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Abstract

We study gender-based pricing in online retail markets, commonly referred to

as the “pink tax,” using product-level data from Amazon in beauty and personal

care categories. We infer product gender at scale using large language models

and construct matched pairs of highly similar products based on textual similar-

ity. We document that male-targeted products are priced lower than comparable

female-targeted products, while female-targeted products are more likely to be

promoted, indicating that firms use both posted prices and temporary discounts

to implement gender-based price differences. Extending beyond a binary perspec-

tive, we show that gender-neutral products are typically priced between male- and

female-targeted products. Finally, we find that algorithmic pricing is associated

with a compression of gender-based price differences. Overall, we provide new

evidence on gender-based pricing in online markets by jointly examining prices,

promotions, and algorithmic pricing in a large-scale retail setting.

Keywords: Gender Pricing; Pink Tax; Economics of Gender; Artificial Intelligence; Online Plat-

forms

JEL CODES: J16; D12; L11; L81

1Correspondence to: DAparicio@iese.edu. Manuscript version: March 2026.



1 Introduction

The “pink tax” refers to the phenomenon whereby products marketed toward female consumers are

priced higher than comparable products targeted at men. Evidence of such price differences has

been documented across a range of consumer goods and services, raising concerns about systematic

disparities in pricing across gender-targeted products. These differences are often discussed in the

context of broader gender inequalities, including well-documented gaps in earnings (Blau and Kahn

2017, Goldin et al. 2017). Reflecting these concerns, policy discussions have increasingly focused on

the role of gender in retail pricing. For example, when introducing legislation aimed at addressing

such disparities, Congresswoman Jackie Speier noted that women “make less for doing the same

work and pay more for the same product or service because it’s for women” (The Hill 2018).

Concerns about gender-based pricing have existed for decades, but the term “pink tax” gained

broader public and policy attention in the mid-1990s. Early investigations documented systematic

price differences across a variety of consumer goods and services.2

One of the earliest policy responses emerged in California. In 1994, the California Assem-

bly Office of Research—under the leadership of then–Assemblywoman Jackie Speier—conducted

a statewide investigation into gender-based price disparities. These findings contributed to the

passage of the Gender Tax Repeal Act of 1995, which prohibited businesses from charging different

prices for comparable services based solely on gender. The law states that “no business estab-

lishment may discriminate, with respect to the price charged for services of a similar or like kind,

because of the person’s gender,” and remains in force today.

Interest in gender-based pricing intensified in the 2010s following several high-profile investiga-

tions. In particular, a study commissioned by the New York City Department of Consumer Affairs

(DCA) in 2015 found that products marketed to women were priced higher than comparable men’s

products in 42% of cases and by 7% on average (New York City Department of Consumer Af-

fairs 2015). The report received widespread media attention and contributed to renewed policy

attention.

Recent years have seen additional legislative efforts to regulate gender-based pricing. In 2020,

New York enacted legislation stating that businesses may not “charge a price for any two goods

that are substantially similar, if such goods are priced differently based on the gender of the in-

dividuals for whom the goods are marketed and intended” (N.Y. GBS Section 391-u) (New York

State Senate 2020). California subsequently extended its earlier service-based prohibition to con-

sumer goods through Assembly Bill 1287, signed in 2022 and effective in 2023, introducing penalties

of up to 100,000 per violation (California State Legislature 2022). As of 2025, several additional

states—including New Jersey, Connecticut, Massachusetts, Washington, and Minnesota—have pro-

posed or enacted similar measures.

At the federal level, the proposed Pink Tax Repeal Act, first introduced in 2016 and reintroduced

multiple times since, would prohibit gender-based pricing nationwide, although it has not been

2Examples include a 1993 California Assembly Office of Research survey of five major Californian cities and a
1996 South Dakota Legislative Research Council issue memorandum summarizing multi-state evidence.
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enacted.3

Beyond directly regulated products, gender-neutral alternatives have also emerged in public

discussions as a practical way for consumers to avoid gender-based price discrimination. Consumer

advocacy campaigns and media coverage often recommend comparing products across gender lines

or choosing gender-neutral versions of personal care goods as a strategy to bypass higher prices

associated with female-targeted products (Crockett 2016, Time 2016). For instance, a commissioner

of the New York City DCA noted in an interview with Time: “when I buy shampoo for our house,

I buy one kind of shampoo, and I buy a gender-neutral shampoo. I will not buy a product that

I know has been marked up falsely” (Time 2016). This evolution suggests that analyses focused

solely on male–female comparisons may overlook an increasingly relevant segment of the market.

More broadly, the growing presence of gender-neutral products reflects a shift in product design

and marketing beyond binary gender segmentation. Despite this shift, policy discussions and

empirical analyses have primarily focused on comparisons between male- and female-targeted goods,

leaving little evidence on gender-neutral products. This raises a natural question: how are gender-

neutral products priced relative to male- and female-targeted products?

We contribute to this debate by examining gender-based pricing in a major online marketplace.

Our analysis focuses on Amazon, which accounts for roughly 40% of U.S. e-commerce sales.4 We

assemble a large-scale dataset covering more than 15,000 products and over 18 million product-day

price observations across more than 20 beauty and personal care categories. This scale substantially

expands the scope of prior empirical studies, which typically examine a smaller number of categories

or products (e.g., Duesterhaus et al. 2011, New York City Department of Consumer Affairs 2015,

Gonzalez Guittar et al. 2021, Moshary et al. 2023).

The high-frequency nature of our data allows us to examine not only price levels but also

promotional activity. Using daily price observations, we study whether male- and female-targeted

products differ in the likelihood of receiving price promotions—an aspect that has received limited

attention in the context of gender-based pricing. The online retail environment, combined with

rich time-series data, also provides a natural setting to study the interaction between gender-based

pricing and algorithmic pricing. As one of the earliest and largest adopters of algorithmic pricing

at scale (Chen et al. 2016, Aparicio and Misra 2022, Aparicio et al. 2024), Amazon offers a setting

in which to examine whether the use of artificial intelligence in pricing attenuates or amplifies

gender-based price differences.

These issues are increasingly relevant from a policy perspective. Policymakers have begun to

scrutinize the role of algorithmic and data-driven pricing in retail markets. For example, New York

recently introduced the Preventing Algorithmic Pricing Discrimination Act, which would require

retailers to disclose when prices are generated using algorithms that rely on consumer data (New

3Gender-based pricing has also received attention in Europe (Sommen 2025). Several jurisdictions have reclassified
menstrual products as essential items: Germany reduced VAT from 19% to 7% in 2020 (New York Times 2019); the
United Kingdom abolished the “tampon tax” in 2021 (AP News Wire 2021); and by 2023, more than 20 U.S. states
had eliminated sales taxes on such products (New York Times 2023).

4E-commerce retail sales totaled approximately $1.1 trillion in the United States in 2023 (Federal Reserve Bank
of St. Louis 2025).
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York State Senate 2025). Similarly, the Federal Trade Commission has launched inquiries into

personalized pricing practices (Federal Trade Commission 2025)—often referred to as “surveillance

pricing.” Although these efforts are not explicitly framed around gender-based pricing, they reflect

broader concerns about how AI-driven pricing technologies may generate or amplify disparities,

particularly when they rely on consumer characteristics.

We develop a scalable empirical strategy to identify gender targeting and product comparability

across large online assortments. First, we infer product gender using information contained in

product titles and descriptions. Because gender targeting is often embedded in marketing language

rather than structured product attributes, we employ large language models (LLMs) to process

textual product information and classify items as male-targeted, female-targeted, or gender-neutral.

In addition, we leverage Amazon’s internal categorization, which in some cases explicitly separates

products by gender (e.g., perfumes and fragrances listed under distinct categories for men and

women).

Second, we identify highly comparable products within each category using a combination of

text-based similarity measures. Specifically, we leverage structured product attributes and textual

descriptions to construct matched pairs of products that are closely comparable in their charac-

teristics, are produced by the same manufacturer, but differ in their target gender. This approach

allows us to construct matched pairs of products that are marketed toward different genders but

are otherwise closely comparable in their descriptions and features. By identifying the closest

comparable products across genders, we can directly evaluate price differences while minimizing

confounding variation in product characteristics. Together, these methods enable a scalable and

replicable approach to studying gender-based pricing disparities in large digital retail environments.

We document several empirical findings. First, we find that male-targeted products are system-

atically priced lower per unit than comparable female-targeted products, even after controlling for

high-dimensional fixed effects. This pattern is consistent with the presence of a “pink tax” in the

beauty and personal care categories we study. Second, we show that female-targeted products are

more likely to be promoted, indicating that firms can use two pricing levers, namely posted prices

and temporary discounts, to implement gender-based price discrimination.

Extending beyond the binary comparison emphasized in the existing literature, we find that

gender-neutral products tend to be priced between male- and female-targeted products, suggesting

that they occupy an intermediate position in firms’ segmentation strategies and may provide an

outside option for consumers seeking to avoid gender-based price differences. Finally, we provide

evidence that algorithmic pricing is associated with a compression of gender-based price differences,

particularly when comparing highly similar products, suggesting that increased pricing flexibility

may limit the persistence of such differences.

The remainder of the paper is structured as follows. We review the related literature in Section

2. Section 3 describes the data. Sections 4 and 5 report evidence on gender-based pricing and pro-

motions, respectively. Section 6 extends the analysis to gender-neutral products. Section 7 discusses

the role of algorithmic pricing. Section 8 reports robustness checks and Section 9 concludes.
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2 Literature Review

The “pink tax” sits at the intersection of two strands of literature: price discrimination and gender-

based inequality. While both strands are well developed, relatively little research has directly

examined gender-based pricing in consumer product markets. Conceptually, the pink tax can be

understood through the lens of classic models of price discrimination. Third-degree price discrimina-

tion occurs when sellers are “charging different prices to different markets or classes of customers”

(Schmalensee 1981), implying that the seller distinguishes customer segments and charges each

segment a different price. Meanwhile, second-degree price discrimination occurs when the seller

“presents a schedule which diverts individuals of different types towards price-quantity combina-

tions” (Leland and Meyer 1976), whereby consumers self-select among available product options.

Examples of the latter include offering products of varying quality or discounts (Anderson and

Dana Jr 2009).

In practice, however, gender-based pricing in retail markets may not map cleanly into either

form of price discrimination. On one hand, products targeted toward men and women frequently

differ in packaging, ingredients, or branding, allowing consumers to self-select into gendered variants

even when the products serve similar purposes. On the other hand, product categorization in retail

environments can segment the choice set that consumers face. Many online marketplaces explicitly

organize assortments into gendered categories such as “Men” and “Women.” When products are

displayed in separate sections, consumers browsing one category may never encounter comparable

products listed in another. In this sense, digital categorization can resemble a retail environment in

which consumers effectively enter different aisles depending on gender, limiting the likelihood that

they directly compare alternatives marketed to another group and making the outcome closer to

third-degree price discrimination. This feature contrasts with traditional brick-and-mortar retail

environments, where consumers typically observe the full assortment on the same shelf. Consistent

with this view, Moshary et al. (2023) show that gender segmentation is pervasive in personal

care markets and that men’s and women’s products often differ substantially in formulation and

attributes, although price differences largely disappear when comparisons are restricted to highly

similar products.

Our work is not the first to examine gender-based price differences. Early work on gender

inequality primarily focuses on the labor market, documenting persistent gender pay gaps (Goldin

1990, Bertrand et al. 2010, Blau and Kahn 2017, Goldin et al. 2017). In this line of research, there

is broad consensus that “everywhere in the world, women earn less than men,” as noted in Goldin

(2024)’s Nobel lecture.

More recently, studies have documented gender-based price differences across a variety of mar-

kets, including automobile sales and repairs (Goldberg 1996, Harless and Hoffer 2002, Morton

et al. 2003, Busse et al. 2017, Ozturk et al. 2022), real estate transactions (Harding et al. 2003,

Goldsmith-Pinkham and Shue 2023, Andersen et al. 2021), credit markets (Alesina et al. 2013),

and consumer packaged goods (New York City Department of Consumer Affairs 2015, Moshary

et al. 2023, Barnes and Brounstein 2025). Much of the evidence from these settings comes from

4



markets with negotiated prices or substantial seller discretion, where gender differences may arise

through bargaining dynamics or informational asymmetries.

By contrast, consumer packaged goods are typically sold in posted-price retail environments

where consumers can directly observe and compare alternatives and negotiation is generally not

feasible. Closer to our work, using Nielsen scanner data, Barnes and Brounstein (2025) show that

women pay more than men on average, although this premium is mainly driven by the purchase

of lower-markup but higher-quality products, again suggesting that gender-based price differences

can be explained by differences in purchasing behavior and product selection (Moshary et al. 2023).

We contribute to this literature by documenting gender-based pricing and promotion strategies in

online marketplaces, focusing on beauty and personal care categories. In addition, we extend the

analysis to gender-neutral products, which have received little attention in the existing literature.

Our empirical setting of online marketplaces connects to the growing literature on algorithmic

pricing in digital markets. Advances in data analytics allow firms to adjust prices rapidly and

condition them on a wide range of market signals, including demand conditions, competition, and

consumer browsing or purchasing patterns (Elmaghraby and Keskinocak 2003, Aparicio and Misra

2022). While such technologies can improve pricing efficiency, they may also raise concerns about

fairness and transparency. A large literature shows that consumers perceive price differences as

unfair when they appear arbitrary or difficult to justify, which can lead to negative emotional

responses, lower purchase intentions, and reputational costs for firms (Huppertz et al. 1978, Kah-

neman et al. 1986, Campbell 1999, Xia et al. 2004). In response, recent research has begun to

explore pricing strategies that incorporate fairness considerations or regulatory constraints (Cohen

et al. 2022). We contribute to this literature by examining the interplay of algorithmic pricing in

gender-based pricing.

Even when posted prices are identical, effective prices may still differ systematically through

discounts and promotions (Anderson et al. 2023). An advantage of our high-frequency online data

is that it allows us to measure promotional activity and discount frequency precisely. While there

is an extensive marketing literature on promotions, relatively little work has examined whether

discounting patterns differ across gender-targeted products. Existing evidence suggests that women

tend to be more price-sensitive and more responsive to coupons and promotional offers (Harmon

and Hill 2003, NielsenIQ 2024, Barnes and Brounstein 2025). We contribute to this literature by

examining whether promotion frequency differ across male-, female-, and gender-neutral products

in online marketplaces.

3 Data Description

Our analysis uses product-level price and attribute data for items sold on Amazon.com. We obtain

these data from Keepa.com, a commercial price-tracking platform that records historical prices and

product characteristics for items listed on Amazon.

We collect data for the top-selling 2,000 items in each of 21 categories within the personal care

5



department over the period March 2011 to November 2025. Focusing on top-selling products allows

us to capture the portion of the market that accounts for the majority of consumer demand, while

abstracting from long-tail products with limited sales and infrequent price updates. As a result, our

sample reflects pricing behavior for the most economically relevant products in the marketplace.

Each item (ASIN) is classified according to Amazon’s hierarchical product taxonomy. For

example, the product Dove Beauty Bar Soap (Figure 1) is categorized as: Personal Care → Skin

Care → Body Skin Care → Body Cleansers → Body Soap. We define the highest level (“Personal

Care”) as the department and the most granular level (“Body Soap”) as the product category.

Figure 1: Product Page on Amazon

We construct a panel dataset at the product × date level. When multiple price observations are

recorded within a day, we use the median daily price. We exclude observations in which products are

listed as out of stock. Furthermore, the dataset contains a rich set of product attributes, including

manufacturer, brand, category, title, description, quantity, weight, and size. Product titles provide

concise descriptions, while product descriptions offer more detailed information that we later use

for gender inference. Additional details on data collection and variable construction are provided

in Section A1 in the Appendix.

The resulting dataset includes over 18 million product × date observations, from March 2011

to November 2025, and covers 15,748 items in 21 categories in the personal care department. Table

1 presents summary statistics. The average price of a product is $25.54 and the average shelf time

we observe is 55.46 months (roughly 4.6 years).
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Table 1: Summary Statistics

Category # Observations Avg. price # Products Avg. month span

BathShowerGels 1,045,468 19.04 992 47.96

BathSoaps 673,075 13.55 608 60.45

BodyLotions 984,453 20.21 949 59.66

BodyMoisturizers 1,156,898 16.56 899 67.98

BodySprays 535,180 15.13 622 42.43

CCCream 39,170 25.23 44 43.66

Cologne 1,220,166 43.33 981 62.68

ConcealersAndNeutralizers 594,939 17.01 591 46.17

Deodorant 745,673 16.18 799 48.90

EaudeParfum 1,666,283 58.89 2,003 37.79

FaceMoisturizers 1,162,846 32.64 735 63.24

FacialCleansingWashes 1,046,389 21.12 813 56.42

HairColor 709,544 12.44 641 54.96

HairConditioner 1,874,733 20.71 1,334 60.36

HairLossProducts 348,050 34.12 308 54.93

HairShampoo 1,661,763 22.65 1,179 58.86

HandCreamsAndLotions 567,997 18.53 507 52.12

HandWash 809,274 24.60 711 55.06

Masks 453,161 27.76 356 54.89

ShavingCreamsLotionsGels 834,336 14.94 751 58.74

ShavingLotions 23,779 24.74 41 55.71

Total (All Beauty) 18,152,816 25.54 15,748 55.46

3.1 Strategies to Infer Gender

We classify products into three gender-targeting categories: female-targeted, male-targeted, and

gender-neutral. We adopt an inclusive definition of gender as self-identified rather than biologically

assigned sex. Gender is not restricted to a binary classification and may lie along a continuum.

Accordingly, we classify products as gender-neutral when they are not explicitly targeted toward

male or female consumers.

To ensure robustness, we implement three complementary classification strategies:

• Amazon Internal Classification. We use Amazon’s internal product taxonomy, which in

some cases explicitly encodes gender targeting. When this classification exists, male-targeted

products are listed in a separate category than female-targeted products. Products classified

as “male” or “female” are assigned accordingly, while products without an explicit gender

designation are classified as gender-neutral.
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• Keyword-Based Classification. We infer gender targeting from keywords in product titles

and descriptions. Terms such as “men”, “male”, “women”, or “female” provide direct signals

of gender targeting. Products containing both or neither sets of keywords are classified as

gender-neutral.

• Generative AI Classification. We use ChatGPT to classify each product based on its

title and description. The model is prompted to assign each item to one of three categories:

male, female, or unisex.5 Compared to keyword-based approaches, this method captures more

subtle contextual cues in product descriptions and branding, providing a more flexible and

comprehensive classification.

3.2 Matched Products

To further isolate the role of gender targeting, we exploit the fact that Amazon frequently offers

highly similar products in male- and female-targeted versions. We construct matched pairs of such

products and compare their prices within pairs. We identify these pairs using a text-similarity

approach that combines fuzzy string matching on product titles with additional filtering based

on product attributes (e.g., size, quantity, and category). For each product, we select the closest

counterpart of the opposite gender within the same category based on a similarity score ranging

from 0 to 100. We retain unique product pairs with similarity scores above 50, ensuring that

matched items are comparable in observable characteristics.

Figure 2 illustrates examples of matched product pairs. These pairs consist of products that are

highly similar in description and positioning but differ in their gender targeting, enabling a narrow

comparison of prices across male- and female-targeted products.

Table 2 reports the distribution of products by gender using the AI-based classification. In

the full sample, gender-neutral products account for the majority of observations (66.6%), while

female- and male-targeted products represent 17.4% and 16.0%, respectively. The matched sample,

by construction, excludes gender-neutral products and is approximately balanced between female

(50.1%) and male (49.9%) items. The reduction in sample size reflects the requirement that each

product has a sufficiently comparable counterpart of the opposite gender.

5Prompt: Based on the following Amazon product title and description, is the following Amazon product for men,
women, or unisex? Please answer by reporting one of the three options and nothing else. The model returns a valid
classification for 99.97% of products; the remaining cases are manually classified.
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(a) Suave Men 2 in 1
Hair and Body Wash

15 Fl Oz

(b) Suave Essentials
Body Wash
15 Fl Oz

(c) Tom’s of Maine
Deodorant for Men

2.6 Oz

(d) Tom’s of Maine
Deodorant for Women

2.25 Oz

Figure 2: Examples of Gen-AI Matching Pairs

Table 2: Products by Target Gender

Full sample Matching sample

AI Gender # % # %

Neutral 10,193 66.63 – –

Female 2,654 17.35 1,753 50.19

Male 2,450 16.02 1,740 49.81

Total 15,297 100.00 3,493 100.00

4 Evidence on Gender Pricing

We begin our empirical analysis by estimating price differences across products targeted to different

genders. We first focus on products targeted to male and female consumers, and subsequently
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extend the analysis to include gender-neutral products.

Let i ∈ I index products, j ∈ J product categories, k ∈ K firm (manufacturer), and t ∈ T

date. Each product i belongs to a single category and a single firm, although multiple products

may share the same category or firm. We estimate the following fixed-effects specification:

logPriceit = α+ βMeni + γjkt + ϵit, (4.1)

where logPriceit denotes the log of price per unit (price divided by total ounces wi), and Meni

is an indicator equal to one if product i is targeted to male consumers. The fixed effects γjkt absorb

all time-varying shocks at the firm × category × date level, thereby ensuring that identification

comes from within-firm-category-day comparisons. To ensure comparability across products of

different sizes, we define our main outcome as price per unit of weight.

The coefficient β captures the price difference between male- and female-targeted products.

Thus, a negative value of β indicates that male-targeted products are priced lower, on a per-unit

basis, than female-targeted products. We estimate Eq. (4.1) separately using three alternative

gender classification strategies described in Section 3.1: (i) Amazon’s internal categorization, (ii)

classification based on keywords in product titles and descriptions, and (iii) classification using

generative AI. In each case, the definition of Meni is adjusted accordingly. Additionally, we es-

timate the model on a restricted sample that includes only products for which Amazon and AI

classifications agree. This provides a conservative benchmark that mitigates concerns about mis-

classifications.

Finally, we implement a matched-sample approach that compares highly similar male- and

female-targeted products using structured similarity measures applied to product titles and de-

scriptions (Section 3.1). Specifically, we estimate:

logPriceit = α+ βMeni + δii′ + γj + γt + ϵit, (4.2)

where δii′ denotes fixed effects for matched product pairs, and γj and γt denote category and

date fixed effects. This specification restricts comparisons to products that are closely matched in

observable characteristics.

Table 3 reports the results. Across all specifications, male-targeted beauty and personal care

products are consistently and significantly priced lower per unit than female-targeted products.

This pattern is robust to alternative gender classification methods, to restricting the sample to

products with consistent classifications, and to comparisons within matched product pairs.

The estimated effects are economically meaningful. Specifically, the coefficients imply that

male-targeted products are priced between approximately 3.7% and 14.4% lower than comparable

female-targeted products (corresponding to e−0.038−1 and e−0.155−1, respectively). Taken together,

these findings provide evidence consistent with systematic gender-based price differences. Moreover,

the estimates are qualitatively in line with the 7-10% Pink Tax price gaps reported in the literature

(New York City Department of Consumer Affairs 2015, Moshary et al. 2023).
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Table 3: Price Effects

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

Priceit Priceit Priceit Priceit Priceit

Men Targeted -0.038*** -0.075*** -0.046*** -0.155*** -0.045***

(0.001) (0.002) (0.002) (0.001) (0.002)

Constant 1.983*** 1.696*** 2.005*** 1.635*** 1.664***

(0.001) (0.001) (0.001) (0.001) (0.001)

Observations 3,280,916 3,851,326 2,507,813 3,132,039 1,170,490

R-squared 0.791 0.828 0.795 0.872 0.876

Gender source Amazon AI Intersection Keywords Matching AI

Firm × Categ. × Date FE ×
Match Pair FE × × × ×
Date FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

5 Price Promotions

In this section, we examine whether there are systematic differences in promotion patterns between

male- and female-targeted products. Specifically, we study how the likelihood of a product being

discounted varies with gender targeting.

We define the reference price of a product as the maximum price observed over the previous 60

days. A price promotion occurs when the current price is at least 20% lower than this reference

price. (We consider alternative definitions in Section 8.) Formally, we define the discount depth

variable ∆f
it as the log deviation of the current price from the reference price, where f ∈ {60}

denotes the look-back window:

∆f
it = log(Pit)− log

(
max

r∈{t,t−1,...,t−f−1}
Pir

)
.

Using this measure, we construct a binary promotion indicator Y f,d
it that equals 1 if product

i on date t has a price discount of at least d ∈ {0.20} and 0 otherwise. This serves as our main

dependent variable. Further, our baseline specification is a conditional logit model, which allows us

to compare products within the same firm × category × date group. We also report results from

alternative specifications, including a linear probability model and different promotion definitions,

in Section 8.
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The probability of observing a promotion is given by:

P(Y f,d
it = 1|Xit) =

exp(βMeni + γjkt)

1 + exp(βMeni + γjkt)
(5.1)

where γjkt denotes firm × category × date fixed effects, and Meni is an indicator for male-targeted

products. The coefficient β captures the difference in log-odds of receiving a promotion for male-

targeted products relative to female-targeted products. A negative coefficient implies that male-

targeted products are less likely to be promoted.

The results are reported in Table 4. Starting with Column (1), which uses Amazon’s gender

classification, the coefficient on male-targeted products implies that the odds of a promotion for

male-targeted products are approximately 17% lower (e−0.181) than for comparable female-targeted

products within the same firm-category-date group. This pattern is consistent across all specifi-

cations: male-targeted products are systematically less likely to exhibit a price promotion than

female-targeted products. The magnitude of the estimates ranges from approximately 9% to 17%

lower odds of promotion.

Overall, these findings indicate that promotional activity differs systematically across gender-

targeted segments. Combined with the price gap results from Section 4, the evidence suggests that

female-targeted products are both priced higher but promoted more frequently, pointing to a joint

role of prices and promotions in shaping gender-based price differences.

Table 4: Frequency of Price Promotions

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

Prom60,20
it Prom60,20

it Prom60,20
it Prom60,20

it Prom60,20
it

Men Targeted -0.181*** -0.135*** -0.189*** -0.142*** -0.090***

(0.005) (0.005) (0.006) (0.005) (0.005)

Observations 1,861,247 1,985,369 1,336,103 1,639,495 326,616

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Categ. × Date FE ×
Match Pair × Date FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

Finally, we also examine whether male- and female-targeted products differ in the size of price

discounts, conditional on a promotion taking place. Restricting the sample to observations where

Y f,d
it = 1, we estimate:

|∆f
it| = α+ δMeni + γjkt + εit, (5.2)

where |∆f
it| denotes the absolute log discount depth relative to a reference price computed over the
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previous f ∈ {60} days. To mitigate sensitivity to isolated price spikes, we define the reference

price as the 90th percentile of prices over the previous 60 days.

We find some evidence that male-targeted products exhibit slightly larger discounts, although

the magnitudes are relatively small. For example, a coefficient of 0.005 in log discount depth

corresponds to approximately a 0.5% difference in discount size. The results are reported in Ap-

pendix A2.5.

6 Gender-Neutral Products

In this section, we extend the analysis by incorporating products marketed as gender-neutral or

unisex. The growing availability of such products reflects broader shifts in product positioning and

consumer preferences, where firms increasingly move beyond strictly gendered marketing. While the

existing literature on gender-based pricing has primarily focused on differences between male- and

female-targeted products, comparatively less attention has been paid to the role of gender-neutral

offerings.

Studying the pricing of these products is economically relevant because they may interact with

gender-based price discrimination mechanisms documented in the “pink tax” literature. If gender-

based pricing reflects firms’ ability to segment consumers into male and female markets, the intro-

duction of gender-neutral products creates an additional segment that firms may target, potentially

reshaping pricing strategies and substitution patterns across segments.

Interestingly, several mechanisms may govern the pricing of gender-neutral products. For in-

stance, gender-neutral products may act as a competitive outside option, particularly for consumers

facing higher prices in gender-targeted segments. In this case, substitution toward neutral prod-

ucts can discipline pricing, especially for female-targeted goods, leading to lower relative prices for

neutral offerings. Alternatively, gender-neutral products may reflect an intermediate positioning

strategy, targeting consumers who are less responsive to gendered differentiation, leading to prices

that fall between those of male- and female-targeted products. Overall, these mechanisms yield

ambiguous theoretical predictions.

To examine these patterns, we estimate the following fixed-effects specification:

logPriceit = α+ β1Neutrali + β2Meni + γkjt + ϵit, (6.1)

where logPriceit denotes the log price per unit, and γkjt are firm × category × date fixed

effects. Further, β1 and β2 capture price differences for gender-neutral and male-targeted products,

respectively, relative to female-targeted products (baseline). In this analysis, gender is inferred

using generative AI and keyword-based methods.
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Table 5: Price and Promotion Effects — Gender Neutral

(1) (2) (3) (4)

Priceit Priceit Prom60,20
it Prom60,20

it

Gender-Neutral Targeted -0.042*** -0.014*** -0.058*** -0.100***

(0.001) (0.001) (0.004) (0.004)

Men Targeted -0.068*** -0.071*** -0.133*** -0.120***

(0.001) (0.001) (0.005) (0.005)

Constant 1.045*** 1.025***

(0.001) (0.001)

Observations 12,787,511 12,787,511 6,154,977 6,154,977

R-squared 0.832 0.832

Gender Inference AI Keywords AI Keywords

Firm × Categ. × Date FE

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

Table 5 reports the results. Focusing on Column (1), which uses AI-based gender classification,

gender-neutral products are priced slightly below female-targeted products, while male-targeted

products continue to exhibit larger price discounts. The coefficient on gender-neutral products

implies that prices are roughly −4.1% lower (e−0.042 − 1) than female-targeted products, and the

coefficient on male-targeted products corresponds to a price difference of about −6.6%.

These results indicate that gender-neutral products occupy an intermediate position in the price

distribution, while male-targeted products remain consistently cheaper on a per-unit basis. This

suggests that while gender-neutral products do not command a premium, they may serve as a

partial substitute for female-targeted products, potentially constraining the extent of gender-based

price differentiation.

We next examine whether promotion patterns differs across gender targeting. Specifically, we

estimate the probability that a product is on promotion using a conditional logit model with the

same fixed effects structure:

P(Y f,d
it = 1|Xi) = α+ β1Neutrali + β2Meni + β3 log(wi) + γkjt + εit, (6.2)

The results are shown in Table 5, Columns 3 and 4. We find that both gender-neutral and

male-targeted products are less likely to be promoted than female-targeted products. Focusing on

Column (3), and interpreting coefficients as odds ratios, the estimate for gender-neutral products

implies that their odds of having a price promotion are approximately 6% lower (e−0.058) than

those of comparable female-targeted products, and for male-targeted products it corresponds to
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12% lower odds of a price promotion.

Taken together, these findings indicate that female-targeted products are both priced higher and

promoted more frequently, while gender-neutral products occupy an intermediate position in both

price levels and promotional intensity. This joint pattern is consistent with firms using promotions

as an additional pricing instrument to further segment customers within a given gender. More

broadly, these results highlight that price discrimination in this setting operates not only through

posted prices but also through promotional activity. Incorporating promotions into the analysis

therefore provides a more complete view of gender-based pricing, as promotions can further segment

consumers based on their price sensitivity and purchasing timing.

7 The Role of Algorithmic Pricing

The increasing adoption of algorithmic pricing tools has transformed how firms and platforms

update prices, particularly in online marketplaces where prices can be adjusted frequently and at

low cost. In this environment, pricing rules may become more flexible and responsive to demand

and competitive conditions, potentially affecting the extent to which firms sustain or compress price

differences across gender-targeted products. We therefore examine whether the use of algorithmic

pricing amplifies or attenuates gender-based price differences.

A direct empirical challenge is that we do not observe when Amazon uses an algorithmic pricing

system. Following the existing literature, we therefore rely on the frequency of price changes as

a proxy for algorithmic pricing intensity (Aparicio and Misra 2022, Musolff 2026, Aparicio et al.

2026, Assad et al. 2024). The underlying idea is that products whose prices adjust more frequently

are more likely to be managed using automated or algorithmic pricing tools, whereas products with

infrequent price changes are more likely to follow more rigid or manually determined pricing rules.

We interpret this measure cautiously as capturing pricing dynamics consistent with algorithmic

pricing, rather than as a direct measure of algorithm adoption.

To build intuition about the presence of algorithmic pricing, it is useful to consider a few

illustrative examples. Figure 3 presents two such cases. A noticeable feature is that, during certain

periods, prices change frequently from day to day. In some instances, these adjustments are small,

with prices fluctuating from $8.20 to $8.01, $8.05, $8.34, $8.05, and $8.13 over a short interval.

Such high-frequency price adjustments are consistent with the stylized patterns associated with

algorithmic pricing (Aparicio et al. 2026).
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(a) Eau de Parfum (b) Hair Shampoo

Figure 3: Examples of High-Frequency Price Changes

The implications of algorithmic pricing for gender-based price differences are theoretically am-

biguous. On the one hand, if algorithmic pricing enables firms to better exploit differences in

willingness to pay across gender-targeted segments, more dynamic pricing may widen the gender

price gap. On the other hand, if algorithmic pricing makes prices more responsive to competition

and substitution across similar products, greater pricing dynamics may compress the gap.

To operationalize this idea, we construct a product × week measure of algorithmic pricing using

daily price changes. For each product, we count the number of day-to-day price changes within

a given week.6 We classify a product-week as algorithmic if the number of price changes exceeds

two thresholds simultaneously: it must be greater than three price changes within the week, and it

must exceed the product-specific median number of weekly price changes observed over the sample

period. This definition captures periods in which pricing activity is high both in absolute terms

and relative to the product’s historical pattern. Section 8 reports robustness specifications.

We then estimate whether the gender price gap differs between low- and high-dynamic pricing

environments by interacting the male-targeting indicator with the algorithmic pricing indicator:

logPriceit = α+ β1Meni + β2Algorithmicit + β3 (Meni ×Algorithmicit) + γjkt + ϵit, (7.1)

where Algorithmicit equals one when product i exhibits high pricing dynamics at time t. The

coefficient β1 captures the gender price gap among low-dynamic products, while β3 measures how

that gap changes with algorithmic pricing.

6We exclude price changes associated with promotions, as these mechanically lower prices by construction.
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Table 6: Price Effects and Algorithmic Pricing

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

Priceit Priceit Priceit Priceit Priceit

Men Targeted -0.039*** -0.079*** -0.047*** -0.157*** -0.049***

(0.001) (0.002) (0.002) (0.001) (0.002)

Algorithmic -0.021*** -0.035*** -0.029*** -0.021*** -0.045***

(0.002) (0.003) (0.002) (0.002) (0.005)

Men Target. × Algorithmic 0.023*** 0.061*** 0.008 0.028*** 0.065***

(0.005) (0.005) (0.006) (0.004) (0.006)

Constant 1.984*** 1.699*** 2.007*** 1.636*** 1.574***

(0.001) (0.001) (0.001) (0.001) (0.001)

Observations 3,280,916 3,851,326 2,507,813 3,132,039 1,337,999

R-squared 0.791 0.828 0.795 0.872 0.882

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Categ. × Date FE ×
Match Pair FE × × × ×
Date FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

Table 6 reports the results. Across specifications, we again find that male-targeted products are

priced lower than female-targeted products. In addition, products identified as using algorithmic

pricing exhibit lower prices on average, consistent with more responsive pricing to competitive

conditions. The interaction term between male targeting and algorithmic pricing is consistently

positive and statistically significant, indicating that the gender price gap is smaller in environments

with greater use of algorithmic pricing.

To illustrate magnitudes, consider Column (2), which uses AI-based gender classification. The

coefficient on male-targeted products (−0.079) implies that, among products with low use of algo-

rithmic pricing, male-targeted items are approximately 7.6% cheaper than female-targeted prod-

ucts. The interaction term (0.061) implies that this gap is substantially reduced among products

with higher use of algorithmic pricing, decreasing to approximately e−0.079+0.061 − 1 ≈ −1.7%.

While the previous empirical strategy captures periods of high pricing activity, it does not

explicitly account for changes in pricing regimes. Following Assad et al. (2024), we therefore

complement our analysis by identifying structural breaks in pricing behavior at the product level.

Intuitively, algorithmic pricing may reflect a shift in the pricing regime that alters how frequently

prices are updated over time.

To implement this approach, we first construct a product × week measure of pricing activity
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by counting the number of day-to-day price changes for each product. We then apply a structural

break test to this series, allowing for changes in both the level and the trend of pricing activity.

Specifically, for each product and each candidate break week, we estimate:

nit = α+ β1t+ β2Postt + β3(Postt × t) + ϵit, (7.2)

where nit denotes the number of price changes for product i in week t, and Postt is an indicator

for periods after a candidate break. We evaluate all possible break points within the sample and

select the week that maximizes the corresponding F-statistic (Assad et al. 2024). This yields a

product-specific estimate of the timing at which pricing behavior changes most sharply.

We then map the estimated break week into daily data and define a post-break indicator,

Breakit, equal to one for dates after the detected break and zero otherwise. To focus on local price

adjustments around the change in pricing regime, we restrict the estimation sample to a symmetric

window of 45 days before and 45 days after the estimated break date. This approach reduces the

influence of longer-run price trends and isolates pricing behavior in the immediate vicinity of the

regime change. Then we estimate a modified version of Eq. (7.1):

logPriceit = α+ β2Breakit + β3 (Meni ×Breakit) + γjkt + γi + ϵit, (7.3)

where Breakit equals one when product i is observed in the post-break period. Because we include

product fixed effects, γi, the main effect of Meni is absorbed. The coefficient β2 captures the

average price change after the estimated break, while β3 measures how the gender price gap changes

in the post-break period. A positive estimate of β3 implies that the price gap between female- and

male-targeted products narrows after the onset of algorithmic pricing.

Table 7 reports the results. Across all five specifications, the coefficient on the post-break

indicator is negative and statistically significant, indicating that prices decline on average after the

detected change in pricing behavior. More importantly, the interaction between male targeting

and the post-break indicator is positive and statistically significant in every column. This pattern

implies that the pre-existing price discount for male-targeted products becomes smaller after the

structural break, consistent with a compression of the gender price gap. The magnitude of the

effect is economically meaningful: depending on the gender-classification strategy, the interaction

term ranges from 0.008 to 0.020 log points in the baseline specifications, and remains positive in

the matched-sample specification.
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Table 7: Price Effects and Algorithmic Pricing

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

Priceit Priceit Priceit Priceit Priceit

Algorithmic -0.011*** -0.009*** -0.013*** -0.011*** -0.007***

(0.003) (0.003) (0.004) (0.003) (0.003)

Men Target. × Algorithmic 0.020*** 0.008*** 0.017*** 0.015*** 0.011***

(0.003) (0.003) (0.004) (0.003) (0.002)

Constant 2.293*** 1.602*** 2.186*** 1.473*** 1.665***

(0.001) (0.001) (0.002) (0.001) (0.001)

Observations 56,404 53,652 31,970 44,965 46,848

R-squared 0.996 0.998 0.997 0.998 0.996

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Categ. × Date FE ×
Item FE

Match Pair FE × × × ×
Date FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

Overall, these results indicate that algorithmic pricing is associated with a compression of

gender-based price differences. This pattern suggests that more flexible and responsive pricing

systems may limit the extent to which firms sustain persistent price differences across gender-

targeted products.

8 Robustness Checks

We estimate several alternative specifications to confirm the robustness of our main analyses.

• We re-estimate the matching models using pairs of products sold at the same time period.

The results are unchanged and are shown in Appendix A2.1.

• We re-estimate the price gap models in Eq. (4.1) using prices per unit without the log-

transformation. The results are similar and are shown in Appendix A2.2.

• We re-estimate the price promotion models in Eq. (5.1) with an alternative discount defini-

tion. We use 30 days instead of 60 days, and reduce the promotion size to 10% instead of

20%. The results are similar and are reported in Appendix A2.3.

19



• We re-estimate the price promotion models in Eq. 5.1 using a linear probability model. The

results are reported in Appendix A2.4. More specifically, we estimate the following model:

Y f,d
it = α+ βMalei + γkjt + εit, (8.1)

where Y f,d
it denotes the promotion indicator, and γkjt denotes firm × category × date fixed

effects. We estimate this model for several price promotion definitions as well as for the

specifications including gender-neutral targeted products.

• We re-define the indicator of algorithmic pricing at the product × month level using the

number of daily price changes within each month. Specifically, we classify a product-month

as algorithmic if the number of price changes exceeds both the product-specific median and a

threshold of 10 price changes per month. We then re-estimate Eq. 7.1. The results, reported

in Appendix A2.6, are qualitatively similar.

9 Conclusion

This paper documents novel evidence of systematic gender-based price differences in a large online

marketplace using high-frequency data on beauty and personal care products sold on Amazon.

We find that male-targeted products are priced lower than comparable female-targeted products,

and that female-targeted products are more likely to be promoted. Extending the analysis beyond

the binary comparison emphasized in most of the existing literature, we show that gender-neutral

products tend to occupy an intermediate position in both prices and promotions. Finally, we

provide evidence that algorithmic pricing is associated with a compression of gender-based price

differences, suggesting that more flexible pricing systems may reduce the persistence of these gaps

in digital retail environments.

These findings have several implications for policy and for the broader study of pricing in digital

markets. First, they suggest that assessments of the Pink Tax should account not only for posted

prices but also for promotional activity, since effective price differences may be shaped by both

regular pricing and temporary discounts. Second, the results on gender-neutral products indicate

that a more inclusive perspective on gender pricing is increasingly important in markets where

firms move beyond strictly binary product positioning. Third, the evidence on algorithmic pricing

highlights that new pricing technologies may affect not only average prices but also how prices

differ across consumer segments. As policymakers continue to evaluate gender-based pricing and

the growing use of automated pricing tools, understanding the interaction between forms of price

discrimination, promotions, and pricing technology will be essential for designing effective and

forward-looking regulation.
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Appendix

A1 Data Description

Our analysis uses product and price data for items sold on Amazon.com obtained from Keepa.com, a

price-tracking platform that continuously monitors and records historical information for products

listed on Amazon. Keepa collects data directly from Amazon product pages and stores time-

stamped observations whenever key variables change. As a result, price observations correspond to

recorded price changes and therefore occur at irregular intervals over time.

For each product, the dataset includes a unique product identifier (ASIN), brand name, category

classification, historical prices, sales rank, and product attributes such as package size, quantity,

and weight. To construct a consistent panel dataset, we aggregate the event-based price history to

the daily level. Thus, the unit of analysis is: ASIN × Date. If multiple price observations occur

within the same day, we use the median price as the representative daily price. For days without a

recorded price change, we carry forward the most recent observed price. This procedure produces

a balanced product-day panel while preserving the underlying timing of price adjustments.

A2 Robustness Specifications

A2.1 Robustness: Matched Products

We re-estimate Eq. (4.2) and (5.1) for the matching sample, restricting it to include only those

pairs that are listed during the same time period. Table A1 reports unchanged results.
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Table A1: Robustness: Matched Products and Same Time Period

(1) (2)

Priceit Prom60,20
it

Men Targeted -0.031*** -0.013***

(0.001) (0.000)

Constant 1.626*** 0.138***

(0.001) (0.000)

Observations 3,692,641 3,692,641

R-squared 0.876 0.111

Gender Inference Matching AI Matching AI

Match Pair FE

Categ. × Date FE

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

A2.2 Robustness: Price Effects

We re-estimate Eq. (4.1) and (4.2) using prices per unit without a log-transformation. Table A2

reports similar results.
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Table A2: Robustness: Price Effects

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

Priceit Priceit Priceit Priceit Priceit

Men Targeted -2.305*** -1.754*** -2.282*** -1.839*** -2.413***

(0.035) (0.025) (0.037) (0.029) (0.025)

Constant 18.006*** 17.843*** 17.509*** 16.107*** 16.056***

(0.018) (0.017) (0.021) (0.019) (0.013)

Observations 3,280,916 3,851,326 2,507,813 3,132,039 1,383,955

R-squared 0.670 0.750 0.650 0.735 0.835

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Categ. × Date FE ×
Match Pair FE × × × ×
Categ. × Date FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

A2.3 Robustness: Price Promotions using Alternative Definitions

We re-define a price promotion using the last 30 days and a 10% discount threshold. Thus, a

promotion indicator Y 30,10
it equals 1 if the current price is at least 10% lower than this reference

price, and 0 otherwise. Table A3 reports the results.

Table A3: Robustness: Price Promotions (30 Days and 10%)

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

Y 30,10
it dY 30,10

it Y 30,10
it Y 30,10

it Y 30,10
it

Men Targeted -0.079*** -0.069*** -0.029*** -0.055*** -0.051***

(0.005) (0.005) (0.006) (0.006) (0.004)

Observations 2,038,292 2,334,507 1,491,011 1,843,458 419,138

Gender Inference Amazon AI Intersection Alternative Matching AI

Firm × Categ. × Date FE ×
Match Pair FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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A2.4 Robustness: Price Promotions using Linear Probability Model

As robustness, we estimate the likelihood of a price promotion following Eq. (8.1) using a linear

probability model.

First, we report the results for male- versus female-targeted products. Table A4 reports esti-

mates when discounts are defined using the maximum price in last 60 days and a discount of at

least 20%, Table A5 when discounts are defined using the maximum price in last 30 days and a

discount of at least 10%, and Table A6 when discounts are defined using the 90th percentile price

in last 60 days and a discount of at least 10%.

Table A4: Robustness: Price Promotions using LPM (60 Days and 20%)

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

Y 60,20
it Y 60,20

it Y 60,20
it Y 60,20

it Y 60,20
it

Men Targeted -0.181*** -0.135*** -0.189*** -0.142*** -0.142***

(0.005) (0.005) (0.006) (0.005) (0.005)

Observations 3,280,916 3,851,326 2,507,813 3,132,039 3,982,248

R-squared 0.268 0.293 0.288 0.291 0.110

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Categ. × Date FE

Match Pair FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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Table A5: Robustness: Price Promotions using LPM (30 Days and 10%)

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

Y 30,10
it Y 30,10

it Y 30,10
it Y 30,10

it Y 30,10
it

Men Targeted -0.018*** -0.010*** -0.016*** -0.012*** -0.009***

(0.001) (0.001) (0.001) (0.001) (0.000)

Constant 0.199*** 0.189*** 0.200*** 0.195*** 0.184***

(0.000) (0.000) (0.000) (0.000) (0.000)

Observations 3,280,916 3,851,326 2,507,813 3,132,039 3,982,248

R-squared 0.270 0.296 0.289 0.293 0.104

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Categ. × Date FE

Match Pair FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

Table A6: Robustness: Price Promotions using LPM (90th, 60 Days and 10%)

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

Y 60,10
it Y 60,10

it Y 60,10
it Y 60,10

it Y 60,10
it

Men Targeted -0.020*** -0.015*** -0.019*** -0.018*** -0.011***

(0.001) (0.001) (0.001) (0.001) (0.000)

Constant 0.217*** 0.205*** 0.218*** 0.212*** 0.199***

(0.000) (0.000) (0.000) (0.000) (0.000)

Observations 3,280,916 3,851,326 2,507,813 3,132,039 3,982,248

R-squared 0.267 0.295 0.286 0.293 0.102

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Categ. × Date FE

Match Pair FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

Finally, we report the results including gender-neutral products. Once again, female-targeted

products are the baseline segment. The estimates are shown in Table A7.
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Table A7: Robustness: Price Promotions using LPM (60 Days and 20%)

(1) (2)

Y 60,20
it Y 60,20

it

Gender-Neutral Targeted -0.006*** -0.011***

(0.000) (0.000)

Men Targeted -0.015*** -0.013***

(0.001) (0.001)

Constant 0.126*** 0.130***

(0.000) (0.000)

Observations 12,787,511 12,787,511

R-squared 0.295 0.295

Gender Inference AI Keywords

Firm × Categ. × Date FE

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

A2.5 Price Promotion Depth

For the analysis of promotion depth (size of a discount), we estimate the model in Eq. (5.2). The

baseline results using the 90th percentile over the last 60 days and a minimum discount of 10% are

shown in Table A8.
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Table A8: Promotion Depth

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

∆60
it ∆60

it ∆60
it ∆60

it ∆60
it

Men Targeted -0.003*** 0.005*** 0.003*** 0.006*** 0.007***

(0.001) (0.001) (0.001) (0.001) (0.001)

Constant 0.251*** 0.249*** 0.248*** 0.242*** 0.247***

(0.000) (0.000) (0.000) (0.000) (0.000)

Observations 506,380 520,633 374,143 438,102 281,343

R-squared 0.395 0.424 0.431 0.402 0.236

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Cat. × Date FE ×
Match Pair FE × × × ×
Date FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

As robustness, we re-estimate the same models using a minimum discount of 15%. The results

are shown in Table A9.

Table A9: Promotion Depth

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

∆60
it ∆60

it ∆60
it ∆60

it ∆60
it

Men Targeted -0.004*** 0.003*** 0.001 0.006*** 0.007***

(0.001) (0.001) (0.001) (0.001) (0.001)

Constant 0.295*** 0.293*** 0.293*** 0.285*** 0.290***

(0.000) (0.000) (0.000) (0.000) (0.000)

Observations 355,995 357,812 258,155 298,593 210,921

R-squared 0.419 0.449 0.459 0.428 0.261

Gender Inference Amazon AI Intersection Keywords Matching AI

Firm × Cat. × Date FE ×
Match Pair FE × × × ×
Date FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

27



A2.6 Robustness: Algorithmic Pricing

As robustness, we re-estimate Eq. (7.1) when inferring the use of algorithmic pricing using a high

frequency of daily price changes at the product × month level. The results are similar and are

reported in Table A10.

Table A10: Price Effects and Algorithmic Pricing

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

Priceit Priceit Priceit Priceit Priceit

Men Targeted -0.040*** -0.080*** -0.046*** -0.158*** -0.052***

(0.001) (0.002) (0.002) (0.001) (0.002)

Algorithmic -0.022*** -0.038*** -0.030*** -0.016*** -0.057***

(0.002) (0.003) (0.002) (0.002) (0.005)

Men Target. × Algorithmic 0.020*** 0.064*** -0.005 0.026*** 0.079***

(0.004) (0.005) (0.005) (0.004) (0.007)

Constant 1.985*** 1.700*** 2.008*** 1.636*** 1.669***

(0.001) (0.001) (0.001) (0.001) (0.001)

Observations 3,280,916 3,851,326 2,507,813 3,132,039 1,170,490

R-squared 0.791 0.828 0.795 0.872 0.876

Gender Inference AI AI Intersection Keywords Matching AI

Firm × Categ. × Date FE ×
Match Pair FE × × × ×
Date FE × × × ×

Robust standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1
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