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1 Introduction

Given the irreducible uncertainty associated with new ventures (Hayek 1948), entrepreneurship is

increasingly studied and practiced as a process of experimentation. In this approach, entrepreneurs

test initial versions of a new product with early users and learn from these tests to improve subse-

quent decision-making and future strategic investments (Ries 2011; Kerr, Nanda, and Rhodes-Kropf

2014; Gans, Stern, and Wu 2019). Consistent with this view, a growing body of research highlights

the value of a scientific approach and tools like A/B testing that help startups run more effective

experiments with early users (Camuffo et al. 2020; Koning, Hasan, and Chatterji 2022).

An implicit assumption behind the efficacy of such early experiments is that the preferences of

early users reflect those of the startup’s target customer base. In such instances, ‘traction’ with

early users provides an unbiased estimate of potential traction with the target user base. However,

if there is sampling bias, that is—if early users of a new product are not representative of the

startup’s target market—then the information gleaned from such early experiments might lead to

weak initial traction, biased measures of the startup’s potential, and lead to inefficient termination

or pivoting by the venture. Beyond the impact of sampling bias on an individual entrepreneur’s

success, a systematic under-representation of key consumers amongst early users of a product has

the potential to have aggregate effects, potentially leading to gaps in terms of who benefits from

startup innovation. While practitioner-oriented work has identified this challenge as one to be

aware of in the context of the mismatch between the needs of “early adopters” and the startup’s

larger target market (Moore 1991; Eisenmann 2021), there remains scant large sample evidence of

either the presence and consequences of such sampling bias.

One reason for this dearth of evidence on sampling bias is data constraints. Identifying sampling

bias across a large number of startups requires a scalable way for researchers to identify a wedge

between a venture’s target customer base and its actual early users. Moreover, studying the impact

of sampling bias on firm outcomes requires exogenous variation in the sample of early users for

these startups unrelated to the startup’s target market.

We overcome these challenges through a combination of machine learning tools and unique

data on nearly 6,000 startup launches on the prominent online product discovery platform Product

Hunt. This platform, similar to the crowdfunding platform Kickstarter or Y Combinator’s tech news
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platform Hacker News, lets users discover, vote on, and share products from nascent and emerging

startups (Mollick 2014). Users on the platform come from the technology startup ecosystem—they

are product managers, VCs, engineers, and other startup employees. Startups use these launches

as “experiments” to gain traction, validate ideas, and even as a signal of quality when raising VC

funding (Cao 2019).

Our analysis of sampling bias on Product Hunt progresses in three distinct steps. First, we

use contemporary word embedding machine learning methods to characterize each product’s pre-

launch description in terms of its predicted appeal to female vs. male target customers. We show

that our measure has strong face validity: startups such as Thinx (direct-to-consumer period-

proof underwear) and Clue (menstruation tracking app) are above the 95th percentile in terms

of this measure of predicted appeal to female users while a startup like Hims (direct-to-consumer

hair loss and erectile dysfunction treatments) are below the 5th percentile. Moreover, leveraging

proprietary data from Product Hunt on the gender of early users on the platform, we demonstrate

a strong correlation between our measure of the product’s predicted appeal to that gender and the

actual gender-based preferences for that product as measured by upvotes. For example, even after

accounting for product and user fixed effects, we find that men providing feedback on the platform

are 25% less likely to vote for products that are in the top quartile of our measure of predicted

appeal to female consumers.1

In our second step, we use show that on average products that are in the top quartile of our

measure of predicted appeal to female consumers (what we refer to as ‘female-focused products’)

have similar growth trajectories as products in the bottom quartile (‘male-focused products’) in

the 6 months before launching on Product Hunt, but experience 45% less growth in the 12 months

after launch. In other words, we find that products predicted to be more likely to appeal to female

customers see less benefit from launching on Product Hunt and this holds no matter the gender of

the entrepreneurs. Since such platforms are, on average, dominated by male early users—75% of

visitors to Kickstarter are men, 79% for Hacker News, and 90% for Product Hunt2—that female-

focused ventures benefit less from launching on Product Hunt is consistent with the presence of

1This variation is not reducible to a founder’s gender, to differences in startup quality, or the “harshness” of
male versus female users. That female-focused ideas launch with Product Hunt suggests that there may be limited
alternatives, a point to which we return to in our conclusion.

2Estimates produced by the authors using data from the analytics platform SimiliarWeb as of Q4 of 2019.
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sampling bias.

In our third step, we go beyond the correlation noted in our second step to provide causal

evidence of sampling bias impacting the female-product growth gap we documented above. To

do so, we isolate plausibly exogenous variation in the composition of female early users on the

platform and show that when female-focused products launch on such days, the growth penalty we

document relative to male-focused startups declines and may even go to zero. In other words, for

two startups with the same predicted appeal to female target customers but launching on different

days, differences in the gender composition of early users on the day the two startups launch has

a systematic and measurable impact on the growth differentials of those startups at least one year

after their respective launches. We see this as compelling evidence that sampling bias among early

users has a real and potentially long-term effect on startup outcomes.

Having established the presence of sampling bias among startups, we then turn to the mecha-

nisms by which sampling bias might impact systematic differences in startup growth after launch.

Most directly, underrepresented early users make customer discovery for startups targeting these

users harder, impacting future referrals and worth-of-mouth user growth; each of which can drive

negative social learning dynamics that stunt consumer demand (Moretti 2011; Boudreau 2021).

In addition, recent work on entrepreneurship highlights how entrepreneurial failure is often rooted

in an entrepreneur failing to learn (Camuffo et al. 2021). Building on this work, if sampling bias

yields signals of consumer demand that, because few women engage with the product, are both

biased downward and less precise due to the small number of female users then female-focused en-

trepreneurs may incorrectly conclude their ideas have limited promise. As a result, entrepreneurs

and investors—even those who are aware of and adjust for the sampling bias—may abandon promis-

ing female-focused ideas because they make incorrect or noisy inferences about the idea’s potential.

Indeed, using data on technology investments by entrepreneurs and capital investments by VCs

for up to four years after launching on Product Hunt, we show that entrepreneurs and VCs are

less likely to invest in female-focused startups – in a manner related to the composition of early

users on the day the startup launches. This pattern is consistent with the idea that sampling bias

impacts the ability to effectively learn from entrepreneurial experimentation.

Our results are relevant to scholars and practitioners interested in entrepreneurship, innovation,

and gender. First, our findings enrich our understanding of the benefits and costs of experimental
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strategies (Levinthal 2017; Gans, Stern, and Wu 2019; Koning, Hasan, and Chatterji 2022; Camuffo

et al. 2020). While prior work has largely focused on the benefits of business experimentation, our

findings shed light on enabling conditions for these benefits to be fully realized. Second, our findings

contribute to work on the rate and direction of innovation. While most work on the gender gap in

innovation and entrepreneurship is focused on the entrepreneurs themselves (Gompers and Wang

2017; Scott and Shu 2017; Howell and Nanda 2019; Guzman and Kacperczyk 2019; Ewens and

Townsend 2020), an emerging body of work has begun to show that product innovations and even

ideas appear to be oriented towards the needs of men over women (Feng and Jaravel 2019; Koning,

Samila, and Ferguson 2021; Truffa and Wong 2022). Our finding that female-focused products

experience 45% less growth and are five percentage points more likely to be inactive provide further

evidence that this appears to be the case. Moreover, we show how demographic biases need not

only operate at the level of the founder or worker but appear to also shape what types of products

succeed and who benefits from these innovations.

Finally, our paper’s limitations point to promising puzzles for future research. First, why do our

results persist for years after launch? While we are fortunate to have measures of performance from

outside the Product Hunt platform, we can only partially observe what the founders’ beliefs and

strategic decisions were over this period. What frictions prevent them from making up the gap by

launching on other platforms or testing the market through other means? Is it that entrepreneurs

are “unscientific” and fail to correct for Product Hunt’s biased signal or is it that the signals are

simply too noisy to learn from given the limited sample size of female early users (Camuffo et al.

2020, 2021)? Is it that alternative means of discovering demand are harder to find or more costly

to use for female-focused startups? If so, given competition between platforms, why do we observe

so few platforms with a majority of women? These questions are especially important given the

growing use of entrepreneurial testing and the dominance of a few platforms that de facto serve as

gatekeepers to the types of ideas that are ultimately successful.
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2 Empirical Context and Data: Product Hunt

2.1 Empirical Context

Our empirical context is the online platform Product Hunt, founded in 2013 and acquired by

AngelList in 2016. Product Hunt serves as a community for technology enthusiasts and early

adopters, who share new and emerging products on a daily basis. It has evolved over time into

a platform for product launches, with early-stage startups using it to gain traction, get feedback,

and build interest with investors. Successful products launched on the platform include RobinHood

(day trading app which has raised more than $300 million in VC funding), Eero (interconnected

wifi routers, acquired by Amazon), and Front (shared inbox for teams that has raised more than

$60 million in funding). While most products posted are from small entrepreneurial teams, new

products from companies like Stripe and Amazon are also listed on the platform.

The daily mechanics of Product Hunt are relatively straightforward. Each day around 20 newly

launched technology products are featured on the platform and displayed on the homepage. Though

products are submitted to the platform throughout the day, the vast majority of product launches

occur in the early morning (Pacific Time) to maximize exposure and engagement over the course

of the day.3 Typically, within an hour of posting, products are screened by the platform’s curators

as both appropriate (i.e., not explicit) and of a minimum quality threshold (i.e., not spam apps) to

be featured on the homepage.4 Our study focuses on these featured products.

A product submission includes photos, sometimes videos, a detailed text description of the

product, and links to the product’s own website. It also includes a profile picture and the name of

each of the makers—overwhelmingly the entrepreneurs behind the product. The products are then

voted on by Product Hunt users and sorted on the homepage so that products that receive more

votes are displayed prominently at the top of the page. Again, this incentivizes entrepreneurs to

post as early as possible to gain the most votes and so the most visibility. The top five products of

the day get badges for their rankings, products that perform well are often featured on the website

3Products are submitted to the platform by power users called “hunters.”, 40% of the time, the hunter is the same
person who builds the product (makers). Otherwise, makers reach out to hunters to post their products onto the
platform. Either way, given the prominence of Product Hunt in the technology community, launches are overwhelming
planned in collaboration with the firm.

4Occasionally, Product Hunt will ask a posted product to make a few changes to the descriptive texts, images, or
videos, and the featuring will be delayed to the next day.
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at later dates, and success on the platform often piques the interest of journalists and investors

(Cao 2019).

2.2 Data

Product Hunt We use detailed data on products launched on the Product Hunt platform between

October 2016 and October 2018. As discussed, this data includes the “makers” who built the

product, a description of the product, and information on who visits and votes for products on

the platform. Before we move to describe our additional sources of data, we first outline several

restrictions we impose to ensure that our sample covers new products by new companies as against

products launched by technology incumbents or posts that are not new technology products.

First, we restrict our sample to featured technology products launched on Product Hunt.5

We make sure to discard listings that are blog posts, news articles, infographics, surveys, events,

newsletters, email lists, political organizations, books, podcasts, and governmental agencies. In

February 2017, Product Hunt made a concerted effort to exclude these sorts of postings from its

featured list, so this sample restriction also maintains consistency in the types of products included

across our sample period.

Second, as noted above, Product Hunt is also used by large companies such as Stripe and

Microsoft to build buzz around new technology product releases. However, since we are interested

in studying startups, we restrict our sample only to include the set of products that early-stage

entrepreneurial firms launch. We define entrepreneurial firms as private companies that have raised

at most a single round of Series A or Seed Financing, which we measure using data from Crunchbase

and Preqin.6 Since companies sometimes post to the platform multiple times, we restrict our

analysis to the first post from a given website domain to look at new ventures and not subsequent

iterations from already established companies. To further ensure our sample consists of early-stage

5As mentioned above, while roughly 20 technology products are featured on the homepage each day, there are
about 60 additional non-featured postings too. Featuring is done by Product Hunt staff, who weed out dozens of
junk and spam submissions that they feel will not be of general interest to the larger Product Hunt community.
Non-featured products do not appear on the home page and receive little organic attention from the community. It
is, of course, possible that this curating is biased against products that appeal to women; however, such a bias would
only bias our estimates downwards. We leave it to future work to explore how the curation process impacts which
products succeed and fail.

6This means that we exclude all firms that have already raised VC series B or beyond, that have raised multiple
rounds of financing, and firms that have already gone public. Firms included in our sample include those without
any external funding or those who have only raised Pre-Seed, Seed, Accelerator, Convertible Notes, Angel or Series
A financing.
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startups, we remove any companies where Crunchbase or Preqin have a listed founding year of 2013

or earlier.

Third, we restrict our sample to only include featured products launched on weekdays before

7AM Pacific Time. Many fewer users visit Product Hunt on weekends, and products launched on

Saturday and Sunday are of noticeably lower quality. Nearly all of the most promising products

launch early in the day to accrue as many votes as possible. Further, by only retaining products

submitted before 7AM Pacific Time we ensure the product was submitted before the daily newsletter

is sent out. As described below, this is relevant to how our empirical design isolates exogenous

variation on the composition of users on the platform on a given day.

Finally, we restrict our analysis to the days when a “product update” newsletter is sent out to

the Product Hunt community. As described in more detail in Section 4.5, Product Hunt sends out

a daily newsletter just after 7AM Pacific Time. The majority of these newsletters provide updates

on a handful of products previously launched on Product Hunt. We use the fact that newsletters

with updates on a very female-focused product increase the number of female users on the platform,

but that these updates are unrelated to the types of products launched that day.7

Our final sample is a balanced panel at the startup-month level comprising 5,742 nascent star-

tups that have raised at most a single round of financing and launched on a “product update”

newsletter day for the first time on Product Hunt between October 2016 and October 2018. We

then supplement this sample of products with several additional data sources, each described below.

Genderize.io We use the first name of the makers and users on Product Hunt to estimate

the gender composition of each startup team and the larger Product Hunt user base. We do so

by taking the first names and feeding them through Genderize.io’s public API, which returns a

predicted probability that a person with the given first name is male or female. As described in

detail in the appendix, we then use these probabilities to assign users as male, female, or unknown.

SimilarWeb To measure venture growth, we merge longitudinal data on website visits from

SimilarWeb using each product’s website URL. SimilarWeb provides web analytics services to busi-

nesses that allow them to benchmark competitor growth, keyword effectiveness, and a host of other

digital trends. Using data from ISPs and a large panel of web browsers, SimilarWeb generates esti-

mates of the number of users who visit a website each month. Crucially, web traffic is a key measure

7Our non-newsletter results are unchanged when run on all days, not just days with “update” newsletters.

8



of digital startups’ initial traction and predictor of future investment and revenue (Koning, Hasan,

and Chatterji 2022). Further, web traffic allows us to measure overall venture growth, not just

success on the ProductHunt platform. For example, female-focused products may well get fewer

votes on the Product Hunt, but could well find other avenues to build demand. Specifically, for

each product, we measure monthly URL traffic for the 6 months before its launch on Product Hunt

and 12 months after the launch. Building on Koning, Hasan, and Chatterji (2022) in the appendix,

we show in Figure A1 that financing and page visits are strongly correlated, with startups in the

bottom decile of visits having less than a 1% chance of raising venture funding and those in top

decile a 12% chance.

Crunchbase and Preqin As briefly mentioned above, we linked products on Product Hunt

to data from Crunchbase and Preqin venture capital databases. We linked the datasets using the

product’s name along with the listed URL. These datasets allow us to track which startups had

raised funding, when they raised funding, and to measure the date of founding for more established

firms. Using this data, we have up-to-date funding information as of October 2020.

BuiltWith Finally, we use data from builtwith.com. As described in more detail in Koning,

Hasan, and Chatterji (2022) and in Roche, Oettl, and Catalini (2020) BuiltWith tracks the tech-

nologies startups use to run their websites. Since many of these technologies need to be ‘client’

facing, BuiltWith scrapes the website to see if it uses Google Analytics, Optimizlely A/B test-

ing, Facebook tracking pixels, Shopify payment tools, and a myriad of other technologies. Using

BuiltWith’s free API, we measured the size of the technology stack as of October 2020 for 5,312

startups. We use the size of a website’s technology stack as a proxy for the amount of product

development. Indeed, given that the vast majority of products launched are digital, using the tech-

nology stack allows us to see if the entrepreneurs have continued developing the idea or halted their

efforts. In the appendix, we show that products in the top decile of technology stack size relative

to their cohort have a one-in-five chance of raising venture funding, whereas those in the bottom

decile have essentially no chance of raising venture financing. Product development efforts also

appear to correlate with more traditional measures of venture growth and success. See Appendix

Section A for further details on these data sources.
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3 Identifying the Target Market of Startups

Testing our sampling bias argument requires a measure of each startup’s intended target market

when they launch on the platform. However, generating such a measure is non-trivial. For example,

a successful startup may have initially catered to women, but after launching on a male-dominated

sample of early users, may have pivoted towards the needs of men. This example illustrates why

using realized gender shares–even if available to the researcher—is not sufficient to measure the

intended target market at launch. Instead, we need a measure of the startup’s target market just

before the time of launch.

3.1 A Measure of the Gender-Focus of Each Startup’s Product

We create such a measure by analyzing the text associated with a product’s description on the

day it is launched. Our approach is similar to Koning, Samila, and Ferguson (2021), who use

machine learning tools and the text of biomedical patents to classify inventions as more or less

likely to benefit women. Our approach creates a continuous measure of a products’ predicted

appeal by gender, on a spectrum from catering primarily to women to catering primarily to men.

Conceptually, our approach involves an algorithmic mapping from text-based product descriptions

to a uni-dimensional measure of a product’s gender focus. We describe this process below.

We begin by concatenating the text describing the product. This includes the new product’s

name, ‘tagline’ (a catchy one-liner attached to the product), a brief product description, and the

initial comment by the makers describing the product in more detail.8 In many regards, this text

serves a similar function as the product descriptions in the 10Ks for public companies (Hoberg and

Phillips 2016), but are for new products made by individual makers and non-public firms. Appendix

Figure ]A4 shows an example of each piece of text used to construct the measure of gender focus.

Using this text, we first remove common stopwords9 and we keep only nouns, verbs, and ad-

8Note that the comment is also an ex-ante measure of the product’s characteristics because of the particular
way the Product Hunt platform works. To promote engagement with the Product Hunt community, makers often
introduce products at the top of a public comment thread so that users are more likely to give feedback and test out
the product.

9The stopwords are a union of the following lists: http://www.ranks.nl/stopwords;
https://pypi.python.org/pypi/stop-words; https://msdn.microsoft.com/zh-cn/library/bb164590;
http://snowball.tartarus.org/algorithms/english/stop.txt; https://bitbucket.org/kganes2/text-mining-
resources/downloads/minimal-stop.txt; and Porter Stemmer stop words in NLTK.
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jectives.10 For the remaining words, we then use a pre-trained word embedding model11 to map

each word to a 300-dimensional numeric vector. This approach to text analysis—treating words as

points in a high-dimensional vector space—is increasingly used by management scholars to capture

hard-to-measure concepts including job-relatedness, firm competition, and organizational culture

(Hasan, Ferguson, and Koning 2015; Hoberg and Phillips 2016; Srivastava et al. 2018).

That said, our approach extends this past work by relying on the fact that word embedding

models produce vector spaces that preserve semantic meaning and context. Crucially, these em-

beddings appear to capture gender roles, stereotypes, preferences, and biases. For example, word

embeddings are known to capture analogical reasoning. Taking the vector for the word “King,”

subtracting “man,” and adding “woman” results in “Queen.” These examples suggest that we

can use the distance from clearly gendered words—male versus female, he versus she, man versus

women—to measure whether a product is more or less likely to appeal to men or women.

Specifically, we calculate the extent to which the word is nearer in semantic space to words

associated with women as against words associated with men. To do so we look up the a normalized

word vector vf that represents a word associated with women (e.g. she) and vm a word associated

with men (e.g. he). Then for any other word w (e.g. pregnancy) in a product’s description we

estimate its relative distance between the vf and vm:

F{f,m}(w) =
Cos (w − vm,vf − vm) · |w − vm|

|vf − vm|
− 1

2
=

⟨vf − vm, w − vm⟩
|vf − vm|2

− 1

2
(1)

Note that geometrically, this is equal to the ratio of the length of vector ŵ − vm – which is

the projection of (w − vm) onto the vector defined by (vf − vm) – to the length of the vector

(vf − vm), minus 0.5.

More generally, for any pair of keywords {f,m} where f represents female and m represents

male, we can define the relative appeal of a word represented by w to the female keyword using

Equation 1. F{f,m}(w) increases in relative closeness to f , and a value close to 0 indicates that the

10Hoberg and Phillips (2016) keeps only nouns in product descriptions in 10Ks to construct word vectors. We also
include verbs and adjectives because compared to the formal document such as 10Ks, our texts contain more vivid
language, as product makers write these texts to encourage feedback from Product Hunt community, and use many
verbs and adjectives that turn out to be very informative.

11We use the fastText package developed by Facebook Research and estimate the skip-gram model on the Wikipedia
corpus as training texts. The vector space in 300 dimensions. For more details, see https://fasttext.cc/ and Bo-
janowski et al. (2017)
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word is likely to be gender-neutral.

To measure gender focus at the product level, we calculate each word’s closeness to 3 keyword

pairs—{male,female}, {woman,man}, and {she,he}—and aggregate over all the words used to de-

scribe the product. Not all words appearing in product texts are counted equally. Following stan-

dard practice, for each word, we compute its TF-IDF (term-frequency inverse-document-frequency)

weight, using texts of all products launched on Product Hunt as the corpus.12 For each of the 3

keyword pairs, we calculate a measure at the product level that is the TF-IDF weighted sum of

words’ closeness to the the female vs. male keywords. Since each of these three keyword pairs

likely capture slightly different and idiosyncratic meanings, we take the standardized first principal

component as our measure of a product’s female focus. The distribution of our final female-focus

measure is presented in Figure A5. The histogram is bell-shaped and symmetric around the mean,

but the tails are broader than those of a standard normal distribution.

3.2 Validating the Measure

We build our measure of a product’s gender focus for all products ever launched on the platform.

We then use this data to validate our measure in three ways. First, we examine the face validity of

the measure by documenting examples from different points in the distribution. Table 1 presents

examples from the 1st, 5th, 10th, 25th, 50th, 75th, 90th, 95th, and 99th percentiles of the female

focus distribution, where higher percentiles correspond to being more focused on women.

A quick review of the table suggests that our measure captures differences in potential appeal.

One of the most female-focused products is Babee on Board “Pregnant? Request a seat on public

transport.” One of the most male-focused products is Beard Bib 2.0 “Hair clippings catcher from

Beard King.” At the 90th percentile, you see products like Ropazi “Personal shopper for busy

parents,” which, while gender-neutral, seems reasonable to classify as more female-focused given

the persistent fact that women do more housework and parenting than men (e.g. Fitzpatrick and

Delecourt (2020)). At the 10th percentile, one sees products like Nikola “See your Tesla’s battery

percentage from your menubar,” which again, while gender-neutral, seems reasonable to classify as

more male-focused. The 50th percentile products such as Yomu “One place to read your favorite

12The IDF (inverse-document-frequency) down-weighs words that are common across all products (e.g. the word
“product” itself), whereas the TF (term-frequency) weighs each word proportionally to its frequency of occurrence
in the given product.
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content from around the web” are also consistent with being completely gender-neutral. Finally, the

75th percentile features the example Joonko, which is a “Personal diversity and inclusion AI-coach

for managers” which presumably would be something that would appeal more to female workers.

Second, we build on recent work showing that female-focused products are much more likely

to be invented by women inventors and entrepreneurs (Feng and Jaravel 2019; Koning, Samila,

and Ferguson 2021). Appendix Figure A7 is a binned scatterplot that documents a strong positive

correlation between our measure of a product’s female focus and the share of the founding teams

that have at least one female maker (Starr and Goldfarb 2020). As can be seen from Figure A7,

a one standard deviation increase in a product’s estimated female focus – equivalent of moving

from the 50th to 80th percentile – is associated with a 20% increase in the likelihood of at least

one team member in the startup being a woman. Here we show results for all 19,388 products,

including posts by incumbents, firms that have raised more than a round of financing, that were

not featured, and posted on all days of the week. We find the same pattern holds in our sample of

5,742 new product-startup launches.

Third, we directly validate our measure using data from ProductHunt where we look at the

correlation between our measure (which predicts the relative appeal of a product to women) and

the actual appeal of that product as measured by the difference in upvotes from men and women.

As described above, users can vote on the products launched each day. Crucially, we have an

estimate of each user’s gender. If our measure is valid, then we should see more women vote for

products we estimate as female-focused and potentially fewer male users doing so too.

The binned scatter plots in Figure 1 show that more women and fewer men vote for female-

focused products. In the figure, the y-axis in the left panel is the logged number of male votes and

in the right panel the logged number of female votes for a product. The x-axis in both panels is the

product’s estimated female focus. To better isolate differences in female versus male preferences,

as against overall differences in product quality that might be correlated with a product’s female

focus, both figures control for the logged number of votes of the opposite gender. Panel (a) on the

left is strongly negative sloped and reveals that going from the most male-focused to most female-

focused products corresponds to a nearly 50% decrease in the number of male votes. Panel (b) on

the right shows a strong positive relationship and reveals that going from the most male-focused to

female-focused products is associated with a a roughly 50% increase in the number of female votes.
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To further validate that our female-focus measure captures differences in the gender appeal of the

product and not merely differences product quality or gendered differences in voting “harshenss,”

in Figure 2 we test if female users are more likely to vote for female-focused products even after

controlling for user- and product-level fixed effects. To do so, we leverage proprietary user-level

data on who was active on the website on a given day, and for that day, which products they voted

for. Using this data, we create a user-product level data set where each row represents a product

that was launched on the day the user was active. Our assumption here is that if the user is active

on the day a product is launched, they are at risk of voting for it. We then create a variable “voted

for product” that is 1 if the user voted for the product and is 0 otherwise. Appendix Section E

describes how we construct this proprietary data in detail.

This propriety browsing data lets us include individual fixed effects that account for differences

in how “harsh” each voter is, which address concerns associated with potential differences in overall

voting rates by gender. It also lets us include product-level fixed effects to account for observed

and unobserved quality differences across products.13 Figure 2 presents a binned scatter plot of

the female-user-minus-male-user residuals plotted against the product’s gender focus. The strong

upward slope indicates that, even after accounting for potential differences in how women vote or the

quality of female-focused products, women are more likely to vote for female-focused products than

men. Given that the median browser upvotes roughly 1.47 of the 100 products they view, the graph

suggests that going from the most-male to the most-female-focused product increases the absolute

difference between female and male voters by 0.3 percentage points. Relative to the baseline, this

represents an effect of about 20-25%, similar in size to the effects we find in Figure 1. Even on

male-dominated product hunt, there are significant differences in each product’s female-focus and

whether women or men are more likely to vote for these products.

13We can estimate product fixed effects since we estimate the difference between male-female voters and not the
overall appeal of the product. Put differently, within a product; we have variation in user gender that allows us to
estimate an effect even after accounting for product-level fixed effects.
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4 Results

4.1 Descriptive Statistics

Having established that product’s meaningfully vary in the gender-focus of their target market,

we next turn to understanding whether female-focused products benefit less from launching on the

Product Hunt platform.

Table 2 first shows basic descriptive statistics for the 5,742 products used in our analysis and

compares products in the top quartile of the female-focus distribution to those in the bottom

quartile (i.e., the most male-focused products). Appendix Table A1 presents additional descriptive

statistics for the full sample.

Product Hunt’s topic categories reveal that the startups span many topics related to digital

products. Comparing the distribution of products across those that are more female-focused vs.

more male-focused reveals category differences: for example, products related to the topic “De-

velopers” constitute a much larger share of the most male-focused products (21%) compared to

female-focused products (8%). The average team has 2 makers (founders) and 19% of teams have

at least one woman.

Unsurprisingly, products that we predict cater more to women compared to men are different

on several of these dimensions. This suggests it is important to control for these covariates when

studying the post-launch performance of startups. As we show below, our research design can

control for these differences and any other time-invariant unobserved differences using product

fixed effects. That said, we see little evidence that female-focused products are smaller or are less

likely to have raised venture financing before launch. If anything, female-focused products have

about 18% more monthly visits than male-focused products pre-launch.

4.2 Post-launch Performance Results

We begin our regression analysis by estimating the following simple fixed effect model:

yit = β1POSTt + β2GenderFocusi × POSTt + γi + δt + ϵit (2)

where i indexes products and t indexes time in months.
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Yt is the log of pageviews for a product in a month, and POSTt is an indicator that takes the

value of 1 after the product has launched and zero otherwise. The regression includes product

fixed effects, γi, and year-month fixed effects, δt. Product fixed effects control for time-invariant

unobserved differences in products such as their quality. Note that year-month fixed effects control

for changes in traffic that happen over calendar time, for example, capturing points in the calendar

when traffic might be especially high or low.The coefficient β1POSTt, which measures the average

increase in visitor growth for products after they launch on the platform, continues to be separately

identified due to the fact that products launch at different points in calendar time. Our coefficient

of interest is β2GenderFocusi×POSTt which captures the degree to which the post-launch visitor

growth is related to the gender focus of products.

We report this regression in Panel A of Table 3. Looking first at the coefficient on the post-launch

indicator in Column 1, we can see that on average, web traffic for a startup that launches on product

hunt jumps by just over 300% in the post-period, relative to the average web traffic prior to launch.

The average product startup goes from having hundreds of monthly visits pre-launch to thousands

post-launch. Turning to Column 2, the β2 coefficient shows that female-focused products appear

to have systematically lower web traffic in the year following launch. The coefficient of −0.208 in

column (2) implies that a one standard deviation increase in a product’s female focus is associated

with roughly 21% fewer visitors post-launch.

In Panel B, we look at the same relationship, but instead of imposing a linear functional form,

we shift to a non-parametric approach where we compare the top and bottom quartiles of female-

focused products to the middle two quartiles of our female-focus measure. Doing so is important

because standard models from industrial organization would predict that male- and female-focused

products would both see less growth. After all, by catering to only one gender, a product has cut

the potential market size in half. That said, as Panel B shows, the most male-focused products do

not experience any difference in web traffic from the more gender-neutral products. However, the

most female-focused products experience nearly 45% lower web traffic post-launch.

Figures 3 provides a graphical illustration of the estimates produced by Table 3, but instead

of reporting average post-launch growth, it reports the estimated visits in each month before and

after launching, with the month before launch serving as the excluded baseline. The dashed line

is the estimated number of monthly visits for products in the middle two quartiles of the female-
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focus distribution. The solid line is the estimated number of monthly visits for products in the top

quartile. The bars reflect 95% confidence intervals.

Before launch, the growth trajectories look the same. Post-launch, female-focused products see

less growth. It is important to note the estimated effects are on a log scale. So while the difference

between male and female products is visually small, it represents substantive differences in rela-

tive growth. Figures 4 reports the difference between gender-neutral products and female-focused

products. The growth-gap is immediate and persistent with female-focused products experiencing

roughly 50% less growth post-launch.

Figure 5 shows that the estimated growth trajectory for male-focused products overlaps with

gender-neutral products. Again, it does not appear that merely being “gendered” reduces growth.

Figure 6 reports the difference between gender-neutral products and male-focused products. We

again find no evidence that the most male-focused products experience less growth post-launch.

These findings do not reflect limited growth opportunities for strongly gendered products. Rather

they are distinctly related to a product being female-focused.

4.3 Distinguishing Between Target Market and Entrepreneur Gender

Figure A7 shows that female-focused products are much more likely to be built by teams with

women. This suggests the product-gender gap might be the result of women founders benefiting

less from launching on Product Hunt as against female-focused products receiving less of a boost.

Indeed, in Column 3 of Table 3A, we regress logged monthly page visits on our post-launch dummy

and this dummy interacted with whether the team includes a female maker. Consistent with the

voluminous literature showing gender gaps in entrepreneurship and venture growth (Gompers and

Wang 2017; Scott and Shu 2017; Howell and Nanda 2019; Guzman and Kacperczyk 2019; Ewens and

Townsend 2020), we find that teams with female makers experience 38% less post-launch growth.

In Column 4, we include both our female-team and female-product measures and find that both

remain negative and significant. Neither measure is reducible to the other. Furthermore, Panel B

Column 4 shows that the effect sizes are comparable, with products in the top quartile and female-

focused teams both seeing 40% less growth after launching. Finally, to completely rule out founder

gender effects, in Column 5, we restrict our data to all-male teams. We again find a post-launch

product-gender gap with female-focused products experiencing 50% less growth. Finally, in contrast
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to recent work documenting the importance of congruence between entrepreneurs and the gender

focus of their products we find no evidence for an interaction effect between the entrepreneur’s

gender and the product’s gender focus (Hebert 2018; Tak, Correll, and Soule 2019).

4.4 Startup Failure

We next examine the degree to which the gender gap we measure at the intensive margin in terms

of website hits is also measured at the extensive margin – in terms of firm failure.

Measuring startup failure is challenging for very early-stage firms (Bennett and Chatterji 2019).

The software firms in our sample may not be formally registered, may not have an independent

physical office, and are often operated by founders who also hold full-time jobs at other companies.

As a result, a startup launched on Product Hunt is unlikely to declare bankruptcy or be formally

shut down; instead, the product and website are most likely to be abandoned by the founders if the

venture fails. Fortunately, we can proxy whether a startup is still active by whether it has an active

user base or not. Startups with no visitors in a month should be much more likely to have shut

down or have failed. Following Koning, Hasan, and Chatterji (2022) we define a startup as active

if it has more than zero visitors in a month according to SimilarWeb and inactive if the estimated

number of visitors is zero.

Table 4 replicates Table 3 but swaps page visits with whether the startup has an active user

base. Column 2 again shows that female-focused startups are 5 percentage points less likely to

be active post-launch. As before, these results are present in both the parametric (Panel A) and

non-parametric (Panel B) specifications, as well as with all-male teams (Column 5). The product-

growth gap results in a survival gap where products that benefit women are more likely to exit than

those that benefit men. This finding is consistent with our sampling bias mechanism and suggests

that the direction of startup innovation skews more towards the needs of men than women.

4.5 Isolating the Causal Impact of Sampling Bias

While the emergence of a product-gender gap is consistent with the idea of sampling bias, it does

not directly test if a shift in Product Hunt’s gender composition would lead to different products

succeeding. In fact, while the analysis thus far builds on the fact that on average 10% of Product

Hunt users are female it does not directly test if variation in female engagement matters. Perhaps
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other features of the Product Hunt platform—like the daily tournament-style voting mechanism—

drive the growth gap we observe. Moreover, even if we could establish a correlation between female

platform engagement and female-focused product success such an estimate would be rife with

potential selection bias. For example, it is easy to imagine that a talented female-entrepreneur who

is part of her university’s “women in tech” club is likely to both launch a more successful product

and bring more of her female friends onto the platform the day she launches.

How then can we test our proposed sampling bias mechanism? An ideal experiment to tell

these mechanisms apart would be to randomly shift the gender composition of the Product Hunt

platform on any given day. If sampling bias is at play, female-focused startups should perform

better when launched on days when more women were randomly assigned to visit the platform.

Building on this logic, our sampling bias mechanism implies that any shock that tends to increase

female engagement will dampen the product-gender gap.

Here we exploit the fact that the content of Product Hunt’s daily email newsletter—which is

designed to increase engagement, interest, and traffic to the website—sometimes appeals more to

women and sometimes more to men, but in a manner unrelated to the quality of startups launching

on a given day. This is because the daily newsletter mostly features prior products launched on

the platform.14 Appendix Figure A8 shows two example newsletters, one that is a sponsored

newsletter by the birth control startup Nurx and the other a newsletter covering Lululemon’s

acquisition of Mirror, both products that had been featured on Product Hunt in the past. We

argue that newsletters that feature particularly female-focused products—like Mirror and Nurx—

bring a greater number of female users onto the platform that day. As a result, days with more

female-focused newsletters should see a smaller growth gap.

Furthermore, there are several reasons to believe the newsletter’s content is unrelated to the

types of products launched on any given day. First, the newsletter comes out after nearly all

products have been posted for the day. To maximize engagement, exposure, and growth outcomes,

teams tend to launch just after midnight PST. This ensures that the product can rack up the

most votes during the day, capture more media attention, and increase social media exposure.

As the newsletter comes out between 7AM and 11AM PST teams that have already launched

14A small number of same-day launches are highlighted by the newsletter, which we exclude because it will directly
influence traffic to the launch page of this product. We are primarily interested in the “spillover” effect of newsletter-
induced female visits on other female-oriented products that are not themselves suggested by the newsletter.
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are unable to strategically respond to the newsletter content.15 Second, the newsletter’s content

is largely determined by exogenous events that impact previously launched products. The two

examples in Appendix Figure A8 are illustrative. The newsletter featuring Nurx was a sponsored

ad, and the timing likely the result of negotiations between Nurx and Product Hunt, something

new startups are unlikely to know. The newsletter featuring Mirror resulted from Lululemon’s

acquisition announcement that day, information that was kept confidential by both parties before

the deal closed.

Given these arguments, we create a proxy variable for female engagement “Female Newsletter”

that is the gender score of the most female-focused product listed in the newsletter that day. To aid

in the interpretation of the triple interactions we run, we rescale this variable to have a minimum of

0 and a maximum of 1.16 A newsletter score of 0 corresponds to the newsletter day when the most

female-focused product in the newsletter was the most male focused; a score of 1 to the day where

the most female-focused newsletter product was the most female focused. Table 5 shows summary

statistics for each of the 419 newsletters in our sample.

The institutional details outlined above suggest that the “Female Newsletter” variable can help

us estimate sampling bias effects. However, as illustrated in Appendix Figure A10 for this variable

to identify the impact of “sampling bias” a number of conditions must be met. First, the newsletter

measure must actually drive female engagement. While the arguments above suggest the newsletter

should shift who visits Product Hunt, if readership is small, the newsletter may well have no effect.

Second, while we expect the newsletter to increase female user engagement with female-focused

products across multiple channels—voting, comments, visits to the product’s homepage, direct

feedback to the founders, social media mentions, investment reach outs,...—it should not impact

alternative mechanisms that are not rooted in sampling bias. For example, the newsletter should

not cause male user to prefer female-focused products more nor should it increase women’s interest

in non-female-focused products. Finally, if the shock is exogenous, then we should see no correlation

between our “Female Newsletter” measure and the characteristics of products launched that day.

15Furthermore, because of Product Hunt’s launch policies, teams cannot strategically withdraw and relaunch the
next day. New products get a single shot on the platform.

16In Appendix Section F.4 we explore alternative methods of constructing the variable. We find that the maximum,
as compared to the mean or median of the newsletter product scores, best predicts female user engagement and voting
behavior. It appears that especially female-focused newsletter products are what drive female user engagement with
Product Hunt.
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Do these three conditions hold? Fortunately, Product Hunt’s detailed data lets us test each of

these conditions. In regards to the first two conditions, Appendix F shows the female newsletter

shock increases female engagement with Product Hunt overall, increase female votes for female-

focused products launched on the day of the newsletter, and that the newsletter does not operate

through alternative mechanisms. Appendix Table A2 shows that on female-focused newsletter days

more women visit both the Product Hunt homepage and the pages of products launching that day.17

Further, in Appendix Figures A11 and Table A3 we show the newsletter leads to more votes from

female users for female-focused products. Appendix Figure A12 and A3 document that there is

no increase in the number of votes from male users. Consistent with this latter result, Appendix

Section F.3 shows the newsletter shock does not shift male’s preferences for female versus male

products.

In regards to the third condition that the newsletter is exogenous, Table 5 shows that the type of

products launched on more or less female-focused newsletter days exhibit no observable differences.

Appendix Table A7 presents a formal balance table showing that the female-focus of the newsletter

is not significantly correlated with whether the products have female makers, are female-focused,

or the pre-launch growth trajectories of the product. We find similar results in Appendix F.6 that

the products in the newsletter are also balanced, varying only in their female appeal and not in

terms of other characteristics. Especially when considered with the institutional details described

above, the balance tests suggest that the newsletter content can be seen as random with respect to

the products launched on that day.

To explore the impact of the newsletter shock on the product gender gap, we estimate the same

differences-in-differences estimation as before, but now also interact our female-focused measure

with how “female-focused” the daily newsletter is. Specifically, we run the regression:

17Again, the newsletter features previously launched products and we exclude the handful of days where the
newsletter features a product launched the same day. As a result, our results are not merely driven by women
viewing the newsletter products on Product Hunt. Instead, these findings show the newsletter drives engagement
with the home page and so the products launched the day of the newsletter.
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yit = β1POSTt+

β2GenderFocusi × POSTt + β3NewsletterShocki × POSTt+

β4NewsletterShocki ×GenderFocusi × POSTt

+γi + δt + ϵit

(3)

where NewsletterShocki is measured as the rescaled maximum female focus of all the suggested

products mentioned in the daily newsletter. Table 6 shows results from this triple-differences model.

Column 1 includes the triple interaction to test if the changes in the newsletter impact post-launch

growth for female-focused products. We find a positive and statistically significant triple interaction

term. The magnitude of the estimate, 1.28(SE = 037), suggests that the product gender gap,

estimated to be −0.88(SE = 0.20), is wiped out when moving from the most male-focused to the

most female-focused newsletter. Column 2 focuses only on all-male maker teams. We find the same

patterns. Table 7 replicates 6 but focuses on whether the startup still has an active user base. We

find a similar pattern of results.

Figure 7 shows the estimated difference between a female-focused product (top quartile) and a

gender-neutral product (middle quartiles) at different quartiles of the newsletter shock distribution.

There is a clear pattern. Female Focused products that happen to launch on days when the newslet-

ters were more female-focused perform as well as gender-neutral products. Female-focused products

launched on days where more men are brought onto the platform suffer even more considerable

growth penalties than gender-neutral products.

Crucially, this pattern is not apparent when we compare male-focused products to gender-

neutral products. Figure 8 shows the estimated differences by newsletter quartile for male-focused

vs. gender-neutral products. If anything, male-focused products do slightly worse when the newslet-

ter is particularly female-focused, though the estimated drop is not statistically significant.

Additional robustness checks point to this sampling bias mechanism. When we restrict our

analysis only to teams with a woman entrepreneur in Table A9 we find teams with a female-maker

only benefit when the product is female-focused, not when the product is male-focused or gender

neutral. Nor is the effect simply explained by shifts in the total number of votes which would be
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suggestive that the newsletter shock is simply serving as gender agnostic advertising, and not as

shifting the gender composition of the sample. When we control for the total number of votes in

Table A10 we find essentially no change in our estimates. Taken together, these findings provide

strong evidence that the gender-composition of who engages with the platform on a day has a

systematic and persistent impact on venture outcomes.

5 Sampling Bias Mechanisms

Our analysis thus far has established three facts. First, startups launched on Product Hunt mean-

ingfully vary in whether their target market is primarily male or female. Second, female-focused

startups benefit less from launching on Product Hunt than gender-neutral or male-focused firms.

Third, on days when the newsletter is likely to bring more women onto the platform, this growth

gap shrinks towards zero. Taken together, these findings suggest that sampling bias has a real

impact on startup growth.

5.1 Customer-based Social Learning

In terms of the underlying mechanism, the most direct impact of launching on a sample not rep-

resentative of a startup’s target market is that such a launch makes it harder and more costly to

reach the right users. Given the reality that most startups face some customer acquisition costs,

with mismatched early users, the startup is less likely to benefit from the relatively cheap customer

discovery, future referrals, and worth-of-mouth user growth that comes from launching on Product

Hunt. Furthermore, initially tepid consumer interest can drive negative social learning dynamics

that stunt consumer demand and startup growth, especially for the many socially enabled and

networked products that are launched on Product Hunt (Boudreau 2021; Moretti 2011; Salganik,

Dodds, and Watts 2006; Koning and Model 2013). These demand-side factors outline how, even if

the entrepreneur still believes the idea has the same amount of potential after launching on Product

Hunt, sampling bias may well stunt growth and lead to startup failure.
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5.2 Investor and Entrepreneur Learning

Furthermore, recent work on entrepreneurship as experimentation suggests an equally important

complementary ”supply-side” mechanism: changes in entrepreneurial and investor beliefs. In this

view, the launch serves as a signal of the startup’s potential (Kerr, Nanda, and Rhodes-Kropf

2014; Camuffo et al. 2021). The votes and feedback from early users, and the rate of post-launch

growth, are information. Entrepreneurs, along with investors, then use this information to update

their beliefs about the startup’s potential. If the signals are negative, they update downward,

either abandoning the project or pivoting to something more promising. If signals are positive,

entrepreneurs and investors double-down on their investments.

Moreover, models of entrepreneurial learning can help rationalize why founders of female-focused

startups may abandon promising ideas even if everyone—including the entrepreneur—is aware of

the fact that 90% of Product Hunt users are male. In short, learning depends both on the level of the

signal and the signal’s precision, both of which can limit firm learning (e.g. Cohen and Levinthal

1994). For example, a “sophisticated” female-focused entrepreneur who tests on 100 users may

well discard the signal coming from the 90 men in the sample to avoid bias. However the trade-off

between bias and variance holds not just for statisticians but also for entrepreneurs. With data only

coming from 10 female early users, the unbiased signal is simply less informative, less convincing,

and so less likely to lead entrepreneurs and VCs to continue to invest and scale the idea. Indeed, in

Appendix H we formally illustrate this logic with a simple numerical Bayesian model to show that

both “naive” entrepreneurs who learn from a biased sample, and “sophisticated” entrepreneurs who

try and remove the sampling bias, are more likely to abandon an idea than if they had access to a

larger representative sample of users from their target market.

To test if sampling bias impacts investor and entrepreneur decision-making, we turn to measures

of startup funding and product development. Our measure of investor funding is straightforward:

did the startup raise a round of venture financing after launching on Product Hunt? Our measure of

product development effort comes from BuiltWith’s technology stack database. If entrepreneurs are

actively developing their products, they should be adding new technologies to their websites, which

in turn should increase the size of the websites’ technology stacks. Instead, if the entrepreneur is

putting less effort into her idea, we should see less development and so fewer technologies being used
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on the website. Both measures let us test if decision-makers—be it entrepreneurs or investors—are

learning from and responding to differences in product success that are rooted in the amount of

sampling bias present on the day the product was launched.

Unlike our monthly web traffic measure, our funding and technology stack measures are observed

much less frequently. For funding, we know whether the startup had raised venture funding before

launch and in the period between launch and October 2020. For the size of the technology stack,

we only have data from October 2020. As a result, we analyze both outcomes using basic cross-

sectional regressions,. While this rules out the use of product fixed effects, we control for the

number of page visits in the month before the product launched and for whether the startup had

raised venture funding before launching. Though imperfect, these controls allow us to account for

differences in quality between more and less female-focused products. The models do include fixed

effects for the year-month of launch to account for differences in the amount of time startups have

to raise venture funding and develop their product post-launch.

In Table 8 we test if sampling bias shapes funding decisions up to four years after the product

launches on Product Hunt. Column 1 shows results from a linear probability model. Startups with

more pre-launch visits and that have already raised funding are much more likely to raise a round

after launching. In column 1, we find that a standard deviation increase in a product’s female focus

is associated with a 4.6 percentage point drop in the likelihood of raising funding after launching

on the platform. In Appendix Table A12 we show that this pattern holds when we look at product

quartiles, with products in the top female-focus quartile being 4.8 percentage points less likely to

raise funding compared to gender-neutral products. The positive and significant interaction term

suggests that as the newsletter shifts from pulling more men to more women onto the platform, the

effect shrinks towards zero. While the coefficient on the interaction term is larger than the female-

focus estimate, the difference in magnitudes is not statistically significant. Column 2 restricts the

sample to all-male startup teams and finds a similar pattern of results, though the interaction term

is only significant at the 10% level. Given that 3.4 percent of products raise funding post-launch,

the magnitudes of these effects are economically significant.

Table 9 tests if sampling bias shapes an entrepreneur’s product development effort as measured

by the size of the technology stack, again up to four years after the product launched on Product
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Hunt.18 We log the dependent variable to account for the skewed distribution and to aid in

interpretation.19 In Column 1 we find that an entrepreneur who launched a one standard deviation

more female-focused product ends up with a 30% smaller technology stack. In Appendix A13 we

find that the top quartile of female-focused products has technology stacks that are 50% smaller.

Both estimates suggest that entrepreneurs put less effort into developing female-focused products.

Again, when the newsletter shifts towards pulling more women onto the platform, this effect, like

with funding, shrinks to zero. In Column 2, we find these results hold when we look at products

launched by all-male teams. Overall, it appears that entrepreneurs put less effort into post-launch

product development when launching female-focused products on days when male users dominate

the platform.

5.3 Exploring Heterogeneity in Entrepreneurial Learning

Does sampling bias impact all entrepreneurs equally? While there are myriad sources of hetero-

geneity, our sampling bias model suggests that entrepreneurs who depend more on Product Hunt’s

signals should see the most robust “sampling bias” effects. With a greater reliance on the plat-

form, such teams should put less weight on outside signals and so be more swayed by the outcomes

generated by launching on the Product Hunt platform, be they good or bad.

Conversely, entrepreneurs who engage and rely more on the Product Hunt platform may be

more aware of the fact that the Product Hunt early user sample skews 90% male. Under this view,

entrepreneurs who have engaged more with the platform and are now launching a female-focused

product may be better at adjusting the biased growth signal the platform generates, in contrast to

the theoretical arguments outlined in Appendix Section H. These divergent predictions suggest that

checking for heterogeneity by a team’s engagement and familiarity with Product Hunt is especially

useful.

To test between these opposing predictions, we turn to the maker’s prior Product Hunt records

to generate a measure of prior engagement with the Product Hunt platform. Specifically, for each

18Our technology stack models only include 5,312 products for which BuiltWith had current technology stack
information for. In Appendix Table A11 we show that while startups with more users and that had raised funding
before launching are more likely to be tracked by BuiltWith our core variables—the gender focus of the product and
the daily newsletter—do not predict whether we have technology stack data. This suggests that selection bias is
unlikely to drive our technology stack findings.

19Our results are unchanged if we use the raw count instead.
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team, we sum the number of prior products the makers have voted on. We then use this variable to

split our sample into teams that have been more active on the platform (more than 20 prior votes)

versus those that have not.

We then test for heterogeneity by running the same regression we estimate in Column 1 of Table

6 on each of these split samples. Columns 1 and 2 in Appendix Table A15 reveals that teams that

have been more active on Product Hunt see equal, and if anything, slightly greater, sampling bias

effects.20 In fact, in each sample we find statistically significant effects (5% level) for the “Post-

Launch × Female-focus” coefficient and for the “Post-Launch × Newsletter Shock × Female-focus”

coefficient. Similarly, in Appendix Section K we also show that entrepreneurial experience does

not mitigate nor amplify the impact of sampling bias on startup outcomes and entrepreneurial

learning. Overall, we find little evidence for heterogeneity, instead, we find evidence for homogeneity

in sampling bias effects. This homogeneity suggests that there are few entrepreneurs who can

overcome the impact of sampling bias on learning and so points to the idea that the systematic

under-representation of women as early users may well shape who benefits from startup innovation.

6 Conclusion

In this paper, we have argued that gender imbalance among early users systematically impacts the

growth and survival of new ventures that target female customers. We find that after launching on

Product Hunt, female-focused products experience 45% less growth and are five percentage points

less likely to have any active users one year later compared to gender-neutral or male-focused

products. Using the content of newsletters to isolate shifts in the composition of users that are

unrelated to the products launched on a given day, we find that this gender gap shrinks towards zero

on days when more women are active on the platform. The composition of users on the platform on

the day of launch also impacts the likelihood of future VC funding and the entrepreneurs’ product

development effort years after they launch on Product Hunt.

While these findings highlight the role of sampling bias in driving real long-term outcomes,

20A potential concern with this analysis is that teams that are more active on Product Hunt simply don’t launch
a meaningful number of female-focused products. This could be because the makers are much more male or because
being active on the platform causes makers to be less interested in female-focused ideas. No matter, strong imbalance
would make it effectively impossible to compare the impact of the newsletter on female-focused newsletters across
these groups. However, as shown in Appendix Figure A15, both types of teams are also equally likely to launch
female-focused products.

27



our approach is not without limitations. Although the newsletter shock provides us with a source

of exogenous variation and we cab show the shock impacts female user votes for female-focused

products, we do not observe the multitude of channels—from simply logging in and using the prod-

uct to giving feedback on social media—by which increased female engagement impacts outcomes.

Second, while we have proxies for performance, we do not observe changes in the gender focus of

the product itself. Do entrepreneurs reduce the female appeal of their products in response to the

biased signals they receive? Finally, there is the question of generalizability. While Product Hunt

is the most prominent platform for launching new digital products, it is only one platform. Thus,

we do not know if our results generalize to other platforms like Kickstarter or other products like

biomedical inventions (Greenberg and Mollick 2017; Koning, Samila, and Ferguson 2021). That

said, given the over-representation of men throughout the process of invention and entrepreneur-

ship, we think it is likely that our sampling bias mechanism is not merely an artifact of our “biased”

sample.

Overall, our findings contribute to the growing body of work exploring entrepreneurial strategy

and gender biases. On the startup strategy front, our findings imply that while user-focused,

lean, and experimental strategies help founders quickly measure potential demand and pivot to the

most promising ideas (Von Hippel 1986; Gans, Stern, and Wu 2019; Koning, Hasan, and Chatterji

2022; Camuffo et al. 2020), such methods have the potential to introduce bias into the venture

growth process. If who an entrepreneur tests their ideas with is not representative of the larger

market, then the signals they learn may be misleading of the idea’s potential. Beyond gender,

future work should explore what other dimensions early adopters are non-representative on and

when such biases impact the direction of startup strategy and invention. For example, work on

cultural markets shows that there likely exists unmet demand for racially diverse casts in movies

and television shows (Kuppuswamy and Younkin 2019). Perhaps the under-representation of racial

minorities in giving early feedback or in green lighting new movie ideas explains this racial-diversity

gap.

Beyond illustrating a potential bias in experimental strategies, our findings also contribute to

a related body of evidence that entrepreneurs are very much “boundedly rational.” This work

shows that much of the value of programs like accelerators is in overcoming both bias and noise

in founder decision making (Cohen, Bingham, and Hallen 2019). Indeed, teaching entrepreneurs
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to be more “scientific” dramatically improves learning and startup performance, suggesting most

entrepreneurs and innovators are far from the scientific frontier (Camuffo et al. 2020, 2021). How-

ever, our arguments and findings also suggest that there may be limits to such training. If the

sample a “scientific” entrepreneur must learn from is simply tiny, then the evidence produced may

never be strong enough to convince decision-makers to continue with the idea. Both arguments

help explain why the post-launch growth gap persists for a year, impacts VC investment decisions,

and shapes entrepreneurial effort. Indeed, prior work shows judge feedback and peer advice, both

good and bad, can impact startup outcomes years later by shaping how and what entrepreneurs

and investors learn (Howell 2017; Chatterji et al. 2019).

Our setting also suggests that the rise of online platforms like Product Hunt, Angel List, and

Kickstarter might magnify and correlate these entrepreneurial biases and mistakes (e.g. Salganik,

Dodds, and Watts 2006). These platforms tend to aggregate the opinions, preferences, and feedback

of their users. In turn, these aggregated signals—be it interest on Product Hunt or funding raised

on Kickstarter—are then widely broadcast to other stakeholders. If the influential users on these

platforms are not representative of the larger market, then these platforms may well be sending

“corrupted” signals of new venture potential. Similar to how centralized AI tools can amplify but

also shed light on the biases present in training data, there is the potential for online platforms

to both reinforce and shed light on existing entrepreneurial inequities (Cowgill and Tucker 2019;

Obermeyer et al. 2019; Kleinberg et al. 2020; Koenecke et al. 2020).

Turning to research on gender and entrepreneurship, our first contribution is methodological.

Here we show how to embed a product’s position in the market onto an underlying gendered

dimension ranging from male- to female-focused. While prior work has used word embeddings to

understand patterns within cultural space (Srivastava et al. 2018; Kozlowski, Taddy, and Evans

2019), here we show that these text analysis tools can be extended to study economic outcomes like

venture growth and investment. Beyond gender, our technique allows for the mapping of text onto

a single dimension between any pair of opposing words which should allow researchers to study

other sociodemographic differences (e.g. “rich” vs. “poor”) along with more traditional differences

in firm strategy (e.g. “flexibility” vs. “commitment”). Indeed, an emerging set of strategy and

entrepreneurship papers are leveraging such text analysis tools to study everything from startup

positioning to gender stereotypes in movie production (Guzman and Li 2019; Luo and Zhang 2021).

29



Our findings also enrich the emerging literature exploring how a lack of diversity leads to

product-market bias (Koning, Samila, and Ferguson 2021). While prior work shows that the un-

derrepresentation of female inventors leads to fewer female inventions (Feng and Jaravel 2019;

Koning, Samila, and Ferguson 2020) and that a lack of female representation in medical trials

lead to gendered inequities in health research (Michelman and Msall 2022; Gupta 2022), here we

show that the diversity of key entrepreneurial gatekeepers also matters. If early gatekeepers—early

adopters, VCs, buyers—tend to be men, then the signals entrepreneurs receive will distort the

direction of innovation toward men. This suggests that the well-documented homogeneity of tech-

nology ecosystems like Silicon Valley might have consequences that go well beyond labor markets

(Gompers and Wang 2017). Indeed, the dearth of women and African Americans—to name but

two underrepresented demographic groups—might lead entrepreneurs in places like Silicon Valley

to overlook the potential of serving female and black consumers. These potentially “lost startups”

suggest that sampling bias might not just impact a single startup’s chance of success but potentially

the direction of startup innovation as well.
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Figure 1: Binned scatter plots showing that as a product’s estimated female-focus increases the number of votes from male users decreases
(a) while the the number of votes from female users increases (b).
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(b) Number of votes from female users
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Notes: Binned scatter plots showing the logged number of votes (+1) against the product’s estimated female focus. Panel (a) shows logged number of votes from
male users after controlling for the logged number of votes from female users. Panel (b) shows logged number of votes from female users after controlling for the
logged number of votes from male users. The model includes the 5,742 products that are included in our newsletter shock analysis.
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Figure 2: Binned scatterplot showing that products we estimate as female focused—i.e., more likely
to appeal to the needs and preferences of women—are more likely to be preferred (“upvoted”) by
female users.
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Notes: The Y-axis represents the difference in upvoting behavior between active female and male users
who have viewed a product after accounting for voter and product fixed effects. The X-axis is our text-
based estimate of the degree to which the product focuses on female users. The binscatter accounts
for user and product fixed effects. The model includes 11,212 products launched on weekdays between
January 2017 and June 2018, for which the proprietary browsing data on product views are available. See
Appendix E for further details.
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Figure 3: Female-focused products (top quartile) have a similar growth trajectory to gender-neutral products (2nd and 3rd quartiles)
before launching on Product Hunt but experience roughly 45% less user growth after launching on the platform.
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Notes: The plotted estimates and 95% confidence intervals are from an event-study version of Model 3 from Panel B of Table 3. The month
before launch serves as the excluded baseline. The model controls for product fixed effects and year-month fixed effects. Standard errors are
clustered at the product level. The model includes 5,742 products and 101,803 month-product observations.
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Figure 4: Difference in growth trajectories for female-focused products (top quartile) compared to gender-neutral products (2nd and 3rd
quartiles) before and after launching on Product Hunt.
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Notes: The plotted estimates and 95% confidence intervals are from an event-study version of Model 3 from Panel B of Table 3. The month
before launch serves as the excluded baseline. The model controls for product fixed effects and year-month fixed effects. Standard errors are
clustered at the product level. The model includes 5,742 products and 101,803 month-product observations.
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Figure 5: Male-focused products (bottom quartile) have a similar growth trajectory to gender-neutral products (2nd and 3rd quartiles)
before and after launching on Product Hunt.
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Notes: The plotted estimates and 95% confidence intervals are from an event-study version of Model 3 from Panel B of Table 3. The month
before launch serves as the excluded baseline. The model controls for product fixed effects and year-month fixed effects. Standard errors are
clustered at the product level. The model includes 5,742 products and 101,803 month-product observations.
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Figure 6: Difference in growth trajectories for male-focused products (bottom quartile) compared to gender-neutral products (2nd and
3rd quartiles) before and after launching on Product Hunt.
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Notes: The plotted estimates and 95% confidence intervals are from an event-study version of Model 3 from Panel B of Table 3. The month
before launch serves as the excluded baseline. The model controls for product fixed effects and year-month fixed effects. Standard errors are
clustered at the product level. The model includes 5,742 products and 101,803 month-product observations.
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Figure 7: The difference in user growth one year after launch between female-focused products (top
quartile) and gender-neutral products (middle quartiles) shrinks towards zero when the newsletter
is unexpectedly more female focused.
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Notes: The estimates and 95% confidence intervals are from a discretized version of model 1 in Table 6
where the “newsletter shock” variable bucketed into quartiles and the product’s female focus is bucketed
into the top and bottom quartiles. The model includes fixed effects for number of newsletter-suggested
products, products, and year-months. Standard errors are clustered at the launch day level. The model
includes 5,742 products and 101,803 month-product observations.
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Figure 8: There is little change between male-focused products (bottom quartile) and gender-
neutral products (middle quartiles) when the newsletter is unexpectedly more female focused. If
anything, male-focused products do slightly worse when the newsletter is especially female focused.
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Notes: The estimates and 95% confidence intervals are from a discretized version of model 1 in Table 6
where the “newsletter shock” variable bucketed into quartiles and the product’s female focus is bucketed
into the top and bottom quartiles. The model includes fixed effects for number of newsletter-suggested
products, products, and year-months. Standard errors are clustered at the launch day level. The model
includes 5,742 products and 101,803 month-product observations.
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Table 1: Examples of products by female focus quantile

ThxBro Generate deliciously random, jargon-laced e-mails -5.109
Ballmetric Your favorite plays from the NBA -3.711
Beard Bib 2.0 Hair clippings catcher from Beard King -3.653

SPECTRA The most portable electric skateboard -1.305
Segway Drift W1 The first self balancing e-skate -1.294
Keyport Slide 3.0 & Pivot The swiss army knife of the future -1.293

SnapHunt Product Hunt for Snapchat. Discover new people to follow -0.903
Nikola See your Tesla's battery percentage from your menubar -0.900
Hackuna Secure yourself from all kinds of hackers -0.898

Morph - PokemonGo Bot Chatbot to find and report Pokemon around you -0.404
Phish.AI Anti-phishing platform powered by AI & Computer Vision -0.401
Sqreen API A security toolbox for developers -0.401

Cemtrex Smartdesk The world's most advanced workstation 0.027
Yomu One place to read your favorite content from around the web 0.027
Adzoola Hyper-targeted advertising and outreach 0.028

Borsch The AI app that helps you discover the yummiest dishes 0.495
Cuddle Mattress Hug your better half without the arm numbing 0.495
Joonko Personal diversity and inclusion AI-coach for managers 0.500

The Silver Post Do more for grandma or grandpa 0.999
Kindred Friends for when you travel 1.001
Ropazi Personal shopper for busy parents 1.001

Artwxrk Curated collection of the world's best contemporary art 1.451
Chairman Mom A social, Q&A platform for working moms 1.457
VINA Connecting awesome women for fun, for work, for life 1.474

Babee on Board Pregnant? Request a seat on public transport 5.104
Flo Health The #1 app for women's menstrual health 5.237
Wonder An app for queer & lesbian women to express their uniqueness 6.159

%tile Product Name Tagline Female 
Focus

P99

P1

P5

P10

P25

P90

P95

P50

P75

Notes: Table shows examples of products at various points of the distribution of the product’s estimated female
focus. For each product example, the table includes its name, tagline (short description), and normalized score.
Product examples are drawn from the 1th, 5th, 10th, 25th, 50th, 75th, 90th, 95th, and 99th percentiles of the
distribution of estimated female focus, ranging from the most male-focused (lowest score) to the most female-focused
(highest score).
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Table 2: Descriptive statistics for the 5,742 products in our sample

Female Products Male Products T-Test
(Top Quartile) (Bottom Quartile) Male - Female

Mean SD Mean Mean Difference
Product Characteristics
    Product Female Focus 0.07 0.72 1.03 -0.99 -2.02***
    Log (1 + Monthly Page Visits) 1 Month Before 5.23 4.10 5.43 5.25 -0.18
    Pre-Launch Seed or Series A Funding 0.028 0.165 0.026 0.025 -0.001
    Topic Category Top #1: Productivity 0.29 0.45 0.24 0.26 0.03
    Topic Category Top #2: Developer 0.14 0.35 0.08 0.21 0.13***
    Topic Category Top #3: Design 0.10 0.30 0.08 0.08 0.00
    Topic Category Top #4: Marketing 0.10 0.30 0.10 0.05 -0.05***
    Topic Category Top #5: Artificial Intelligence 0.07 0.26 0.06 0.06 0.00
    Topic Category Top #6: User Experience 0.05 0.23 0.04 0.04 0.00

User Statistics
    Hunter is Female 0.10 0.30 0.12 0.07 -0.05***
    Maker Team Size 2.02 1.61 1.90 1.88 -0.02
    Makers At Least 1 Female 0.19 0.40 0.25 0.16 -0.09***
    Active User Votes Female Share 0.14 0.06 0.16 0.12 -0.03***

All Products
(N =  5,742)

Product Launches Sample, Sep 2016 - Oct 2018

Notes: Descriptive statistics for the sample of 5,742 products we use in our product lunch and newsletter shock analysis.
These product launches take place on the Product Hunt platform between October 4th 2016 and October 19th 2018.
The sample includes featured products launched on weekdays and submitted before 7AM Pacific Time on these days –
the earliest time of the day at which a newsletter could reach a user’s email inbox. The sample only includes products
launched on the 347 days on which the newsletter features standard product-list content. The left panel reports summary
statistics for the entire sample. The rest of the table reports the same statistics for female-focused (top quartile) products
and male-focused (bottom quartile) products, and the differences in means and significance level from two sample T tests
on these two groups of products. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 3: Estimated effects of a product’s female focus on growth after launching on Product Hunt.

(a) Continuous

(1) (2) (3) (4) (5)
Post-Launch 3.256*** 3.270*** 3.393*** 3.399*** 3.472***

(0.047) (0.047) (0.053) (0.053) (0.055)
Post-Launch x Female Focus -0.208*** -0.186*** -0.243***

(0.054) (0.054) (0.070)
Post-Launch x Female Maker -0.382*** -0.358***

(0.102) (0.102)

Product FE Y Y Y Y Y
Year-Month FE Y Y Y Y Y
Sample All All All All Male Makers

# Products 5,742 5,742 5,742 5,742 4,081
Observations 101,803 101,803 101,803 101,803 72,401
R-Squared 0.721 0.721 0.721 0.721 0.709

Log (1 + Monthly Page Visits)

(b) Quartiles

(1) (2) (3) (4) (5)
Post-Launch 3.256*** 3.357*** 3.393*** 3.465*** 3.559***

(0.047) (0.056) (0.053) (0.060) (0.064)
Post-Launch x Female Product (Top Quartile) -0.462*** -0.394*** -0.507***

(0.098) (0.098) (0.120)
Post-Launch x Male Product (Bottom Quartile) -0.030 -0.002 -0.023

(0.111) (0.111) (0.132)
Post-Launch x Female Maker -0.382*** -0.356***

(0.102) (0.102)

Product FE Y Y Y Y Y
Year-Month FE Y Y Y Y Y
Sample All All All All Male Makers

# Products 5,742 5,742 5,742 5,742 4,081
Observations 101,803 101,803 101,803 101,803 72,401
R-Squared 0.721 0.721 0.721 0.722 0.709

Log (1 + Monthly Page Visits)

Notes: Estimates from a difference-in-differences model on the sample of 5,742 entrepreneurial product launches.
The outcome variable is the launching startup’s log monthly website visits. The treatment is whether the product
has launched and each of the 101,803 observations corresponds to a product-year-month from 6 months before launch
to 12 months after launch. Panel (a) estimates the differential effects by interacting the post-launch dummy with a
continuous version of the product’s estimated female focus. Panel (b) estimates the differential effects by interacting
the post-launch dummy with a top and bottom quartile indicator for the product’s estimated female focus. In both
panels, column 1 shows the baseline estimates of the effects of the product launch. Column 2 estimates the model
after adding the interactions with our estimated female focus measure. Column 3 estimates the model after adding
the interaction between the post-launch dummy variable and an indicator of whether at least one maker is female.
Column 4 estimates the model with both interaction terms in columns 2 and 3. Column 5 restricts the sample to
products launched by all-male makers. All models are estimated in panel regressions with product fixed effects and
year-month fixed effects. Standard errors are clustered at the product level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 4: Estimated effects of a product’s female focus on whether the startup has an active user
base after launching on Product Hunt.

(a) Continuous

(1) (2) (3) (4) (5)
Post-Launch 0.380*** 0.381*** 0.404*** 0.404*** 0.411***

(0.006) (0.006) (0.007) (0.007) (0.007)
Post-Launch x Female Focus -0.023*** -0.019*** -0.026***

(0.007) (0.007) (0.009)
Post-Launch x Female Maker -0.074*** -0.071***

(0.013) (0.013)

Product FE Y Y Y Y Y
Year-Month FE Y Y Y Y Y
Sample All All All All Male Makers

# Products 5,742 5,742 5,742 5,742 4,081
Observations 101,803 101,803 101,803 101,803 72,401
R-Squared 0.531 0.532 0.533 0.533 0.531

Has Active User Base

(b) Quartiles

(1) (2) (3) (4) (5)
Post-Launch 0.380*** 0.391*** 0.404*** 0.411*** 0.420***

(0.006) (0.007) (0.007) (0.008) (0.008)
Post-Launch x Female Product (Top Quartile) -0.050*** -0.039*** -0.053***

(0.012) (0.012) (0.015)
Post-Launch x Male Product (Bottom Quartile) -0.005 -0.001 -0.005

(0.014) (0.014) (0.016)
Post-Launch x Female Maker -0.074*** -0.071***

(0.013) (0.013)

Product FE Y Y Y Y Y
Year-Month FE Y Y Y Y Y
Sample All All All All Male Makers

# Products 5,742 5,742 5,742 5,742 4,081
Observations 101,803 101,803 101,803 101,803 72,401
R-Squared 0.531 0.532 0.533 0.533 0.531

Has Active User Base

Notes: Estimates from a difference-in-differences model on the sample of 5,742 entrepreneurial product launches.
The outcome variable measures whether the firm still has more than zero visitors. The treatment is whether the
product has launched and each of the 101,803 observations corresponds to a product-year-month from 6 months
before launch to 12 months after launch. Panel (a) estimates the differential effects by interacting the post-launch
dummy with a continuous version of the product’s estimated female focus. Panel (b) estimates the differential effects
by interacting the post-launch dummy with a top and bottom quartile indicator for the product’s estimated female
focus. In both panels, column 1 shows the baseline estimates of the effects of the product launch. Column 2 estimates
the model after adding the interactions with our estimated female focus measure. Column 3 estimates the model
after adding the interaction between the post-launch dummy variable and an indicator of whether at least one maker
is female. Column 4 estimates the model with both interaction terms in columns 2 and 3. Column 5 restricts the
sample to products launched by all-male makers. All models are estimated in panel regressions with product fixed
effects and year-month fixed effects. Standard errors are clustered at the product level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01.
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Table 5: Daily descriptive statistics suggest that there is no difference between products launched when a newsletter is more or less
female focused.

Female Newsletter Male Newsletter T-Test
(Top Quartile) (Bottom Quartile) Bottom - Top

Mean SD Mean Mean Difference
Female Newsletter Shock 0.52 0.10 0.66 0.42 -0.24***
Product Female Focus 0.07 0.72 0.07 0.07 0.00
Log (1 + Monthly Page Visits) 1 Month Before 5.23 4.10 5.07 5.21 0.14
Pre-Launch Seed or Series A Funding 0.028 0.165 0.029 0.029 0.001
Hunter is Female 0.10 0.30 0.10 0.10 0.01
Maker Team Size 2.02 1.61 2.00 2.01 0.01
Makers At Least 1 Female 0.19 0.40 0.19 0.20 0.01

(N = 419)

Product Hunt Daily Newsletters

All Days

Notes: Descriptive statistics by newsletter content for the 347 days when a standard product-list newsletter was sent out by
Product Hunt. The left panel reports overall summary statistics. The rest of the table reports the same statistics for top
quartile days (the most female-focused newsletters) and bottom quartile days (The last female-focused newsletters), and the
differences in means and significance level from two sample T tests between products launched on these days. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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Table 6: Estimated effect of the female-newsletter shock by the product’s female focus on visit
growth after launching on Product Hunt.

(1) (2)
Post-Launch 2.973*** 3.435***

(0.219) (0.218)
Post-Launch x Newsletter Shock 0.571 0.071

(0.422) (0.419)
Post-Launch x Female Focus -0.878*** -0.918***

(0.204) (0.331)
Post-Launch x Newsletter Shock x Female Focus 1.280*** 1.303**

(0.367) (0.619)

Product FE & Year-Month FE Y Y
Sample All Male Makers

# Products 5,742 4,081
Observations 101,803 72,401
R-Squared 0.721 0.709

Log (1 + Monthly Page Visits)

Notes: Estimates from a difference-in-difference-in-differences model on the sample of 5,742 en-
trepreneurial product launches. The outcome variable is the launching startup’s log monthly website
visits. The treatment is whether the product has launched and each of the 101,803 observations corre-
sponds to a product-year-month from 6 months before launch to 12 months after launch. The female
newsletter shock is measured as the maximum female focus (after rescaling to between 0 and 1) of all
suggested products mentioned in the daily newsletter. Column 1 shows coefficient estimates on the main
model on our full sample. Column 2 shows coefficient estimates after restricting the sample to all-male
made products. All models control for product fixed effects and year-month fixed effects. Standard errors
are clustered at the launch day level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 7: Estimated effect of the female-newsletter shock by the product’s female focus on whether
the startup has an active user base after launching on Product Hunt.

(1) (2)
Post-Launch 0.334*** 0.389***

(0.026) (0.029)
Post-Launch x Newsletter Shock 0.091* 0.042

(0.050) (0.055)
Post-Launch x Female Focus -0.097*** -0.106***

(0.026) (0.040)
Post-Launch x Newsletter Shock x Female Focus 0.141*** 0.153**

(0.046) (0.075)

Product FE & Year-Month FE Y Y
Sample All Male Makers

# Products 5,742 4,081
Observations 101,803 72,401
R-Squared 0.532 0.531

Has Active User Base

Notes: Estimates from a difference-in-difference-in-differences model on the sample of 5,742 en-
trepreneurial product launches. The outcome variable measures whether the firm still has more than
zero visitors. The treatment is whether the product has launched and each of the 101,803 observations
corresponds to a product-year-month from 6 months before launch to 12 months after launch. The female
newsletter shock is measured as the maximum female focus (after rescaling to between 0 and 1) of all
suggested products mentioned in the daily newsletter. Column 1 shows coefficient estimates on the main
model on our full sample. Column 2 shows coefficient estimates after restricting the sample to all-male
made products. All models control for product fixed effects and year-month fixed effects. Standard errors
are clustered at the launch day level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 8: Estimated effect of the female-newsletter shock by the product’s female focus on whether
post-launch the team raises venture funding as of October 2020.

(1) (2)
Log (1 + Monthly Page Visits) 1 Month Before 0.003*** 0.002***

(0.001) (0.001)
Pre-Launch Seed or Series A Funding 0.506*** 0.540***

(0.038) (0.048)
Newsletter Shock 0.025 0.033

(0.024) (0.025)
Female Focus -0.046** -0.033**

(0.018) (0.015)
Newsletter Shock x Female Focus 0.081** 0.051*

(0.036) (0.028)

Year-Month FE Y Y
Sample All Male Makers

Observations 5,742 4,081
R-Squared 0.232 0.245

Raises Funding Post-Launch

Notes: Estimates from a linear probability model using our sample of 5,742 entrepreneurial product
launches. The outcome variable measures whether the firm raised venture funding between when it
launched on ProductHunt and October 2020. All models include fixed effects for the the month-year
of launch and the number of products linked to in the newsletter. Standard errors are clustered at the
launch day level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table 9: Estimated effect of the female-newsletter shock by the product’s female focus on the
product team’s web technology investments.

(1) (2)
Log (1 + Monthly Page Visits in Month Before Launch) 0.105*** 0.100***

(0.004) (0.005)
Pre-Launch Seed or Series A Funding 0.636*** 0.755***

(0.091) (0.099)
Newsletter Shock -0.097 -0.297

(0.181) (0.203)
Female Focus -0.282** -0.301**

(0.115) (0.148)
Newsletter Shock x Female Focus 0.567*** 0.635**

(0.213) (0.280)

Year-Month FE Y Y
Sample All Male Makers

Observations 5,312 3,748
R-Squared 0.134 0.131

Log (1 + Technology Stack) Post-Launch

Notes: Estimates from an OLS model using our sample of 5,312 entrepreneurial product launches for
which we have technology stack data. The outcome variable measures the (logged) number of active
web technologies on the startup’s website as of October 2020. All models include fixed effects for the
the month-year of launch and the number of products linked to in the newsletter. Standard errors are
clustered at the launch day level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Appendix

Sampling Bias in Entrepreneurial Experiments

(A) Data sources
(B) Categorizing users by gender
(C) The value of page visits and technology development
(D) Building and validating a measure of a product’s gender focus
(E) Using the viewing data to estimate preferences
(F) Validating the newsletter’s exogenous impact on female engagement
(G) Robustness checks ruling out alternative newsletter mechanisms
(H) A simple Bayesian example of entrepreneurial sampling
(I) Additional funding and technology stack results
(J) Testing the comments channel
(K) Testing for effect heterogeneity
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A Data sources

Product Hunt API. Product Hunt makes its API available to developers, and we obtain all the

public data of information displayed on the Product Hunt platform through crawling its Developer

API. Product Hunt API Data includes the voting history of each user which covers every product

they have upvoted and when. The data also includes all information from the public-facing product

profile which includes the name of the product, a catchy tagline that describes the product in brief,

as well as media information such as screenshots and marketing videos. Each product is submitted

to the platform by a “hunter”, often a highly active member on the platform, and in 40% of the cases

the Hunter is the lead member of the maker team. Maker (i.e. founder) information is included as

well. To engage with the community, the makers often post more information about the product

in the comment section to attract attention and feedback to the product from the community. The

data also contains user-level information: since users usually register using their real names, we

infer the gender of the user to the best extent we can, using their names and Twitter account names

to improve the prediction. Data availability is for the entire platform: December 2013 to present.

Product Hunt Proprietary Browsing Data. We augment the public API data using

proprietary data on browsing history of users. 21 For each visit to the platform, it is recorded in

one of three data sets: (1) homepage viewing (2) viewing of any domain that is not the homepage,

and (3) an upvote that was originated from a view event whether it occurred on the homepage or

via some other link. Each visit is recorded with a “received at” time stamp, as well as the the URL

path of the page that was visited. Data availability is from January 2017 to June 2019. Missing

about two months of data from June 2017 to August 2017, because of broken analytics library.

SimilarWeb. We obtain monthly website traffic data from SimilarWeb. SimilarWeb is a market

intelligence platform that estimates website and app growth metrics. Using data from a global panel

of web browsers, SimilarWeb provides website performance metrics including page views over the

last three years at the weekly level. SimilarWeb is used by tech firms for lead generation, to track

acquisition targets, and to benchmark performance. We use the SimilarWeb API to pull down

weekly website performance metrics for the companies with their products launched on Product

Hunt and their website linked to their PH profile in our sample. Data availability is from August

21The browsing data only records traffic to the Product Hunt website if the user accesses the platform through a
non-mobile device. Therefore, we may be missing users who primarily access the website on their mobile phones.
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2016 to August 2019.

CrunchBase API. CrunchBase is a subscription database that tracks technology startups

across the globe. The database is used primarily for lead generation, competitor analysis, and

investment/acquisition research by industry users. Crunchbase’s coverage of internet-focused star-

tups is comparable to other startup data products (Kaplan and Lerner 2016). While the database

does include large technology companies such as Google and Microsoft, the majority of firms in

its sample are startups. The quality of information about these startups improves significantly

after 2008 and includes information on the startups including founding year, firm name, company

website, funding raised, and a brief description of the startup’s product. Crunchbase data is par-

ticularly reliable for companies that have raised funding. Detailed funding data are obtained by

querying the CrunchBase API available to researchers.

Preqin is an alternative asset data company. They provide tools to track investments by

venture capitalists, hedge funds, and private equity firms.

BuiltWith As described by Koning, Hasan, and Chatterji (2022), BuiltWith is platform for

lead-generation and sales intelligence. Companies like Facebook and Optimizely use this database

to learn about the adoption of of their tools, generate leads, and monitor competition. BuiltWith

indexes more than 30,000 web technologies for over 250 million websites. It tracks these websites’

current and prior technology stacks. It’s free API, which we use here, provides information on a

website’s current technology stack.

Table A1 shows descriptive statistics for the 5,742 products in our final sample.s

B Categorizing users by gender

Each user on Product Hunt displays their names on their online profiles. In the majority of cases,

these users engage with the platform using their real names. Close to 50% of users link Twitter

accounts to their Product Hunt profile as well. They do so primarily to establish a consistent

digital presence across online platforms, to build a brand name for their skills to potential investors

and employers. As our data set contains all public information displayed on the platform, we can

identify the real names of the users, and improve that data when users don’t provide their real

names but have a linked Twitter account that displays their real names.
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We then assign a gender to each name based on the first name using genderizeio API.22 In the

cases where the total number of names in the database for inferring the gender is small or zero

(when the name cannot be parsed), we apply Bayesian updating to a Beta prior B(31, 71)23, and

classify the gender to be female if the posterior probability that the user if female is at least 50%.

The name-based gender classification upon users are the basis for aggregating preferences for

launched products and showing persistent divergence in these preferences across female and male

consumers. For each product we use user data to generate measures of how many people viewed and

voted for a product. Using the vote totals on each day for each product we calculate a product’s

rank within that day. We can tag the gender of the users to generate view, vote, and rank estimates

for male and female users.

Makers sometimes try to game the Product Hunt platform by recruiting “friends, families, and

bots” to one-off vote for their product. Product Hunt doesn’t count, and sometimes penalizes,

votes from these types of users. We exclude “friends, family, and bots” by filtering out new users

who join the platform within a day of a product being launched, vote for this one product, and

then are never active on the platform again.

C The value of page visits and technology development

Our primary dependent variable is monthly page visits, a measure of total user growth for a

startup that comes from outside of the Product Hunt platform. That our measure is external

to the platform is crucial. It could very well be that female-focused startups get fewer Product

Hunt votes, after all 90% of users are men, but that this differential has no impact on performance

outside of the platform. For example, maybe it is easy and cheap for female-focused startups to

find traction through other channels or the that the Product Hunt platform actually doesn’t have

much real world impact. In the extreme, perhaps garnering fewer male votes on Product Hunt

actually correlates with more growth with women through out channels!

Beyond resolving this measurement concern, visits are increasingly used in the entrepreneurial

strategy literature to measure the traction and success of early stage ventures (Koning, Hasan, and

22In rare cases registered users are actually organizations, for which we are unable to map the name to a gender
prediction. For non-western names (e.g. China) the given name cannot be parsed by genderize.io, and hence cannot
really extract the gender of the name.

23Among 100 individuals, 30% are female.
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Chatterji 2022). Similarly, investments in front-end technology stacks are increasingly being used

to measure technological capabiltiies and development (Koning, Hasan, and Chatterji 2022; Roche,

Oettl, and Catalini 2020).

But do visits and technology stack investments reflect startup traction and success? As simple

test of these measures, in Figure A1 we plot the probability a venture raises venture capital funded

against the logged number of page views one year after launch. There is a clear positive relationship.

Products in the bottom 5% of pageviews (the dot most on the left) essentially never raise any

funding. For those in the top 5% (the most right dot) over one-in-ten go on to raise funding.

The same is true for technology stack development. In Figure ?? we show that as a product’s

technology stack gets larger the probability it raises venture funding grows from basically zero to

nearly 25%. Finally, in Figure A3 we show that startups with more page visits invest much more

in their technology stacks. While far from causal, this pattern is consistent with our argument

in Section 5.2 that a lack of user growth may dissuade firms from investing in further technology

development.

D Building and validating a measure of a product’s gender focus

Here we present additional evidence in support of our measure of the female-focus of a product’s

target market. Figure A4 shows an example of the product text we use to construct our female-

focus measure. We use the product’s name, tagline, description, and first comment from the maker

team which is used to provide additional product information and details.

Given this text data, what is the distribution of resulting female-focus score? Is it continuous

or do we see “clumps” and outliers suggesting that our measure is best treated as dichotomous

rather than a smooth score. Figure A5 shows a histogram of the normalized score. The measure

is symmetric around zero, smooth, and roughly normally distributed. The distribution has slightly

longer tails suggesting there are a handful of extremely male- and female-focused products.

Another potential concern with our female-focus measure is that it might simply capture dif-

ferences in the product’s category. Perhaps all female-focused products fall under the “designer

tools” category while all male-focused products come from the “developer tools” category. To

check for a lack of overlap in our female-focus measure in Figure A6 we show the share of male- and
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female-focused products in the five most popular product categories on Product Hunt. While there

are notable differences—developer tools are more much more likely to be tagged as male-focused

and marketing female-focused—there are male- and female-focused products in each category. This

finding is consistent with our results in Table 2 which shows that prior to launch male- and female-

focused products are similar in terms of pre-launch growth, funding, and team size.

Finally, extending Koning, Samila, and Ferguson’s (2021) finding that female biomedical inven-

tors are more likely to address female diseases and conditions, in Figure A7 we show that as products

become more female-focused the probability that the team includes female entrepreneurs/makers

increases. While just over 15% of the most male-focused products have a female entrepreneur on

the maker team this rate doubles to just over 30% for the most female-focused products.

E Using the viewing data to estimate preferences

Here we describe how we use the viewing data to estimate female user preferences for more female-

focused products while accounting for user and product fixed effects. We take an agnostic view to

the origins of the gendered preferences we aim to estimate. Female users are likely to have much

greater expertise in menstruation products than men and so may well be more likely to vote and

support such products than male users. They also may simply enjoy a VR nail polish visualization

app more than men. Women could have more career experience in HR roles and thus have more

interest in HR software solutions. Women are likely to have more friends who are women and

thus might be more interested in new products aimed at nurses because, as an occupation, there

are more female than male nurses. There could be social norms around beauty that may cause

women to feel compelled to vote for a new cosmetic startup idea. Any of these reasons are likely

to lead female users to prefer female-focused startups more than male users even after accounting

for product quality differences and differences in in how likely men and women are to vote for a

product irrespective of its gender focus.

To estimate these gendered preferences, we begin by identifying all the users who spent time

on the Product Hunt homepage on a given day.24 For each user, we define users to be active on

24The product-user view data is constructed by combining proprietary data on users’ browsing behavior on the
platform with their upvoting history. The sample used in this analysis is the larger than the sample of products we
analyze through the rest of the paper. Due to a logging error, this data is missing for a year of our core October 2016
to October 2018 sample. In the end, we end up with 11,212 products in our sample.
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a given day, if they have visited Product Hunt homepage at least once25. The user is marked as

viewing any product launched on that day, of which the creation time of its product post preceded

the last time stamp indicating that the user accessed the website (any page, and not necessarily

the homepage) that day. For each unique pair of user i and product j, where the user viewed the

product on its launch day, the user’s review of the product is positive (=1) if (s)he upvoted the

product, and is zero (=0) otherwise as the user had seen the product but did not upvote it. This

allows us to estimate the preference of user i toward each product j in his or her risk set in the

following econometric model

Yij = βiDi + ξjDj + ϵij (4)

The residual ϵ̂ij from this equation measures user i’s preference for product j after netting out

individual harshness in reviewing products and quality of the product. We then aggregate these

residuals over all female and male users for each product. This provides us with a measure of how

much male versus female users like a product while ruling out (1) that differences are because men

compared to women on average rate products better or worse and (2) that products that appeal

to women as against men are lower quality. Figure 2 plots the male minus female difference in the

residual votes after accounting for these fixed effects.

F Validating the newsletter’s exogenous impact on female engage-

ment

F.1 Sampling bias’s causal inference challenge

As discussed in Section 4.5, it is non-trivial to identify sampling bias effects. First and foremost,

talented entrepreneurs who are building female-focused products may bring more female users onto

the Product Hunt platform on the day they launch. For example, the president of a university’s

“Women in CS” club is likely to build a great female-focused product and bring more female

users onto the Product Hunt platform the day she launches. Is it the entrepreneur’s talent that

drives success or the presence of more female early users? Figure A9 illustrates this classic omitted

25The only exception is when the only thing the user did on the given day is visiting the homepage exactly once,
in which case we do not consider the user to be active on that day
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variable causal inference challenge as a Directed Acyclic Graph (DAG). Given male-dominated

Product Hunt, we want to identify if more female engagement increases the success of female-

focused products. However, an omitted variable—in this case, entrepreneurial talent—confounds

our ability to estimate the causal effect.

This is where the value of the newsletter shock comes in, as illustrated in Figure A10. If

the newsletter is exogenous to the products launched on a given day, and if it increases female

engagement, then we can use the shock to identify shifts in female engagement while sidestepping

potential omitted variables related to the quality of the product or entrepreneur. That said, like

nearly all natural experiments, the newsletter shock, if not perfect. Unlike a standard instrumental

variables setup, the shock is likely to impact multiple channels of engagement ranging from votes

on Product Hunt to social media likes on Facebook to direct usage of the website itself. In fact,

many users visit the Product Hunt website without being logged in. For these users, we cannot

estimate their gender nor can we directly see if they engage with female-focused products. As such,

we cannot assume an exclusion restriction and simply “instrument” the total number of votes with

our shock variable.

Our interest, however, as Figure A10 shows, is in the total impact of increasing the number of

women in the sample. Our argument is agnostic between whether these additional women choose

to give direct feedback on the product’s website as against through Product hunt comments. That

said, as the red lines in Figure A10 show, the newsletter shock may well impact product success

through alternative mechanisms that are fundamentally different than the sampling bias mechanism

we propose. For example, the shock could change the preferences of male users leading them to

prefer female-focused products more on days when the newsletter is female-focused. Fortunately,

the detailed data we have on Product Hunt users, votes, and products lets us rule out this and

other alternative channels. A10 lists the set of plausible alternative mechanisms that we think the

newsletter might impact. These alternatives are rooted in shifts in men’s voting behavior or shifts

in women engaging with a larger set of products rather than just female-focused products, as we

have argued. As Figure A10 documents, we present evidence—described in detail in the next few

sections—that rules out each of these alternative channels.
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F.2 Newsletter increases female engagement with female-focused products

As illustrated in Figure A10, for the newsletter to identify the impact of sampling bias on product

success, it must impact female engagement with the Product Hunt platform. Consistent with this

idea, in Table A2 we show that on “female newsletter” days more female users visit the Product

Hunt homepage (Columns 1 and 2). Furthermore, more women visit the pages for products launched

that day (Columns 3 and 4). As discussed in the body of the paper, our analysis excludes the handful

of products that are featured in the newsletter itself.

Do these women then engage and support female-focused products at higher rates? While we

lack data on the full spectrum of possible engagement—direct visits to the product’s web page,

social media mentions, and so on—we can test if female-focused products receive more votes from

female users on days the newsletter is more female-focused. Further, it should be the case that

male-focused products see no such gains from days with “female newsletters.”

Figure A11 shows that these two patterns hold. On the left, Panel (a) plots the logged number

of female votes for male-focused products against our newsletter shock variable. Like in Figure 1

we control for the number of male votes to account for potential differences in product quality and

to improve our ability/power to detect gendered preferences versus differences in overall product

appeal. It does not appear the newsletter impacts the number of female votes for male-focused

products. In contrast, Panel (B) shows that female-focused products receive more votes from

women when the newsletter is more female-focused.

Furthermore, the impact of the newsletter does not extend to voting by men. Figure A12 is

similar to A11 but shows the impact on the newsletter on the logged number of votes from male

users. Again, in Panel (a) we find no impact for male-focused products. If anything, in Panel (b)

we find that men may be less likely to vote for female-focused products on “female newsletter”

days, though the association is noisy.

To more formally test these patterns, Table A3 regresses the number of male and female votes

on the newsletter shock variable for sub-samples that only include male-focused, gender neutral,

or female-focused products. Columns 1-3 show that the newsletter does not impact the number

of male votes for products no matter the product’s gender focus. Columns 4 and 5 show that the

newsletter shock does not impact the number of female votes for male-focused and gender-neutral
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products. However, Column 6 shows that female-focused products received more votes from female

users when they launched on days when the newsletter itself features especially female-focused

products. Taken together, this table and the figures above strongly suggest the newsletter impacts

female engagement with female-focused products.

F.3 The newsletter does not shift male user preferences

As outlined in Figure A10, while the newsletter may well impact the success of female-focused

products, it could do so by shifting men’s willingness to vote for these products. Perhaps seeing

successful female-focused products, like Nurx or Mirror, in the newsletter leads men to be more

likely to engage with and vote for these ventures.

To definitively rule out this possibility, Figure A13 builds on Figure 2 but plots the female-male

vote gap against the product’ female-focus separately for days when the newsletter is especially

male-focused (Panel A) and especially female-focused (Panel B). The slopes are nearly identical

across the panels, revealing that the newsletter does not change how men vote compared to women.

Table A4 builds on this visual evidence by regressing the estimated female-male vote difference on

the newsletter shock and the shock interacted with the whether the product is female focused. There

is no evidence that the newsletter cause men to shift their voting behavior in favor of female-focused

products.

F.4 Evaluating alternative methods of constructing the newsletter shock mea-

sure

Given the newsletter features multiple previously launched products, how can we best convert this

list of products into a uni-dimensional score that reflects the likelihood the newsletter brings more

women onto the Product Hunt platform? Unfortunately, there are many arguments in favor of

different functional forms: Perhaps the average is best because readers look at each product and

based on the overall “femaleness” then decide to visit Product Hunt and look for new products.

Perhaps the maximum because the most female-focused product will “pop out” and drive female

user attention. Perhaps the gender-focus of the first few products is all that matters because people

don’t scroll down when the newsletter is long.

Fortunately, our rich data lets us check if alternative functional forms are more appropriate.
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Specifically, in Table A5 we regress the logged number of female votes on the maximum of the

female-focused product scores for the products suggested in the newsletter, the mean of these

scores, the share of these with scores in the top 90% of the female-focused score distribution (top

decile), and in the top 5% of the distribution (top ventile). Since our argument is that the shock

should only impact female-focused products launched on the day of the newsletter, we include the

interaction between these measures and our measure of the launched products’ female-focus score.

Column 1 shows that the maximum predicts an increase in votes and Column 2 shows the mean

does not. Column 3 shows the share of products with scores in the top decile also does not predict

female votes but Column 4 shows that the share of products in the top ventile does predict female

engagement.

What explains the fact that the maximum is what matters? While we lack definitive evidence,

we think female users are quickly skimming the first few products and when one is especially female

focused they click through and then spend time browsing and voting on Product Hunt; when the

most female-focused is a “bro” product they simply delete the email and move on with their day.

To test this hypothesis, in Table A6 we regress the logged number of female votes on the maximum,

median, and minimum of the suggested products’ female-focused scores. If users are looking for

“especially” female-focused products then the median and minimum should have no effect, female

users are looking for the product that is most engaging. Similarly, if the maximum female-score is

still is a “bro” product they should be especially unlikely to visit the platform, again suggesting the

maximum and not other measures is what matters. Columns 1 shows that the maximum predicts

more female votes for female products that are not featured in the newsletter. Column 2 shows the

median does not predict future female votes nor does the minimum (Column 3). Column 4 includes

all three measures and, if anything, the coefficient on the interaction term with the maximum gets

larger.

If women newsletter readers are skimming for especially interesting female-focused products

then the impact of the newsletter should be concentrated amongst the first few products in the

newsletter and not in products listed later in the email. A very female product described after the

few products should have little impact. Indeed, this appears to be the case. If we calculate the

maximum female product score only using the first 5 products listed in the newsletter (Column 5)

we find effects similar to what we find in Column 1; if we instead only calculate the maximum over
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products listed after the first 5 we find no impact of the newsletter on female votes for female-focused

products.26

Overall, these findings suggest that users appear to quickly skim the newsletter looking for the

most relevant content and so using the maximum of the suggested products is most appropriate.

F.5 Balance

To further confirm that the content of the daily newsletter is unrelated to product’s launched in

Table A7 we regress the newsletter shock variable on gender and quality characteristics of the

product. We find no evidence that products that are more female focused or that have female

makers are more likely to launch when the newsletter is female focused. Similarly, we find no

evidence that higher or lower quality projects are more likely to launch on female newsletter days.

F.6 Female-focused newsletter products are no different in their quality than

male-focused newsletter products

Beyond balance across days, it could also be that the suggested products in the newsletter that are

female focused also differ on other underlying dimensions like product quality or maker popularity.

Akin to concerns discussed in the peer effects literature (E.g. Chatterji et al. 2019), our “female

newletter” shock may actually reflect a distinct but correlated underlying shock. If, for example,

the female-focused products featured in the newsletter are from more popular makers then perhaps

the shock simply brings more people onto the Product Hunt platfrom on that day. As a result,

female- and male-products receive more votes and see performance gains, which could explain some

but not all of our findings.

To rule out this channel we build a dataset of all the suggested products in the newsletters we

analyze. We then test if female-focused products featured in the newsletter are higher quality or

differ on other confounding dimensions. Unfortunately, unlike the 5,742 products we analyze in the

body of the paper, many of the 2,365 featured newsletter products were either launched by large

technology companies or are from startups that launched well before our sample window. As a

result, we lack page visits from Similar Web that we could use as a measure of featured product of

26What we do find is that the main effect of the newsletter shock calculated over suggested products outside of the
top 5 is negative, though at the 10% level. Given the number of cuts of the data in this table that one coefficient is
marginally significant is not particularly surprising.
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quality. That said, for each featured product we do know the number of votes the product received

when it launched and the number of Product Hunt followers the makers of the product have at

the time of the newsletter. The first gives us a proxy for the product’s quality and the second a

proxy for the quality of the founding team. We also can measure if the suggested product was

described using more words, suggesting the product may be more ambitious or had a larger scope

that needed more sentences to describe. Finally, we also have a measure of the gender composition

of the maker team.

In Table A8 we regress our normalized female-focus measure of the newsletter suggested prod-

ucts on each of these variables. We find no evidence that suggested female-focused products received

more votes, have more popular followers, or have more detailed longer and more detailed descrip-

tions. Consistent with our analysis in Figure A7 we find that the suggested products that are

female-focused are more likely to feature female makers. While distinct, we think this measure is,

if anything, also likely to lead more women to visit the Product Hunt website.

Finally, we create a “placebo” shock using the logged number of votes each newsletter product

received and then calculate the maximum of this measure for each newsletter. Akin to our “female

newsletter” shock, this “quality shock” lets us test if newsletters that include especially high quality

products drive greater female engagement. Column 6 in Table A8 shows that, unlike our “female

newsletter” measure, the “quality newsletter” measure does not predict female votes directly nor

does it lead to more female votes for female-focused products.

G Robustness checks ruling out alternative newsletter mecha-

nisms

Again building off of Figure A10, here we present analyses to further rule out alternative causal

mechanisms that might explain our newsletter effect. First, in Table A9 we show that the perfor-

mance effects of the newsletter shock are not universal to female entrepreneurs, but instead only

hold for women who are female-focused entrepreneurs. To do so, we restrict our data to teams with

at least one female maker and then regress logged monthly page visits on the newsletter shock for

three sub-samples of our data: male-focused, gender-neutral, and female-focused startups. While

the estimates have large standard errors due to the fact that we are operating on smaller samples
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of product launches, we find no evidence that the newsletter shock improves the performance of

female made male-focused or gender-neutral products. Instead, as Column 3 shows, the benefits of

the female newsletter shock only hold for women launching female-focused products.

Second, in Table A10 we show our performance findings are not merely explained by shifts in

the total number of votes a product receives. If the total number of votes can explain the impact of

the newsletter, this would be suggestive that the newsletter shock is simply serving as a a source of

gender agnostic advertising, and not as shifting the gender composition of the sample. To test this

channel, in Table A10 we control for the total number of votes and find no change in our estimates

on the impact of the newsletter on performance.

H A simple Bayesian example of entrepreneurial sampling

Given that Product Hunt, and the Silicon Valley technology ecosystem, are dominated by men,

why don’t entrepreneurs focusing on the needs of women simply “debias” the signals they receive,

knowing that so much of the early feedback and traction they get will be from men? While there

are likely myriad explanations, ranging from the behavioral to the sociological, here we show that

even if women know to ignore or discount feedback from men that they may still be more likely

to abandon a promising idea. Why? Because by ignoring feedback from men entrepreneurs resort

to learning from smaller samples of women. While these smaller samples will be less biased, they

will also be, simply by virtue of being smaller, less informative and so less likely to convince an

entrepreneur that her idea is worth scaling. The entrepreneur is confronted with a classic trade-off

between generating a biased estimate with lower variance, or an unbiased estimate with greater

variance and uncertainty.

Here we present a simple numerical example to illustrate the logic. To begin, assume the

entrepreneur learns following a standard Bayesian Beta-Binomial model . She starts with a wide

beta distributed prior to her chance of success, π ∼ Beta(α = 10, β = 20), consistent with the idea

that the entrepreneur is far from confident that her idea will scale. The beta distribution gives us

a prior over the probability any given consumer will like her product. If she ever believes that at

least 50% (i.e. π > 0.5) of users will like her product, she will invest in scaling the idea. Otherwise,

she shuts down the venture. Given these beliefs, the mean of her prior must start out at less than
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50% as otherwise she would simply choose to scale instead of running an experiment with early

users to learn if she should invest more time and effort.

She then launches a prototype of her either female- or male-focused idea with 100 users to get

feedback and learn. Unfortunately, early users are 80% male. While not ex ante known to the

entrepreneur, female-focused ideas appeal to 60% of women, but only 40% of men. Male-focused

ideas to 60% of men, but only 40% of women. From the experiment, the entrepreneur learns what

fraction of users like her idea and uses this data to update her beliefs about π.

Figure A14 shows how an entrepreneur testing a female-focused idea with 100 early users updates

their beliefs. The top row is the entrepreneur’s prior. The column on the left is for a “naive”

entrepreneur who learns from all 100 users. In the second row on the left we see the binomial

“likelihood” she builds from all the data she collects from all 100 users. She learns that 44% of

users like her idea. Her posterior beliefs, shown in the third row, move to the right, but the mean

is still well below the 50% threshold. She abandons the venture.

However, perhaps the entrepreneur is “sophisticated” and so knows to ignore the advice from

the male early users. This scenario is shown in the column on the right. Unfortunately, as the

middle row on the right shows, while the data from the sample of 20 women has a mean of 60%—

well above the π > 0.5 threshold—the binomial “likelihood” is also much wider. Learning from a

sample of only 20 early female users is less “biased,” but it is also simply less informative. As a

result, the posterior in the bottom row still updates to the right, but again the mean is below 50%.

Even the sophisticated female-focused entrepreneur will incorrectly shut down her venture.

Finally, it is worth noting that while a female-focused entrepreneur can try to “re-weight” data

from men to make it informative of the entrepreneur’s more female target market, re-weighting will

always introduce some noise and uncertainty unless the entrepreneur already knows with certainty

the difference in the male versus female appeal of her product. Given the inherent uncertainty

associated with entrepreneurship, we find it unlikely that entrepreneurs would not know the appeal

to women, but would know with certainty how much more or less men are likely to support the

product! Similar to the uncertainty introduced by the use of survey weights, the entrepreneur

can try and use observables to make a sample look like a target population of interest, but in

doing so the entrepreneur necessarily relies on models and assumptions that introduce additional

uncertainty.
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While one can quibble with the particular assumptions used in this example, the underlying

idea is a general one. If female-focused founders have access to less relevant “data” from early

users, then even if they adjust for “sampling bias,” the resulting signals are simply weaker. Having

to rely on less data is necessarily less informative.

I Additional funding and technology stack results

Here we present a handful of additional robustness checks related to our funding and technology

development results. First, Table A11 we show that products missing BuiltWith technology stack

data are smaller and are less likely to have raised funding pre-launch, but are no different in terms

of their gender focus or the newsletter shock they experience. Missing data is unlikely to explain

our technology development results.

Tables A12 and A13 show our funding and technology development results, but swap out our

continuous female-focus measure for male- and female-focus quartiles buckets. Our pattern of

findings hold when using these discrete models.

J Testing the comments channel

Does the newsletter lead to more comments for female-focused products? More valuable comments?

More comments from women? To test these channels, we collected the comments for 5,742 products

in our sample. We find that 5,134 of the products in our sample have at least a one comment from

someone outside the maker team. For these products we generate four measures: (1) if anyone who

commented is a female user, (2) the logged number of female comments, (3) the average length of

the logged number of words included in female user comments, and (4) a score of the sentiment of

female user comments using the sentiment analysis function from the the NLTK python package.27

Table A14 regresses these measures on our measure of a product’s female-focus and our newslet-

ter shock measure along with out standard year-month controls. The models also include a control

for the number of comments from men. Columns 1 and 2 show that female-focused products are 5

to 10 percentage points more likely to receive a comment from a female user. However, the newslet-

ter shock appears to have zero impact on the probability a women comments. Similarly, Columns

27https://towardsdatascience.com/sentimental-analysis-using-vader-a3415fef7664
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3 and 4 show female-focused products receive more comments from female users, but again the

newsletter has no impact.

Consistent with these null results, in Columns 5-6 we show the average length of comments from

female users is longer for female-focused products, but does not shift because of the newsletter.

Finally, Columns 7-8 show that the the there is no impact on the sentiment of the comments from

female users. FInally, it is worth noting that to isolate potential impacts on comment content from

the number of comments Columns 5-8 only include products where at least one female user left a

comment.

Overall, perhaps because women are simply less engaged on the Product Hunt platform to begin

with, we find no impact of the newsletter on the quantity or quality of the comments. In contrast,

in Appendix Section F.2 we show the newsletter does meaningfully shift the number of votes from

female users.

K Testing for effect heterogeneity

As discussed in Section 5.3, we use split sample tests to check for heterogeneity in our effects. We

test for heterogeneity across two distinct dimensions. First, as discussed in the body of the paper,

to check for differences in prior platform engagement we use the fact that we can link makers to

their user profiles to see how many products each maker has voted on in the past. Using this

linkage, for each team we then create a total number of votes given to other previously launched

products by the team members. We then use this “number of votes by team” measure as a measure

for the team’s engagement with the platform. Teams with 20 or more prior upvotes are marked

as those that are the “most engaged” where as teams with fewer than the 20 are marked as less

engaged. While the mean team has voted 131 times before their launch, the median team has voted

23 times and 10% of teams have voted for other projects one or fewer times before launching.

We also check for differences by observed entrepreneurial experience. Perhaps greater en-

trepreneurial experience leads entrepreneurs to be better informed, have stronger beliefs, and so

have a greater set of signals to rely on. For example, entrepreneurs who have already pitched VCs

may have already collected a set of useful, if also biased, signals to learn from. Entrepreneurs who

have launched other ventures in the past may have access to personal experience that can substitute
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for the biased and noisy data generated by launching on Product Hunt. These arguments suggest

entrepreneurial and fundraising experience may mitigate the impact of sampling bias.

To measure experience, we leverage the fact we know both if a product has already raised

venture funding at the time of launch and if someone on the team has launched a different venture

on Product Hunt in the past. Roughly 50% of launches feature team members with prior launch

experience or that have already raised funding. While there are surely founders with prior founding

experience in the group we mark as lacking experience, our argument is that, at least on average,

the group that has raised funding or launched on Product Hunt in the past has more experience

and so greater access to other signals of an idea’s potential.

Table A15 then applies our standard newsletter shock regressions, but split by the two measures

described above. Column 1 and 2 show the split by prior engagement with Product Hunt. We find

teams that have engaged with Product Hunt in the past see sampling bias effects at least as large

as teams that are new to the platform. It does not appear that familiarity, and so awareness, of

the platform’s composition limits sampling bias. Moreover, in Figure A15 we plot kernel density

estimates of our estimated female-focus measure for teams who have been active on Product Hunt

(the blue line) and those have been less active (the red line). The distributions are nearly identical,

with both groups launching an equal share of female-focused products. This overlap suggests that

while teams with more experience on Product Hunt respond more to the platform’s signals, they

do not appear to be less likely or willing to launch female-focused products.

Finally, Columns 3 and 4 in Table A15 show the results for teams with observed entrepreneurial

experience and for teams without any such experience. We find little difference across the samples.

Entrepreneurs that choose to launch on Product Hunt, no matter their experience, appear equally

influenced by sampling bias effects.
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Figure A1: Binned scatter plot showing that whether a startup ever raises venture funding is
strongly correlated with monthly visits.

0
.0

5
.1

.1
5

R
ai

se
d 

Ve
nt

ur
e 

Fu
nd

in
g

0 5 10 15
Log(1 + Monthly Page Visits) 1 Year After Launch

Notes: This figure shows the correlation between a startup’s monthly visits a year after Product Hunt launch with
whether the startup has ever raised VC funding as of October 2020.
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Figure A2: Binned scatter plot showing that venture funding is strongly correlated with technology
stack size.
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Notes: This figure shows the correlation between the size of a startup’s technology stack as of October 2020 and
whether the startup has ever raised venture funding as of the same date.
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Figure A3: Binned scatter plot showing that a startup’s technology stack size is strongly correlated
with monthly visits.
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Notes: This figure shows the correlation between a startup’s monthly visits a year after Product Hunt launch with
whether the the size of a startup’s technology stack as of October 2020.
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Figure A5: Distribution of the Product Gender Score
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Notes: This figure shows the distribution of the product gender score, on a sample of entrepreneurial products
launched on Product Hunt on weekdays from September 2016 to October 2018. The score is estimated using the
text of each product’s description. See text for further details. Higher scores imply that the product is more likely
to serve or appeal to women.
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Figure A6: Product gender focus for the most popular product categories on Product Hunt. Blue
bars show the fraction of products in the category that are male-focused (bottom quartile). Red bars
show the fraction of products in the category that are female-focused (top quartile). While there are
meaningful differences across product categories there are both male- and female-focused products
in each product category. This overlap suggests that when we compare female- to male-focused
products there is enough “overlap” across products with different gender scores for meaningful
comparison.
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Figure A7: Binned scatter plot showing that products estimated as female focused—i.e., more
likely to appeal to the needs and preferences of women—are more likely to be made by a female
entrepreneur or inventor.
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Notes: The Y-axis represents the probability that there is at least one female on the team that made
the product. The X-axis is our text-based estimate of the degree to which the product focuses on female
users. The binscatter controls for product launch year-month fixed effects, day-of-week fixed effects, and
the logarithm of the number of words in product texts. The model includes 19,388 products with non-
missing team member gender data.
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Figure A9: A Directed Acyclic Graph illustrating the core causal inference challenge in identifying
sampling bias effects.
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Figure A10: A Directed Acyclic Graph illustrating or study’s causal inference challenges and how our results both support our proposed
sampling bias channel and rule out potential alternatives.
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Figure A11: Binned scatter plots showing the impact of the female newsletter shock (x-axis) on the logged number of female votes
(y-axis) a product receives after controlling for the logged number of votes from male users. Panel (a) is for male-focused products,
which reveals the newsletter shock does not impact voting by female users for male-focused products. Panel (b) is for female focused
products, which shows that the newsletter shock leads to more female votes for female-focused products, consistent with our sampling
bias arguments. The sample includes the 5,742 products we analyze in Table 6.

(a) Male-focused products (Bottom Quartile)

2.
8

2.
9

3
3.

1
3.

2
Lo

g(
1 

+ 
Fe

m
al

e 
Vo

te
 C

ou
nt

)

.3 .4 .5 .6 .7 .8
Female Newsletter Shock

(b) Female-focused products (Top Quartile)
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Figure A12: Binned scatter plots showing the impact of the female newsletter shock (x-axis) on the logged number of male votes (y-axis)
a product receives after controlling for the logged number of votes from female users. Panel (a) is for male-focused products, which
reveals the newsletter shock does not impact voting by male users for male-focused products. Panel (b) is for female focused products,
which shows that—if anything—the newsletter shock leads to fewer male votes for female-focused products. Comparing across the two
panels reveals that many more men vote for male-focused as against female-focused products. The sample includes the 5,742 products
we analyze in Table 6.

(a) Male-focused products (Bottom Quartile)

4.
5

4.
6

4.
7

4.
8

4.
9

5
5.

1
Lo

g(
1 

+ 
M

al
e 

Vo
te

 C
ou

nt
)

.3 .4 .5 .6 .7 .8
Female Newsletter Shock

(b) Female-focused products (Top Quartile)
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Figure A13: Binned scatter plots showing that increased chance a female user votes for a female-focused product relative to a male user
is not different on male- versus female-focused newsletter days. Panel (a) shows the difference in the probability a female versus male
user votes for a product given the product’s estimated female focus on days when the newsletter is more male focused (bottom quartile).
Panel (b) is similar but for days when the newsletter is more female focused (top quartile). Both panels show the difference between
female and male users after accounting for product and user fixed effects. As in Table A4, the sample includes the 4,261 products for
which we have both newsletter and proprietary viewing data.
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(b) Female Newsletter Shock Days (Top Quartile)
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Figure A14: How a Bayesian “beta-binomial” entrepreneur building a female-focused product will
update their beliefs about success in the face of an gendered imbalanced sample of early users.
The first column is for a “naive” entrepreneur who updates using the full sample. The second
column is for a “sophisticated” entrepreneur who only updates based on the female feedback.
Even the “sophisticated” entrepreneur fails to update her beliefs above the 50% chance of success
threshold. She still erroneously shuts down because the female only signal is simply nosier and so
less convincing.
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(A) Prior for female−focused startup success
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(D) Prior for female−focused startup success
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(B) Signal from male and female users (N=80M+20F)
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(E) Signal only from female users (N=20F)

0

2

4

6

8

10

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
π

de
ns

ity

(C) Posterior belief about startup success
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(F) Posterior belief about startup success

Notes: The first column shows a “naive” entrepreneur who simply aggregates the feedback from the full sample of
80 men and 20 women (Panels A, C, E). The second column shows a “rational” entrepreneur who only learns from
the 20 females users and discards the overly pessimistic signal generated by male users (Panels B, D, F). In both
columns, the entrepreneur starts with a wide prior with an expected success rate of 33% and will continue with the
project if expected success exceeds 50%. Men prefer a male-focused product 60% of the time and female-focused
40% of the time; women like female-focused products 60% of the time and male focused 40%. If the entrepreneur
had perfect knowledge, they would scale up both the female- and male-focused products. Though the entrepreneur
building a female-focused product knows that women will like her idea more than men will, as is the case with any
estimate of startup success, she is does not know by exactly how much. For simplicity, we assume the entrepreneur
can either learn from the full sample or the sub-sample, though our logic holds when considering entrepreneurs with
priors over the difference in male and female preferences. The second column reveals that when a female-focused
entrepreneur only on female early users they receive a less informative signal, which in turn still leads a women with
a promising idea to shut down too early.
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Figure A15: Kernel density plots of the product’s estimated female focus for teams with more versus less engagement on the Product
Hunt platform. The blue line shows the distribution for products launched by entrepreneurs that has upvoted other projects 20 or mote
times before launching. The red line is for entrepreneurs who have up voted fewer than 20 times before launching. The overlaps shows
that, despite Product Hunt’s male gender skew, entrepreneurs who have engaged with platform more heavily are equally likely to launch
a female- as male-focused product.
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Table A1: Additional descriptive statistics for the 5,742 products in our sample

Mean Median SD Min Max
Product Characteristics
    Product Female Focus 0.07 0.06 0.72 -4.46 5.10
    Log (1 + Monthly Page Visits) 1 Month Before 5.23 6.11 4.10 0.00 20.31
    Pre-Launch Seed or Series A Funding 0.028 0.00 0.165 0.00 1.00
    Topic Category Top #1: Productivity 0.29 0.00 0.45 0.00 1.00
    Topic Category Top #2: Developer 0.14 0.00 0.35 0.00 1.00
    Topic Category Top #3: Design 0.10 0.00 0.30 0.00 1.00
    Topic Category Top #4: Marketing 0.10 0.00 0.30 0.00 1.00
    Topic Category Top #5: Artificial Intelligence 0.07 0.00 0.26 0.00 1.00
    Topic Category Top #6: User Experience 0.05 0.00 0.23 0.00 1.00

User Statistics
    Hunter is Female 0.10 0.00 0.30 0.00 1.00
    Maker Team Size 2.02 1.00 1.61 1.00 20.00
    Makers At Least 1 Female 0.19 0.00 0.40 0.00 1.00
    Active User Votes Female Share 0.14 0.13 0.06 0.00 0.59

Outcome Variables
    Log (1 + Monthly Page Visits) in 1 Year 6.01 6.73 3.99 0.00 20.10
    Has Active User Base in 1 Year 0.757 1.00 0.429 0.00 1.00
    Raises Funding Post-Launch 0.034 0.00 0.180 0.00 1.00
    Log(1 + Technology Stack) Post-Launch 3.14 3.37 1.25 0.00 5.80

All Products
(N =  5,742)

Product Launches Sample, Sep 2016 - Oct 2018

Notes: Descriptive statistics for the sample of 5,742 products we use in our product lunch and newsletter
shock analysis. These product launches take place on the Product Hunt platform between October 4th 2016
and October 19th 2018. The sample includes featured products launched on weekdays and submitted before
7AM Pacific Time on these days – the earliest time of the day at which a newsletter could reach a user’s email
inbox. The sample only includes products launched on the 347 days on which the newsletter features standard
product-list content.
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Table A2: Estimated Effects of Newsletter Shock on Platform Participation

(1) (2) (3) (4)
Female Newsletter 799.030* 0.220** 59.256** 0.211**

(413.080) (0.111) (23.353) (0.083)
Constant 3,179.390*** 8.096*** 246.493*** 5.531***

(217.596) (0.059) (12.387) (0.044)

Year-Month FE Y Y Y Y
Model OLS QPML OLS QPML

Observations 4,261 4,261 4,261 4,261
R-Squared 0.529 0.572

Number of active female users who:
Visit ProductHunt Visit a Product's Page

Notes: This table shows regression results of a linear model that estimates the effects of newsletter shock
on engagement by active female users. Active users are defined as those with at least 9 followers on the
platform, which excludes about 50% of all users. This allows us to exclude bot and inactive accounts which
are especially important to remove when analyzing browsing data. Our data on visiting the ProductHunt
platform and viewing a product page is only available for 4,261 products. We have vote data for all 5,742
entrepreneurial products in our sample. Columns 1 and 2 test if more female users visit the ProductHunt
on days with female-focused newsletters and columns 3 and 4 if more female users visits the product’s page.
Odd columns are standard linear models and even columns use quasi-Poisson maximum likelihood models to
account for the dispersed nature of the count data. All models control for year-month fixed effects, and total
newsletter-suggested products fixed effects. Standard errors are clustered at the launch day level. ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A3: The newsletter shock only increases the number of female votes for female-focused products. It does not impact male votes
for any other product sub-sample nor does it have an impact on female voting for gender-neutral or male-focused products.

(1) (2) (3) (4) (5) (6)
Newsletter Shock 0.134 0.053 -0.198 -0.034 -0.024 0.334**

(0.118) (0.086) (0.166) (0.132) (0.087) (0.168)

Year-Month FE Y Y Y Y Y Y
Pre-Launch Visits & Funding Controls Y Y Y Y Y Y
Log (1 + Female Votes) Control Y Y Y
Log (1 + Male Votes) Control Y Y Y
Gender Focus of Sample Male Neutral Female Male Neutral Female

Observations 1,452 2,854 1,436 1,452 2,854 1,436
R-Squared 0.843 0.852 0.796 0.835 0.847 0.787

Log (1 + Male Votes) Log (1 + Female Votes)

Notes: All models control for the opposite gender logged vote count to account for non-gendered product quality differences and improve
statistical power. Linear regressions with standard errors clustered at the launch date level ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A4: The newsletter shock does not impact the relative difference a female versus male user
will vote for a more female-focused product.

(1) (2) (3)
Female Focus 0.001*** 0.001***

(0.000) (0.000)
Newsletter Shock -0.000 -0.000

(0.001) (0.001)
Newsletter Shock x Female Focus 0.000

(0.001)

User FE Y Y Y
Product FE Y Y Y

Observations 4,261 4,261 4,261
R-Squared 0.015 0.010 0.015

Female-Male Upvote Difference

Notes: The dependent variable represents the average difference in upvoting behavior between active female
and male users who have viewed a product after accounting for voter and product fixed effects. The model
includes the 4,261 products launched on weekdays between January 2017 and June 2018, for which the
proprietary browsing data on product views are available. Linear regressions with standard errors clustered as
the launch date level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A5: The maximum of the newsletter product gender scores best predicts female upvotes
for female-focused products. The mean and share of female-focused products are less informative
measures of female user engagement.

(1) (2) (3) (4)
Female Focus 0.021 0.056 0.103*** 0.103***

(0.038) (0.046) (0.009) (0.009)
Newsletter Shock (Max) 0.063

(0.089)
Newsletter Shock (Max)  x Female Focus 0.163**

(0.069)
Newsletter Shock (Mean) -0.036

(0.134)
Newsletter Shock (Mean)  x Female Focus 0.114

(0.100)
Newsletter Shock (Top Decile Share) -0.036

(0.040)
Newsletter Shock (Top Decile Share)  x Female Focus 0.030

(0.033)
Newsletter Shock (Top Ventile Share) -0.057

(0.062)
Newsletter Shock (Top Ventile Share)  x Female Focus 0.072*

(0.037)

Log (1 + Male Votes) Control Y Y Y Y
Year-Month FE Y Y Y Y

Observations 5,742 5,742 5,742 5,742
R-Squared 0.845 0.845 0.845 0.845

Log (1 + Female Votes)

Notes: See the note under Table 6 and 8 for additional details on how the sample and variables are constructed.
Linear regressions with standard errors clustered as the launch date level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

87



Table A6: Regressions exploring why the maximum female-focus score of the products suggested in the newsletter best predicts female-
upvotes for female-focused products. That lack of an effect for the median and minimum suggest that users are quickly skimming the
newsletter seeking out the most interesting product in the newsletter, which suggests that the maximum score should be most predictive.
Consistent with this “skimming” explanation the effects of the maximum are concentrated in the first five products listed in the newsletter
and not in products listed sixth or after.

(1) (2) (3) (4) (5) (6)
Female Focus 0.024 0.078* 0.110*** 0.055 0.027 0.110***

(0.038) (0.046) (0.029) (0.048) (0.037) (0.010)

Newsletter Shock (Max) 0.009 0.044 0.025 -0.216*
(0.077) (0.095) (0.079) (0.115)

Newsletter Shock (Max)  x Female Focus 0.158** 0.208** 0.152** -0.029
(0.069) (0.088) (0.068) (0.037)

Newsletter Shock (Median) -0.053 -0.099
(0.129) (0.195)

Newsletter Shock (Median)  x Female Focus 0.063 -0.148
(0.100) (0.188)

Newsletter Shock (Min) -0.034 0.005
(0.089) (0.113)

Newsletter Shock (Min)  x Female Focus -0.011 0.021
(0.076) (0.115)

Log (1 + Male Votes) Control Y Y Y Y Y Y
Year-Month FE Y Y Y Y Y Y
Newsletter suggest product position All All All All Top 5 Outside Top 5

Observations 5,742 5,742 5,742 5,742 5,742 5,742
R-Squared 0.844 0.844 0.844 0.844 0.844 0.844

Log (1 + Female Votes)

Notes: See the note under Table 6 and 8 for additional details on how the sample and variables are constructed. Linear regressions with standard errors
clustered as the launch date level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗
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Table A7: Balance Test: Daily Newsletter Shock and Product Covariates

Coefficient P-value

Hunter is Female -0.048 0.234
Maker Team Size -0.033 0.895
Makers at least 1 Female -0.023 0.705
Product Gender Score 0.08 0.432
Log (Web Visits) 1 Month Before -0.549 0.307
Pre-Launch Seed or Series A Funding -0.012 0.585

Newsletter Shock Balance Test on Product Launches (N = 5,742)

Notes: This table shows the balance test statistics on the newsletter shock. Each row contains the coefficient
estimate and p-value from regressing a pre-treatment product covariate on the newsletter shock variable (maximum
gender score of newsletter-suggested products after rescaling to between 0 to 1). The regressions control for product
launch year-month fixed effects, and number of newsletter-suggested products fixed effects. The product covariates
include the gender of the user who submitted the product, maker team size, makers not all men, product gender
score, log website visits 3 months before launch, log website visits 1 month before launch, raised funding 1 month
before launch, and log total amount raised 1 month before launch. The models include 5,742 products. ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A8: Columns 1-5 show that newsletter products that are female focused look similar to male-focused newsletter products, with
the exception of the share of female makers. We do not include year-month fixed effects since featured products on a given day can come
from a multitude of prior dates. That said, the results are unchanged if we include month-year fixed effects. Columns 4 and 5 which
include a variable capturing the share of makers who are female have fewer observations because we drop teams where we are missing
a maker gender estimate. Column 6 shows that swapping our “female newsletter” measure for a “newsletter quality” measure leads to
null effects. Variation in the quality of listed newsletter products does not account for our female newsletter effects.

Log(1 + Female Votes)
(1) (2) (3) (4) (5) (6)

Log(1+ Upvotes for the suggested product) -0.001 -0.002
(0.002) (0.002)

Log(1+ Followers of makers of the suggested product) -0.002 0.000
(0.001) (0.001)

Log(1 + Words used to described the suggested prodcut) -0.002 0.001
(0.002) (0.003)

Share of makers who are female 0.057*** 0.056***
(0.011) (0.011)

Female Focus 0.183***
(0.045)

Newsletter Quality Shock 0.01
-0.009

Newsletter Quality Shock  x Female Focus -0.0142
-0.008

Year-Month FE N N N N N Y

Observations 2,355 2,365 2,365 1,760 1,755 5,742
R-Squared 0.000 0.002 0.001 0.024 0.024 0.844

Suggested Product's Normalized Gender Score

Notes: Columns 1-5 includes all products featured in the daily newsletters analyzed in Table 5. Column 6 includes all launched products in the sample
we analyze in Table 6. Linear regressions with Standard errors are clustered at the launch day level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A9: Regressions showing the impact of the newsletter shock on page visits for products with
at least one female maker on the team. While female launched male-focused and gender-neutral
products appear to benefit from launching on Product Hunt, these products do not benefit from
the female newsletter shock. In contrast, female launched female-focused products do see more
page visits when launched on days with more female newsletters.

(1) (2) (3)
Post-Launch 2.337*** 1.818*** 0.930

(0.785) (0.664) (0.684)
Post-Launch X Newsletter Shock 0.907 1.882 3.216**

(1.464) (1.284) (1.299)

Product FE Y Y Y
Has a female maker? Y Y Y
Gender Focus of Sample Male Neutral Female

Observations 7,016 13,094 9,292
R-Squared 0.741 0.740 0.739

Log (1 + Monthly Page Visits)

Notes: Observations are month-product observations as in Table 6. Linear regressions with standard
errors clustered at the launch date level ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A10: The impact of the the newsletter on female-focused product page visits, funding, and technology stack size hold even when
controlling for the total number of votes the product received.

(1) (2) (3) (4) (5) (6)
Female Focus -0.878*** -0.776*** -0.046** -0.045** -0.282** -0.270**

(0.204) (0.204) (0.018) (0.018) (0.115) (0.114)
Newsletter Shock 0.571 0.480 0.025 0.024 -0.097 -0.112

(0.422) (0.404) (0.024) (0.024) (0.181) (0.180)
Newsletter Shock x Female Focus 1.280*** 1.291*** 0.081** 0.081** 0.567*** 0.566***

(0.367) (0.370) (0.036) (0.036) (0.213) (0.211)
Log (1+ All Votes) 0.881*** 0.005** 0.090***

(0.039) (0.002) (0.017)

Product FE Y Y
Launch Date FE Y Y
Year-Month FE Y Y Y Y
Pre-Launch Visits & Funding Controls Y Y Y Y

Observations 101,803 101,803 5,742 5,742 5,312 5,312
R-Squared 0.721 0.731 0.232 0.232 0.134 0.139

Log (1 + Monthly Page Visits) Raises Funding Post-Launch Log(1+ Tech Stack)

Notes: For additional details on Models 1-2 see Table 6, for Models 3-4 see Table 8, and for Models 5-6 see Table 9. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01.
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Table A11: Products missing BuiltWith technology stack data are smaller and are less likely to
have raised funding pre-launch, but are no different in terms of their gender focus or the newsletter
shock they experience.

(1) (2) (3)
Log (1 + Monthly Page Visits) 1 Month Before 0.014***

(0.001)
Pre-Launch Seed or Series A Funding 0.036***

(0.009)
Newsletter Shock -0.058 -0.047

(0.039) (0.040)
Female Focus -0.003 0.015

(0.006) (0.037)
Newsletter Shock x Female Focus -0.036

(0.072)

Year-Month FE Y Y Y
Sample All All All

Observations 5,742 5,742 5,742
R-Squared 0.010 0.009 0.055

 Technology Stack Data Avaliable

Notes: Estimates from a linear probability model using our sample of 5,742 entrepreneurial product launches.
The outcome variable measures if we have technology stack information for the product from BuiltWith. All
models include fixed effects for the the month-year of launch and the number of products linked to in the
newsletter. Standard errors are clustered at the launch day level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

93



Table A12: Estimated effects of female newsletter by product’s female focus shock on on whether
post-launch the team raises venture funding as of October 2020.

(1) (2)
Log (1 + Monthly Page Visits) 1 Month Before 0.003*** 0.002***

(0.001) (0.001)
Pre-Launch Seed or Series A Funding 0.506*** 0.540***

(0.038) (0.048)
Newsletter Shock 0.018 0.028

(0.029) (0.032)
Female Product (Top Quartile) -0.048** -0.043*

(0.023) (0.024)
Male Product (Bottom Quartile) 0.006 0.016

(0.029) (0.038)
Newsletter Shock x Female Product (Top Quartile) 0.076* 0.062

(0.044) (0.046)
Newsletter Shock x Male Product (Bottom Quartile) -0.020 -0.028

(0.055) (0.073)

Year-Month FE Y Y
Sample All Male Makers

Observations 5,742 5,742
R-Squared 0.230 0.231

Raises Funding Post-Launch

Notes: Estimates from a linear probability model using our sample of 5,742 entrepreneurial product
launches. The outcome variable measures whether the firm raised venture funding between when it
launched on ProductHunt and October 2020. All models include fixed effects for the the month-year
of launch and the number of products linked to in the newsletter. Standard errors are clustered at the
launch day level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A13: Estimated effects of female newsletter by product’s female focus shock on the team’s
web technology investments.

(1) (2)
Log (1 + Monthly Page Visits) 1 Month Before 0.105*** 0.100***

(0.004) (0.005)
Pre-Launch Seed or Series A Funding 0.631*** 0.754***

(0.091) (0.099)
Newsletter Shock -0.213 -0.257

(0.244) (0.288)
Female Product (Top Quartile) -0.523** -0.367

(0.223) (0.270)
Male Product (Bottom Quartile) -0.024 0.291

(0.274) (0.323)
Newsletter Shock x Female Product (Top Quartile) 0.926** 0.608

(0.427) (0.520)
Newsletter Shock x Male Product (Bottom Quartile) -0.176 -0.749

(0.507) (0.601)

Year-Month FE Y Y
Sample All Male Makers

Observations 5,312 3,748
R-Squared 0.135 0.132

Log (1 + Technology Stack) Post-Launch

Notes: Estimates from an OLS model using our sample of 5,312 entrepreneurial product launches for
which we have technology stack data. The outcome variable measures the (logged) number of active
web technologies on the startup’s website as of October 2020. All models include fixed effects for the
the month-year of launch and the number of products linked to in the newsletter. Standard errors are
clustered at the launch day level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A14: The newsletter shock does not shift the quantity nor quality of comments from female users.

(1) (2) (3) (4) (5) (6) (7) (8)
Female Focus 0.049*** 0.098** 0.058*** 0.122*** 0.049* 0.091 0.020 -0.023

(0.009) (0.042) (0.009) (0.041) (0.029) (0.178) (0.012) (0.055)
Newsletter Shock -0.059 -0.095 0.192 -0.010

(0.076) (0.069) (0.181) (0.069)
Newsletter Shock -0.094 -0.122 -0.079 0.081
x Female Focus (0.080) (0.076) (0.350) (0.105)

Year-Month FE Y Y Y Y Y Y Y Y
Num Male Comments Y Y Y Y Y Y Y Y
Sample All All All All

Observations 5,134 5,134 5,134 5,134 2,216 2,216 2,216 2,216
R-Squared 0.100 0.101 0.148 0.148 0.023 0.023 0.032 0.032

Has Female Comment Has Female Comment

Has Female Comment? Log(1 + Female Comment) Log # Words Female Comment Sentiment of Female Comments
(Mean) (Mean)

Notes: All dependent variables are measures of comments from female users. Columns 1-4 reflect “extensive” margin effects on the number
of comments from female users. Columns 5-8 only include products with at least one female comment and so reflect the “intensive” margin of
female comment length and sentiment. Linear regressions with standard errors clustered at the launch date level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01.
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Table A15: The impact of the newsletter shock on entrepreneurs with prior launch experience and who are more active on Product Hunt.
Columns 1 and 2 show that having launched on Product Hunt before does not mitigate or strengthen the size of the newsletter shock
nor the female-focused growth gap. In contrast, we find stark differences between startups that have been active voters on Product Hunt
versus teams that have engaged less with the platform. Teams that have voted on more products in the past show much larger product
gender gaps and are much more impacted by the newsletter shock.

(1) (2) (3) (4)
Post-Launch 3.096*** 2.874*** 3.096*** 2.874***

(0.342) (0.289) (0.342) (0.289)
Post-Launch x Female Focus -1.057*** -0.706*** -1.057*** -0.706***

(0.356) (0.269) (0.356) (0.269)
Post-Launch x Newsletter Shock 0.649 0.442 0.649 0.442

(0.655) (0.554) (0.655) (0.554)
Post-Launch x Newsletter Shock x Female Focus 1.602** 0.982** 1.602** 0.982**

(0.645) (0.486) (0.645) (0.486)

Product FE & Year-Month FE Y Y Y Y
Teams with more platform engagement (20+ prior votes) Y N
Team has funding or launching experience? Y N

Observations 51,920 49,883 51,920 49,883
R-Squared 0.739 0.698 0.739 0.698

Log (1 + Monthly Page Visits)

Notes: See 6 for further information on the variables and sample construction. Observations are at the product-month level. Linear regressions
with standard errors clustered at the launch date level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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