing the explanatory power of DPI and HHI allows me to assess whether

variation in store outcomes, conditional on fixed effects, is better accounted for by data-driven

informational advantages or by conventional concentration-based measures of market power.

Formally, I estimate the following specification:

Yi,c,t = α + β DPIc,t−1 + X ′
i,c,t−1θ + δi + γt + εi,c,t , (10)

where Yi,c,t denotes a store i outcome in category c and month t (e.g., logarithm value of store’s

average price, total sales per product, average margin per product, number of existing products,
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and rolling three month of net new products). The independent variable, DPIc,t−1, is the lagged

category level DPI constructed in equation (7) to (8). The vector Xi,c,t−1 collects time varying

controls such as the number of verified reviews and HHI, and I include store fixed effects δi and

year–month fixed effects γt . Standard errors are clustered at the store–month level. I use DPI as

our baseline index in the main text and show that all results are robust to alternative constructions

DPIDQ and DPIV Q in the Online Appendix.

Table 4 reports the panel regression estimates linking the lagged category–month DPI to store

outcomes in Amazon’s marketplace. The specifications include the lagged category-level Herfindahl–

Hirschman Index (HHI) as a standard proxy for product market concentration, along with lagged

average ratings and verified reviews as additional controls, as well as store and year–month fixed

effects. The results indicate a consistent expansion on the product–portfolio margin followed by

a pro–competitive adjustment on the price–quantity margin and subsequent margin compression.

Moreover, they show that DPI has substantially stronger explanatory power than HHI once both

are included.

First, columns (1) and (2) examine the extensive margin of product scope, demonstrating how

higher data power improves matching precision and attracts product entry. Column (1) shows that

the number of existing products carried by a store increases with DPI, significant at the 1% level,

with an estimated coefficient of 0.29. A one–standard–deviation improvement in DPI (0.28) is

associated with an increase of 0.08 products, which is about 1.9% of the mean number of existing

products (4.231). Column (2) similarly indicates that rolling three–month net new products rise

with DPI, significant at the 1% level, with an estimated coefficient of 0.47. The implied effect of a

one–standard–deviation increase in DPI is 0.13 additional net new products over three months, or

about 144% of its mean value of 0.0910, highlighting the sensitivity of entry margins to the data

environment. In contrast, HHI has a near-zero and insignificant coefficient in both specifications.

These findings are consistent with the long-tail view that lower discovery and search costs expand

variety by improving the match between niche demand and supply (Brynjolfsson et al., 2011).

Second, this influx of products and improved data precision intensify market competition,

which subsequently drives down prices. Column (3) shows that a higher DPI in the previous

month is associated with a statistically significant decline in next month’s log average price at

the 1% level, with an estimated coefficient of −0.06. This implies that a one–standard–deviation
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increase in lagged DPI corresponds to a −0.017 change in log price. By contrast, the coeffi-

cient on lagged HHI is essentially zero and statistically insignificant, indicating that variation in

prices, conditional on store and time fixed effects, is driven by differences in data precision rather

than by static concentration. This pattern is consistent with the view that richer and more pre-

cise data reduce search and matching frictions, intensify price competition, and compress markups

(Bergemann and Bonatti, 2024), in line with evidence that lower search costs in online markets

strengthen price competition and reduce average prices even as some dispersion may persist (Baye

et al., 2006).

Third, column (4) shows that alongside lower prices, lagged DPI is positively related to sales

per product, significant at the 1% level, with an estimated coefficient of 27.25. A one–standard–

deviation increase in DPI thus raises sales per product by 7.63 units, which amounts to about 9.5%

of the mean sales per product (80.54). HHI enters with a much smaller coefficient of 0.39 and is

statistically insignificant, implying that variation in sales is overwhelmingly associated with the

informational environment captured by DPI. Together with lower prices, this pattern suggests that

improvements in data precision increase visibility and relevance in search and recommendation,

raise conversion, and reallocate demand toward better-matched products (Chevalier and Mayzlin,

2006).

Finally, column (5) reveals the ultimate impact on seller profitability. The average margin per

product decreases with DPI, significant at the 1% level, with an estimated coefficient of −3.35. A

one–standard–deviation increase in DPI lowers the average margin by −0.94 units, corresponding

to a reduction of roughly 10.5% relative to its mean (8.919). In contrast, the coefficient on HHI is

small (0.04) and statistically insignificant. This negative margin response captures the fundamental

trade-off of platform-driven demand: while sellers experience higher sales volume, the intensified

competition and the platform’s ability to extract rents (e.g., via fees and targeted steering) place

tighter constraints on extracting margins from consumers (Bergemann and Bonatti, 2024). The

fact that DPI, but not HHI, strongly predicts this margin compression highlights that informational

power rather than static concentration drives this effect.

Overall, a one–month improvement in category–level data precision is highly associated with

broader product assortments and faster net entry, which subsequently lead to lower prices, higher

unit sales, but compressed margins at the store level. Importantly, these effects remain large and
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highly significant even after controlling for category–level HHI, while the coefficients on HHI

are generally small and often economically negligible. Appendix Table IA.2 shows that when

DPI is removed and lagged HHI is used as the sole market–structure variable, HHI is statistically

indistinguishable from zero for prices, margins, product scope, and net entry, and even for sales

per product its effect is economically tiny compared with the DPI estimates in Table 4. Appendix

Table IA.3 further shows that higher DPI actually predicts more competitive market structures, in

that an increase in lagged DPI is followed by lower HHI and higher entropy of seller sales in the

next month.

What matters is not only how fragmented the seller side is, but how effectively the platform

can use accumulated data to steer demand. DPI captures this information–based source of market

power, and the evidence indicates that such data power has first–order implications for product

variety, prices, and quantities that are largely orthogonal to what can be inferred from conventional

product–market measures such as HHI or entropy alone.

[Insert Table 4 Here]

3.5 How Does Firm in Amazon React to Data Power Index (DPI)?

I have shown above that category–month DPI is tightly linked to marketplace dynamics on

Amazon, such that higher DPI is associated with lower prices, higher quantities, margin compres-

sion, and richer product assortments, while standard market power measure (i.e., HHI) does not. A

natural next question is whether firms that sell on Amazon adjust their corporate policies when the

platform’s data environment strengthens. This question matters because it bridges two strands of

literature. First, the traditional product market literature predicts that stronger competition induces

cost discipline and operational efficiency, as firms respond to tighter markups and greater demand

uncertainty (Syverson, 2011). It also highlights a competition–innovation link in which more in-

tense rivalry can shift firms toward expanding their innovation output and pivoting toward younger

knowledge bases for faster renewal (Aghion et al., 2005). Second, the digital–platform literature

emphasizes that data accumulation improves targeting and matching, reallocates surplus toward

consumers, and thereby puts sustained pressure on seller markups (Bergemann and Bonatti, 2024).

When search and discovery costs fall, product variety expands and experimentation becomes more
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attractive (Brynjolfsson et al., 2011).

In this paper, the key question is how these familiar product market forces manifest in a digital

platform environment, and whether they are primarily captured by traditional concentration mea-

sures such as HHI or by a platform–specific data power measure such as DPI. Accordingly, these

perspectives imply that a rise in DPI should translate into observable adjustments in firm revenues,

operating costs, and both the scale and age structure of their innovation portfolios. Comparing

responses to DPI and HHI can reveal that digital platforms are disciplined by competition much

like traditional markets, but through a data–driven channel that standard market power measures

fail to capture.

To test these predictions, I estimate an analog of equation (10) at the firm–quarter frequency,

replacing store and year–month fixed effects with firm and year–quarter fixed effects. Accordingly,

the independent variable is the category–level DPI, lagged one quarter to mitigate simultaneity and

to capture low–frequency corporate responses. Tables 5 and 6 report results for (i) firm sales and

operating outcomes (revenue, sales, cost of goods sold, operating expense, and SG&A expense),

and (ii) innovation outcomes (the cumulative number of active patents, and the average age of the

patent portfolio based on active holdings and application dates). Except for the patent age variables

(which are measured in years), all other dependent variables are normalized by total assets.

3.5.1 Sales and Operating Efficiency

Table 5 summarizes how sales, revenues, and operating efficiency respond to variation in DPI.

In column (1), I find that lagged DPI is negatively associated with firm revenue, statistically signif-

icant at the 1% level. Economically, a one–standard–deviation increase in DPI (0.28) is associated

with a decline in normalized revenue of about 4.4% relative to its mean (0.219). Column (2) shows

a nearly identical effect for sales, with quarterly sales falling by roughly 4.4% relative to their

mean. This decline in top-line metrics is consistent with the product-market evidence in Table 4,

where intensified platform competition drives down prices and compresses per-product margins.

To absorb these tighter margins, columns (3) through (5) show that firms aggressively adjust

their cost structures. Specifically, I document large and statistically significant declines in the cost

of goods sold (column 3), operating expense (column 4), and SG&A expense (column 5). Accord-

ingly, these results suggest that firms respond to the platform’s strengthening data environment by
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cutting variable and overhead costs to protect profitability.

Importantly, these patterns are specific to DPI. Once I control for the standard product–market

concentration measure, HHI, the DPI coefficients remain large and statistically significant, whereas

the HHI coefficients are economically minuscule and statistically insignificant across all speci-

fications. In other words, traditional concentration does not explain firms’ sales and operating

adjustments, but the platform’s data power does. Overall, the evidence is consistent with theo-

retical models and empirical work showing that stronger product market competition compresses

markups and prompts managers to cut costs and improve productivity (Syverson, 2011; Bergemann

and Bonatti, 2024), while these forces operate through a digital platform data channel captured by

DPI rather than by HHI.

[Insert Table 5 Here]

3.5.2 Innovation Outcomes

Table 6 relates DPI to firms’ innovation outcomes and patent portfolio age profiles. In the in-

novation literature, the age distribution of a firm’s patent portfolio is an empirical proxy for the

recency and renewal of its knowledge base, capturing shifts toward exploration versus exploita-

tion and the obsolescence of incumbent technologies (Hall et al., 2005; Aghion et al., 2005; Ma,

2025). In column (1), I first find a positive association between lagged DPI and the cumulative

number of active patents, statistically significant at the 10% level, suggesting a general expansion

in innovation output.

Next, columns (2) and (3) reveal a structural shift in the age of these innovation portfolios. In

column (2), I document a negative association between lagged DPI and the average age of active

patents, statistically significant at the 1% level. This indicates that a one–standard–deviation in-

crease in DPI (0.28) implies an age reduction of about 0.60 years, or roughly 4.7% of its mean

(12.69). In column (3), using portfolio age measured by application date, the coefficient is again

negative and statistically significant at the 5% level. The implied reduction is about 0.40 years, or

around 2.8% of its mean (13.86). The coefficients on HHI in all columns are small and statisti-

cally indistinguishable from zero, suggesting that shifts in the scale and age profile of innovation

portfolios are not explained by changes in standard concentration measures once DPI is taken into
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account.

Therefore, the results point to a rotation toward younger intellectual property and a quicker

renewal cycle. In practical terms, a richer data environment reduces search frictions and raises the

expected payoff to launching new varieties and learning from early demand signals. To capitalize

on this, firms refresh their portfolios rather than relying on older assets. Given the product market

evidence of expanding variety, the younger age profile suggests that firms not only list more prod-

ucts but also feed that expansion with newer technologies, consistent with theories that stronger

competition and lower search costs increase the return to exploration and experimentation (Aghion

et al., 2005; Brynjolfsson et al., 2011).

[Insert Table 6 Here]

In sum, higher DPI does not merely reorganize transactions on the marketplace, but it is asso-

ciated with economically meaningful firm–level adjustments. Firms adopt leaner cost structures

by aggressively reducing operating and SG&A expenses, and tilt their patent portfolios toward

younger assets. These relationships remain strong even after controlling for traditional prod-

uct–market concentration, and the corresponding HHI coefficients are small and statistically in-

significant. Thus, the adjustments documented in these results are not driven by standard concen-

tration but by the platform’s data power. These responses align with the dual predictions of the

competition literature and the data–rich platform literature, highlighting that DPI captures a struc-

tural feature of the platform that shapes corporate financial and innovation choices in ways that

HHI does not.

4 Does Data Power Index (PDI) Predict Amazon’s Brand En-

try?

Over the last two decades, digital platforms have evolved from intermediaries into direct mar-

ket participants. In many online marketplaces, the platform launches its own private label products

and competes side by side with third-party sellers. Amazon, for example, sells Amazon Basics,

Pinzon, and Solimo alongside millions of third-party listings, and Alibaba’s Tmall operates pro-

prietary lines such as Tmall Supermarket. This platform-as-seller model raises central questions
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for competition, market structure, and seller incentives, because the platform can influence search

rankings, advertising placement, and access to consumer data. Amazon provides a data-rich set-

ting for these questions. Since the mid-2000s, the company has introduced dozens of private labels

across categories such as Electronics, Health & Household, and Grocery. These staggered entries

create useful variation for studying competitive effects, and recent antitrust actions, including the

2023 U.S. Federal Trade Commission (FTC) lawsuit against Amazon, have further elevated the

policy relevance of this topic. 8

If platform competitiveness is driven less by traditional inputs and economies of scale and more

by the breadth and precision with which data can be collected and used (Martens, 2021; Bergemann

and Bonatti, 2024), then price, margins, and concentration measures such as HHI may be insuf-

ficient statistics for platform markets, where informational asymmetries and access to consumers

are pivotal (Eisenmann et al., 2011; Demary and Rusche, 2018). I therefore ask whether Ama-

zon’s private label entry is explained by traditional category-level variables, and if not, whether

a data-centric measure such as the Data Power Index (DPI) adds predictive power. Evidence that

DPI forecasts entry, conditional on standard controls, would suggest that DPI captures a platform-

specific mechanism that traditional product-market variables do not.

The theoretical framework in Kirpalani and Philippon (2020) is instructive. They formalize

how more precise information increases the platform’s outside option, that is, a copycat threat,

and reduces the seller’s outside option through a consumer access externality. In their model, an

information precision parameter directly shifts the bargaining power balance between the platform

and sellers. Interpreted in our setting, Amazon has incentives to select categories where data

power is high, then to combine that informational advantage with platform infrastructure, including

search, ads, logistics, and reviews. A natural empirical prediction is that categories with higher DPI

should exhibit higher probabilities of Amazon brand entry.

I begin with Appendix Table IA.1, which summarizes the timing and scope of major Amazon’s

private label entry by category. For each treated category, I report the month and year of the first

entry and the main brands launched. I construct these entries by cross-validating multiple public

sources. The variation in both timing and categories provides the basis for event-time analysis and

8https://www.ftc.gov/news-events/news/press-releases/2023/09/ftc-sues-amazon-illegally

-maintaining-monopoly-power
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for cross-sectional prediction.

As a preliminary evidence, Figure 3 plots the mean number of products for Amazon-affiliated

and non-Amazon brands from 2000 to 2022 at the category–year level. The Amazon series in-

creases notably after 2015, while the non-Amazon series changes only modestly. This pattern

indicates that product variety expands primarily within Amazon’s own brands. The acceleration

after 2015 is consistent with the maturation of internal data and infrastructure, including review

accumulation, ad targeting, and fulfillment efficiencies.

[Insert Figure 3 Here]

Figure 4 reports an event-time difference plot of DPI, defined as the mean difference between

treated categories which experiences Amazon brand entry, and control categories within a ±12

month window around the entry month, t = 0. Two features are informative. First, DPI in treated

categories rises after entry and remains elevated, which is consistent with stronger data preci-

sion and informational capacity at, or immediately following, entry. Second, more importantly,

the mean difference is not zero immediately before entry, and treated categories already exhibit

systematically higher DPI than control categories. This pre-entry level gap implies nonrandom se-

lection, that is, Amazon appears to prospect and prioritize categories with higher data power prior

to entry. In other words, DPI functions both as a leading signal for entry and as a channel through

which post-entry differences persist.

[Insert Figure 4 Here]

These patterns have direct implications for estimation and interpretation. Because selection

is likely, I move beyond raw means and estimate probit models in which entry is the dependent

variable, traditional category-level variables, including price, margins, and HHI, are included as

controls, and DPI is added as a data-centric predictor. If DPI remains a significant predictor after

these adjustments, this would provide evidence that data power plays a structural, leading role in

platform entry decisions. From a policy perspective, quantifying the link between data access,

algorithmic allocation, and market entry can inform antitrust and platform-governance design.

For third-party sellers, the results speak to strategic choices about category focus, product launch

timing, and investments in advertising and reviews. For consumers, broader private label variety
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may lower prices and improve match quality, yet data-driven entry can also raise concerns about

longer-run concentration and innovation.

4.1 Predictive Power of DPI versus Conventional Measures

This section examines whether Amazon’s first private label entry at the category–month level

is explained by traditional product–market variables, and whether a data–centric measure, the Data

Power Index (DPI), adds incremental predictive power. I estimate the following probit specification

at the category–month level:

Pr
(
Entryc,t = 1

)
= Φ

(
α DPIc,t−1 +X⊤

c,t−1θ+δc + γy +µm

)
, (11)

where Entryc,t indicates whether category c experiences the first Amazon brand entry in month

t, DPIc,t−1 is the one–month lag of DPI, and Xc,t−1 contains one–month lags of conventional

product market predictors and Amazon product quality measures, such as average product price,

sales per product, margin rate, Herfindahl–Hirschman Index (HHI), and consumer metrics, such as

the average number of reviews, the average rating, and the number of products. I include category

fixed effects δc, year fixed effects γy, and month fixed effects µm. Standard errors are clustered at

the category–month level. All regressors are lagged by one month in order to mitigate simultaneity.

Table 7 reports probit estimates of the probability of first Amazon private label entry. Column

(1) includes only the lagged DPI with fixed effects. The DPI coefficient is 1.89, statistically signif-

icant at the 1% level. This indicates that even without additional controls, categories with higher

data power are more likely to see first–time entry in the subsequent month. Then, column (2) adds

conventional product market factors, namely average price, sales per product, margin rate, and cat-

egory HHI. The coefficient of DPI increases to 2.34 and is statistically significant at the 1% level.

While sales per product shows a positive association, other traditional controls such as average

price, margin rate, and HHI are small and statistically insignificant. This shows that conventional

proxies for market power and entry incentives largely fail to explain Amazon’s timing and category

choice, whereas DPI does.

Column (3) replaces traditional controls with the Amazon product quality variables used to

construct DPI, such as the average number of reviews, the average rating, and the number of prod-
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ucts at the category level. DPI remains significant with a coefficient of 1.95, statistically significant

at the 5% level. The number of products loads negatively with a coefficient of −0.65 and is sta-

tistically significant at the 1% level, implying that already crowded categories are less attractive

near-term entry targets due to cannibalization risk and the difficulty of overtaking entrenched va-

riety. Column (4) pools all controls and constitutes the full specification. DPI remains a positive

predictor with a coefficient of 2.28, statistically significant at the 10% level. While a few controls

like average rating and sales per product show significance in this pooled model, the negative asso-

ciation with the number of products remains robust. These results reinforce that Amazon prioritizes

categories where data power is high and congestion is not excessive.

On the other hand, column (5) includes only conventional product-market predictors without

DPI. The model has limited explanatory power, and most standard controls are insignificant, in-

dicating that prices, margins, and conventional market-concentration proxies do not capture the

platform’s selection mechanism well. Similarly, column (6) includes only the Amazon product-

quality variables used to construct DPI. Average reviews and ratings are weak predictors on their

own, while the number of products remains negatively significant with a coefficient of −0.72, sta-

tistically significant at the 1% level. Comparing columns (3) and (6) with the DPI specifications

shows that single Amazon product-quality measures are not the determinative factors, whereas the

structured integration of such signals into DPI, which captures informational precision and match

quality, has substantial predictive content.

Across all specifications, conventional variables that usually proxy market power and entry in-

centives do not forecast Amazon’s brand entry, while DPI does. Economically, Amazon appears to

enter where demand can be read more precisely from data and where platform tools, search, rec-

ommendation, advertising, and logistics, can amplify that informational advantage, while avoiding

immediately crowded spaces where cannibalization risks are high. The estimates are consistent

with the graphical evidence. Figure 3 shows that Amazon–affiliated brands expand product va-

riety notably after 2015, while non–Amazon brands are comparatively flat over the same period.

In Figure 4, DPI in treated categories rises after entry and remains elevated, and importantly, the

pre–entry difference is not zero. Treated categories already exhibit higher DPI immediately before

entry, which implies nonrandom selection based on data power. In other words, DPI functions as a

leading signal for entry, and it is also a channel through which post–entry differences persist.
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[Insert Table 7 Here]

Accordingly, the economic interpretation is straightforward. Traditional variables that usu-

ally proxy market power and entry incentives do not forecast Amazon’s brand entry, while DPI

does. Amazon appears to enter first where demand can be read more precisely from data, and

where search, recommendation, advertising, and logistics can amplify that informational advan-

tage. These findings align with the theoretical insight in Kirpalani and Philippon (2020), in which

greater information precision strengthens the platform’s outside option, that is, a copycat threat,

and weakens the seller’s outside option through a consumer access externality, thereby shifting

bargaining power.

5 Impact on Sellers, Consumers, and Firms after Amazon Brand

Entry

In the preceding sections, I have shown that the Data Power Index (DPI) strongly predicts

the likelihood of Amazon’s private brand entry across product categories. This finding implies

that Amazon strategically leverages its data advantage to enter markets where its informational

precision provides a competitive edge. Such data-driven entry is not merely a platform expansion

decision but a structural intervention that reshapes the equilibrium among multiple marketplace

participants.

In this section, I evaluate the multifaceted consequences of this vertical integration across three

main dimensions. First, I examine the product market dynamics, focusing on how incumbent third-

party sellers respond to intensified competition, potential demand diversion, and margin compres-

sion. Second, I assess the impact on consumer welfare, specifically looking at changes in product

variety, perceived quality, and the resolution of informational frictions. Third, I analyze the broader

corporate implications for firms operating on Amazon, investigating how they adjust their innova-

tion portfolios and how their underlying firm risk is affected by the platform’s entry.

To systematically quantify these effects across different participants, I employ a staggered

difference-in-differences (DID) framework. The baseline estimation model is specified as follows:
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Yi,c,t = α +βTreatc,t +X ′
i,c,tθ + γi +δt + εi,c,t , (12)

where i indexes the unit of observation (stores or firms), c denotes Amazon product categories,

and t refers to the month (or quarter, depending on the data frequency). The treatment variable,

Treatc,t , is an indicator that equals one for all periods following Amazon’s initial private-label entry

into category c. The coefficient of interest, β , captures the average treatment effect on the treated

(ATT). The vector Xi,c,t includes time-varying controls, while γi and δt represent individual and

time fixed effects, respectively, to absorb time-invariant unobserved heterogeneity and common

macroeconomic shocks.

By integrating market-level and firm-level evidence through this empirical strategy, this sec-

tion aims to reveal how Amazon’s data-powered entry strategy alters prices, welfare, innovation,

and risk, providing a comprehensive picture of the economic implications of data-driven vertical

integration.

5.1 Product Market Responses to Amazon Brand Entry

As discussed, platform-owned brand entry fundamentally alters competitive conditions within

the product market. Table 8 documents how Amazon’s private–brand entry reshapes these prod-

uct–market outcomes for incumbent third-party sellers at the store–category–month level.

First, I examine the extensive margin of product scope in columns (1) and (2). A key expec-

tation is that product variety may increase temporarily as sellers defensively list new products to

maintain visibility against the platform’s proprietary label. In column (1), the estimated coefficient

on Treatc,t is 0.04, statistically significant at the 5% level. Given the log-link formulation of the

Poisson model, this corresponds to an increase in the expected number of products of approxi-

mately 4.1%.9 Column (2) further shows that rolling three-month net new products increase by

0.10 and significant at the 10% level, which is economically large relative to its baseline mean

of 0.0965. This statistically precise expansion is consistent with a short–run defensive listing

response, in which sellers introduce product variants to protect their shelf space immediately fol-

9In a Poisson regression, the percentage change in the expected count for a dummy variable is calculated as 100×
(exp(β )−1). Thus, 100× (exp(0.04)−1)≈ 4.08%. Evaluated at the baseline mean of 4.186 products, this translates
to roughly 0.17 additional products per store–category.
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lowing Amazon’s entry.

Second, I evaluate the pricing response. When a platform vertically integrates, it gains the abil-

ity to utilize preferential placement, sponsored slots, and algorithmic self-preferencing to intensify

price competition (Hagiu et al., 2022; Zennyo, 2022; Long and Amaldoss, 2024). In column (3),

the estimated coefficient is −0.06 and statistically significant at the 1% level. Interpreted in a

log–linear way, this corresponds to a price decline of about -5.8%.10. This implies that after Ama-

zon’s private brand enters a category, third-party sellers are forced to cut their average product

prices by approximately 6% to remain competitive.

Third, columns (4) and (5) examine sales and margins per product, which capture the ultimate

impact on seller profitability. The literature documents that algorithmic self-preferencing and con-

sumer trust in the platform’s brand inevitably lead to demand diversion from independent sellers

to the platform (Zhu and Liu, 2018; Crawford et al., 2022). In column (4), the coefficient on the

treated indicator is −9.57, significant at the 1% level. Relative to its mean of 80.12 units, this

represents a substantial 11.9% decline in sales per product. In column (5), the coefficient is −1.54,

also significant at the 1% level, implying that the average margin per product falls by about 17.4%

of its mean value of 8.867. Along with the price decline in column (3), these results indicate that

Amazon’s entry compresses product–level profitability and reallocates demand away from incum-

bents in a data–intensive, information–advantaged competitive environment.

Overall, Table 8 shows that Amazon’s private–brand entry is followed by a modest short-run

increase in the number of listed products, but ultimately leads to lower prices, weaker sales, and

compressed margins per product. Prices fall by about 6%, while sales per product and margins

decline by roughly 12% and 17%, respectively. This pattern is consistent with Amazon using

data–driven placement to redirect demand toward its own label, compressing third–party unit eco-

nomics and triggering defensive assortments as sellers try to survive. Strategically, these results

suggest that third–party sellers cannot rely solely on cutting prices. In a setting where the platform

controls search and recommendation, investing in information capital—such as verified reviews,

stable ratings, and search–friendly quality signals—becomes central for maintaining visibility and

volume.

[Insert Table 8 Here]
10100× (exp(−0.06)−1)≈−5.8%
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Building on these baseline static results, I further assess the validity of the identifying assump-

tion and explore the dynamic treatment effects using the Callaway and Sant’Anna (2021) estimator

for staggered adoption settings. Figure 5 reports the event–study estimates of the treatment effect

on the logarithm of average product price. The pre–treatment coefficients fluctuate tightly around

zero, providing reassuring evidence of parallel pre–trends. In contrast, the post–treatment periods

display a clear and persistent decline in prices, consistent with the static DID estimates reported in

Table 8.

[Insert Figure 5 Here]

Similarly, Figure 6 plots the dynamic effects of Amazon’s private-brand entry on sales per

product. Consistent with the demand diversion hypothesis, the pre-treatment estimates exhibit no

significant anticipatory trends, whereas the post-entry periods reveal a sharp and sustained drop

in incumbent sales volume. Together, these dynamic patterns strengthen the interpretation that

Amazon’s data-driven entry causes a significant and lasting reduction in both product prices and

third-party sales, rather than merely reflecting pre–existing downward trajectories in the targeted

categories.

[Insert Figure 6 Here]

5.2 Consumer Surplus: Reallocation from Sellers to Consumers

This paper next studies how Amazon’s private–brand entry affects consumer welfare on the

platform. Pre-purchase information, such as the number and credibility of consumer reviews,

plays a central role in shaping welfare gains from digital markets. Reimers and Waldfogel (2021)

show that ratings and reviews in the digital environment bridge the gap between consumers’ ex

ante expectations and ex post utility, thereby increasing consumer surplus by reducing information

frictions. Following their approach, I use product level information, specifically star ratings to

construct a log–sum measure of consumer surplus, ∆CS, and express it in dollar terms.

I implement this welfare measure at two levels of aggregation: (i) ∆CS(Store, stars, $), which

computes the contribution to surplus at the individual third-party store level, and (ii) ∆CS(Market, stars, M$),

which computes the broader market–level (category) surplus that accrues to consumers in millions
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of dollars. To isolate the informational value of ratings, both specifications include the logarithm

of average product price and other informational variables as time-varying controls.11

Figure 7 illustrates the cross–category heterogeneity in ∆CS during 2018 to benchmark the

implementation. Categories are ordered by average monthly surplus. Large, review-sensitive cate-

gories such as Home & Kitchen, Clothing, Shoes & Jewelry, and Home Improvement sit at the top

of the distribution, generating surplus gains on the order of $1.0 to $1.5 million per month. In con-

trast, long–tail categories contribute much smaller amounts. The dashed horizontal line marks a

reference level of $265,000, underscoring the heavy-tailed nature of consumer welfare generation

across the platform’s diverse ecosystems.

[Insert Figure 7 Here]

Having established that the ∆CS measures deliver plausible magnitudes, I turn to how Ama-

zon’s private brand entry affects consumer welfare. Table 9 presents the staggered DID specifica-

tions linking Amazon’s entry to monthly changes in consumer surplus. Column (1) focuses on the

store–level contribution to consumer surplus generated by third–party sellers. The coefficient on

the treated–category indicator is −103.38, statistically significant at the 1% level. Relative to the

baseline mean of $266.20, this represents a substantial decline of about 38.8% in the store–level

surplus contribution. Thus, after Amazon’s private brand enters a category, individual third–party

stores generate significantly less incremental consumer surplus per month. This pattern is consis-

tent with the concern that algorithmic favoring of the platform’s private brands redirects review

visibility toward its own products, reducing consumer exposure to high-quality third-party alter-

natives and eroding the matching gains that independent sellers previously captured (Hagiu et al.,

2022; Zennyo, 2022; Shi, 2025).

In contrast, column (2) turns to the broader market–level (category–level) surplus, with the

dependent variable expressed in millions of dollars. The coefficient of the main interest is 0.22,

statistically significant at the 5% level. Given a mean of $0.186 million, this implies that the total

market level consumer surplus rises by about $220,000 per category–month, an increase of roughly

118% relative to the mean. This positive market-wide effect suggests that the combination of

intensified price competition (as documented in Section 5.1) and the platform’s efficient matching
11This paper provides detail about how I calculate the consumer welfare measure following Reimers and Waldfogel

(2021) in Appendix B.

36



mechanisms ultimately expands aggregate consumer welfare, consistent with standard results that

improved choice sets raise consumer surplus (Petrin, 2002; Brynjolfsson et al., 2003).

Accordingly, Table 9 highlights a sharp incidence trade–off. Amazon’s data-driven private–

brand entry substantially reduces the consumer–surplus contribution of individual third–party sell-

ers at the store level by roughly $103 per store–month, yet it simultaneously increases aggregate

category level consumer surplus by about $220,000 per month. In other words, total welfare rises,

but the underlying dynamics reveal a structural reallocation: welfare shifts away from incumbent

sellers and toward consumers as the vertically integrated platform uses its informational advantage

and placement power to redirect traffic and sharpen competition (Reimers and Waldfogel, 2021;

Zhu and Liu, 2018).

[Insert Table 9 Here]

5.3 How does Firm in Amazon react to Amazon Brand Entry?

5.3.1 Does Market React Negatively to Competition with Amazon Brand?

To examine how Amazon’s private brand entry affects the market valuation of incumbent firms,

I conduct an event study centered on each Amazon brand’s initial entry date. Following the stan-

dard event study framework (Fama et al., 1969; MacKinlay, 1997), I estimate firm-specific abnor-

mal returns using the Fama–French four-factor model, which adjusts for market, size, value, and

momentum factors. Specifically, I estimate expected returns over a 100-day estimation window

ending 30 trading days prior to the event date T ∗ as follows:

Ri,t = αi +βm,iRm,t +βs,iSMBt +βh,iHMLt +βu,iUMDt + εi,t , (13)

where Ri,t and Rm,t denote the daily excess returns of firm i and the market, respectively. Abnormal

returns are then computed as:

ARi,t = Ri,t − (α̂i + β̂m,iRm,t + β̂s,iSMBt + β̂h,iHMLt + β̂u,iUMDt). (14)

I aggregate abnormal returns into cumulative abnormal returns (CAR) over various event win-
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dows surrounding Amazon’s entry date:

CARi(a,b) =
b

∑
t=a

ARi,t , (15)

where [a,b] represents event windows such as [0,0], [–1,1], [–3,3], and [–5,5]. To capture both

the immediate and persistent market reactions, I further compute CARs over an extended window

from –30 to +180 trading days relative to the event date.

Figure 8 presents the mean CAR across 289 Amazon brand entry events. The solid purple line

represents the average CAR, while the dotted lines indicate the 95 percent confidence interval. The

figure shows a pronounced and sustained decline in cumulative abnormal returns following Ama-

zon’s entry, reaching approximately –15% to –20% within six months. This persistent downward

trend suggests that investors interpret Amazon’s private brand launches as a negative competi-

tive signal, anticipating intensified competition, data-driven advantages, and margin pressure for

incumbent firms.

These findings are consistent with prior research documenting that platform owners’ entry

into complementary or competing markets tends to reduce the market value of partner or rival

firms. Cennamo et al. (2018) show that platform entry into complementor domains negatively

affects partners’ valuations, while Wen and Zhu (2019) provide evidence that platform self-entry

crowds out complementors by leveraging superior data access. My results extend this literature

by providing direct stock market evidence that Amazon’s private brand entry triggers negative

abnormal returns among same-category firms, implying that investors anticipate redistribution of

market value toward the platform.

[Insert Figure 8 Here]

5.3.2 Does Firm Face Higher Risks When Amazon Brand Enter?

Next, Table 10 examines how Amazon’s private–brand entry relates to firm–level risk. The de-

pendent variables are: (i) the rolling volatility of operating income, (ii) idiosyncratic return volatil-

ity, (iii) total return volatility, and (iv) market beta β MKT . Following Irvine and Pontiff (2009),

I interpret these measures as linking product–market competition to firms’ cash–flow and return
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risks. The operating–income volatility measure follows the spirit of Makaew and Maksimovic

(2020), who use operating variability to capture real–side instability under intensified competition.

In column (1), the coefficient on operating–income volatility is 0.062, statistically significant

at the 5% level. Given a mean of 0.317, this represents an increase of about 20% in the volatility of

operating income, indicating that the stock–market effects are mirrored by instability in underlying

operations. Columns (2) and (3) focus on monthly return risks. In column (2), the coefficient on

the treatment indicator for idiosyncratic volatility is 0.008, statistically significant at the 5% level.

Relative to the mean of 0.0788, this corresponds to an increase of about 10% in idiosyncratic

volatility. In column (3), the coefficient for total volatility is 0.012, significant at the 1% level,

which is roughly 12% of its mean of 0.0986. If these volatilities are interpreted as monthly standard

deviations, the absolute changes map into annualized volatility increases of about 2.8 and 4.2

percentage points, respectively. Column (4) shows that market beta β MKT also rises: the treatment

coefficient is 0.087, significant at the 5% level, which is about 9% of the its mean. It implies that

firms in the treated categories become more sensitive to aggregate shocks after Amazon’s entry,

compared to other firms in the control categories.

Therefore, these estimates are consistent with a competition–to–volatility transmission: stronger

product market competition increases cash–flow instability, which in turn raises firm–level return

volatility, as in Irvine and Pontiff (2009). The operating–income results echo the mechanism em-

phasized by Makaew and Maksimovic (2020) that intensified competition makes real operations

more volatile. The rise in β MKT dovetails with Baker et al. (2023), who show that erosion of

customer bases and intangible capital heightens firms’ exposure to systematic risk. It implies that

Amazon’s private–brand entry plausibly weakens incumbents’ brand capital and customer sticki-

ness, amplifying both idiosyncratic and systematic components of risk. Overall, Amazon’s entry

not only elevates stock–return volatility but also increases operating volatility and market sen-

sitivity, pointing to a broad reshaping of the risk environment for incumbent firms in affected

categories.

[Insert Table 10 Here]
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5.3.3 Does Firm Adjust Innovation Strategy?

Lastly, platform entry can alter incumbent firms’ innovation strategies, which is central for

understanding the link between product–market competition and innovation. Prior work typically

measures innovation using patent counts, citations, and quality or generality metrics (e.g., Kogan

et al., 2017) and shows that competitive shocks shift the balance between exploration and exploita-

tion (e.g., Aghion et al., 2005; Bloom et al., 2013). In this context, I use the average age of a firm’s

patent portfolio as an auxiliary outcome that summarizes whether the knowledge base tilts toward

newer technological cohorts versus mature, exploitation–oriented domains (e.g., Ma, 2025), and I

study how this measure responds when Amazon launches a private brand within a category.

In column (1) of Table 11, the dependent variable is the average age of active patents. The coef-

ficient on the treatment indicator is −0.646, statistically significant at the 1% level. Relative to the

mean age of 12.63 years, this corresponds to a decline of about 5.1%. In column (2), where portfo-

lio age is measured by application date, the treatment coefficient is −0.355, significant at the 10%

level, which is roughly 2.6% of its mean of 13.79 years. Economically, these magnitudes indicate

that, following Amazon’s entry, incumbents’ patent portfolios become systematically younger.

Combined with the volatility evidence, the results are consistent with a competition–to–innovation

mechanism in which heightened product market pressure increases cashflow uncertainty and pushes

firms toward more recent technological cohorts (Irvine and Pontiff, 2009; Makaew and Maksi-

movic, 2020). The pattern also aligns with the idea that platform entry can erode brand capital and

customer attachment, raising systematic risk exposure (Baker et al., 2023) and encouraging quicker

portfolio renewal rather than reliance on older assets. In short, Amazon’s private brand entry is as-

sociated with a measurable rotation of incumbents’ patent portfolios toward younger technologies,

consistent with theories that stronger competition increases the returns to exploration and experi-

mentation (Aghion et al., 2005; Bloom et al., 2013; Ma, 2025).

[Insert Table 11 Here]
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6 Conclusion

This paper studies how a platform’s accumulated data functions as a fundamental mechanism of

market power. To bridge the gap between economic theory and empirical observation, I introduce

the Data Power Index (DPI), a novel measure that quantifies the precision with which a platform

can read demand from its own marketplace signals. Using two decades of Amazon consumer in-

teractions, I demonstrate that the DPI acts as a critical state variable in digital competition. Most

notably, the DPI robustly predicts Amazon’s strategic transitions from a marketplace operator to

a direct competitor via private-label entry. This predictive power remains highly significant even

after controlling for conventional product-market characteristics and traditional concentration met-

rics like the Herfindahl-Hirschman Index (HHI), which fail to consistently forecast the platform’s

behavior. This establishes that Amazon prioritizes markets not based on traditional structural dom-

inance, but where its informational precision allows for tighter targeting and quicker learning.

Exploiting this data-driven entry, I document an important economic trade-off at the center

of current regulatory and antitrust debates. On the demand side, Amazon’s entry lowers search

frictions, reduces prices, and significantly expands aggregate category-level consumer surplus.

However, this allocative efficiency comes at a severe distributional cost. The platform systemat-

ically reallocates value away from the incumbent third-party sellers, who experience compressed

per-product margins and a sharp contraction in their individual surplus contributions. Furthermore,

this competitive shock extends well beyond the immediate marketplace. U.S. public firms exposed

to entered categories face heightened financial uncertainty. To survive this intensified information-

based competition, these firms are forced to adapt by implementing leaner operating cost structures

and aggressively rotating their patent portfolios toward younger technologies.

By integrating product-market outcomes, welfare redistribution, and corporate adaptations into

a unified framework, this paper makes three broad contributions. First, it provides a transparent

and measurable state variable (DPI) that successfully maps unobservable data power to strategic

firm behavior, replacing traditional structural metrics. Second, it delivers an empirical account of

the complex trade-offs inherent in platform vertical integration, speaking directly to modern an-

titrust concerns, such as the FTC’s recent lawsuit. Third, it bridges digital platform economics

with corporate finance by showing how data-driven shocks travel from the platform ecosystem to
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the corporate sector. Ultimately, this paper demonstrates that in the modern digital economy, com-

petitive advantage and market power are no longer dictated merely by physical scale or structural

concentration, but by the accumulation, precision, and weaponization of information.
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Figure 1. DPI Trend from 2000 to 2022 by Amazon Entry Status
This figure plots the time-series evolution of the Data Power Index (DPI) from 2000 to 2022,
split by Amazon’s private label entry. The red line represents the average DPI for categories
that Amazon brands eventually entered (“Category that Amazon Brand Ever Entered”), while the
blue line represents the average DPI for categories that remained untouched by Amazon brands
(“Category that Amazon Brand Never Entered”). The graph demonstrates a clear divergence over
time: categories targeted by Amazon exhibit a steady and significant increase in their informational
richness, whereas non-targeted categories show a gradual decline in their DPI.
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Figure 2. Trend of DPI and Nonsense Brands during COVID-19
This figure plots the monthly evolution of the overall Data Power Index (DPI) and the share of
nonsense brands from December 2018 to December 2020. The solid blue line, plotted against
the left axis, tracks the average DPI across all categories over this time period. The dashed red
line, plotted against the right axis, represents the average percentage of nonsense brands within
categories. The two vertical red dashed lines (December 2019 and June 2020) denote key time
points associated with the onset and progression of the COVID-19 pandemic.
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Figure 3. Trends in the Number of Products for Amazon vs. Non-Amazon Brands, 2000–2022
This figure plots the average number of products offered by Amazon-affiliated and non-Amazon
brands from 2000 to 2022. Each line represents the average number of active products at the
category–month level, separately for Amazon brands (in red) and non-Amazon brands (in blue).
The figure illustrates that Amazon’s private-label brands have expanded their product variety sub-
stantially over time, especially after 2015, while the number of products offered by non-Amazon
brands has remained relatively stable.
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Figure 4. Data Power Index Around Amazon Brand Entry Between Treated and Control
Categories
This figure plots the mean difference in the Data Power Index (DPI) between treated and control
categories within a ±12-month window around the timing of Amazon brand entry (event time
t = 0). Each point represents the average DPI difference at a given month relative to the brand
entry, and the solid line connects these values over time. The dashed vertical line marks the month
of Amazon brand’s entry.
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Figure 5. Dynamic Effects of Treatment on Ln.(Avg. Product Price))
This event-study figure is produced using the CSDID package in STATA, following the multiple-
period difference-in-differences estimator from (Callaway and Sant’Anna, 2021). The x-axis re-
ports event time in months relative to treatment (0 = Months that Amazon brands enter). The
y-axis shows the estimated average treatment effect on the treated (ATT) for the logarithm value
of average product price. Blue dots and vertical bars represent pre-treatment periods, while pink
dots and vertical bars represent post-treatment periods; vertical lines denote 95 percent confidence
intervals. The horizontal dashed line indicates a zero effect.
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Figure 6. Dynamic Effects of Treatment on Sales Per Product
This event-study figure is produced using the CSDID package in Stata, following the multiple-
period difference-in-differences estimator from (Callaway and Sant’Anna, 2021). The x-axis re-
ports event time in months relative to treatment (0 = the month that Amazon brands enter). The
y-axis shows the estimated average treatment effect on the treated (ATT) for sales per product.
Blue dots and shaded bars represent pre-treatment periods, while pink dots and shaded bars repre-
sent post-treatment periods. The shaded bars denote the 95 percent confidence intervals, and the
horizontal dashed line indicates a zero effect.
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Figure 7. Average Monthly Consumer Surplus (∆CS) by Category, 2018
This bar chart reports mean monthly changes in consumer surplus at the category level for 2018.
Categories are ordered from highest to lowest average surplus. The dashed horizontal line marks a
$265,000 reference level. Values are in U.S. thousands dollars.
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Figure 8. Cumulative Abnormal Returns (CAR) Around Amazon Brand’s Entry
This figure presents the cumulative abnormal return (CAR) of firms listed in Amazon around Ama-
zon Brand’s entry date. The analysis uses the Fama–French Four–Factor Model (including momen-
tum) as the risk adjustment model, with a 100–day estimation window, 30–day gap, and an event
window spanning from 30 days before to 180 days after the event date. The y–axis reports cu-
mulative abnormal returns, and the x–axis represents trading days relative to the event. The solid
purple line shows the mean CAR across 289 events with non–missing returns, while the dotted
lines denote the 95 percent confidence interval.
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Table 1. Summary Statistics of Amazon Product Market
This table presents summary statistics for Amazon’s product market characteristics, constructed at the
store–month level. The variables include the number of exiting products, enters, and exits, consumer re-
view and rating, the average product price, total and per-product sales, margin and per-product margin, and
total fees (including FBA, storage, and referral fees). All monetary variables are expressed in U.S. dol-
lars. Observations are winsorized at the 1st and 99th percentiles. The sample spans from January 2000 to
December 2022.

(1) (2) (3) (4) (5) (6)
N Mean Std.Dev. p10 Median p90

# of Existing Products 10,811,312 4.19 9.69 0.00 1.00 10.00
# of Product Entry 10,811,312 2.20 5.15 0.00 0.00 5.00
# of Product Exit 10,811,312 2.17 5.13 0.00 0.00 5.00
# of Consumer Review 10,811,312 15.45 110.27 0.00 1.00 27.00
Avg. Consumer Rating 10,811,312 2.60 2.11 0.00 3.58 5.00
Avg. Product Price ($) 4,835,524 42.40 59.99 9.99 22.99 89.99
Total Sales ($) 4,835,524 667.19 1826.37 15.22 119.50 1431.00
Sales per Product ($) 4,835,524 80.10 146.55 6.66 31.60 184.43
Margin ($) 4,835,524 530.06 1494.55 7.82 85.20 1131.59
Avg. Margin per Product ($) 4,835,524 8.87 77.53 0.00 0.00 23.71
Total FBA Fee ($) 4,835,524 56.08 1224.45 0.00 3.07 76.32
Total Storage Fee ($) 4,835,524 0.87 7.71 0.00 0.01 1.19
Total Referral Fee ($) 4,835,524 139.90 1238.55 2.22 17.24 208.09
Sum of Total Fee ($) 4,835,524 196.85 1792.18 3.40 28.18 306.57
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Table 2. Summary Statistics of Firm-linked in Amazon
This table presents summary statistics for firm-quarter level variables matched to Amazon’s product market
data. All financial variables are obtained from Quarterly Compustat and expressed in millions of U.S.
dollars. Firm size (Mktcap) ($M) is the market capitalization at the end of each quarter. BM ratio denotes
the book-to-market ratio. Total assets ($M), sales ($M), net income ($M), and R&D expenditures ($M)
correspond to quarterly values. Number of Amazon stores measures the total count of distinct Amazon
stores linked to each firm during the corresponding quarter. Observations are winsorized at the 1st and 99th
percentiles. The sample period spans 2000–2022.

(1) (2) (3) (4) (5) (6)
N Mean Std.Dev. p10 Median p90

Firm size (Mktcap) ($M) 33,477 64,878.34 114,346.48 170.65 5,579.02 241,626.19
BM ratio 33,371 0.46 0.76 0.15 0.36 0.95
Total Assets ($M) 33,435 52,675.30 156,877.94 173.78 5,790.89 155,117.00
Quarterly sales ($M) 33,538 5,436.99 9,951.22 37.31 865.02 17,811.00
Net income ($M) 33,520 817.62 1,815.05 -10.02 53.64 3,511.00
R&D expenditures ($M) 22,783 850.84 1,202.57 0.00 45.43 2,599.00
Number of Amazon stores 34,323 15.06 24.48 1.00 3.00 63.00
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Table 3. Summary Statistics of Data Power Index (DPI)
This table presents summary statistics for the constructed Data Power Index (DPI), which measures the
informational richness of Amazon’s product categories. The three versions of the index, the baseline DPI,
DPIV Q, and DPIDQ, capture different dimensions of data precision and coverage at the category–month
level. All DPI measures are standardized within month to range between 0 and 1. Panel A presents summary
statistics for the three DPI measures, including their mean, standard deviation, and percentile distribution
across category–month observations. Panel B reports the correlation matrix among the DPI measures. The
sample period spans from 2000 to 2022.

Panel A: Summary Statistics

(1) (2) (3) (4) (5) (6)
N Mean Std.Dev. p10 Median p90

DPI 6,723 0.52 0.28 0.13 0.52 0.92
DPI(V Q) 6,723 0.51 0.27 0.14 0.51 0.87
DPI(DQ) 6,723 0.49 0.23 0.17 0.49 0.80

Panel B: Correlation Matrix

DPI DPIV Q DPIDQ

DPI 1
DPIV Q .91 1
DPIDQ .77 .75 1
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Table 4. The Relationship between Data Power Index (DPI) And Product Market Dynamics
This table reports panel regressions linking the lagged category–month Data Power Index (DPI) to store
outcomes in Amazon’s marketplace. We estimate the following equation:

Yi,c,t = α +β DPIc,t−1 +X ′
i,c,t−1θ +δi + γt + εi,c,t ,

where Yi,c,t is the product market outcome variable as follows: (1) the number of existing products, and (2)
rolling three–month of net new products, (3) logarithm value of average product price, (4) sales per product,
and (5) average margin per product. The independent variable, DPIc,t−1, is the lagged category level DPI
constructed in equation (7) to (9). The vector Xi,c,t−1 collects time varying controls, and we include store
fixed effects and year–month fixed effects. Standard errors are two-way clustered at store and year-month
level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. The sample
covers from January 2000 to December 2022.

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

Dependent

Variable=

# of Existing

Products

Rolling 3-month

(∆ New Products)

Ln(Avg.

Product Price)

Sales

per Product

Avg. Margin

per Product

DPIc,t−1 0.29*** 0.47*** -0.06*** 27.25*** -3.35***

(5.42) (5.45) (-6.14) (8.67) (-5.09)

HHIc,t−1 -0.00 0.01 -0.00 0.39 0.04

(-0.80) (0.88) (-0.48) (1.47) (0.71)

Avg.Ratingi,c,t−1 0.12*** 0.05*** 0.00*** 0.28** -0.03

(22.43) (11.92) (10.18) (2.57) (-0.43)

Veri f iedReviewsi,c,t−1 0.66*** -0.19*** -0.01*** 10.76*** 0.91***

(29.14) (-7.29) (-5.93) (20.85) (3.10)

Adjusted R2 0.701 0.010 0.854 0.646 0.359

Mean of Dep. Var. 4.231 0.0910 3.274 80.54 8.919

Stores FEs Yes Yes Yes Yes Yes

Year-Month FEs Yes Yes Yes Yes Yes

Observations 10,653,937 10,653,937 4,764,767 4,764,767 4,764,767
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Table 5.
The Relationship between Data Power Index (DPI) and Firm Sales & Operating Outcomes
This table reports firm–quarter panel regressions linking the one–quarter lagged average of the cate-
gory–level Data Power Index (DPI) to firms’ sales and operating outcomes. We estimate:

Yi,c,t = α +β DPIc,t−1 +X ′
i,c,t−1θ +δi + γt + εi,c,t ,

where Yi,t is, respectively: (1) revenue, (2) sales, (3) cost of goods sold, (4) operating expense, and (5) SG&A
expense. All dependent variables are normalized by total assets. Xi,t−1 collects time–varying controls. All
specifications include store fixed effects (δi) and year–quarter fixed effects (γt). Standard errors are two–way
clustered by firm and year–quarter. ***, **, and * indicate statistical significance at the 1%, 5%, and 10%
levels, respectively. The sample spans January 2000 to December 2022.

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

Dependent

Variable=
Revenue Sales

Cost of Goods

Sold

Operating

Expense

SG&A

Expense

DPIc,t−1 -0.0343*** -0.0343*** -0.0188** -0.0309*** -0.0113***
(-3.27) (-3.31) (-2.24) (-3.22) (-3.35)

HHIc,t−1 0.0004 0.0004 0.0006 0.0007 0.0001
(0.73) (0.76) (1.30) (1.31) (0.29)

FirmSizei,c,t−1 0.0198*** 0.0197*** 0.0064*** 0.0073** 0.0012
(6.15) (6.16) (2.68) (2.54) (1.21)

BMi,c,t−1 -0.0018 -0.0017 -0.0007 -0.0019 -0.0010
(-0.73) (-0.71) (-0.42) (-0.89) (-1.47)

Ln(Assets)i,c,t−1 -0.0741*** -0.0737*** -0.0394*** -0.0615*** -0.0232***
(-8.92) (-8.93) (-5.71) (-7.86) (-11.58)

Constant 0.7023*** 0.6980*** 0.4225*** 0.6729*** 0.2602***
(10.09) (10.07) (7.20) (10.08) (14.90)

Adjusted R2 0.910 0.911 0.928 0.920 0.893
Mean of Dep. Var. 0.219 0.217 0.129 0.191 0.0653
Store FEs Yes Yes Yes Yes Yes
Year-Quarter FEs Yes Yes Yes Yes Yes
Observations 32,424 32,732 32,681 32,680 30,837
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Table 6. The Relationship between Data Power Index (DPI) and Innovation Outcomes
This table reports firm–quarter panel regressions linking the lagged, three–quarter moving average of the
category–level Data Power Index (DPI(1)) to firms’ financial and innovation outcomes. We estimate the
following specification:

Yi,c,t = α +β DPIc,t−1 +X ′
i,c,t−1θ + γi +δt + εi,c,t ,

where Yi,c,t represents firm–quarter outcomes, including: (1) cumulative number of active patents, (2) patent
portfolio age (active), and (3) patent portfolio age (filing). All dependent variables are normalized by to-
tal assets. Xi,c,t−1 denotes time–varying firm controls. All regressions include firm fixed effects (γi) and
year–quarter fixed effects (δt). Standard errors are two–way clustered by firm and year–quarter. ***, **,
and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. The sample spans January
2000 to December 2022.

(1) (2) (3)

Dependent Variable= # of Patents (Active) Patent Pf. Age (Active) Patent Pf. Age (Filling)

DPIc,t−1 0.0859* -2.1455*** -1.4123**
(1.79) (-3.05) (-2.22)

HHIc,t−1 0.0024 0.0420 0.0281
(1.12) (1.44) (0.99)

FirmSizei,c,t−1 0.0015 -0.0430 -0.1382
(0.06) (-0.32) (-1.13)

BMi,c,t−1 0.0005 -0.1711 -0.2152*
(0.02) (-1.52) (-1.89)

Ln(Assets)i,c,t−1 0.2557*** -0.9522*** -0.8999***
(5.90) (-4.41) (-3.92)

Constant 7.0877*** 22.6939*** 23.8879***
(12.45) (13.30) (14.06)

Adjusted R2 0.994 0.975 0.977
Mean of Dep. Var. 8589.0 12.69 13.86
Store FEs Yes Yes Yes
Year-Quarter FEs Yes Yes Yes
Observations 27,730 27,867 27,867
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Table 7. Predicting Amazon Brand Entry with DPI and Market Characteristics
This table reports probit estimates for the probability that category c experiences its first Amazon private
label entry in month t. The estimation model is

Pr(Entryc,t = 1) = Φ
(
α DPIc,t−1 +X′

c,t−1θ+δc + γy +µm
)
,

Dependent variable is an indicator equal to one if category c experiences its first Amazon private-label brand
entry in month t, and zero otherwise. Main independent variable is the lagged category-level DPI DPIc,t−1.
All other independent variables are category-level averages measured at t −1: average product price, sales
per product, margin rate, category sales concentration (HHI), average number of reviews, average rating, and
the number of products. Standard errors are clustered at the category-month level. ***, **, and * denote
significance at the 1%, 5%, and 10% levels, respectively. The sample spans January 2000 to December
2022.

(1) (2) (3) (4) (5) (6)
Dependent Variable= Amazon Private Label Entry (=1)
DPIc,t−1 1.89*** 2.34*** 1.95** 2.28*

(2.93) (3.28) (2.10) (1.86)
Avg.ProductPricec,t−1 -0.01 -0.01* -0.01

(-1.46) (-1.72) (-1.38)
SalesperProductc,t−1 0.02** 0.03*** 0.02**

(2.22) (3.50) (2.21)
MarginRatec,t−1 0.18 -0.14 0.28

(0.18) (-0.15) (0.30)
HHIc,t−1 -0.01 -0.03 -0.01

(-0.17) (-0.58) (-0.20)
Avg.#Reviewsc,t−1 0.03 -0.17 0.07

(0.32) (-1.26) (0.81)
Avg.Ratingc,t−1 0.35 1.28*** 0.49

(0.86) (3.61) (1.14)
Avg.#Productsc,t−1 -0.65*** -0.64** -0.72***

(-2.94) (-2.28) (-3.13)
Constant -4.05*** -5.82*** -1.83 -4.69** -3.61*** -0.53

(-6.41) (-5.47) (-1.38) (-2.18) (-4.12) (-0.45)
Pseudo R2 0.031 0.084 0.068 0.138 0.066 0.054
Year FEs Yes Yes Yes Yes Yes Yes
Month FEs Yes Yes Yes Yes Yes Yes
Category FEs Yes Yes Yes Yes Yes Yes
Observations 574 564 574 564 564 576
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Table 8. The Impact of Amazon Brand Entry on Product Market Outcomes
This table reports panel regressions estimating the impact of Amazon private–brand entry on product–market
outcomes at the store–category–month level. We estimate:

Yi,c,t = α +βTreatc,t +X ′
i,c,tθ + γi +δt + εi,c,t ,

where Treatc,t equals one after Amazon’s private–brand entry in category c. The dependent variables are,
respectively: (1) the number of existing products, and (2) rolling three–month of net new products, (3)
logarithm value of average product price, (4) sales per product, and (5) average margin per product. The
vector Xi,c,t−1 collects time varying controls, and we include store fixed effects and year–month fixed effects.
Standard errors are two-way clustered at store and year-month level. ***, **, and * indicate statistical
significance at the 1%, 5%, and 10% levels, respectively. The sample covers from January 2000 to December
2022.

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

Dependent

Variable=

# of Existing

Products

Rolling 3-month

(∆ New Products)

Ln(Avg.

Product Price)

Sales

per Product

Avg. Margin

per Product

Treatc,t 0.04** 0.10* -0.06*** -9.57*** -1.54***
(2.21) (1.77) (-11.71) (-6.55) (-3.59)

Avg. Ratingi,c,t 0.23*** 0.06*** 0.00*** 2.73*** 0.11***
(31.34) (13.41) (8.47) (23.82) (2.59)

#Verified Reviewi,c,t 1.31*** -0.26*** -0.05*** 74.03*** 8.56***
(27.80) (-8.57) (-20.27) (61.94) (20.78)

Adjusted R2 0.727 0.008 0.854 0.646 0.358
Mean of Dep. Var. 4.186 0.0965 3.273 80.12 8.867
Stores FEs Yes Yes Yes Yes Yes
Year-Month FEs Yes Yes Yes Yes Yes
Observations 10,810,326 10,810,326 4,832,421 4,832,421 4,832,421
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Table 9. The Impact of Amazon Brand Entry On Consumer Welfare
This table reports panel regressions estimating the effect of Amazon private brand entry on consumer surplus
at the store–category–month level. We estimate:

Yi,c,t = α +βTreatc,t +X ′
i,c,tθ + γi +δt + εi,c,t ,

where Treatc,t equals one after Amazon’s private brand entry in category c. The dependent variables are:
(1) ∆CS (Store, stars, M$), and (2) ∆CS (Market, stars, M$). ∆CS denotes the month-over-month change
in consumer surplus computed via the log-sum formula, and “stars” uses ratings only to map pre-purchase
information into utility. “Store” computes the contribution to surplus at the store level, “Market” computes
category-level surplus, and “M$” indicates the unit of million dollars. The vector Xi,c,t includes time-varying
controls such as ln(Average Product Price), Average Rating, and Number of Verified Reviews. All specifi-
cations include store fixed effects (γi), category fixed effects, and year–month fixed effects (δt). Standard
errors are two-way clustered by store and year–month. ***, **, and * denote significance at the 1%, 5%,
and 10% levels, respectively. The sample spans January 2000 to December 2022.

(1) (2)

Dependent Variable = ∆CS (Store, stars, $) ∆CS (Market, stars, M$)

Treatc,t -103.38*** 0.22**
(-6.53) (2.07)

Adjusted R2 0.662 0.581
Mean of Dep. Var. 266.2 0.186
Controls Yes Yes
Stores FEs Yes
Category FEs Yes
Year-Month FEs Yes Yes
Observations 4,832,421 6,932
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Table 10. The Impact of Amazon Brand Entry on Firm Risks
This table reports panel regressions estimating the effect of Amazon private brand entry on firm-level volatil-
ity and systematic risk. We estimate:

Yi,c,t = α +βTreatc,t +X ′
i,c,tθ + γi +δt + εi,c,t ,

where Treati,t equals one after Amazon’s private brand entry in the corresponding product category. The
dependent variables are: (1) σ

Operating Income
i,t , (2) Idiosyncratic Volatility, (3) Total Volatility, and (4) β MKT

i,t .
Firm-level control variables include Firm Size, BM Ratio, ln(Assets), and factor loadings on SMB, HML,
and UMD. All regressions include store fixed effects (γi) and year–month fixed effects (δt). Standard errors
are two-way clustered by firm and year–month. ***, **, and * denote significance at the 1%, 5%, and 10%
levels, respectively. The sample spans January 2000 to December 2022.

(1) (2) (3) (4)
σ

Operating Income
i,t Idiosyncratic Volatility Total Volatility BetaMKT

i,t

Treatc,t 0.062** 0.008** 0.012*** 0.087**
(2.62) (2.20) (2.68) (2.12)

FirmSizei,c,t -0.076*** -0.011*** -0.013*** -0.112***
(-4.14) (-3.19) (-3.64) (-3.54)

BMi,c,t -0.021 -0.003 -0.002 -0.013
(-0.83) (-1.10) (-0.69) (-0.48)

Ln(Assets)i,c,t 0.044 0.002 0.007 0.232***
(1.27) (0.47) (1.51) (4.96)

BetaSMB
i,c,t -0.098***

(-4.74)
BetaHML

i,c,t -0.040
(-1.13)

BetaUMD
i,c,t 0.143***

(4.01)
Constant 0.587** 0.151*** 0.149*** -0.053

(2.49) (5.21) (4.53) (-0.17)
Adjusted R2 0.682 0.843 0.822 0.619
Mean Value of Dep. Var. 0.317 0.0788 0.0986 0.947
Store FEs Yes Yes Yes Yes
Year-Month FEs Yes Yes Yes Yes
Observations 17,870 20,190 20,190 20,190
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Table 11. The Impact of Amazon Brand Entry On Innovations
This table reports panel regressions estimating the effect of Amazon private brand entry on firms’ patent
portfolio age at the firm–category–month level. We estimate:

Yi,c,t = α +βTreatc,t +X ′
i,c,tθ + γi +δt + εi,c,t ,

where Treatc,t equals one after Amazon’s private brand entry in category c. The dependent variables are: (1)
Patent Portfolio Age (Active) and (2) Patent Portfolio Age (Filing). Both variables measure the average age
(in years) of patents currently active or filed by the firm within the category. The vector Xi,c,t includes time-
varying controls such as Firm Size, BM Ratio, and ln(Assets). All specifications include store fixed effects
(γi), and year–month fixed effects (δt). Standard errors are two-way clustered by firm and year–month. ***,
**, and * denote significance at the 1%, 5%, and 10% levels, respectively. The sample spans January 2000
to December 2022.

(1) (2)
Patent Pf. Age (Active) Patent Pf. Age (Filling)

Treatc,t -0.646*** -0.355*
(-2.76) (-1.73)

FirmSizei,c,t -0.012 -0.081
(-0.09) (-0.69)

BMi,c,t -0.072 -0.090
(-1.10) (-1.27)

Ln(Assets)i,c,t -0.977*** -0.964***
(-4.44) (-4.23)

Constant 21.729*** 23.249***
(13.41) (14.38)

Adjusted R2 0.975 0.977
Mean Value of Dep. Var. 12.63 13.79
Store FEs Yes Yes
Year-Month FEs Yes Yes
Observations 28,121 28,121
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Internet Appendix for:
“(Digital) Platform Data Power”

A Amazon Private Brand’s Entry

Table IA.1. Amazon Private Label Brand Entry by Category
This table summarizes the timing and scope of Amazon’s private label brand entries across major product
categories. For each treated category, we report the month and year when Amazon first launched a private
label brand and list the main brands introduced under that category. Excluded categories are Books, CD and
Vinyl, Digital Music, Gift Cards, Kindle Store, Magazine Subscriptions, Movies and TV, and Subscription
Boxes.

Amazon
Category

Amazon Brand
Entry Date

Amazon Brands
Launched

Clothing, Shoes & Jewelry 2003.12
Amazon Collection, Amazon Essentials,

Amazon Gear, Amazon Aware
Home & Kitchen 2006.02 Pinzon, Amazon Basics
Electronics 2009.09 Amazon Basics
Tools & Home Improvement 2010.03 Amazon Basics, Amazon Commercial
Office Products 2010.04 Amazon Basics

Health & Household 2013.01
Amazon Basic Care, Solimo,

Amazon Elements

Grocery & Gourmet Food 2014.10
365 by Whole Foods Market,
Happy Belly, Amazon Fresh

Baby Products 2016.08 Mama Bear
Beauty & Personal Care 2018.04 Solimo
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Table IA.2. The Relationship between HHI And Product Market Dynamics
This table reports panel regressions linking the lagged category–month HHI to store outcomes in Amazon’s
marketplace. We estimate the following equation:

Yi,c,t = α +β HHIc,t−1 +X ′
i,c,t−1θ +δi + γt + εi,c,t ,

where Yi,c,t is the product market outcome variable as follows: (1) logarithm value of average product
price, (2) sales per product, (3) average margin per product, (4) the number of existing products, and (5)
rolling three–month of net new products. The independent variable, HHIc,t−1, is the lagged category level
Herfindahl–Hirschman Index (HHI). The vector Xi,c,t−1 collects time varying controls, and we include store
fixed effects and year–month fixed effects. Standard errors are two-way clustered at store and year-month
level. ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. The sample
covers from January 2000 to December 2022.

(1) (2) (3) (4) (5)
Dependent
Variable=

Ln(Avg.
Product Price)

Sales
per Product

Avg. Margin
per Product

# of Existing
Products

Rolling 3-month
(∆ New Products)

HHIc,t−1 -0.00 0.81*** -0.01 0.00 0.01
(-1.36) (2.83) (-0.22) (0.78) (1.48)

Avg.Ratingi,c,t−1 0.00*** 0.29*** -0.03 0.12*** 0.05***
(10.14) (2.67) (-0.45) (22.29) (11.97)

Veri f iedReviewsi,c,t−1 -0.01*** 10.89*** 0.90*** 0.66*** -0.19***
(-6.14) (21.22) (3.04) (28.88) (-7.20)

Adjusted R2 0.854 0.646 0.359 0.700 0.010
Mean of Dep. Var. 3.273 80.54 8.919 8.429 0.0910
Stores FEs Yes Yes Yes Yes Yes
Year–Month FEs Yes Yes Yes Yes Yes
Observations 4,764,776 4,764,776 4,764,776 10,653,990 10,653,990
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Table IA.3. The Relationship between DPI And Competitions
This table reports panel regressions linking the lagged category–month Data Power Index (DPI) to several
competition measures. We estimate the following equation:

Yc,t = α +β DPIc,t−1 +X ′
c,t−1θ +δc + γt + εc,t ,

where Yc,t is the market competition measures as follows: (1) Herfindahl-Hirschman Index (HHI), and (2)
Entropy measured by seller’s sales in category. The independent variable, DPIc,t−1, is the lagged category
level Data Power Index. The vector Xc,t−1 collects time-varying controls, and we include category fixed
effects and year–month fixed effects. Standard errors are clustered at the category level. ***, **, and
* indicate statistical significance at the 1%, 5%, and 10% levels, respectively. The sample covers from
January 2000 to December 2022.

(1) (2)
HHI Entropy

DPIc,t−1 -3.82** 0.15**
(-2.27) (2.18)

Avg.#Reviewsc,t−1 1.33*** -0.07***
(13.88) (-12.31)

Avg.Ratingc,t−1 -1.83*** 0.64***
(-3.35) (16.46)

Avg.MarginPerProductc,t−1 -0.02 0.01***
(-0.41) (2.68)

Adjusted R2 0.430 0.915
Mean of Dep. Var. 3.638 4.314
Category FEs Yes Yes
Year-Month FEs Yes Yes
Observations 6,096 6,096
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Table IA.4. Summary Statistics of Consumer Surplus Measures
This table reports summary statistics for the consumer surplus (CS) measures constructed following the
approach of Reimers and Waldfogel (2021), which maps product-level information such as star ratings
and prices into mean utilities and converts these into dollar-valued welfare changes using the log-sum for-
mula. The CS measures are computed at both the store–month level and the category–month (market) level.
∆CS(Store, stars,$) reflects welfare changes derived solely from changes in consumer ratings within a store.
Similarly, ∆CS(Market, stars,$) summarize aggregated welfare changes at the broader product-market level.
All monetary values are expressed in U.S. dollars and the variables are winsorized at the 1st and 99th per-
centiles. Panel A covers the full sample from January 2000 to December 2022. Panel B restricts the sample
to the year 2018 to compare with the sample period of Reimers and Waldfogel (2021).

Panel A: Full Sample Period

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

N Mean Std.Dev. p10 Median p90

∆CS(Market, stars,$) 10,811,312 989,934 977,524 50,362 686,287 2,212,311

∆CS(Store, stars,$) 10,805,364 119 499 0 0 202

Panel B: Sample Perdiod During 2018

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

N Mean Std.Dev. p10 Median p90

∆CS(Market, stars,$) 984,497 725,760 475,096 139,182 676,869 1,390,403

∆CS(Store, stars,$) 984,497 113 474 0 0 192
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B Consumer Surplus Measurement

This appendix formalizes my consumer welfare construction and clarifies how it adapts the
framework in Reimers and Waldfogel (2021). Their study develops a transparent procedure to map
pre-purchase information such as crowd ratings and expert reviews into mean utilities and to eval-
uate welfare using the log-sum formula from discrete choice demand. They use observed demand
responses to information and compute counterfactual surplus by removing the relevant information
channel while holding other market features, such as prices, fixed. I follow the same logic. The
key differences are that I implement it on Amazon category-by-month markets, recover quanti-
ties from sales ranks, and integrate the resulting welfare measures with a difference-in-differences
design around the timing of Amazon private label entry.

1. Demand System and Definition of Consumer Surplus

Consider a monthly category market with products j ∈ J . The representative consumer’s
utility is

ui j = δ j + εi j, εi j ∼ Type I Extreme Value.

Under a nested logit structure with nests g ∈ G (defined by stores),

δ j = lns j −σ lns j|g − lns0, (B-16)

where s j = q j/M, s j|g = q j/Qg, Qg = ∑k∈g qk, s0 = 1−Q/M, M is market size, Q = ∑k∈J qk, and
σ ∈ [0,1) captures within-nest correlation.

To ensure numerical stability when shares approach zero, I add a small constant ε = 10−6

wherever logs of shares are computed. Within category–month (c, t) I define

s jt =
q jt

Mct
, s0,ct = 1−∑

k∈c

qkt

Mct
, (B-17)

and for nest g( j) the conditional within-nest term is

lns j|g,t = ln
(
s jt + ε

)
− ln

(
sgt + ε

)
, sgt ≡ ∑

k∈g( j)

qkt

Mct
. (B-18)

The implemented mean utility is therefore

δ jt =
[

ln(s jt + ε)− ln(s0,ct + ε)
]
−σ lns j|g,t . (B-19)
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The log-sum formula for the nested logit model implies that consumer surplus in state X is

CSX =
M
α

ln

(
1+ ∑

g∈G

[
∑
j∈g

exp
(

δ j,X
1−σ

)]1−σ

)
. (B-20)

Following Reimers and Waldfogel (2021), evaluating the welfare impact of pre-purchase in-
formation requires distinguishing between ex-ante decision utility and ex-post experienced utility.
The change in consumer surplus from the baseline status quo to a counterfactual state without star
ratings is given by:

∆CS =CSstatus quo −CScounterfactual −
M
α

∑
j∈J

γ j(R j − R̂ j)scounterfactual
j . (B-21)

The final term is an ex-post adjustment reflecting the possibility that what is consumed has an
ex-post utility that differs from the ex-ante expectation when information is removed.

2. Mapping Ranks to Quantities and Recovering Elasticities

I map daily Amazon sales ranks r jt to weekly quantities via the power law

q jw = ∑
t∈w

Ar−B
jt , (B-22)

and estimate (A,B) from observed rank dynamics. Because ranks exhibit persistence, I use a partial
adjustment specification to isolate contemporaneous responses of ranks to prices and information.
In particular,

lnr jt = θ lnr j,t−1 +a ln p jt +g lnR jt +n ln(#ratings jt) · lnR jt + controls+ ε jt . (B-23)

I then translate the dynamic response into static elasticities of quantities using the rank–quantity
mapping:

εp =
aB

1−θ
, εR j =

(
g+n ln(#ratings j)

)
B

1−θ
. (B-24)

My setting lacks direct quantities at the product-day level, so I recover them from ranks and then
back out elasticities. This preserves the spirit of Reimers and Waldfogel (2021) that maps infor-
mation to demand while adapting to the Amazon environment.
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3. Mapping Elasticities to Utility Coefficients and Recovering δ

In the status quo I parameterize

δ j = δ j0 +α p j + γR j +ψ j, (B-25)

where p j is price, R j is the star rating, and ψ j captures discrete informational shifts.
To keep the mapping transparent and empirically tractable, I estimate price sensitivity by re-

gressing the market-adjusted log share ratio on price with category–month fixed effects,

ln
s jt + ε

s0,ct + ε
= α̃ p jt + ηct + u jt . (B-26)

To correct for attenuation bias common in direct price regressions and to align the absolute welfare
scale with the benchmarks established in the literature, I calibrate the final marginal utility of
income, α , by scaling α̃ . Conditional on α and σ , I regress the recovered δ jt on ratings with
category–month fixed effects to obtain γ ,

δ jt = γ R jt + ξct + e jt . (B-27)

4. Counterfactuals: Removing Stars

Let R̂ j denote expected quality without stars. I construct counterfactual mean utilities by re-
moving the incremental contribution of ratings,

δ
no stars
j = δ j − γ (R j − R̂ j). (B-28)

Consistent with the counterfactual scenarios in Reimers and Waldfogel (2021), I leave product
prices unchanged (∆p j = 0), focusing exclusively on the informational value of star ratings. In im-
plementation, I construct R̂ j by predicting expected quality without stars from observable product
and market characteristics using fixed effects to minimize bias in the counterfactual expectation.

5. Market Definition, Scaling, and Nesting

I define a market as category by month. Nests follow store by default. I construct market size
in two steps. First, I interpolate annual population and platform share series to monthly values,
denoted popt and sharet , and form the platform-wide market size

Mtotal
t = popt × sharet . (B-29)
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Second, I scale to category c using the observed category weight ωct ,

ωct =
∑ j∈c q jt

∑c′ ∑k∈c′ qkt
, Mct = max{1, ωct Mtotal

t }. (B-30)

6. Computational Steps

First, I estimate (A,B) in equation (B-22) and construct q jt . Second, I estimate (B-23) and
compute elasticities via (B-24). Third, I recover α and γ j. Fourth, I construct R̂ j from observables.
Fifth, I build δ under the no-stars scenario using (B-28). Sixth, I compute CS and ∆CS incorporat-
ing the ex-post utility correction using (B-20) and (B-21). Finally, I aggregate to the category level
and allocate to the store level using nest-level inclusive value weights.

To show the exact implementation of the nested logit inclusive value, for any utility vector
{δ jt} j∈g within nest g, I first compute the nest-level sum Igt , and then aggregate across all nests to
obtain the market-level Gct :

Igt = ∑
j∈g

exp
(

δ jt

1−σ

)
, Gct = ∑

g∈c
I1−σ
gt , (B-31)

CSct =
Mct

|α|
ln
(

1+Gct

)
. (B-32)

All ∆CS objects are defined by replacing δ jt with the corresponding counterfactual utilities and
computing the difference along with the ex-post correction.

7. Implementation

For the market unit and quality variable, I implement the procedure at category by month and
use star ratings as the main pre-purchase information measure. For counterfactual scenarios, I
compute No Stars to isolate the contribution of ratings. For the baseline nesting parameter, I set
σ = 0.4, a conventional calibration at this level of aggregation.

To connect the welfare objects to the difference-in-differences design at the store level, I al-
locate the market-level welfare changes to individual stores (nests) using their relative inclusive
value weight in the counterfactual state:

wg,t =
I1−σ
gt

Gct
, ∑

g∈c
wg,t = 1. (B-33)
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The store-level treatment variable is defined as:

∆CSStore
g,t = wg,t ×∆CSMarket

c,t . (B-34)

For category-level analysis, I simply use the market-level aggregate ∆CSMarket
c,t . I then estimate stag-

gered difference-in-differences with store fixed effects and year–month fixed effects using these
constructed outcomes. For presentation, I also report welfare in millions of dollars by dividing by
106; this scaling does not affect inference.

Overall, my method applies the Reimers and Waldfogel (2021) welfare logic to Amazon plat-
form data by defining markets at category by month, recovering quantities from ranks, mapping
information to mean utility through elasticities, correctly aggregating log-sums under a nested logit
structure, and linking the resulting welfare measures in store and category-level empirical designs.
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