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Abstract

This paper investigates the competitive and perceptual consequences of platform brand entry on digital

marketplaces, using Amazon.com as the empirical setting. It addresses a critical gap in understanding the

impact of platform brands, which, unlike traditional private labels, have unique advantages from their control

over data and algorithms. The central problem is to quantify how these platform brands influence market prices,

consumer engagement, and perceptions of competing products.

The empirical design contains three components. First, to define a relevant market, I propose a novel mar-

ket definition approach based on rank-weighted search co-occurrence, which clusters products that frequently

appear together in consumer search results. Second, I use the staggered Synthetic Difference-in-Differences

(SynthDiD) model for a market-level analysis to estimate the overall effects of platform brand entry. This

method addresses the staggered timing of brand launches and potential selection bias. Finally, I implemented

a panel-adapted Double Machine Learning (DML) framework to uncover heterogeneous effects at the product

level. This framework uses multi-modal product embeddings derived from both images and text—to measure

product similarity and analyze how the treatment effects vary across different seller types and levels of similarity

to the entering Amazon brands.

The findings reveal a paradoxical divergence between competitive gains and perceptual costs. The entry of

Amazon brands, particularly Amazon Basics, significantly reduces market prices and increases consumer en-

gagement, suggesting a pro-competitive ”market disciplining effect”. However, despite these gains, consumer

perceptions of both product value and quality decline. This is potentially because the low-cost platform brands

reset consumer expectations, making competing products seem overpriced or under-performing in comparison.

The analysis also shows that these effects are not uniform. Third-party sellers and products that are moderately

similar to the Amazon brand face the most pronounced negative impacts. In contrast, products with high sim-

ilarity to the Amazon brand experience a price increase, suggesting they may benefit from a form of platform

favoritism or protection. These results provide valuable insights for sellers, platforms, and policymakers by

highlighting how platform brands can unevenly reshape competition and consumer perceptions.

Keywords: Platform brands, Platform strategy, Private label strategy, Entry effect, Digital competition
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1 Introduction

Private label (or store brand) is an important element in brick-and-mortar retail in terms of product assortment and

market power (Kumar and Steenkamp, 2007). Over the past decades, national brands have learned to coexist with

private labels by adapting their positioning, improving quality differentiation, and defending their value (Chinta-

gunta et al., 2002; Ailawadi et al., 2008; Pauwels and Srinivasan, 2004, 2009). In the digital era, the rise of online

retail platforms such as Amazon.com is creating both new opportunities and new challenges for private labels. For

reference ease, I call the private label products introduced by digital retail platforms as “platform brand”. Pio-

neering the practice, Amazon launched its private label program in 2005 (Morrison, 2021). By the end of 2024,

Amazon offered over 23,000 products across at least 406 Amazon platform brands and received $1 billion in sales

from these products (Herrera, 2022). Globally, JD.com in China launched its own platform brand, Jingzao (Techn-

ode, 2019). Flipkart in India has also introduced a variety of platform brands across multiple categories (Sengupta,

2020).

Platform brands differ fundamentally from traditional private labels. In brick-and-mortar retail, private labels

compete for limited shelf space against national brands, and consumers choose from a fixed set of in-store displays.

In digital marketplaces, by contrast, product space is virtually unlimited, search engines dynamically shape what

consumers see, and user reviews often substitute for physical displays. Competition also shifts: instead of facing

primarily established national brands, platform brands contend with a fragmented base of independent sellers.

Critically, as marketplace owners, platforms like Amazon not only control visibility and recommendations but

also hold vast amounts of user-level data unavailable to third-party sellers. This dual role, as both referee and

player, creates the potential for platforms to tilt the playing field, raising concerns about distorted competition and

consumer harm1.

Despite the growing popularity of platform brands and the increasing regulatory scrutiny about them, there is

little empirical evidence on how platform brand expansion actually plays out in the marketplace. Do platforms

introduce their own brands to fill unmet gaps and broaden choice in underserved markets, or do they use control

over algorithms and data to target high-traffic, high-margin product spaces? For competition: when a platform

brand enters, do market prices fall and dispersion narrow due to a low-cost entrant, or do prices rise and disper-

sion widen due to higher visibility costs and seller repositioning? How do consumers’ evaluations of competing

products change? Which products and sellers are most affected? In this paper, I quantify these competitive and
1For example: The Ending Platform Monopolies Act introduced in the U.S. Congress in 2021 proposes to prohibit Amazon from selling

private labels. Similar concerns were raised by the Digital Markets Acts (DMA) in Europe and the pending American Innovation and Choice
Online Act (AICOA).
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perceptual consequences of platform-brand entry in search-based marketplaces.

I address these questions in the context of Amazon.com. I first compile a multi-sourced panel of 108,846

unique products from 1,158 search result pages, tracking each product’s daily price, rating, and sales rank from

launch through December 2024. Using deep learning and large language models (LLMs), I convert unstructured

product descriptions and images into comparable measures of product similarity and extract aspect-level consumer

perceptions from review text.

My empirical strategy contains three components. First, to reflect both visibility and competitive proximity in

the search space, I develop a novel market definition approach that clusters products based on search co-occurrence

patterns. This approach allows us to define behaviorally grounded markets and designate the relevant sets of

products that are plausibly affected by the entry of Amazon brands. Second, I employ the staggered synthetic

difference-in-differences (SynthDID) strategy (Arkhangelsky et al., 2021) to estimate market-level treatment ef-

fects on price, review metrics, and consumer perceptions. Finally, to uncover heterogeneous effects, I implement

a panel-adapted Double Machine Learning (DML) framework (Chernozhukov et al., 2018; Clarke and Polselli,

2025), which, through a product-level lens, traces where platform brand entry has the most pronounced impact.

The results reveal a paradoxical divergence of platform brand entry: while the entry of Amazon brands drives

market prices down and boosts consumer engagements, suggesting a market disciplining effect (Desai et al., 2020;

Gilbert and Shelanski, 2023), it erodes consumer perceptions of product value and quality. This indicates that the

entry of platform brands impacts the market not only through prices but also by subtly altering how consumers

evaluate and trust products. Furthermore, I find that third-party sellers and products that are moderately similar

to platform brands would be impacted to a greater extent. These results highlight a deeper form of distortion in

platform markets where market efficiency may improve, but consumer expectations can outpace what the sellers

can deliver. Ongoing analysis examines the mechanisms behind these shifts.

As one of the first empirical assessments of the competitive and perceptual consequences of platform brand

entry, this paper contributes to the emerging literature at the intersection of platform strategy and strategic compe-

tition. While prior work focused on offline retail or price-based outcomes (Raju et al., 1995; Chintagunta et al.,

2002; Pauwels and Srinivasan, 2004; Ailawadi et al., 2008), I show that the entry of platform brands not only

creates market disciplining forces but also reshapes how consumers evaluate product value and product quality.

These findings shed light on the self-preferencing debate, which has focused on algorithm bias (Zou and Zhou,

2025) or listing prominence (Long and Amaldoss, 2024), by demonstrating demand-side distortions in consumer

perception.

The findings generate important implications for sellers, platforms, and policymakers navigating the evolving
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dynamics of platform-dominated marketplaces. For third-party sellers, platform brand entry, particularly in the

value tier, creates intense price pressure and elevates consumer scrutiny. For platform owners, the challenge lies in

balancing market efficiency gains with the long-term sustainability of the ecosystem; while platform brands may

drive lower prices and higher ratings, they also erode consumer perception of competing products and risk displac-

ing seller diversity. Finally, for regulators, our heterogeneity analysis reveals that while platform brand entry can

lower prices and improve ratings, seemingly benefiting consumers, it may also undermine consumer perceptions

of quality, leading to a “perception paradox” that calls for regulatory attention to information transparency and

consumer welfare beyond price alone.

The remainder of this paper is organized as follows. Section 2 provides the industry background and the

empirical setting for the research. Section 3 presents the data and sample construction. Section 4 discusses the

identification challenges and outlines my empirical strategy. Section 5 presents the findings. I discuss the manage-

rial implications and future research opportunities in Section 6.

2 Research Context

As the world’s largest online retail platform, Amazon operates a hybrid business model: it not only facilitates

transactions for millions of third-party sellers but also acts as a first-party retailer selling products directly to

consumers. Moreover, Amazon develops and sells its platform brands, such as Amazon Basics, starting in 2005

(Morrison, 2021). Figure 1 illustrates the structure of this integrated marketplace ecosystem.

The Amazon platform brands remain part of Amazon’s first-party operation. They are owned, branded, and

marketed by Amazon, deeply integrated with the platform. Although these platform brands account for only about

1% of the total revenue by all sellers on Amazon.com (MobiLoud, 2024; Momentum Commerce, 2024), a smaller

share compared to traditional retail chains2, their influence is disproportionately large due to their algorithmic

visibility and strategic positioning (Deng et al., 2023; Tang et al., 2024).

Intuitively, Amazon’s private label strategy could resemble the traditional retail chain (Dubé, 2024), offering

low-cost alternatives that enhance margins and intensify price competition (Ailawadi et al., 2001; Chintagunta

et al., 2002; Pauwels and Srinivasan, 2004). However, Amazon’s dual role as a marketplace operator and a seller

complicates this comparison. It designs data-driven brands and controls discovery via search, promotions, and

badges (Korganbekova and Korganbekov, 2024; Angwin et al., 2016; Long and Amaldoss, 2024; Momentum

Commerce, 2023), potentially advantaging its own offers (Jiang et al., 2011; Wen and Zhu, 2019). At the same
2Mainstream retailer such as Walmart and Target attributes 23% and 15% of sales to their private label products
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Figure 1: Structure of Amazon’s Hybrid Marketplace.

time, third-party sellers remain central to platform economics (about 62% of units; substantial fee revenue)3.

This dual incentive raises the empirical questions about the net effect on market price, consumer evaluations, and

incidence across sellers.

I study these dynamics in the Home & Kitchen category on Amazon.com. This category provides an ideal

empirical setting: First, this is one of the largest and most competitive categories on Amazon.com4. Second, this

category features a diverse mix of Amazon brands, from value-oriented brands like Amazon Basics to more design-

oriented, higher-end brands such as Stone & Beam and Rivet. Third, consumer evaluations of home products span

both vertical and horizontal dimensions: vertical quality attributes, such as performance, durability, and function-

ality, coexist with horizontal preferences related to aesthetics, style, and design. As a result, the Home & Kitchen

category provides a rich setting to evaluate how Amazon brand entry impacts not only price and competition, but

also consumer perception and product positioning.

3 Data and Sample Construction

I constructed a multi-source panel dataset from three primary sources. First, I collect search queries on Ama-

zon.com to identify all Amazon platform brands and the competing products. For each product, I scrape product-

level metadata and consumer search data. Second, to examine the impact of Amazon brand entry on prices, I

obtain the historical price data for each product using the API from Keepa.com. Third, to examine the impact

of the Amazon brand entry on consumer perceptions, I use Large Language Models to extract the aspect-based
3Third-party sellers accounted for 62% of units sold in Q4 2024; roughly one-quarter of revenue derives from seller fees: Marketplace

Pulse.
4In the U.S. market alone, this category generates approximately $103.3 billion in sales in 2024 and exhibits a year-over-year growth

rate of roughly 20%.See Momentum Commerce (2024), ”Amazon’s Home & Kitchen Category Forecasted to Grow 21.8% YoY in 2024,”
available at: https://www.momentumcommerce.com/amazons-home-kitchen-category-forecasted-to-grow-21-8-yoy-in-2024/, accessed on
July 18, 2024.
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sentiment on each consumer review. I validate the results using a manually labeled ground truth dataset. For

the heterogeneity analysis, I measure product similarity leveraging the state-of-the-art multi-modal representation

learning. The remainder of this section provides a detailed discussion of each component.

3.1 Search Queries and Product Listings

I simulate the data-generating process of a typical consumer’s shopping journey by collecting search results and

product metadata from Amazon.com. Using a curated list of 1,158 high-traffic search queries, based on the most

searched keywords on SEMrush.com in 2021, I scrape the top 300 search results, yielding 324,520 product-query

pairs. On average, each product appears in approximately three distinct search queries, resulting in a total of

108,846 unique products. For each product, I scrape detailed information including product name, images, price,

delivery terms, and the “Date First Available.” I also collect all historical customer reviews associated with these

products, including timestamps, star ratings, and review text. Table 1 presents a summary statistic of the search

and product data. As it shows, the products belong to seven broad categories in the home and furniture market.

The average price is approximately $400. The number of unique product items in each category ranges from

approximately 5, 000 (in Shoe Rack category) to 23, 000 (in Rug category). The proportion of these products

being sold by third-party sellers (vis-a-vis first-party by Amazon) is 75%.

Table 1: Summary Statistics by Product Category
Category NumKeyword NumSearch NumUniqueProd AvgPrice AvgRating AvgRatingCount ThirdPartyPerc

Chair 187 52850 21703 515.58 2.27 549.79 73.93
Desk 177 48480 19042 512.51 2.22 732.07 74.07
Dresser 190 55649 13617 525.48 1.92 337.86 74.44
LED Lights 148 39614 15222 125.13 2.15 990.23 82.61
Rug 182 49735 23498 223.60 1.80 1115.14 71.25
Shoe Rack 123 33439 5045 312.83 1.91 573.51 79.51
TV Stand 151 44753 10722 596.49 1.85 548.09 72.10

Total 1158 324520 108846 398.67 2.04 736.88 74.72

Notes: This table reports summary statistics for the seven product categories in our constructed Amazon Home & Kitchen sample. NumKeyword is
the number of distinct search keywords collected for each category. NumSearch is the total number of keyword-ASIN pairs observed in search results.
NumUniqueProd indicates the number of unique products. AvgPrice, AvgRating, and AvgRatingCount are averaged at the product level. ThirdPartyPerc
refers to the percentage of products offered by third-party sellers.

These products include a total of 108 Amazon brands, which serve as the focal treatment in our analysis.

Figure 2 presents the timeline of entry and the average price of these brands, aggregated by brand and time.

As it shows, the majority of Amazon brands were launched between 2017 and 2022, with most priced below

$200. Several premium brands, such as Stone & Beam and Rivet, exhibit significantly higher average prices at

approximately $600 and $400, respectively.
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Figure 2: The Entry of Amazon Brands by Time and Brand

3.2 Daily Price Data from Keepa.com

I collect historical daily price data using the Keepa.com API, which is a widely used price-tracking tool that

archives real-time changes in Amazon product listings (Chen and Tsai, 2023; Raval, 2023; Feng et al., 2024; Lee

and Musolff, 2025). Keepa tracks prices at the ASIN level across multiple seller types, including Amazon retail

(i.e., first-party), fulfilled-by-Amazon (FBA) third-party sellers, and non-FBA third-party sellers. For each product,

I retrieve price, Buy Box winner, seller composition, and availability information at a daily interval. This allows

us to construct a high-frequency product by time panel and to more accurately detect potential changes in pricing

across seller types before and after the entry of Amazon brands.

3.3 Aspect-based Consumer Perception

To gain a deeper understanding of consumer opinion across different aspects, such as price value or product satis-

faction, I implement a fine-grained, aspect-based sentiment analysis (Liu and Zhang, 2012; Puranam et al., 2021).

Specifically, I focus on consumer perception of price and product quality. Since product quality is widely recog-

nized as a multidimensional construct, I define five quality dimensions based on the existing literature (Garvin,

1984; Puranam et al., 2021): performance, aesthetic, durability, assembly, and product description fit.

To measure consumer perceptions, I leverage large language models (LLMs) (Gilardi et al., 2023). Specifically,

I prompt ChatGPT to evaluate each product review along the predefined dimensions. For each aspect, a ChatGPT

3.5-turbo model is instructed to identify relevant content, if present, and assign a sentiment score on a scale from

−10 to 10, where negative values indicate unfavorable sentiment, positive values indicate favorable sentiment, and

a score of 0 denotes that the aspect is not mentioned. The prompt includes aspect definitions, annotated examples,

and rating heuristics (chain of thought) to ensure alignment and scoring consistency. The resulting aspect-level

sentiment scores are then aggregated at the product by time level to construct a panel of consumer perception
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variables that capture the temporal dynamics of sentiment.

To validate the accuracy of the model-generated sentiment scores, I recruited and trained a group of marketing

graduate students to manually label a random sample of 4,000 reviews. The human-labeled data serve as a ground

truth benchmark for evaluating the consistency and reliability of our automated annotations. Across aspects, the

ChatGPT-based sentiment analysis achieves accuracy ranging from 0.756 to 0.942.

3.4 Multi-modal Product Embedding to Measure Similarity

Product listings are inherently multimodal, combining text that conveys functionality and branding with images

that capture design and aesthetics(Liu et al., 2020). To accurately capture product-level similarity, I leverage deep

learning techniques to extract high-dimensional representations of both product images and textual descriptions

from Amazon product detail pages, which contain rich unstructured information that reflects a product’s features,

functional attributes, aesthetic design, and brand positioning. This similarity measure plays a central role in our

empirical strategy, as it (i) helps validate market clustering quality, (ii) captures competitive proximity in the

heterogeneity analysis, and (iii) controls for confounders in the causal estimation. I illustrate our approach in

Figure 3.

Figure 3: Framework of Measuring Product similarity via Multi-modal Embedding

For the image encoder, I collect 766,451 product images for the 108,846 products on Amazon.com. On average,

each product has 7 images. I use a Siamese Convolutional Neural Network (CNN) to generate image embeddings,

mapping each image to a 512-dimensional vector in latent space. The network is trained with contrastive loss
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(Koch et al., 2015; Bell and Bala, 2015) to minimize distances between visually similar items and maximize

distances between dissimilar ones. For the text encoder, I use a pretrained language model to convert product

descriptions into 512-dimensional semantic embeddings (Yang et al., 2020). I then compute the pairwise cosine

similarity between all products based on both image and text representations. These similarity measures enable us

to quantify the degree of similarity between any two products in terms of appearance and messaging.

4 Empirical Strategy

My study estimates the causal effects of Amazon brand entry on market price, engagement, and consumer percep-

tions. The empirical strategy involves two important elements. First, I construct the proper search-based market

space that facilitates the causal inference. Second, I address several identification challenges inherent in this setting

by employing a combination of causal inference approaches. Following the research design road map presented in

Figure 4, I discuss each part in detail below.

Figure 4: Research Design Road Map

4.1 Search Co-occurrence Market Construction

Unlike physical retail environments, where products from the same or complementary categories are placed in

adjacent aisles or shelf locations, online marketplaces like Amazon are organized around search queries. As a

result, products that are categorically similar may not appear together under the same search terms, while products

from different categories may be displayed together in response to broad or ambiguous queries. This fragmented

yet overlapping exposure creates ambiguity in defining market boundaries, which can introduce spillover effects

between treated and control units within the same product category, potentially violating the stable unit treatment
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value assumption (SUTVA) (Goldfarb et al., 2022). To address these challenges, I propose a new method for

defining product markets based on rank-weighted search co-occurrence patterns. The underlying rationale is that

products frequently appearing together in search results, particularly in high-visibility positions, compete more

directly for consumer attention and purchase decisions.

Figure 5: Overview of the Proposed Market Definition Method

Figure 5 illustrates the overall structure and the three key components of my proposed method. First, following

Decarolis and Rovigatti (2021), I construct a product-query co-occurrence matrix from search query-product pairs,

where rankij is the rank position if the product i appears under search results for query j, and 0 otherwise. I apply

rank-weighted transformation to prioritize co-occurrences in prominent search positions, defined in Equation 1:

wij = exp

(
− rankij

λ

)
· ⊮{prod. i in query j} (1)

This formation assigns a weight wij to each product-query pair (i, j), where rankij denotes the rank position

of product i in the search results for query j and λ controls the decay rate of rank importance. In my empirical

implementation, we set λ = 30. The exponential term prioritizes products in top-ranked positions, while the

indicator function ⊮{prod. i in query j} ensures only observed product–query co-occurrences receive non-zero

weight. This weighting procedure groups together products that frequently co-appear in prominent positions (i.e.,

higher-ranked), capturing both underlying algorithmic similarity and the critical aspect of consumer visibility in

search behavior (Kumar et al., 2020).

Second, to reduce the dimensionality of the weighted co-occurrence matrix while also maintaining inter-

pretability of the resulting market structure, I apply Non-negative Matrix Factorization (NMF) (Cichocki et al.,

2009). NMF decomposes the original matrix into two lower-dimensional, non-negative matrices that capture latent

product–keyword associations and market-level themes. I present the NMF visualization in Appendix ??.

Third, I employ Hierarchical DBSCAN (Campello et al., 2013), a density-based clustering algorithm, on the

reduced co-occurrence matrix. Compared to traditional methods like k-means, Hierarchical DBSCAN provides

two notable advantages. First, it captures the hierarchical nature of product categorization. For instance, an
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“ergonomic office chair” naturally nests within the broader “office chair” category. Second, it allows for variable

cluster sizes, accommodating the diversity of product markets, which may range from highly competitive and broad

to narrow and niche.

Using this method, I group the 108,846 products into 790 markets. To validate my market construction, I

compare key metrics within and across markets in Figure 6. These include intra-market price co-movement,

which reflects shared demand and pricing pressures, overlaps in product category coverage, and product similarity

based on textual descriptions and image embeddings. As Figure 6 shows, across all four metrics, intra-market

performance significantly exceeds that of inter-market comparisons under my clustering.

Figure 6: Validation of Market Construction: Within-market vs Across-market Comparison

I designate the market as “treated” if it contains at least one Amazon brand product; in such cases, all products

within that cluster are considered exposed to the treatment. The timing of treatment is determined by the earliest

product first available date of the Amazon brand product that entered the market. This approach reflects the notion

that even a single platform brand entry can reshape competitive dynamics and anchor consumer expectations within

a category. Based on my market construction, 66 markets were treated between 2014 and 2022, of which 55 were

entered by products under the Amazon Basics brand. The variation in treatment timing is illustrated in Figure 7.

4.2 Identification Challenges and Solutions

In this paper, I estimate the effects of Amazon brand entry at two levels. At the market level, I examine how the

entry of Amazon brands influences overall market price, consumer engagement, and perception. At the product

level, I examine heterogeneity in treatment effects based on seller type (first-party vs. third-party) and the similarity

between competing products and Amazon brands. This dual-level approach is particularly important in platform
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Figure 7: Treatment Variation by time and brand type

settings, where strategies such as private label entry may directly impact a subset of products while generating

broader spillovers or structural changes across the market.

The observational nature of the data presents several challenges for identifying the treatment effect. For market-

level analysis, there are three challenges. First, I observe each product-market combination in only one state

(treated or untreated), making direct comparison difficult. Second, as shown in Figure 7, Amazon launches plat-

form brands in a staggered manner, which may be correlated with evolving market characteristics. Third, its entry

decisions are likely endogenous, driven by internal forecasts of profit potential, competitive dynamics, and market

opportunities (Jiang et al., 2011). This selection bias threatens the identification as treated markets may differ

systematically from the untreated ones along unobserved dimensions. To address these three issues, I adopt the

staggered Synthetic Difference-in-Difference (SynthDiD) approach, as proposed by Arkhangelsky et al. (2021), to

estimate the average treatment effect.

For the product-level analysis, products differ along a range of structured and unstructured attributes, such

as textual descriptions, design features, and brand signals, that may be correlated with both treatment exposure

and outcome variables. Furthermore, it may also be influenced by contemporaneous shocks, such as promotional

events, platform algorithm changes, supply disruptions, or category-specific trends, that coincide with the entry

of Amazon brands. Traditional empirical methods struggle to accommodate this high-dimensional heterogeneity

while maintaining valid causal inference. To address these complexities and the panel nature of Amazon data,

I employ the panel-adapted Double Machine Learning (DML) framework, as proposed by Chernozhukov et al.

(2018) and extended in Clarke and Polselli (2025), which allows for flexible control of confounding factors in

high-dimensional settings. In what follows, I discuss the identification strategy in detail.

12



4.2.1 Staggered Synthetic Difference-in-Difference

The SynthDiD has gained increasing traction in marketing research (Berman and Israeli, 2022; Lambrecht et al.,

2024; Pachali and Datta, 2025; Qian and Xie, 2025) due to its flexibility in accommodating staggered treatments

and heterogeneous trends across units. By integrating elements of synthetic control and conventional DiD, Synth-

DiD enhances counterfactual credibility and delivers more robust treatment effect estimates in contexts where the

parallel trends assumption may be violated.

SynthDiD is well-suited for my research setting. It generates “clones” of the treated market by optimally

weighting the never-treated markets that closely match the pre-entry outcome trajectories. This synthetic control

market serves as a credible counterfactual for what would have happened in the absence of the platform brand

entry. Additionally, by matching on pre-treatment dynamics, SynthDiD reduces the risk of treatment self-selection

into inherently different markets and reduces the risk that observed effects are driven by unobserved shocks that

coincide with the timing of Amazon brand entry. To further enhance the estimation effectiveness of synthDiD, I

include exogenous time-varying covariates, such as the total number of products in the market and the proportion

of first-party products. I do so by following the extended optimization procedures proposed by Kranz (2021) and

Clarke et al. (2023).

Moreover, to address self-selection in staggered treatment timing, I adopt a block design. For each outcome

variable, I apply the SynthDiD estimator separately to each market cohort defined by unique Amazon brand entry

dates and aggregate the results by treatment length (Arkhangelsky et al., 2021; Callaway and Sant’Anna, 2021;

Pachali and Datta, 2025). Specifically, conditional on every treatment date a ∈ A, I construct a balanced panel

of product markets, where Mco,a represents never-treated control markets and Mtr,a denotes markets first exposed

to Amazon brands product at date a. Each balanced panel spans T = Tpre + Tpost periods. For each block a, I

define Ma = Mco,a ∪Mtr,a and estimate the average treatment effect using the synthetic difference-in-differences

estimator proposed by Arkhangelsky et al. (2021), implemented via a weighted two-way fixed effects model:

(η̂a, µ̂a, γ̂m,a, γ̂t,a) = argmin
η,µ,γm,γt

{
Ma∑
m=1

T∑
t=1

ω̂m,aλ̂t,a·

(ỹmt − µ− γm − γt − η · Treatedmt)
2

}
(2)

where ỹmt denotes the outcome variable (e.g., price, review volume), and Treatedmt is an indicator equal

to one if market m is exposed to treatment by time t. The parameter η measures the causal effect of Amazon
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Figure 8: Parallel Trend Plot for Example Market

brand entry. The unit weights ω̂m,a align pre-treatment trends between treated and control units, while the time

weights λ̂t,a balance across the pre- and post-treatment periods. The intercept µ captures the baseline level of

the outcome variable, γm accounts for the market-fixed effect, and γt captures the time-fixed effect. To estimate

an overall treatment effect, I compute a weighted average of the cohort-specific treatment effects, using weights

proportional to the number of newly treated markets in each cohort. Figure 8 presents an example of pre-treatment

trend alignment from the SynthDiD implementation. The dependent variable is the market average price.

4.2.2 Panel-adapted Double Machine Learning

The Double Machine Learning (DML) approach has gained prominence in recent years (Dube et al., 2020; Gordon

et al., 2023; Ellickson et al., 2023; Xu et al., 2024; Shi et al., 2024), as it enables valid causal inference in high-

dimensional settings by combining the predictive flexibility of machine learning with the statistical rigor of semi-

parametric estimation. It is especially useful in this setting to estimate treatment effects while accounting for

high-dimensional control variables, and to explore how the effects vary by seller type and product similarity.

To estimate product-level heterogeneity using the DML framework in a panel setting, I address two key chal-

lenges: unobserved fixed effects and intertemporal dependence within a product. First, to account for unobserved

product- and time-fixed effects, I adopt the approach proposed by Clarke and Polselli (2025), augmenting the co-

variate set X̃it with time-averaged covariate vector for product i, X̄i, as specified in Equation 3. Time fixed effects

are captured through a saturated set of year-month dummies. Second, to address intertemporal dependence within

products, I implement 5-fold cross-validation using chronologically ordered splits. Each fold contains a contigu-

ous sequence of time periods, thereby ensuring that future observations are not used to predict past outcomes and
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preventing information leakage (Varian, 2014).

X̃it =
(
Xit, X̄i

)
where X̄i =

1

Ti

Ti∑
t=1

Xit (3)

Specifically, following Dube et al. (2020) and Xu et al. (2024), I implement the DML approach in three steps:

Step 1: Yit = g(Wit) + αi + ξt + εit, (4)

Step 2: Dit = m(Wit) + αi + ξt + µit, (5)

Step 3: Ỹit = θ(Xi) · D̃it + εit, (6)

where Yit denotes the outcome variable (e.g., log price or consumer perceptions of product i at month t), Dit is

an indicator equal to one if product i is treated by the entry of Amazon brand at month t, Wit are high-dimensional

controls for product i at month t, such as product description embeddings, image embedding, product category

dummy and brand indicators, αi is the product-fixed effects uncorrelated with the covariates, ξt is the year-month

dummy to control for time-fixed effects, and Xi includes the heterogeneous features of interest (e.g., seller type or

similarity).

In Step 1, I model the outcome Yit as a function of high-dimensional covariates Wit, product fixed effects αi,

and time fixed effects ξt, capturing baseline variation through a flexible function g(·). In Step 2, I similarly model

the treatment variable Dit using a separate machine learning model m(·), again controlling for αi and ξt. In Step

3, I compute residualized outcomes Ỹit and treatments D̃it from the first two stages and estimate the heterogeneous

treatment effect θ(Xi) using a Causal Forest model (Athey and Wager, 2018; Athey et al., 2019; Guo et al., 2021),

where Xi includes product-level moderators such as seller type and similarity to Amazon brands.

The intuition of this DML approach is that high-dimensional control variables, such as product descriptions,

visual design features from product images, and sales ranks, may be correlated with both whether this product is

affected by Amazon brand entry and the outcome variables, including price and consumer perceptions of value and

quality. To address this potential selection bias, I use the residuals from the outcome and treatment models, i.e.,

the portions of variation in Yit and Dit that the control variables cannot explain. By regressing the residualized

outcome on the residualized treatment in Step 3, I isolate the variation in treatment that is orthogonal to the controls,

thereby estimating the conditional treatment effects.
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5 Findings

5.1 Effects of Platform Brand Entry on Market-level Price, Product Ratings and Reviews

For market price, I analyze two variables: average price and price range. The average price is measured as the

natural logarithm of the market-level mean price to reduce skewness and facilitate percentage-based interpretation.

The price range is calculated as the difference between the highest and lowest product prices available in each

market-month. Based on consumer response, I also consider two variables: average product rating and product

review volume. As the extensive literature indicates, review volume and rating reflect the degree of consumer

engagement and have a profound effect on product sales (Chevalier and Mayzlin, 2006; Liu, 2006; Chen and Xie,

2008; Kim et al., 2022). Review volume is measured as the total number of new reviews added in each market-

month. Average rating is calculated as the mean rating of all new reviews posted within each market-month.

Table 2 reports the market-level effects of Amazon brand entry using the staggered SynthDiD. To examine

heterogeneity across brand tiers, I analyze three groups of Amazon brands: all brands (Panel A), Amazon Basics

only, the flagship and most widely recognized Amazon brand, positioned to offer low-cost, functional alternatives

(Panel B), and the Amazon Premium brands of Stone & Beam and Rivet (Panel C). All of the analyses exclude the

focal Amazon brand product in each market.

Table 2: Effects of Amazon brand Entry on Market Price and Product Reviews
(1) (2) (3) (4)

Average Price Price Range Product Review Volume Product Rating

Panel A: All Amazon Brands
treatment effect -0.093∗∗ -38.527∗∗ 13.903∗ 0.307∗∗∗

(0.040) (16.206) (8.175) (0.1361)
# of Observations 135,536 135,536 135,536 135,536

Panel B: Amazon Basics
treatment effect -0.119∗∗ -38.708∗∗ 20.537∗∗∗ 0.417∗∗∗

(0.048) (18.721) (7.571) (0.219)
# of Observations 133,644 133,644 133,644 133,644

Panel C: Amazon Premium Brands
treatment effect -0.000 -40.647 -7.808 -0.119

(0.073) (31.686) (11.506) (0.248)
# of Observations 126,764 126,764 126,764 126,764

Notes: Standard errors in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01.

As shown in Panel A, the entry of Amazon brands leads to a significant price reduction, where the average

price decreases by 8.880% (column 1: −0.093 )5. Panels B and C show that the entry of Amazon Basics primarily

drives these effects. Although Amazon Basics are typically perceived as budget offerings, the evidence suggests

that the effect is not simply mechanical. For instance, Figure 9 shows an Amazon Basics end table entering at the
5A coefficient of −0.093 corresponds to a price change of exp(−0.093)− 1 = 0.0888 or an 8.88% decrease in average price.
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lower end of the market’s price distribution and exerting downward pressure that compresses both the mean price

and the overall price range. Yet in other markets, such as the ergonomic chair category in Figure 10, the Amazon

Basics product enters at the higher end of the distribution, and competitors’ prices still adjust downward toward the

market bottom. Taken together, these patterns suggest that the price effects of Amazon brand entry cannot be fully

explained by Amazon’s own pricing levels; rather, they reflect broader market responses triggered by Amazon’s

entry.

Figure 9: Market-Level Price Distribution with Low-Priced Amazon Basics Entry (End Table)

Figure 10: Market-Level Price Distribution with High-Priced Amazon Basics Entry (Ergonomic Chair)

Moreover, I find a significant increase of 13.903 reviews in product review volume (column 3: 13.903), after

controlling for the number of products per market. One plausible explanation is an increase in sales, which suggests
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that platform brand entry may stimulate market demand. While prior literature in traditional retail contexts finds

that private labels do not increase store traffic (Pauwels and Srinivasan, 2004), this pattern may differ in digital

environments. Online marketplaces feature lower transportation and switching costs (Goldfarb and Tucker, 2019),

making it easier for consumers to access and respond to platform brand offerings. An alternative explanation is a

shift in consumer behavior. The increase in review volume may reflect a higher likelihood of consumers leaving

feedback. This would suggest that Amazon Basics attracts a more expressive segment of the market, one that is not

only value-oriented (Hansen and Singh, 2008) but also more inclined to engage through reviews. Both explanations

suggest that the entry of Amazon brands leads to an increased visibility for competing products; however, which

is the primary driving force is part of the mechanism analysis that is in progress. Disentangling these mechanisms

will shed light on whether platform brand entry primarily stimulates overall market demand or alters patterns of

consumer engagement, thereby deepening our understanding of how digital platforms reshape competition and

consumer behavior.

Lastly, the average rating increases by 0.307 (column 4: 0.307) overall. This increase signals that sellers may

respond not only by reducing price, but also by improving their product offerings, customer service, or fulfillment

processes to maintain competitiveness. This response reflects a possible broader market disciplining effect: the

entry of Amazon brands reshapes the competition to reduce market price, elevates consumer engagement, and

improves overall product performance.

To sum up, rather than harming consumer experience (The Markup, 2021), the analysis reveals a possible

broader market disciplining effect that the entry of platform brands steers the market toward more affordable prices,

increased visibility, and higher product standards (Goldfarb and Tucker, 2019; Haucap and Stühmeier, 2016; Jiang

et al., 2011). Beyond these observable gains, next, I turn to the textual content of product reviews, which provides

deeper insight into how consumers perceive product value and quality changes after platform brand entry.

5.2 Effects of Platform Brand Entry on Consumer Perceptions

To assess the effect of Amazon brand entry on consumer perceptions, I focus on value perception and quality

perception. These two aspects are central to consumer decision-making and brand evaluations (Chen et al., 2020;

Puranam et al., 2021). Both measures are derived from aspect-level sentiment analysis of review texts. Quality

perception is calculated as the average sentiment across five dimensions: performance, aesthetics, durability, ease

of assembly, and product-description fit. For each perception construct, I examine both the average sentiment score

to capture shifts in consumer attitudes and the percentage of reviews mentioning the aspect to capture changes in

consumer attention. Again, all of the analyses exclude the focal Amazon brand product in each market, and all
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measures are aggregated at the market-month level.

Table 3 summarizes the estimation of the effects on consumer perceptions. I find a paradoxical divergence:

the gains in market efficiency do not translate into more favorable consumer perceptions towards product value

or quality. These findings highlight a significant perception cost: as the market price drops and product rating

increases, consumers grow increasingly critical and less satisfied with the overall product.

Table 3: Effect of Amazon Brand Entry on Value and Quality Perception
Value Perception Quality Perception

AvgScore (1) % Mentions (2) AvgScore (3) % Mentions (4)

Panel A: All Amazon Brands
treatment effect -0.458∗∗ 0.075∗∗∗ -0.652∗∗∗ -0.081∗∗∗

(0.186) (0.027) (0.223) (0.032)
Observations 31,165 31,165 31,165 31,165

Panel B: Amazon Basics
treatment effect -0.607∗∗∗ 0.082∗∗ -0.888∗∗∗ -0.103∗∗

(0.119) (0.037) (0.249) (0.045)
Observations 29,900 29,900 29,900 29,900

Panel C: Amazon Premium Brands
treatment effect 0.012 -0.031 0.104 -0.027

(0.299) (0.046) (0.361) (0.053)
Observations 27,255 27,255 27,255 27,255

Notes: Standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Value Perception
refers to consumers’ evaluations of product price and overall value. Quality perception is a compos-
ite measure based on the average of all dimensions of perceived product quality. AvgScore indicates
the valence of consumer perception for the corresponding aspect toward non-platform competing
products; % Mentions refers to the proportion of reviews that mention the corresponding aspect
relative to the total review volume.

To begin, although Amazon brand entry leads to a significant reduction in market prices, it is also associated

with a decline in perceived value. As shown in Table 3, the average value-perception score falls by 0.458 following

Amazon brand entry and by 0.607 in markets specifically entered by Amazon Basics. Moreover, while average

product ratings increase after Amazon brand entry, the perceived product quality of competing products declines

sharply by 0.888, suggesting a deterioration in consumer satisfaction.

This divergence between ratings and text-based quality perceptions raises an important interpretive question.

Product ratings are only a partial proxy for product quality, and the number of consumers who leave ratings is

far larger than the number who provide written reviews. One possibility is that different types of consumers are

informing these two measures. Some buyers may be primarily value-oriented: they purchase a functional, lower-

priced product, are satisfied, and leave a quick five-star rating without additional comments. Others—those seeking

higher quality—may be more likely to write detailed reviews when disappointed, thereby disproportionately influ-

encing text-based quality perceptions. In this case, ratings reflect the broader pool of purchasers, whereas review

text reflects a narrower subset with stronger quality expectations. This distinction may help explain why ratings

improve even as text-derived quality perceptions decline following Amazon brand entry.
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Importantly, this paradoxical divergence, where market improvements fail to translate into more favorable

consumer perceptions, is not limited to changes in the average valence of perceived value and quality. The analysis

also reveals an unexpected shift in consumer attention: the share of reviews mentioning value increases by 8.5%,

while the share referencing quality declines by 10.3%. One possible explanation for this attention shift is that, as

price competition intensifies and product differentiation narrows, consumers may find it easier to compare prices

than to assess multi-dimensional aspects of quality. As a result, their evaluation criteria may become more uniform,

placing greater emphasis on value for money and less on nuanced judgments of product quality.

In summary, the analysis reveals conflicting effects of platform brand entry: prices decrease, yet consumer per-

ceived value and satisfaction do not improve. While consumer engagement and product rating slightly increased,

declines in quality-related mentions and explicit quality assessments reveal growing skepticism and unmet expec-

tations. To better understand which products and sellers are most affected, I need a more granular, product-level

analysis, as aggregate market responses may obscure concentrated dissatisfaction within subsets of products that

have not adapted under heightened competitive pressure. Therefore, I next examine the heterogeneity in treatment

effects by seller type and product similarity to the entering platform brands.

5.3 Heterogeneity Treatment Effect by Seller and Product

At the product level, I employ the Double Machine Learning (DML) framework to examine heterogeneous treat-

ment effects along two key dimensions. The first dimension is seller type, specifically, whether a product is offered

by a first-party seller (Amazon Retail) or by an independent third-party seller. A defining difference between

platform brands and traditional store brands is that platform brands may compete directly with independent mar-

ketplace sellers. As shown earlier in Figure 1, both Amazon Retail (first-party) and Amazon brand products are

owned by Amazon.com. This structural feature implies that Amazon brand entry may have fundamentally differ-

ent implications for first-party sellers than for independent third-party sellers. If first-party products experience

the largest effects, the pattern would resemble a conventional internal assortment repositioning similar to that of

traditional retailers. In contrast, if independent third-party sellers are disproportionately affected, the implications

are more concerning, both for platform governance and for regulatory scrutiny.

The second dimension is product similarity to Amazon’s own offerings. Intuitively, products that are closer

substitutes should compete more intensely. Whether this logic holds when one competitor is the platform brand

is an open empirical question. On the one hand, Amazon can use its extensive demand and browsing data to

design private-label products with carefully selected attributes, potentially making its offerings closely aligned

with successful incumbents. In such cases, highly similar incumbents may be more resilient and therefore less
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affected by the entrant. On the other hand, because the platform controls search visibility, ranking algorithms,

and the overall competitive environment, the usual advantages of incumbent similarity may be attenuated. These

concerns align with growing regulatory attention to whether Amazon leverages its data and algorithmic advantages

to identify and replicate successful third-party products (Khan, 2016).

Before delving into the heterogeneities, I present the product-level average treatment effects. The main purpose

is to demonstrate that DML generates consistent results with the market-level SynthDiD estimates.

As shown in Figure 11, Amazon brand entry is associated with a substantial decline in average price by

33.900% (CATE= −0.414), alongside a marked increase in review volume by 0.451. Consistently, these effi-

ciency gains are accompanied by a significant decrease in perceived quality by 0.380 and a smaller decline in

value-for-money evaluations by 0.233. These findings align closely with the SynthDiD estimates at the market

level.

Figure 11: Aggregated Average Treatment Effect by Outcome (DML)

Interestingly, although the SynthDiD results show an increase of 0.307 in average market-level ratings follow-

ing Amazon brand entry, the DML analysis reveals that individual product ratings remain largely unaffected. This

discrepancy suggests that the quality of existing products may not improve. Instead, the higher market-level rating

is likely driven by the exit of lower-rated products and the entry of newer, higher-rated offerings from other non-
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Figure 12: Treatment Effect Heterogeneity across Seller Types

Amazon brands. This supports the market disciplining interpretation, where the entry of Amazon brands raises

the competitive bar, pushing out under-performing products and elevating the overall standard of market offerings.

Taken together, the findings suggest a disciplining impact that enhances market efficiency at the expense of con-

sumer perceptions of value and quality for competing products. This raises a critical follow-up question: which

sellers or products are most affected?

As discussed in Section 2, Amazon’s hybrid platform model, where it functions both as a first-party retailer and

as a host for third-party sellers, introduces strategic trade-offs that may cause platform brand entry to affect these

seller types differently. On the one hand, Amazon brands may be used strategically to discipline third-party sellers.

Because these sellers not only pay referral commissions but also incur fulfillment and service fees, the introduction

of lower-priced Amazon brands can exert downward price pressure without directly reducing Amazon’s margins.

This enables the platform to enhance its overall price competitiveness while maintaining revenue through seller-

side fees.

On the other hand, platform brand entry may also serve as a bargaining tool in Amazon’s negotiations with

first-party vendors, mirroring the private label strategies observed in traditional retail settings (Chintagunta et al.,

2002; Ailawadi et al., 2008; Dubé, 2024). By positioning its own brands as credible substitutes, Amazon can

pressure first-party vendors to reduce wholesale prices or risk displacement. In this scenario, first-party sellers

may face even greater pressure than their third-party counterparts.

Figure 12 presents the results of the heterogeneity analysis by seller type. For the Amazon Basics entry, while

the overall impact on price and consumer perceptions aligns with the market-level findings, the disaggregated
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estimates show that third-party sellers face substantially greater price pressure and perception cost. Specifically,

third-party products experience an average price reduction of approximately 39.710% (CATE =−0.506), compared

to a 15.633% decline for first-party products (CATE = −0.170). The decline in value perception is relatively

modest across groups. However, the effect on quality perception is markedly asymmetric: third-party products

experience a drop of −0.694 points, more than three times the decline observed for first-party products (−0.209).

These results suggest that Amazon Basics exerts disproportionately stronger competitive pressure on independent

third-party sellers.

For the Amazon Premium brand entry, the product-level analysis reveals a significant but opposite pattern.

While third-party sellers again experience stronger effects than first-party sellers, the direction of the impact is

positive across all outcomes. This supports the earlier hypothesis that Amazon brands serve as market benchmarks.

When the benchmark is a value-oriented brand like Amazon Basics, it anchors the price reference point downward,

intensifying price competition. At the same time, it may raise consumer expectations for value and quality at a

lower price point, making it harder for competing products to meet those expectations. In contrast, when the

benchmark is a premium brand, it sets a higher price anchor but may lower consumer expectations for competing

products, as they are not held to the same premium standard. This contrast highlights how the strategic positioning

of platform brands can lead to divergent competitive and perception outcomes.

As noted earlier, product similarity may determine the intensity of competitive pressure. Using Amazon brands

as a reference point, I further investigate how the degree of similarity between a competing product and the enter-

ing Amazon brand influences the magnitude and direction of treatment effects. In particular, I examine whether

products that are more similar to the Amazon brand suffer greater pricing and perception impacts.

Figure 13: Treatment Effect Heterogeneity across product similarity

Figure 13 summarizes the heterogeneous effects of the product similarity to Amazon brands on price and per-
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ceptions. Contrary to standard substitution logic, the largest price declines occur among medium-similarity prod-

ucts (approximately –53%, CATE = –0.774), followed by low-similarity products (–34.688%, CATE = –0.426).

Interestingly, high-similarity products experience a significant price increase of 13.3% (CATE = 0.143). This

non-monotonic pattern may reflect implicit platform favoritism: highly similar products could share overlapping

design, supplier networks, or embedded trust signals with the Amazon brands, effectively insulating them from di-

rect competition. In contrast, medium-similarity incumbents may lack both differentiation and protection, leaving

them particularly exposed to competitive displacement.

In summary, these heterogeneous effects not only shed light on the underlying mechanisms of Amazon brand

entry but also offer strategic guidance for sellers, highlighting the importance of positioning and differentiation,

and provide regulators with evidence on how platform brands may unevenly reshape competition across seller

types. I discuss these implications further in the next section.

6 Discussion

The rapid rise of platform brands, such as Amazon Basics, JD Jingzao, and Flipkart SmartBuy, has transformed

the competitive dynamics of digital marketplaces. As platforms grow in scale and influence, their own brands

become powerful strategic levers. In many cases, even the threat of platform brand entry can alter the behavior of

third-party sellers (Jiang et al., 2011), creating a strategic uncertainty: should they compete on price, differentiate

through design, or exit the category entirely?

Consumers, too, are adapting. As they become more familiar with platform brands and more attuned to

price–quality tradeoffs, the standards for perceived value continue to rise, placing additional pressure on non-

platform sellers to manage expectations and maintain credibility. At the same time, regulators are increasingly

questioning the long-term impact of platform self-preferencing on innovation, competition, and consumer wel-

fare. Against this backdrop, the findings offer managerial implications for sellers, platforms, and policymakers

navigating this evolving landscape.

6.1 Managerial Implication

6.1.1 Third-Party Sellers

The findings suggest that the entry of platform brands, particularly value-oriented offerings like Amazon Basics,

exerts downward pressure on prices and worsens consumers’ perceptions of value and product quality. Third-party

sellers, especially those offering products that are moderately similar to Amazon brands, face disproportionate
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pricing pressure and risk being evaluated against a stricter price–quality benchmark.

While an intuitive short-term response might be to lower prices to remain competitive, such a strategy often

squeezes profit margins. The heterogeneous analysis offers key insights for third-party sellers on strategic differ-

entiation.

One viable approach is to differentiate aesthetically and materially within similar design spaces. For example, if

Amazon Basics offers only black or white variants of a basic office chair, a third-party seller could produce similar

designs but introduce a broader palette of colors, premium fabrics, or ergonomic enhancements. Alternatively,

sellers may choose to differentiate themselves by targeting distinct consumer segments that value uniqueness,

style, or performance dimensions, where platform brands often do not lead.

For existing products, it is essential for sellers to recognize that a sudden drop in review sentiment may reflect

heightened consumer expectation, rather than a decline in product quality. This calls for proactive review man-

agement: clarifying points of differentiation in product listings, responding constructively to negative reviews, and

reinforcing brand identity through post-purchase engagement.

Beyond product strategy, third-party sellers should also adopt platform risk mitigation tactics. This includes de-

fending intellectual property (e.g., filing and enforcing patents), building brand assets outside the Amazon ecosys-

tem (e.g., through direct-to-consumer websites), and cultivating loyal customer bases that are less sensitive to

algorithm-driven visibility.

In sum, while platform brand entry tightens the competitive environment, it also creates opportunities for

third-party sellers to reposition themselves, both within and beyond the platform.

6.1.2 Platform Owners

The findings suggest that platform brands, especially value-oriented ones like Amazon Basics, enhance market

efficiency by lowering prices, boosting engagement, and raising average ratings, encouraging other sellers to im-

prove their offerings. For platform owners, this translates to a healthier, more competitive marketplace that can

attract and retain consumers. Meanwhile, the contrast between the effects of Amazon Basics and the premium

brands (Stone & Beam and Rivet) highlights the importance of strategic brand positioning.

Furthermore, platform owners must recognize that efficiency gains do not guarantee satisfaction. To address

this perception gap, they should enhance transparency through clearer product information, quality certifications,

or improved review filters to help consumers better evaluate competing products beyond price alone.

Lastly, the disproportionate pressure faced by third-party sellers raises concerns about platform fairness. While

platform brands can enhance competition, overburdening third-party sellers risks undermining the ecosystem’s
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diversity and value. To maintain a healthy marketplace, platform owners should support third-party sellers with

tools for differentiation, such as market insights, advertising support, and programs that spotlight high-quality

offerings amid rising consumer expectations.

6.1.3 Regulators

The heterogeneity analysis provides a mixed bag of evidence. On the one hand, the market disciplining effect,

leading to lower prices and higher product ratings, is a pro-competitive outcome that benefits consumers. This

contradicts the simplistic view that platform brands are inherently harmful (Khan, 2016). On the other hand, the

disproportionate pressure on third-party sellers and the non-monotonic effect of product similarity on pricing are

cause for concern. Regulators must look beyond aggregate market metrics and investigate the distributional effects

of platform brand entry.

Notably, the “perception paradox” highlights a potential market failure. Although prices are lower, consumers

may be less satisfied or perceive competing products as of lower quality. This can lead to a race to the bottom

where sellers cut corners to compete on price, ultimately harming consumers. Regulators should explore measures

to improve the quality of information available to consumers, such as mandating clear labeling of platform brands,

requiring transparent product quality scores, or promoting third-party quality certifications to help consumers make

more informed decisions beyond just price.

6.2 Future Research Directions

As a first step toward understanding both the competitive and perceptual consequences of platform brand entry, this

study opens several promising avenues for future research. First, although the primary analysis focuses specifically

on price, the sales rank data in the dataset can be leveraged to examine other competitive consequences, such as

shifts in market dominance, sustained declines in product visibility, and reductions in assortment diversity.

Second, leveraging this rich and comprehensive dataset, further research could explore how platform brand

entry influences consumer trust in the platform’s broader reputation. For instance, beyond product-level perception,

I also extract perceptions directed toward the platform itself using LLMs and observe a consistent decline in

consumer trust and sentiment toward the platform following Amazon brand entry. Future research could further

explore how the introduction of platform brands may incur broader reputational costs.

Third, while this study focuses on entry effects, future research could explore the strategic exit of both platform

brands and third-party sellers. Examining how platform brand entry influences product survival, particularly for

marginal, low-visibility, or newly launched products, may offer deeper insights into the long-term competitive
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consequences of platform self-preferencing. Additionally, understanding strategic exit decisions by the platform

may shed light on how it manages brand portfolios and mitigates reputational risks.

Finally, a promising direction lies in understanding how platform strategy can balance consumer welfare and

seller opportunity, especially as they increasingly blur the line between neutral intermediaries and active market

participants. Exploring these tensions can shed light on the governance of digital marketplaces and inform both

managerial strategy and regulatory policy.
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Appendix

A Details on using LLM to extract aspect-based consumer perception from reviews

In this appendix, we outline the process used to extract and analyze high-level aspect-based consumer perceptions

from a large dataset of Amazon product reviews, utilizing a ChatGPT-based API. The selected features are designed

to extract consumer opinion on product quality, value, and platform trust. For each feature, ChatGPT rates the

review aspect on a scale of -10 to 10, where -10 represents the most negative and dissatisfied sentiment expressed

in the review content, and 10 represents the most positive sentiment. And zero means this aspect is not mentioned.

To control for variability in ChatGPT’s responses and to mimic the human annotation process, each task is repeated

five times, with the average score taken as the final rating.

To handle the large dataset efficiently, product reviews are processed in batches, with each batch sized to

respect the token limits imposed by the ChatGPT API. Robust error handling is implemented to ensure any failed

API requests or discrepancies in the response are logged and rerun in subsequent rounds. The results are saved to

CSV files after each batch, providing structured outputs for further analysis.

A.1 Prompt Design and API Usage

To evaluate aspect-based consumer perceptions from Amazon reviews, we designed a structured prompt to guide

ChatGPT’s labeling task. The following prompt was used:

You are a marketing expert skilled in consumer insights through product reviews.

I will provide you with product reviews from Amazon.com, each formatted in

a Python dictionary as: {’Review 1’: review, ’Review 2’: review, ...}.

For each review, please evaluate the following dimensions one by one and label

each one from - 10 to 10, in which -10 is the extremely negative and 10 is

extremely positive, and 0 if the review does not mention this aspect at all.

Please return a Python dictionary with these 8 keys, where each key’s value

is a list of scores from -10 to 10, corresponding to each review aspect: {’transaction/economic/price’:

[...], ’performance’: [...], ...}.

To check the format: if I call eval(response.choices[0].message.content),

I can get a 8-item Python dict directly. Please return the full results; do

not truncate with ’...’ in the middle.
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We show the definition for each aspect in the Main paper, Table ?? API Setup and Authentication: The

following configuration was used:

• API Key: Used to authenticate access to OpenAI’s endpoint.

• Model: gpt-3.5-turbo

• Request Structure: Each API call includes a system message describing the model’s role and the above

prompt, followed by user input consisting of the review data.

A.2 Batch Processing and Error Handling

Step 1: Batching and Token Limit Management To efficiently process a large volume of product reviews, the

dataset is split into smaller batches. The batch size is determined by the number of reviews that can fit within the

token limit imposed by the GPT-3 API. Each batch is processed independently, and a limited number of reviews

are sent in each API request.

Step 2: Error Handling and Correction Errors such as failed API responses, malformed review text, or for-

matting mismatches are systematically logged during processing. In our training, the first-round success rate is

82.66%. Reviews that cannot be processed successfully are flagged and stored for reruns in subsequent iterations.

A rerun flag can be activated to reprocess only failed reviews, ensuring efficiency without duplicating successful

outputs.

Step 3: Multi-round Processing To enhance reliability and reduce the impact of API-level variance, review pro-

cessing is conducted over multiple rounds. Each round produces an independent set of annotations. Final sentiment

or aspect-based scores are aggregated across rounds—typically by averaging—to increase robustness. Remaining

failed reviews are collected and retried until a convergence criterion or retry limit is reached.

Step 4: File Saving and Structure Processed review outputs are saved in CSV format. File names encode the

round and batch identifiers. When reruns are performed due to prior errors, filenames are tagged accordingly to

support tracking, merging, and reproducibility.

A.3 Validation

A.3.1 Ground Truth Data

As noted in Section 3, we constructed a ground-truth dataset by recruiting four trained annotators from the uni-

versity’s Master’s program in Marketing. Each annotator was instructed to evaluate the reviews based on the same
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predefined aspects used in the ChatGPT annotation process. The procedure mirrored the model-based approach:

each review was independently rated five times, and the final label was computed as the average of these scores.

To assess the consistency of human annotations and the reliability of our ground truth labels, Figure A.1

reports pairwise agreement percentages between human annotators across all evaluated aspects. Overall agreement

is high for dimensions such as Loyalty, Reliability, and Platform Sentiment, indicating strong consensus, while

lower agreement on aspects like Performance/Feature, Aesthetics, and Assemble suggests greater subjectivity or

ambiguity in interpretation.

Figure A.1: Inter-coder Reliability

A.3.2 ChatGPT Annotation Accuracy

Figure A.2 presents the agreement scores between ChatGPT-based annotations and human-labeled ground truth for

each aspect. GPT achieves excellent performance (score > 0.9) on aspects such as Durability, Performance/Feature,

and Price/Value, and very good to good performance on others like Aesthetics, Serviceability, and Loyalty, with

slightly lower accuracy on more subjective dimensions such as Platform Sentiment and Conformance. These re-

sults demonstrate the reliability of the model-assisted annotation procedure across a broad range of review aspects.
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Figure A.2: GPT annotation Accuracy
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B Constructing Product Similarity Measures

We construct pairwise product similarity measures to quantify how closely each product resembles others in the

marketplace, with a particular focus on Amazon brand offerings. These similarity scores serve three key empirical

purposes in our analysis: (1) to validate the market segmentation output by comparing within- vs. across-market

similarity, (2) to characterize the closeness between competing non-Amazon brand products and Amazon brands

as a covariate in heterogeneity analysis, and (3) to serve as a high-dimensional control input in Double Machine

Learning (DML) estimation.

B.1 Visual Similarity via Deep Convolutional Embeddings

We employ a Siamese Convolutional Neural Network (CNN) architecture to construct image embeddings for all

products. Each product image is mapped to a 512 × 1 vector in latent space, with the training objective being to

minimize the distance between visually similar items and maximize the distance between dissimilar items.

The network is trained using contrastive loss (Bell and Bala, 2015), defined as:

L(θ) =
∑

(i,j)∈P

∥xi − xj∥22

+
∑

(i,k)∈N

max
{
0,m2 − ∥xi − xk∥22

}
, (B.1)

where P andN denote the sets of positive (same product) and negative (different product) image pairs, respec-

tively, and m is the margin parameter. The model is optimized via stochastic gradient descent with momentum:

v(t+1) ← µ · v(t) − α · ∇θL(θ(t)) (B.2)

θ(t+1) ← θ(t) + v(t+1), (B.3)

where θ denotes model parameters, µ is the momentum, and α is the learning rate.

After training, we compute the cosine similarity between product image embeddings:

simvisual(i, j) =
x⊤i xj

∥xi∥ · ∥xj∥
. (B.4)
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Below we present an example of our image similarity calculation. At the center is an Amazon Basics Chair

product; we show the four most similar competing products and their corresponding similarity scores.

Figure B.1: Product Image Similarity Output Example

B.2 Textual Similarity via Semantic Sentence Embeddings

To complement visual proximity, we compute textual similarity using Google’s Universal Sentence Encoder (Yang

et al., 2020). For each product, we concatenate the title, category, and bullet-point attributes, and embed the

resulting text into a 512× 1 vector:

xi = USE(si), (B.5)

Where si is the combined raw text of product i.

Cosine similarity between text embeddings is calculated as:

simtext(i, j) =
x⊤i xj

∥xi∥ · ∥xj∥
. (B.6)

Below, we present the results of our text embedding, visualized using t-SNE in a 2-dimensional space. The
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visualization shows that the embedding can successfully capture the product categories (color coded in the picture).

Figure B.2: Product Description Embedding Visualization

B.3 Composite Similarity and Empirical Applications

We define a composite similarity score for each product pair as the unweighted average of the visual and textual

similarities:

simcombined(i, j) =
1

2
(simvisual(i, j) + simtext(i, j)) . (B.7)

This similarity measure is central to three parts of our empirical strategy:

1. Market segmentation validation: We evaluate whether the clustering algorithm meaningfully groups sub-

stitutable products by comparing average within-cluster similarity to across-cluster similarity.

2. Covariate for heterogeneity: In our DML framework, we calculate each product’s maximum similarity to

Amazon brands to assess heterogeneous treatment effects based on competitive proximity .

3. High-dimensional controls: We include similarity vectors as part of the W covariates in DML estimation

to flexibly control for product-level confounders.
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B.4 Results and Summary statistics

Our pair-wise product similarity analysis contains 108, 846 products compared against 108 private labels, in a total

of 11, 755, 368 pairwise comparisons. The mean similarity is 0.247, and the median is 0.232. The similarity ranges

from −0.256 to 1.000. Only 8.2% of comparisons show similarity > 0.5

There are 33, 185 products matched to treating Amazon Brand, these competing-vs-amazon-brand product

pairs show a higher mean similarity of 0.362 compared to the overall dataset. There are 263 products (0.8%) have

similarity > 0.9 to their matched PL

We present the summary statistics in Figure B.3.

Figure B.3: Product Similarity Summary Statistics

8


	Introduction
	Research Context
	Data and Sample Construction
	Search Queries and Product Listings
	Daily Price Data from Keepa.com
	Aspect-based Consumer Perception
	Multi-modal Product Embedding to Measure Similarity

	Empirical Strategy
	Search Co-occurrence Market Construction
	Identification Challenges and Solutions
	Staggered Synthetic Difference-in-Difference
	Panel-adapted Double Machine Learning


	Findings
	Effects of Platform Brand Entry on Market-level Price, Product Ratings and Reviews
	Effects of Platform Brand Entry on Consumer Perceptions
	Heterogeneity Treatment Effect by Seller and Product

	Discussion
	Managerial Implication
	Third-Party Sellers
	Platform Owners
	Regulators

	Future Research Directions

	Details on using LLM to extract aspect-based consumer perception from reviews
	Prompt Design and API Usage
	Batch Processing and Error Handling
	Validation
	Ground Truth Data
	ChatGPT Annotation Accuracy


	Constructing Product Similarity Measures
	Visual Similarity via Deep Convolutional Embeddings
	Textual Similarity via Semantic Sentence Embeddings
	Composite Similarity and Empirical Applications
	Results and Summary statistics


