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Abstract. Entering new markets is crucial for technology startups to scale, yet these ven-
tures often face high uncertainty about demand in these markets. This study examines
how the composition of initial users shapes startups’ new market growth amid such uncer-
tainty. It theorizes that startups face a learning tradeoff when targeting a foreign market:
Local initial users, who are more familiar to the startups, provide clearer signals due to
shared language and norms; however, more representative foreign users provide more
transferable insights about the target market. Using variation in feature timing on a prod-
uct platform, this study finds that startups with a higher share of local initial users prior to
platform launch experience greater growth in foreign users afterward. This effect is stron-
ger when startups are based in more linguistically homogeneous countries and operate in
globally standardized digital product categories, settings where the clarity benefits of local
signals outweigh their transferability costs. In contrast to prior work suggesting that start-
ups should begin with target users, this study reveals contexts when more familiar initial

users can better foster new market growth and prevent premature scaling.
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1. Introduction

Entering new markets is crucial for technology startups
to scale. Doing so allows startups to expand their user
base to achieve economies of scale (Giustiziero et al.
2023), leverage network effects (Boudreau et al. 2022),
and signal their potential to investors (Cao et al. 2024),
ultimately enabling them to achieve high-growth out-
comes like initial public offerings or acquisitions (Conti
and Guzman 2023). A common way that startups
expand markets is across country borders (Bingham
and Eisenhardt 2011, Reuber and Fischer 2011, Wor-
mald et al. 2021, Tippmann et al. 2023). Indeed, interna-
tional expansion has fueled the growth of technology
startups such as Airbnb (United States), Canva (Austra-
lia), and Grammarly (Ukraine). In particular, artificial
intelligence startups earn over half their revenue over-
seas (Murgia 2024), and startups with mostly foreign
customers are more than twice as likely to surpass $50
million in valuation (Startup Genome 2024).

However, with little or no selling history, startups
often face high uncertainty around demand in these
foreign markets (McMullen and Shepherd 2006, Kerr
et al. 2014, Gans et al. 2019, Moeen et al. 2020). This
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uncertainty makes it difficult to “plan” their product
for this target market (Moore 2014). And so instead of
planning ahead, startups often learn about this foreign
market’s demand experientially from their initial users
(Ott et al. 2017). These initial users—whether sourced
from experimentation, organic user demand, or a vari-
ety of other ways—can help startups refine and update
their products to then grow their foreign user base.
Startups’ initial users can come from local or foreign
locations." Local initial users and startups tend to be
more familiar with one another. By coming from the
same market, they often share a common background,
such as language, making these local users’ signals
clearer, that is, less prone to communication frictions.
This clarity enables startups to understand the initial
users’ value of demand. But these local signals might be
idiosyncratic and unrepresentative of the foreign target
market, making them less transferable, that is, less rele-
vant to that target market because the value of demand
may be different between the local initial and foreign
target users. Foreign initial users are inherently more
representative of foreign target ones and therefore can
offer more transferable signals to the startup about the
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target market. But these transferable signals can come
at the cost of clarity because the startup is less likely to
share a common background with these users. This tra-
deoff between clarity and transferability makes it diffi-
cult to anticipate which initial user composition can
help startups build better products for their foreign tar-
get market and thereby achieve higher foreign user
growth.

Such a tradeoff raises the question: How does the
local (versus foreign) composition of initial users shape
startups’ subsequent foreign user growth? This ques-
tion is crucial because it sheds light on how initial users
shape the ability of startups to achieve target user
growth—an important factor for future funding and
performance (Cao et al. 2024). But this question is also
difficult to answer because startups typically choose
when to scale and reach their target market (Lee and
Kim 2024). Notably, this makes it hard to disaggregate
the role of learning from initial users from the timing of
the expansion. The characteristics of startups that have
local versus foreign initial users might also be funda-
mentally different, for example, in terms of the markets
they target, and these characteristics may indepen-
dently impact subsequent foreign user growth.

The study addresses this question by using data from
a product platform on which many startups in the
information technology (IT) sector initially launch their
products to a mass set of foreign users. Crucially, the
platform targets early-stage ventures and typically
exercises discretion over the exact date of their launch.
Thus, the timing of the launch occurs at a similarly
early, but not specifically chosen, time frame within
each firm’s life cycle. The approach provides plausibly
exogenous variation in the timing of launch to better
isolate the role of learning from initial users from the
startup’s choice of when to launch. Moreover, the plat-
form guidelines specifically attract early-stage technol-
ogy startups seeking to grow their broader, particularly
foreign, user base. These guidelines reduce differences
in the types of startups featured, regardless of their ini-
tial user composition. Such unique platform character-
istics enable the study to assess whether startups with a
higher share of local (versus foreign) country initial
users achieve higher subsequent foreign user growth
after featuring on the platform.

The platform data enable the creation of a panel of
1,106 startups that launch their first product on the plat-
form to grow their target user base in 2018-2020,
matched with longitudinal data on their website traffic.
By selecting into featuring on the platform—that is,
having their company and product description posted
on the platform’s website—these startups are seeking
to reach foreign target users. But they often do not select
their exact feature date. As such, the study takes advan-
tage of the variation in the feature date to assess how
foreign user growth varies by startups with a higher

share of local versus foreign country initial users. Al-
though it is difficult to fully eliminate any differences that
remain between startups that have a higher share of local
versus foreign initial users, the study takes several steps to
account for them, including startup fixed effects, startup-
level time-varying controls, coarsened exact matching
(CEM), and a two-stage least squares (2SLS) approach.

The study shows that startups with a higher share of
local initial users achieve higher foreign user growth
after they feature on the platform. This effect is stronger
in headquarters (HQ) countries where fewer languages
are spoken, making it more likely that startups and
local initial users are familiar with one another by
sharing a common language—and therefore that local
signals are clearer. The effect also magnifies in HQ
countries that are more similar to the foreign target
market and in product categories with less locally frag-
mented preferences, making local signals more repre-
sentative of the foreign target market and therefore
more transferable. Supplementary technology tool and
experimental analyses suggest that these local initial
user signals enable startups to improve their product
offering for their foreign target market. These results
reveal that the clarity benefits of local users exceed their
transferability costs in globally standardized product
categories like the digital ones that comprise the major-
ity of the platform’s startup sample, although this may
not be the case in more locally fragmented categories.

Together, this study contributes to strategy and
entrepreneurship research in several ways. In entrepre-
neurial strategy, the study advances work on how start-
ups expand into target markets. Prior work suggests
that initial users are crucial for growth in a target mar-
ket (Bingham and Eisenhardt 2011, Gans et al. 2019,
Moeen et al. 2020, Cao et al. 2024). This study sheds
light on a clarity-transferability tradeoff that informs
which initial users can effectively help startups learn
about target market demand to achieve this growth.
Although prior work suggests that startups should start
with representative target users, this research reveals
conditions—like the digital sectors where product pre-
ferences converge globally—when doing so with famil-
iar local users can better inform target market demand
and improve growth in that market.

This work also has implications for research on entre-
preneurial scaling by shedding light on an initial user
mechanism that can make premature scaling costly and
contribute to scaling disparities. Prior work notes that
scaling too early may come at the expense of develop-
ing a strong core product and business model (Lee and
Kim 2024, Tidhar et al. 2025). This study suggests that
this cost may at least partly result from startups cutting
short the time deriving clear and transferable insights
from initial users—particularly familiar ones (in a local
market) if the startup is working in globally standard-
ized product categories like the digital ones central to
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this study. As a consequence, such startups based in
smaller markets, which often face pressures to expand
quickly to larger markets that are highly valued by
investors (Kaplan and Stromberg 2004), may face
greater learning frictions. Expanding too early may
come at the expense of gaining clearer signals from
local initial users that may, in turn, help them build bet-
ter products for their larger target market. These learn-
ing frictions may hamper their growth and contribute
to global scaling disparities (Conti and Guzman 2023,
Wright and Saiedi 2024).

Lastly, the study offers novel ways to measure the
geographic market orientation of young companies.
Studies often use headquarters or subsidiary locations
to define geography for mature companies. However,
this measure may be less informative for young tech-
nology companies that operate almost all virtually in
distributed models, especially since the COVID-19 pan-
demic. Instead, this study uses the geographic composi-
tion of page visits, the regional orientation of website
text using a supervised machine learning algorithm,
and foreign technology tool adoption in order to define
the market orientation and geography of startups.

2. Theoretical Framework

The following section builds on prior work in entrepre-
neurial strategy to develop a theory around how the
composition of initial users shapes the ability of start-
ups to learn about target market demand. This learning
enables them to update their products and thereby
achieve higher target user growth. Specifically, the mar-
ket origin of these initial users presents startups with a
tradeoff between getting clear versus transferable sig-
nals. The theory first discusses how startups learn
about demand in a target market from the signals of
their initial users. It then applies this general learning
framework to customer segmentation based on interna-
tional geography where the target market is a foreign
market and the initial user composition is either local or
foreign. Online Appendix A.1 offers a formal frame-
work to complement the verbal theory presented
below.

2.1. Learning About Target Market Demand from
Initial Users

Startups often target new market segments in order to
scale (Bingham and Eisenhardt 2011, Moore 2014).
These new markets offer a larger user base to grow
startups’ revenue, achieve economies of scale, and
leverage network effects (Boudreau et al. 2022, Giusti-
ziero et al. 2023). Reaching these target markets also
helps startups convince investors—who tend to care
deeply about market size in their funding decisions
(Kaplan and Stromberg 2004, Gompers et al. 2020)—
about their growth potential (Cao et al. 2024).

But startups face high uncertainty around these tar-
get users” demand (Kerr et al. 2014, Gans et al. 2019,
Moeen et al. 2020). Initial users help startups resolve
this uncertainty, whether it be through deliberate
experiments or trial-and-error learning (Bingham and
Eisenhardt 2011, Ott et al. 2017, Camuffo et al. 2020,
Cao et al. 2024). These users’ signals, which often
come from verbal communication (e.g., calls), in-person
communication (e.g., facial expressions), or written
feedback (e.g., comments or surveys on a product plat-
form), can help startups refine and update their product
offering to better reach and address the needs of the tar-
get users. Indeed, young ventures iterate on their core
products and strategies in response to external signals
that they get from their initial users (Gans et al. 2019,
Ott and Eisenhardt 2020, Pillai et al. 2020, Kirtley and
O’Mahony 2023) amid high uncertainty (Kerr et al.
2014) and the absence of organizational inertia (Zhang
et al. 2016, McDonald and Gao 2019). As a result, these
initial users can have a profound effect on startups’ tra-
jectories (Stinchcombe 1965).

Learning about target market demand from the sig-
nals of initial users, however, can be challenging for
startups. In particular, two factors can make this essen-
tial learning difficult. The first is a lack of clarity around
initial users’ demand. This results from communication
bottlenecks between the startup and its initial users.
The second is a lack of transferability: The initial users
might have fundamentally different preferences than
the target ones, making the initial users’ signals unre-
presentative of the target market.

2.1.1. Clarity. Lack of clarity is a common challenge
that can prevent startups from effectively learning
about target market demand from the signals of initial
users. Startups may struggle to understand the initial
user’s value of demand. This occurs when communica-
tion gaps emerge and messaging becomes “lost in
translation.” One reason for this misunderstanding is
that the entrepreneur may not be able to easily interpret
the initial user’s cues. For example, in the product feed-
back process, a startup might misinterpret a user’s com-
ment that the product is interesting to mean that the
user has a positive view of the product, but in reality,
the phrase in the user’s local language means a distaste
for it. Or a startup might mistakenly assume that a
user’s smile during an interview means that the user
likes the product, when in that user’s culture, it is com-
mon to smile whether one likes a product or not, just to
be polite. Also, in surveys, a startup may mistake low
early ratings as product rejection, when they actually
reflect local norms of reserving high scores for truly
exceptional experiences. This struggle to interpret the
cues can threaten the construct validity of a signal
because entrepreneurs might misinterpret proxies of
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demand from initial users, whether they be facial
expressions, verbal phrases, or clicking behavior.

Even if the startup can accurately interpret the signals
of an initial user, that user’s misinterpretation of the
product can also result in unclear signals. In this case,
the communication bottleneck might originate from the
initial user’s end. For instance, the user might simply
misinterpret that a tech product is providing scheduling
support, although it is actually providing goal-setting
support. As such, they may send negative signals based
on their own expectations and misunderstanding rather
than from any shortcomings of the product itself.

These communication frictions tend to be lower
when the startup and initial user are familiar with one
another. They understand what each other’s cues and
phrases mean. Familiarity often arises when startups
and initial users share a common background, particu-
larly in terms of language and culture (Coval and Mos-
kowitz 2001, Wang 2015, Balachandran and Hernandez
2021). This enables startups to have more knowledge
about the user base and therefore be able to pick up on
the various meanings of their cues and demand for the
product. For example, they can pick up on whether a
smile or particular phrase means that the user likes the
product or is simply being polite. The common back-
ground can also make it easier for the initial user to
understand the startup’s description of the product and
therefore give more precise signals of their demand.

Startups and initial users often share a common back-
ground when they come from the same market (Coval
and Moskowitz 2001, Balachandran and Hernandez
2021). For example, a startup headquartered and oper-
ating in France will likely speak a similar language and
have similar cultural values as initial users who live in
France relative to those who live in India. This is parti-
cularly the case when that market is more homoge-
neous.” A shared market that is more homogeneous
increases the likelihood that the startup and initial users
acquired similar attributes—be they language or cul-
tural values. For example, that startup from France also
likely shares the same language—French—as its initial
users in that country. In contrast, a startup based in
India might have a lower likelihood of knowing the
same language as the average Indian initial user
because there are more than a dozen languages spoken
in the country. This lower likelihood of knowing the
same language then makes it harder for the startup to
interpret the signals of its initial users. It also makes it
harder for the initial users to properly understand the
startup’s explanation of the product, which can prompt
them to send inaccurate signals.

This theory implies that, irrespective of the target
market, startups can still struggle to learn about target
market demand from an initial market when there are
communication bottlenecks between them and their
initial users that reduce the clarity of initial user signals.

Familiarity between startups and initial users can
reduce these information frictions, and it often arises
when these actors share a common background. This
shared background ensures that the startup under-
stands the cues of the initial user and that the initial user
understands the startup’s explanation of the product.
Startups and initial users often form this common back-
ground through living and operating in the same mar-
ket, be it country or industry. The probability that this
common market experience allows them to cultivate
similar attributes, for example, in terms of language or
cultural norms, is higher when that market is more
homogeneous.

2.1.2. Transferability. Another challenge to learning is
the lack of transferability of startups’ initial users’ sig-
nals. Irrespective of the startup’s familiarity with initial
users and therefore its ability to interpret their signals, it
may be the case that these initial user signals do not gen-
eralize to the target users. The value of demand in this
initial user base might be fundamentally different from
that of the target market. This might be because the ini-
tial user base is not representative of the target market,
making these initial signals biased (Cao et al. 2024).
Structural differences—whether they be demographic,
linguistic, or economic—between the initial and target
markets might result in fundamentally different prefer-
ences around the product. For example, the initial user
base may have little need for the product, whereas the
target market may perceive it as highly valuable. This
lack of transferability would thus threaten the external
validity of startups’ learning from initial users.

These structural differences between the initial
and target markets magnify in product categories that
exhibit locally fragmented preferences as a result of
demand heterogeneity. This demand heterogeneity can
emerge from differences in customer preferences
around functional attributes and minimum perfor-
mance thresholds, for example, due to external factors
like regulations (Adner and Levinthal 2001, Shermon
and Moeen 2022). It also can result from differences in
people’s willingness to pay for products, deriving from
variation in the value that a product brings to custo-
mers. This value may be a function of a variety of fac-
tors, such as customer resources, capabilities, human
capital, and the availability of substitutes (Adner and
Levinthal 2001, Shermon and Moeen 2022).

Such heterogeneity ultimately results in the segmen-
tation of product markets (Klepper and Thompson
2006, Fischer et al. 2010, Manral and Harrigan 2023).
For example, product categories like aircraft or enter-
prise software tend to have less fragmented product
preferences because of the convergence of regulations
and customer preferences across the globe. As a
result, there is little segmentation in these categories.
On the other hand, product categories like food and
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entertainment exhibit highly fragmented preferences
around the world and therefore span many segments
(Zou and Cavusgil 2002, Ghemawat 2007, Wright et al.
2023a). Because fragmentation depends on underlying
factors such as regulations and resources, systematic
differences in these factors across markets increase the
likelihood that each market contains distinct product
segments and therefore user preferences. As a conse-
quence, the fragmentation of the product category mag-
nifies any structural differences between the initial and
target user markets that attenuate the transferability of
initial user signals.

To illustrate this dynamic, consider a startup that
seeks to learn about demand in its target U.S. market
from Ukrainian initial users. Structural differences
between the U.S. and Ukrainian markets—be they
economic, demographic, or linguistic—might only
introduce a transferability penalty to Ukrainian initial
signals in product categories like food, which exhibit
highly fragmented preferences across the globe. The
fragmented nature of the product category would exac-
erbate the structural differences between the initial and
target markets: Ukrainian initial users might end up
representing fundamentally different product seg-
ments with distinct preferences from those of U.S.
users. For example, to the extent that income at least
partly influences food preferences (with lower-income
consumers less likely to prefer high-end cuisines), the
fact that Ukraine has a lower per capita income than
does the United States® may contribute to there being
less of a high-end food segment in Ukraine than in the
United States. Thus, the two countries may feature fun-
damentally different food segments with distinct pre-
ferences. But in a more standardized product category
like enterprise software, where preferences vary little
no matter the customers’ attributes, these structural dif-
ferences between the markets might be muted: Ukrai-
nian and U.S. users in this case might end up having
similar preferences, reducing any transferability risk.

This general framework suggests that getting both
clear and transferable signals in the initial user market is
important to learn about demand in a target market.
Clarity improves as startups and initial users are more
familiar with one another, which is more likely when
they share a common background. This common back-
ground often arises when the startups and initial users
come from the same homogeneous market. In contrast,
transferability increases when there are fewer structural
differences between the initial and target markets, par-
ticularly when the product category is less locally
fragmented.

2.2. Local vs. Foreign Initial Users and Foreign
Target Demand

This general framework of learning from initial users

about the target market can apply specifically to the case

when customer segmentation is based on international
geography. This is a particularly salient dimension of
customer segmentation to consider because technology
startups often target foreign markets in order to scale
(Bingham and Eisenhardt 2011, Reuber and Fischer
2011, Wormald et al. 2021, Tippmann et al. 2023, Wright
and Saiedi 2024). Indeed, in exploratory interviews,
startups discussed how crucial it is for them to enter
new cross-border markets to grow their user base and
attract investors. For example, one U.S.-based startup
mentioned: “So we are planning to go global ... in that
enterprise [market] ... Globalization is pretty key.” Also,
a UK-based startup noted: “Geographical expansion is
very, very important for us ... A big part ... is capturing
the U.S. market and setting up additional international
offices.” Similarly, a French startup recounted: “We'll
continue to expand in Europe... And also the United
States ... we haven't really scratched the surface.” Lastly,
an Australia-based startup mentioned: “From an inves-
tor perspective, if we can validate the U.S. market
because it’s so big, then that really helps build the credi-
bility for the next stage of our evolution.”

2.2.1. Local Initial Users Offer Clearer Signals. Startups
often rely on signals from local or foreign initial users to
learn about foreign target demand. However, getting
an even composition of both types of initial users is
often difficult because of severe resource constraints
facing early-stage startups (Gans et al. 2019, Miller et al.
2023). The local versus foreign composition of initial
users can shape the extent to which clarity and transfer-
ability influence startups’ learning about foreign target
demand. When startups and initial users come from the
same country, they are more likely to share common
attributes like language. These common attributes
increase the familiarity between the startup and initial
user. As a result, startups will have an easier time deci-
phering the initial user’s signals, for example, whether
a particular phrase, gesture, or browsing behavior indi-
cates that the user likes or does not like the product.
The initial user, too, will have an easier time under-
standing the startup’s description of the product in
order to send precise signals. In these instances, start-
ups would face less uncertainty about the signals; they
would be clearer. Indeed, one Israel-based startup in
exploratory interviews explained that they started with
initial users in their HQ country market because:

It's easier, same time zone, same language, same
mentality ... With cultural differences, until we trans-
late American to Israelis, it takes us time to get the
actual essence of the feedback. And with Israel it is
just a lot easier because that’s the culture that we are
used to.

This comment underscored how local initial users
offered clearer feedback because of the familiarity
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between the startup and those users, a clarity that arose
from their shared culture and language. This would
suggest that local initial users offer clearer signals
because startups and local initial users are more famil-
iar with one another, irrespective of the target market.
Startups tend to be more familiar with the local market
because their teams often originate from these locations
(Michelacci and Silva 2007, Dahl and Sorenson 2012)
and therefore likely share a similar language and cul-
tural norms, making them encounter less uncertainty
and therefore more clarity in local signals.

2.2.2. Foreign Initial Users Offer More Transferable
Signals. Although more familiar to the startup, these
local user signals might be less representative of the for-
eign target market and therefore less transferable. Sys-
tematic differences between the local and foreign
markets can lead to divergent customer preferences
(Ghemawat 2001, Berry et al. 2010). As a result, the
information that entrepreneurs gain from customers in
the local initial market may be irrelevant for under-
standing customers in the foreign target market (Winter
et al. 2012, Khanna 2014). For example, when there are
large economic differences between these markets, cus-
tomers’ preferences for premium products in the local
initial and foreign target markets might be fundamen-
tally different. Precisely because of these divergent cus-
tomer preferences between local and foreign markets,
one startup based in Israel mentioned in exploratory
interviews that it started with foreign users—its target
market—right away: “We set up 100 customer calls
mostly in the United States because the culture and the
way customers both operate and buy in the States is
super different than it is in Israel. It is super different
than it is in Japan, India, EU, and so on.” By starting
with foreign users, this venture could gain more rele-
vant insights into its target market.

If indeed user preferences systematically vary across
markets, then local initial users will not necessarily help
startups understand demand in foreign target markets.
To this end, one startup from Australia mentioned: “If
we take too long [to go abroad] ... then we can poten-
tially box ourselves in as a product and then just find it
harder and harder to ... adapt the product for an inter-
national market.” In contrast to initial users from the
local market, initial users from the foreign target market
often more accurately represent the demand of their
broader market, where there are few, if any, systematic
differences between the foreign initial user and target
markets. The differences that do remain come from the
fact that the foreign target market can be more hetero-
geneous than the foreign initial user base. For example,
a foreign target market like the United States includes
users across many different income levels—a character-
istic that may fundamentally shape product prefer-
ences. Foreign initial users from this same market may

only represent a subset of these income levels. As a
result, the signals from the foreign initial users may
give a partial view of foreign target market demand.

Such differences between foreign initial users and the
foreign target market will generally be smaller than
those between local initial users and the foreign target
market. This is because foreign initial users reflect at
least a subset of foreign target market demand, whereas
local initial users might not even reflect a subset. For
instance, foreign initial users may represent a segment
of the income levels in a foreign target market, whereas
local initial users might reflect fundamentally different
income levels than the foreign target market. Foreign
initial users’ signals are therefore more representative
of and ultimately transferable to the target market. By
going directly to these foreign users, startups would
gain a better understanding of what their target custo-
mers actually want. This transferability allows them to
build products that better cater to the needs of this for-
eign target market.

2.2.3. Clarity-Transferability Tradeoff. Holding all else
equal, the benefit of clarity that local initial users’
signals might offer to enable startups to learn about
foreign target demand might be offset by a higher trans-
ferability penalty because of structural differences
between the local and foreign markets. These differ-
ences only matter, however, to the extent that the prod-
uct category has fragmented preferences across the
globe. Even amid large structural differences—be they
linguistic or economic—between the local and foreign
markets, local initial users could still offer transferable
signals if the product category has standardized prefer-
ences across geographies.

Together, this theory suggests that learning from
local versus foreign initial users presents startups with
a tradeoff between the transferability and clarity of sig-
nals. Local initial users might offer clearer signals
because there is greater familiarity between them and
the startup, but they might give less transferable signals
if the local user base is not representative of the foreign
target one. Conversely, foreign initial users might offer
more transferable, but potentially less clear, signals.
Crucially, this theory relies on three important assump-
tions. Firms are in early stages, such that initial users—
be they local or foreign—inform their product develop-
ment. These startups also ultimately seek to conduct a
broad launch of their product to their target users.
Lastly, these target users tend to be from a market that
is not the startup’s home market (i.e., a foreign market).

Figure 1 illustrates this theoretical tradeoff under
these assumptions for a startup targeting a foreign mar-
ket with an unobserved positive demand (thumbs up)
for its product. It shows that startups begin by (1)
observing signals from their initial users and use them
to iterate on their product and (2) then reach and grow
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Figure 1. Tradeoff Between the Clarity and Transferability of
Initial User Signals

2. Reach and grow
target users

1. Observe signals from initial
users and iterate on product

Local initial user

0

Signal is clearer to
startup, but less
transferable to the
target market.

Foreign initial user Foreign target market

15

Actual demand
unobserved by startup
in step #1

Signal is less clear to
startup, but more
transferable to the
target market.

Note. The figure illustrates a key tradeoff between clarity and trans-
ferability that startups confront when they (1) observe signals from
local and foreign initial users and iterate on their product and then (2)
reach and grow target foreign users: Local initial users may offer
clearer, but less transferable signals, and foreign ones the reverse.

their target users. In the first step, local initial users offer
clearer signals because they are more familiar to start-
ups (with a lighter blue layer of “noise”), but they
might be less transferable because they are less repre-
sentative of the foreign target market. Thus, the under-
lying value of their demand may be different from that
of the foreign target market (thumbs down rather than
thumbs up). The opposite is true for foreign initial
users: Their signals might be more transferable (thumbs
up), but less clear (with a darker blue layer of “noise”).
Whether the clarity effects outweigh the transferability
ones ultimately determines which initial user signals
enable startups to better update their products and
grow their target users in the second step.

2.3. Summary

Overall, this theory illustrates that the local versus for-
eign composition of initial users presents startups with
an important tradeoff: clear versus transferable signals
of foreign target demand. Local initial users might offer
clearer signals of demand because of the greater famil-
iarity between them and the entrepreneur. But these
local initial signals can carry a transferability cost
because the local market might not be representative of
the foreign target market. The relative value of clarity
versus transferability then shapes whether local initial
users enable startups to build products that achieve
higher foreign user growth. For example, even the
clearest signals in the local market are useless for gain-
ing foreign user growth if they are so idiosyncratic that
they do not transfer elsewhere. Similarly, even the most
transferable signals in the foreign market are ineffective
if they are unclear—the startup cannot understand
them. This leads to a conjecture: Startups with a higher
share of local initial users will achieve higher foreign user
growth when local signals are clearer and more transferable.
The following section proceeds to test this theory.

3. Empirical Setting: Early-Stage
Product Platform

To test this theory about how the composition of initial
users shapes subsequent target user growth, the study
collects data from BetaList. Founded in 2010, BetaList is
one of the top early-stage product platforms in the mar-
ket and is based in the Netherlands. Technology start-
ups post a description of an early-stage product and a
link to the company’s website on this platform in order
to grow their target user base. This allows the study to
track how startups’ local (versus foreign) initial user
composition prior to featuring on the platform shapes
subsequent target user visit growth to the startups’
websites after feature. Most of the business transactions
of such technology ventures occur on their company
website, so website visits serve as a meaningful indica-
tor of user growth.

Startups begin by submitting an application to post
their product on the platform. This application solicits
information about (1) the product, including the name
of the product, a short “pitch” and a longer, two-
paragraph description of the product, the product cate-
gories (e.g., SaaS, social media, e-commerce), and prod-
uct images; (2) the company, including the website, the
country location; and (3) the team, including names and
social media account links. The platform requires each
startup to be in the technology sector (whether software
and/or hardware), have a sulfficiently appealing web-
site, and include a mailing list on their website to allow
visitors to sign up or subscribe. A (paraphrased) exam-
ple of a product description includes the following:

[Startup name] acts as a search engine on social
media for finding prospective clients. The process is
straightforward: you input descriptions of your prod-
uct or service and your competitors’ brand names
into the system. Using these terms along with predic-
tive analytics, [the startup] scours social media to
identify individuals in search of a product similar to
what you offer.

Crucially, the platform embodies the three assump-
tions that underpin the theory of this paper. First, start-
ups are in a similar early stage such that initial users
inform product development. This is primarily because
the platform prohibits startups that have had a broad
launch in the past. In exploratory interviews, startup
founders mentioned posting on several such platforms
(e.g., also Product Hunt), but doing so first on BetaList.
This design feature of the platform ensures that at the
time of feature, the startups have had some initial users,
but the platform is their first “big” launch. This means
that any users prior to feature are likely part of a small
pool of initial users—sourced deliberately or organically—
who offer early signals from which startups can learn
to improve their product for the broad launch on the
platform.
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Second, the startups that self-select into featuring on
the platform intend to conduct a broad launch to their
target market. Indeed, the platform enables early-stage
companies to reach a mass set of users. In particular,
the large share of U.S. users on the platform (Figure 2)
suggests that the U.S. user base is an important target
market for the technology startups applying to feature
on the platform. This user base therefore serves as a for-
eign target market for non-U.S.-based startups, which
is consistent with prior research and exploratory inter-
views that suggest that the U.S. market is crucial for
technology startups from other markets to attract
investment and grow (Conti and Guzman 2023).

Lastly, the target market for startups is typically not
the same as their home market. The platform guidelines
specifically attract startups in the technology sector,
which often need to expand into new markets in order
to scale. Moreover, the majority of startups in the sam-
ple are based outside of the United States, given the
European roots of the platform. Roughly 60% of the
startups are based outside of North America, with the
majority of this share located in Europe and Central
Asia. The rest are distributed across South Asia, East
Asia and the Pacific, the Middle East and North Africa,
Latin America and the Caribbean, and sub-Saharan
Africa. Thus, for most startups in the sample, the U.S.
target market is distinct from their home market. The
rich international heterogeneity of startups also pro-
vides variation to assess foreign versus local initial
users and subsequent foreign user growth.

Beyond satisfying the theory’s three core assump-
tions, the platform also helps address two endogeneity

concerns in assessing how initial user composition
shapes foreign user growth. The first concerns launch
timing. Although broad launch dates are typically
endogenous and may influence foreign user growth
independently of learning, the platform generally tar-
gets early-stage ventures and controls the exact feature
date. Startups can submit for free—often waiting weeks
or months—or pay to expedite or schedule a specific
date. Blog evidence suggests many choose the free
option, leaving timing largely outside their control. As
a result, the launch occurs at an early stage of the firm’s
life cycle, and its precise date is plausibly exogenous to
startups (Athey and Stern 2013), which offers useful
variation to isolate the effect of initial user composition
on foreign user growth.

A second endogeneity concern is that underlying
startup differences could drive both their share of local
initial users and subsequent foreign user growth. For
example, startups that target foreign markets less than
others may both have a higher share of local initial
users and achieve less subsequent foreign user growth
than others. Alternatively, startups with stronger net-
works or greater marketing resources might reach a
higher share of foreign users initially and later grow
that foreign user base more than others regardless of
learning from initial users. The platform context miti-
gates these concerns in several ways. This context
attracts early-stage technology startups that often need
to expand into new markets to scale. These startups
specifically self-select into a platform where U.S. users
make up the largest single share, suggesting that they
similarly view these users as their target market. The

Figure 2. (Color online) Platform’s Composition of Visitors from January 2018 to March 2021

15

A

Share of Page Visits

.05

India
Canada
Brazil
China
France

United States
United Kingdom

Note. Includes countries with at least a 0.01 share.

Italy

Germany
Spain
Turkey
Poland
Australia
Belgium
Vietnam
Mexico

Netherlands



Downloaded from informs.org by [216.73.216.182] on 04 June 2026, at 02:50 . For personal use only, all rights reserved.

Wright: When Local Learning Scales
Organization Science, 2026, vol. 37, no.1, pp. 377-401, © 2025 The Author(s)

385

platform also reduces frictions—such as marketing or
access costs—that typically shape visibility (Adner et al.
2019). Foreign users can easily view all featured start-
ups and click through to their websites, which forms
the basis of the foreign user growth measure. Thus, the
platform reduces systematic differences between start-
ups while preserving heterogeneity in their local versus
foreign initial user composition.

4. Data

The platform setting enables the creation of a startup-
month panel data set. The study narrows the original
sample of about 11,000 startups that launched on the
platform from January 1, 2010, to September 6, 2020, by
roughly a fifth to those companies that have a credible
website link. Doing so ensures that it is possible to track
the initial users and subsequent foreign user growth of
the startups. The study further narrows this sample to
startups that featured for the first time on the platform
in order to remove any confounding effects from their
prior feature. It also restricts the sample to startups fea-
tured from April 2018 to September 2020 to ensure that
page visit data at least three months before and six
months after are available for all of the startups. This
reduces the sample to about half of the original. Of the
remaining sample, the study removes firms that had no
geographically broken-down page visit data available
in the sample period of three months before and six
months after. The study does this to ensure that firms
were active in this period and to identify the local ver-
sus foreign initial user composition of startups prior to
feature. This removes roughly a fifth of the original
startup observations.

This narrowing brings the final sample to 1,106 start-
ups featured from April 2018 to September 2020. The
final sample includes only startups for which (1) web-
site page visit data are available at least three months
before and six months after feature on the platform, (2)
those for whom the geographic composition of their
website traffic are available, and (3) those that featured
for the first time on the platform. The final data set is a
startup-month panel of these 1,106 firms from January
2018 to March 2021 (three months before and six
months after feature) based in 71 countries with a total
of 11,060 observations. The final sample is also gener-
ally similar in its regional distribution to the original

Figure 3. (Color online) Timeline of Startup Events

Month -3 Month 0
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sample.* Of this sample, the majority (686 startups) are
based outside of the United States, accounting for 6,860
observations.

Figure 3 illustrates how initial users offer signals to
startups that prompt product updates, which then gen-
erate subsequent foreign user growth. The platform
data allow for the assessment of how the composition
of initial users (three months prior to featuring on the
platform) shapes the ultimate outcome of the product
iteration: foreign user growth (six months after featur-
ing). Although the platform data cannot directly reveal
the initial user signals and product iteration process,
supplementary technology tool and experimental anal-
yses help shed light on both.

The next section discusses the specific variables from
the platform data.

4.1. Dependent Variables

Log Foreign Country Visits: The main dependent
variable used in the analysis is a proxy of startups’ foreign
user growth after launching on the platform.” This vari-
able indicates logged page visits from users outside the
focal company’s HQ country in a given month to the
startup’s home website linked on the platform. It would
capture, for example, visits from U.S.-based users to a
Germany-based startup’s website. These data come from
the SimilarWeb database. Website page visits are a com-
mon performance indicator for early-stage (prerevenue)
startups because they reveal user engagement and are
predictive of venture funding (Hallen et al. 2020, Koning
etal. 2022, Wright et al. 2023a, Cao et al. 2024).

Log U.S. Visits: To supplement the log foreign coun-
try visit measure, the analysis also uses logged visits
from U.S.-based users for non-U.S.-based startups in a
given month. This builds on prior work and explor-
atory interviews that suggest that the United States is a
crucial target market for technology startups around
the world (Conti and Guzman 2023). The United States
is also the most common country of users that visit the
platform (Figure 2), making it a likely target of startups
that feature on the platform.

4.2. Explanatory Variables

Post: This variable indicates whether a given month-
year observation is on or after the feature date of the
startup on the platform. It takes a value of zero if, in a

Month 6
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given month, a startup has not yet been featured on the
platform and one otherwise.

Pre-Local Share: This variable indicates the average
monthly share of visits from users in the startups” HQ
country during the three months prior to feature,®
which reflects the local versus foreign composition of
startups’ initial user bases.” Figure 4 shows the distribu-
tion of startups by HQ country with above-median (red
bar) and below-median (green bar) local initial user
shares. The United States is the top HQ country for
both. The United Kingdom and India are also in the
top. The remaining primary HQ countries among those
with higher shares of local initial users tend to be larger
than those with lower shares of local initial users. To
account for this difference in market size, subsequent
analyses use firm fixed effects and coarsened exact
matching on the HQ country, monthly initial visits, and
the initial number of markets. The analyses also exclude
startups headquartered in the United States, among the
largest HQ markets. Figure A.4.1 in the Online Appen-
dix shows the breakdown of the share of visits from
local country users prior to featuring. The distribution
is shifted to the left, with some startups showing no vis-
its from their own country. The results are robust to
excluding these startups.

Post X Pre-Local Share: The interaction term
between featuring (post) and prior local HQ country
share reveals the relationship between the prefeature
local composition of startups’ user base and postfeature
foreign user growth. The coefficient on this variable
serves as the main way to answer the research question
about how the local versus foreign composition of a

Figure 4. Startup Sample by HQ Country
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startup’s initial user base shapes its subsequent foreign
user growth.

Fixed Effects: The specifications include several fixed
effects. Startup fixed effects account for quality differ-
ences between companies in the sample, which are
related to both observable factors like country location
or product category, as well as unobservable factors,
such as the motivation of the founders. Month-year
fixed effects account for seasonality in the number of
visitors on the platform on a given feature date.

Number of HQ Country Languages and Ethnic
Diversity: The theoretical framework suggests that
when the HQ country is more homogeneous, for exam-
ple, with fewer spoken languages, startups are more
likely to share a common background—be it language
or cultural norms—with initial users who are also from
that country. This greater homogeneity makes familiar-
ity between the startup and local initial users more
likely, which increases the clarity of signals that the
startup gets from these users. To measure this HQ
homogeneity, the study uses the number of spoken lan-
guages in a startup’s HQ country, based on data from
www.cia.gov, aggregated by https://languagerc.net/
languages-by-countries/. For example, France has one
language associated with it: French. India, in contrast,
has 14 languages associated with it, including Hindi,
Bengali, Telugu, Marathi, Tamil, and Urdu, among
others. France is therefore more linguistically homoge-
neous than India. For robustness, a country-level mea-
sure of ethnic diversity from Drazanova (2020) serves
as another indicator of HQ homogeneity. Specifically,
lower ethnic diversity in the HQ country could increase
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familiarity between the startup and local initial users
and therefore the clarity of the initial users’ signals.
Both of these measures are available on an HQ country
level and do not vary over the sample period.

Distance Between Local and Foreign Markets: The
theoretical framework also suggests that when there
are smaller differences between the local initial and for-
eign target markets, local signals will be more transfer-
able. Pairwise country distances, including linguistic,
demographic, and economic, between the HQ (local)
country and U.S. (foreign) target markets serve as mea-
sures of these differences. Because the United States is
the top origin of users of the platform (Figure 2) and is a
common target market for the IT industry, it serves as a
plausible common foreign target market for non-U.S.-
based startups on this platform. To measure linguistic
distance, the study uses data on spoken languages from
the same source as was used to create the number of
HQ country languages, which enables coding whether
the primary language listed for a startup’s HQ country is
the same as in the U.S. target market (English).” The pair-
wise country distance variables for all other measures (e.g.,
economic and demographic) come from Berry et al. (2010):
These data are available on a yearly basis up to 2021 and
are matched to the year of the startup’s feature date.

Local Product Fragmentation: The theoretical frame-
work suggests that the above local-foreign market
structural differences would only matter to the extent
that the product category exhibits locally fragmented
preferences, like in the food category, rather than in,
say, enterprise software. Figure 5(a) shows that a large
share of the startups in the sample are in digital product
categories like business productivity and web tools,
which exhibit fairly standardized preferences across
countries. This distribution suggests that any cross-

country differences will be muted in this sample. In the
spirit of the Herfindahl-style measures of market frag-
mentation used in prior work (Ziedonis 2004, Sorenson
et al. 2006, Shermon and Moeen 2022, Landsman et al.
2024), the study creates a measure of local product frag-
mentation that captures the country representation of
startups in each product category as a share of the total
startups in that category in the final sample.” This mea-
sure indirectly captures how geographically fragmen-
ted the preferences are in a particular category. The
higher this ratio, the more geographic fragmentation
there is. The highest ratio is one, characterizing product
categories like “food and beverage” and “local busi-
nesses.” The lowest ratio is 0.1, characterizing the
“SaaS” product category.'’ Because startups can add
up to five product category tags, the final measure
reflects the average of the local fragmentation rates
across these product tags for each startup. Figure 5(b)
shows that the startups are skewed to the left in this local
fragmentation measure, meaning that most of them are in
globally standardized product categories, as we would
expect in the IT sector. The study primarily uses a binary
version of this measure that indicates whether the local
fragmentation rate is above the median value in the final
sample (local product) or below it (global product).

This measure is robust to an alternative survey-based
proxy of local fragmentation. Without disclosing the
research question, predictions, or results from the
study, this survey-based measure asks 200 participants
on Prolific to select from a full list of product categories
that are available on the platform (396 in total) which
ones they expect would exhibit large differences in cus-
tomer preferences across countries. The final measure
captures the percent of evaluators who choose each
product category. The results are similar using this

Figure 5. (Color online) Share of Startups by Top 50 Primary Product Categories
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measure for the first (generally primary) product cate-
gory or the average of all product categories for each
s’tartup.11

Time-Varying Startup Factors: Several robustness
checks control for startup-level factors that vary across
time and might influence foreign user growth indepen-
dently of the platform exposure. These factors include
venture funding, measured by the logged U.S. dollars in
funding that startups receive in a given month using
PitchBook data. They also include startups” installation
of tools that target foreign users, including foreign lan-
guage and hosting tools from BuiltWith data, which has
been increasingly used by strategy and entrepreneur-
ship scholars to understand the innovation activity of
software startups (Dushnitsky and Stroube 2021; Kon-
ing et al. 2022; Stroube and Dushnitsky 2023, 2025;
Impink and Miric 2024). Specifically, the study controls
for the logged number of foreign language technology
tools installed in a given month on a startup’s website.'*
A company headquartered in France that adopted an
English technology tool in a given month would be
coded as adopting one foreign language tool. If this com-
pany adopted an English and a Spanish tool, then this
would count as two foreign language tools. The study
also controls for the logged number of foreign hosting
tools that startups adopt on their websites."> A company
headquartered in the United States that adopted a Goo-
gle Cloud Belgium tool in a given month would be
marked as adopting one foreign hosting tool. If this com-
pany adopted a Google Cloud Belgium and also a Goo-
gle Cloud Singapore tool, then it would be coded as
having two foreign hosting tools in that month.

Summary Statistics: Tables 1 and 2 show summary
statistics comparing startups with below-median and
above-median local (HQ) country shares of website vis-
its prefeature and postfeature on the platform.'* As

Table 1. Summary Statistics of Startups Before Feature

expected, prior to featuring, startups with a higher
share of local visits see lower foreign country visit
growth. They also install fewer foreign hosting tools,
have website text that is less oriented toward foreign
regions,"” and are more likely to be in a local and
business-to-consumer (B2C) product category.'® They
are additionally more likely to be based in larger gross
domestic product (GDP) markets like the United States,
consistent with prior work (Fan and Phan 2007) and
Figure 4. That being said, the fact that there is not a
meaningful difference in the number of foreign
language tools installed suggests that both types of
startups similarly target foreign user growth. This is
consistent with the study’s motivation: Expanding into
new (foreign) markets is a common goal for startups.

4.3. Econometric Framework
To understand how foreign user growth on the plat-
form varies by startups’ local versus foreign composi-
tion of initial users, the study uses the following
specification:
Yit = B, Post + B, Post;; X Pre-LocalShare; +y; + Oy + €,
@
where 7 indicates startup and ¢ is time (in months); Y
indicates the logged number of visits to a startup’s web-
site from users who are foreign to the startup’s HQ
country; Post;; indicates whether the month is after a
startup’s feature date on the platform; Pre-LocalShare;
indicates the share of website visits that startups got
from local users (i.e., the same country as the HQ) prior
to featuring on the platform; Post; X Pre-LocalShare;
indicates how the effect of featuring on the platform
varies for startups with a higher versus lower share of
local initial users; y; represents firm fixed effects to account
for quality differences between startups, enabling a

Low local observation ~ Low local mean  High local observation =~ High local mean  Difference
Foreign country share 554 0.94 552 0.49 0.44%%*
Log local country visits 554 4.43 552 6.92 —2.49%**
Log foreign country visits 554 8.07 552 6.65 1.427%%*
Log U.S. visits 554 5.99 552 5.63 0.35*
Foreign language tools 554 0.17 552 0.17 —0.00
Log foreign language tools 554 0.08 552 0.08 —0.00
Foreign hosting tools 554 0.16 552 0.10 0.06**
Log foreign hosting tools 554 0.11 552 0.07 0.04**
Foreign-oriented text 184 0.64 177 0.51 0.13%
HQ country language count 554 6.56 552 6.98 —0.42
Local product fragmentation 554 0.39 552 0.40 —0.01
B2C product category 554 0.47 552 0.53 —0.07*
Log total visits 554 8.15 552 7.70 0.44*
U.S. HQ 554 0.25 552 0.51 —0.26***
Log HQ GDP 550 28.14 551 29.27 —1.14**
N 1,106

Note. Shows startups with below- versus above-median local initial user share.
*p<0.1;*p < 0.05; **p < 0.01; **p < 0.001.
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Table 2. Summary Statistics of Startups After Feature

Low local observation =~ Low local mean  High local observation = High local mean  Difference
Foreign country share 554 0.91 552 0.64 0.27%**
Log local country visits 554 5.19 552 6.82 —1.64%**
Log foreign country visits 554 8.14 552 7.31 0.83***
Log U.S. visits 554 6.44 552 6.29 0.15
Foreign language tools 554 0.30 552 0.20 0.09
Log foreign language tools 554 0.11 552 0.10 0.02
Foreign hosting tools 554 0.24 552 0.18 0.06"
Log foreign hosting tools 554 0.15 552 0.11 0.04*
Foreign-oriented text 242 0.68 250 0.53 0.15%**
HQ country language count 554 6.56 552 6.98 —0.42
Local product fragmentation 554 0.39 552 0.40 —0.01
B2C product category 554 0.47 552 0.53 —0.07*
Log total visits 554 8.26 552 7.93 0.33*
U.S. HQ 554 0.25 552 0.51 —0.26***
Log HQ GDP 550 28.14 551 29.28 —1.14%*
N 1,106

Note. Shows startups with below- versus above-median local initial user share.

*p <0.1;*p < 0.05; #p < 0.01; **p < 0.001.

within-firm analysis -17 and 6; indicates month-year fixed
effects to account for time variation that may influence
the number of users visiting websites over time.

The coefficient of interest is ,, which indicates how
featuring on the platform impacts startups with a
higher share of local versus foreign initial users in terms
of their foreign user growth. If this coefficient is posi-
tive, then this suggests that startups with a higher share
of local initial users achieve higher foreign user growth
after featuring on the platform. To understand the
mechanisms behind this effect, the study assesses this
specification across HQ country markets with less (ver-
sus more) linguistic and ethnic heterogeneity where we
would expect that startups and local initial users are
more familiar with one another, thus resulting in
clearer signals. Also, it assesses this effect across smaller
(versus larger) distances between the local HQ (initial)
and foreign (target) markets and in less (versus more)
locally fragmented product categories that would
make the local market more representative of the for-
eign target market, resulting in more transferable
signals.

5. Results
5.1. Local Initial User Composition and Foreign
User Growth

Do startups with a higher share of local initial users
achieve higher foreign user growth after featuring on
the platform? Tables 1 and 2 show that, after featuring
on the platform, the gap between logged foreign—and
particularly U.S.—visits narrows between startups
with an above- versus below-median initial share of
local users by more than 40%. This suggests that start-
ups with a higher share of local initial users achieve
higher foreign user growth after the platform launch.
To further investigate this trend, Figure 6 plots the

coefficients from applying Equation (1) with logged
page visits from foreign country users as the dependent
variable. Consistent with the summary tables, it shows
that startups with an above-median share of local coun-
try initial users see higher growth in website visits from
foreign countries after featuring on the platform than
do startups with a below-median share of local initial
users, despite seeing less growth in these users prior to
feature. The pattern is similar when limiting the sample
to startups based outside of the United States and focus-
ing on growth in visitors from the United States, the sin-
gle largest origin of users on the platform.

Table 3 applies Equation (1) with continuous ver-
sions of the initial share of local country users to assess
this heterogeneity more rigorously. It shows that, at
baseline (Post), startups see a 50% increase in foreign
country visits after featuring on the platform (column
1). This growth is driven by startups with an above-
median share of local initial users, which see 92%
growth in these visits (column 2). In fact, those with a
below-median share of local initial users do not see any
meaningful growth in foreign users: The coefficient on
Post is more than 10 times smaller in magnitude than
the one for startups with an above-median share of
local initial users and is not statistically significant at
the 5%-10% level (column 3). Also, the difference in
magnitudes between the two groups (Post X Pre-Local
Share) is statistically meaningful at the 0.1% significance
level, far exceeding the magnitude of the coefficient on
featuring on the platform (Post) (column 4). In other
words, startups with a higher share of local initial
users see higher growth in website visits from foreign
countries than do others after featuring on the platform.
The results are similar when assessing only non-U.S.-
based startups and their growth in U.S.-based user vis-
its (columns 5-8).
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Figure 6. Effect of Local Initial User Share on Foreign and U.S. User Growth

(a) Startups with higher local initial share of users achieve
higher foreign user growth after featuring

with
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Could it be that startups with a higher local initial
user share fundamentally differ in their quality or
objectives relative to those with a lower local initial
share? For example, startups with a higher local initial
user share could simply have more website traffic over-
all prior to featuring, perhaps because they form a dif-
ferent type of knowledge or industry experience in
their home market that enables them to later increase
foreign user growth (Mitchell et al. 1994, Shane 2000,
Cuervo-Cazurra 2011). Or perhaps they were simply
more interested in foreign users as a target market.
To help account for these possibilities, Table 4 shows
that the baseline results hold even when controlling for
funding and growth in foreign language and hosting
tools—time-varying factors that correlate with startups’
quality and market objectives that might independently
impact foreign user growth. The results also hold when
matching startups to a “twin” with a similar number of
prefeature average page visits and country markets
from the same HQ country using CEM. They continue

(b) Non-U.S. startups with higher local initial share of users
achieve higher U.S. user growth after featuring
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to hold when controlling for these prefeature average
page visits and other feature date characteristics in
Table A.7.1 in the Online Appendix.

Together, startups with a higher share of local initial
users see higher foreign user growth after featuring on
the platform. These trends are consistent with the idea
that startups with a higher share of local initial users
build products that are better able to achieve foreign
user growth after featuring on the platform.

5.2. Clarity and Transferability Mechanisms

What could be driving the higher foreign user growth
that startups with a higher share of local initial users
ultimately see? The theoretical framework suggests that
initial users who offer clearer and more transferable sig-
nals will help startups build better products for foreign
target users. These products then achieve higher for-
eign user growth. This would mean that startups with
local initial users who offer clearer and more transfer-
able signals should drive the baseline results.

Table 3. Startups with a Higher Local Initial User Share Achieve Higher Foreign User Growth After Featuring

Q) @ ®)

(4) ©) (6) @) ®)

Log foreign country visits (all HQ)

Log U.S. visits (non-U.S. HQ)

Post 0.500%** 0.923%** 0.079
(0.071) (0.108) (0.091)
Post X Pre-Local Share
_cons 6.672%** 5.803%** 7.537***
(0.050) (0.076) (0.064)
N 11,060 5,520 5,540
Firm Yes Yes Yes
Month X Year Yes Yes Yes
Sample Full High local Low local

—0.076 1.085*** 1.700%** 0.682%** 0.720%**
(0.084) (0.108) (0.180) (0.132) (0.122)
2.010*** 1.531%**
(0.213) (0.266)
6.674%%* 3.960%%* 2.468%** 4.931*** 3.962%**
(0.048) (0.075) (0.126) (0.092) (0.074)
11,060 6,860 2,699 4,160 6,860
Yes Yes Yes Yes Yes
Yes Yes Yes Yes Yes
Full Non-U.S. High local Low local Non-U.S.

Notes. Shows startups featured on platform from April 2018 to September 2020. The sample size drops because of singleton observations. Robust

standard errors are clustered at the company level.
*p < 0.1;*p < 0.05; #p < 0.01; **p < 0.001.
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Table 4. Startups with a Higher Local Initial User Share Achieve Higher Foreign User Growth After Featuring with
Funding and Foreign Technology Tool Controls and CEM
1 ) 3) 4 ®) (6)
Log foreign country visits Log U.S. visits
Post —0.077 —0.078 —0.079 —0.138 0.719%** 0.816%**
(0.084) (0.085) (0.085) (0.112) (0.122) (0.166)
Post x Pre-Local Share 2.009%** 2.013*** 2.012%** 2.049*** 1.533*** 1.349***
(0.213) (0.213) (0.213) (0.272) (0.267) (0.323)
Log Deal Size 0.103 0.103 0.055 —0.051 —0.063
(0.065) (0.065) (0.083) (0.246) (0.263)
Log Foreign Language 0.104 0.103 0.080 0.280 0.493
(0.227) (0.227) (0.343) (0.277) (0.495)
Log Foreign Hosting 0.042 0.039 —-0.141 —-0.328 —0.528
(0.305) (0.304) (0.362) (0.327) (0.419)
_cons 6.673%* 6.661** 6.661*** 6.296*** 3.980%** 3.146%**
(0.048) (0.059) (0.059) (0.072) (0.094) (0.115)
N 11,060 11,060 11,060 7,340 6,860 4,570
Firm Yes Yes Yes Yes Yes Yes
Month X Year Yes Yes Yes Yes Yes Yes
Sample Full Full Full Matched Non-U.S. Non-U.S. matched

Notes. Shows startups featured on platform from April 2018 to September 2020. Robust standard errors are clustered at the company level.

*p <0.1;%p < 0.05; #p < 0.01; **p < 0.001.

The study begins by testing the clarity mechanism.
Greater familiarity between startups and initial users
would increase the clarity of these users’ signals. This
enables startups to better learn from these early signals.
The homogeneity of the local market—for example,
where there are fewer languages spoken—would mag-
nify the familiarity because it increases the probability
that startups and initial users from the same market
share common attributes like language and cultural
norms. The analysis therefore proceeds to assess how
the difference in foreign user growth by startups with a
higher versus lower share of local initial users varies by
the number of HQ spoken languages. In effect, this
means assessing variance in Equation (1) by the number
of main languages spoken in the HQ country.

Figure 7 and Table 5 assess this variance by the HQ
spoken language count. They reveal that the local initial
user advantage (Post X Pre-Local Share) is lower in mag-
nitude where there is an above-median number of lan-
guages spoken (Table 5, column 1). The effect more
than doubles for startups based in HQ markets where
there is a below-median number of languages spoken
(column 2). When using a continuous measure of lan-
guages spoken, the difference (Post x Pre-Local Share X
HQ Language Count) is statistically meaningful at the
0.1% level, reflecting nearly 20% of the baseline (Post)
coefficient (column 3). Similar patterns emerge for eth-
nic diversity, although they are less statistically precise
(column 4). The results are also similar when assessing
US. user growth for startups based outside of the
United States (columns 5-8). These patterns suggest
that startups with a higher share of local initial users
achieve higher foreign user growth when based in

more linguistically and ethnically homogeneous local
contexts. Greater homogeneity serves to increase the
familiarity between startups and local initial users and
therefore the clarity of the signals that startups get from
these users.

The study next turns to the transferability mecha-
nism. The theoretical framework suggests that initial
users who offer more transferable signals will better
inform startups’” products, which can fuel higher for-
eign user growth. Signals from local initial users are
more transferable when the local market is more
representative of the foreign target market. This is

Figure 7. (Color online) Effect Magnifies in HQ Contexts
with Fewer Languages Spoken, Increasing the Familiarity
Between Startups and Local Initial Users and, Hence, the
Clarity of Local Signals
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Note. Shows coefficient from regressing log foreign visits after featur-
ing on the local initial user share.
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Table 5. Effect Magnifies in HQ Countries with Fewer Languages Spoken, Increasing Familiarity Between Local Initial
Users and the Startup and Therefore the Clarity of Local Signals

Q) 2 ®3) 4)

©) (6) ?) ®)

Log foreign country visits

Log U.S. visits (non-U.S. HQ)

Post 0.379* —0.200* —0.084 —0.207 0.989*** 0.625*** 0.724*** 0.452*
(0.164) (0.097) (0.085) (0.240) (0.246) (0.139) (0.122) (0.246)
Post x Pre-Local Share 1.120** 2.285*** 2.116*** 2.793*** 1.091* 1.730%** 1.536%** 2.715***
(0.384) (0.248) (0.217) (0.728) (0.460) (0.328) (0.271) (0.719)
Post x HQ Language Count 0.001 —0.001
(0.001) (0.001)
Post x Pre-Local Share —0.016%** —0.001
X HQ Language Count (0.002) (0.002)
Post x HQ Ethnic Diversity 0.233 0.817
(0.498) (0.546)
Post x Pre-Local Share —1.504 —3.083"
X HQ Ethnic Diversity (1.498) (1.828)
_cons 6.308*** 6.754*** 6.674*** 6.715%** 3.558*** 4.122%** 3.962%** 4.015***
(0.105) (0.054) (0.048) (0.051) (0.149) (0.085) (0.074) (0.082)
N 2,029 9,030 11,060 9,650 2,029 4,830 6,860 5,450
Firm Yes Yes Yes Yes Yes Yes Yes Yes
Month X Year Yes Yes Yes Yes Yes Yes Yes Yes
Sample High lang Low lang Full Full High lang Low lang Full Full

Notes. Shows startups featured on platform from April 2018 to September 2020. The sample size drops because of singleton observations. Robust

standard errors are clustered at the company level.
*p <0.1; *p < 0.05; **p < 0.01; ***p < 0.001.

particularly the case when there are fewer differences
between the local initial market and foreign target mar-
ket. To test this, Figure 8 and Table 6 now show how
Equation (1) varies by the distance between the local
(HQ) market and the U.S. target market for startups
based outside of the United States and in locally frag-
mented (versus global) product categories.

The theory suggests that the effect would magnify in
less locally fragmented categories (i.e., global categories)
that mute any local-foreign market structural differences.
Figure 8 and Table 6 both show consistent patterns with
this prediction. The local initial user effect (Post X Pre-Local
Share) more than doubles when there are smaller linguis-
tic, demographic, and economic distances between the
local (HQ) and foreign (U.S.) markets in less locally frag-
mented product categories like SaaS (columns 3, 5, and 7).
The results are similar using other proxies of market dis-
tance (Table A.5.1 of the Online Appendix). Of course,
most of the startups are in digital product categories like
business productivity and web tools that generally exhibit
globally standardized preferences, as shown in Figure 5.
Thus, the average local fragmentation is fairly low at about
04 (out of 1) (Figure 5). The low product fragmentation
mutes any structural differences between local and foreign
markets and therefore reduces the transferability penalty
that local initial users might otherwise introduce. This
may explain why the baseline results favor startups with a
higher share of local initial users: These users offer clearer
signals with little transferability cost.

Together, these results reveal that startups with a
higher share of local initial users achieve higher foreign

user growth. This effect magnifies in local (HQ) markets
that are more linguistically and ethnically homogeneous,
increasing the familiarity between the startup and local
initial users and therefore the clarity of these users’ sig-
nals. It also magnifies when there are smaller differences
between the local initial and foreign target markets and
in less locally fragmented product categories, making
those local signals more representative and therefore
more transferable to the foreign target market. These pat-
terns are consistent with the theoretical framework’s

Figure 8. (Color online) Effect Magnifies in HQ Contexts
with Smaller Linguistic Differences from the Foreign Target
Market and in Less Locally Fragmented Product Categories,
Increasing the Transferability of Local Signals
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Note. Shows coefficient from regressing log U.S. visits after featuring
on the local initial user share for non-U.S.-based startups.
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Table 6. Effect Magnifies When There Are Smaller Distances Between the HQ (Initial) and U.S. (Target) Markets,
Particularly in Less Locally Fragmented Products, Making Local Signals More Representative and Therefore More
Transferable
Q) @ ®) 4) ©) (6) @)
Log U.S. visits
Post 0.720%** 0.700%** 0.147 0.611** —0.122 0.760*** 0.483
(0.122) (0.189) (0.389) (0.184) (0.446) (0.191) (0.443)
Post x Pre-Local Share 1.537%*** 1.460%** 4.126%** 1.455%** 3.874%% 1.335%** 3.723**
(0.266) (0.407) (0.994) (0.393) (1.038) (0.392) (1.080)
N 6,860 2,559 679 2,720 550 2,660 508
Firm Yes Yes Yes Yes Yes Yes Yes
Month x Year Yes Yes Yes Yes Yes Yes Yes
HQ sample All non-U.S.  Non-English English High Low High Low
demographic  demographic economic economic
distance distance distance distance
Product sample All Local product Global product Local product Global product Local product Global product

Notes. Shows non-U.S.-based startups featured on platform from April 2018 to September 2020. The sample size drops because of singleton

observations. Robust standard errors are clustered at the company level.

*p <0.1;*p < 0.05; *p < 0.01; **p < 0.001.

conjecture that local initial users enable startups to build
products that achieve higher foreign user growth when
local signals are clearer and more transferable.

5.3. Product Iteration Channel
The theoretical section suggests that initial users inform
startups’ product iterations. These product iterations
ultimately enable these companies to offer features that
better address the needs of their foreign target users
and thereby achieve higher foreign user growth. The
analyses thus far have assessed the relationship
between initial users and subsequent foreign user
growth but not the product iteration in between. A sup-
plementary analysis sheds further light on this product
channel, leveraging technology tool data from Built-
With. Specifically, this analysis uses technology tool
installations on the websites of the startups in the plat-
form sample as a proxy of product updates. The study
then assesses whether (1) making changes to the num-
ber of tools on a website in the three months prior to
feature predicts gaining higher foreign user growth
after featuring on the platform and (2) having a higher
share of local initial users predicts this tool installation.
The tool updates could reflect either a pivot in the
product offering or the target customer base (McDo-
nald and Gao 2019, Kirtley and O’Mahony 2023). The
first type of update suggests that startups shift their tar-
get customer base after engagement with initial users.
For example, companies with a higher share of local ini-
tial users might have been initially targeting the local
market, but through engagement with initial users,
shift their target to the foreign market (e.g., if local ini-
tial users do not like the product). The second type of
update—which is more consistent with the theory of
the paper—is that startups maintain the same target

market, but they learn about ways to improve the prod-
uct through the feedback and signals of initial users.
Their product updates that incorporate these learnings
then help augment their target user growth after featur-
ing on the platform. A startup that has a large share of
local initial users may maintain a focus on the foreign
target market, but it learns about features to add to the
product from these initial users to better address the
needs of that target market. When the startup features
on the platform, the updated product might then
achieve higher foreign user growth.

To assess which type of pivot is driving the results, the
study characterizes technology tools as those related to tar-
geting a particular customer segment versus those focused
on product features (for an existing customer segment).
Tools that fall under the customer category include, for
example, ads, hosting, language, and shipping. Changes in
these tools suggest a customer pivot. For example, instal-
ling French language tools likely indicates that the com-
pany is now targeting the French-speaking market. Those
that fall under the product category include, for instance,
content management systems, feeds, media, and widgets
(e.g., chatbots). Changes in these tools are more consistent
with a product pivot, such as adding a chatbot to a website
to provide a better product experience for pre-existing
target customers.”® The study then assesses whether
changes in these customer- or product-oriented tools prior
to feature systematically vary across startups with higher
versus lower shares of local initial users and more strongly
predict postfeature foreign user growth. This analysis
sheds light on whether customer- or product-oriented
pivots help account for the baseline results.

Table 7 reports results for this analysis. Column 1
shows that startups that make more tech updates in the
three months prior to feature in terms of the logged
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Table 7. Startups with More Product-Related Tech Updates Prior to Feature Achieve Higher Foreign User Growth After
Feature, and a Higher Local Initial User Share Predicts More Tech Updates

@ @
Log foreign

3) 4) ®)
Log pre-tech Log pre-customer Log pre-product

country visits update tech update tech update
Post 0.337%%* 0.329%**
(0.101) (0.099)
Post x Pre-Tech Update 0.142*
(0.063)
Post x Pre-Customer Tech Update —-0.189
(0.140)
Post x Pre-Product Tech Update 0.213**
(0.071)
Pre-Local Share 0.266" 0.054 0.270*
(0.150) (0.073) (0.147)
Log Pre-Visits 0.044* 0.027** 0.040*
(0.018) (0.009) (0.018)
_cons 6.673*** 6.672%* 0.701%** 0.065 0.667***
(0.050) (0.050) (0.163) (0.080) (0.161)
N 11,060 11,060 969 969 969
Firm Yes Yes No No No
Month X Year Yes Yes No No No
Sample Full Full Full Full Full
Country fixed effects No No Yes Yes Yes
Product fixed effects No No Yes Yes Yes

Notes. Shows startups featured on platform from April 2018-September 2020. The sample size drops because of singleton observations. Robust

standard errors are clustered at the company level.
*p < 0.1;*p < 0.05; #p < 0.01; **p < 0.001.

absolute change in tool count (Post X Pre-Tech Update)
achieve higher foreign user growth after featuring on
the platform. The coefficient magnitude is about 42% of
the baseline effect of featuring on the platform (Post) and
is statistically significant at the 5% level. Column 2
shows that this foreign user growth is particularly
driven by logged changes in product-related tools (Post
X Pre-Product Tech Update) rather than customer-related
tools (Post x Pre-Customer Tech Update). Column 3 shows
that—on a firm level—startups with a higher share of
local initial users make about 27% more absolute
changes in their technology tool count prior to feature.
These changes are driven by product-related tools (col-
umn 5) rather than customer-related tools (column 4).'

All together, these results suggest that a higher share
of local initial users may prompt startups to iterate on
their products—more so than pivoting their target cus-
tomer segment or staying the course—in a way that
enables the startups to achieve higher foreign user
growth after launching on the platform.

5.4. Mechanism Robustnhess Analyses

The study conducts several analyses to further investi-
gate the mechanisms and alternative explanations.
Although the startup subsample analyses link clarity
and transferability to foreign user growth and the tech-
nology tool analyses link product iteration to this
growth, the combined process has yet to be observed.
An exploratory set of four experiments that directly

elicit product feedback and iteration helps shed light on
the full process of how the clarity and transferability of
initial user feedback shape product updates and ulti-
mately foreign user interest. The experiments occur in
four steps. To begin, one set of users gives feedback to
one (French) product pitch® from the platform data:
The first two experiments elicit this feedback from
both local (French) and foreign (U.S.) users, whereas
the second two only from local users. Next, another
set of users evaluates the clarity and transferability of
the feedback: Local (French) users score the clarity,
and foreign (U.S.) users score the transferability. Sub-
sequently, a human®' in the first experiment and a
large language model (LLM) in the remaining experi-
ments update the original product pitch with each
piece of feedback, producing multiple revised ver-
sions. Finally, a different set of foreign (U.S.) users
evaluates the updated pitches in terms of their im-
provement from the original pitch and willingness
to pay. Consistent with the main results, Online
Appendix A.8 shows that foreign users score higher
updated product pitches that incorporated clearer
and more transferable feedback.

An alternative explanation is that it is not the clarity
and transferability of initial user signals but rather the
home market size of startups that independently
accounts for a higher share of local initial users and sub-
sequent foreign user growth. In particular, startups
from large HQ markets might be more likely to have a
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higher share of local initial users simply because there
are more of them available. To this point, Table 1 shows
that startups with an above-median share of local initial
users are more likely to be from larger GDP and popu-
lation markets. A 2SLS framework can help account for
this possibility because the first stage takes into account
the positive relationship between HQ market size and
the composition of local initial users. Table A.9.1 in the
Online Appendix shows that the results are similar in
this framework. This suggests that home market size
independently of initial user composition is likely not
driving the results.

Yet another possibility explaining the results is that
startups with a higher local initial user share are more
motivated to reach foreign target users. They might
therefore be actively diverting away from local country
users. Indeed, Table A.10.1 in the Online Appendix
shows that these startups, although achieving higher
foreign user growth, do not gain higher local user
growth after featuring on the platform, which results in
a higher share of foreign users. This alternative substi-
tution explanation suggests that these startups would
make more foreign-oriented investments, like foreign
hosting and language tools. We would also expect to
see the share of foreign users increase steadily after fea-
ture as these investments take effect. In contrast to these
predictions, startups with a higher share of local initial
users do not adopt any more foreign language or host-
ing tools than others before (Table 1) or after featuring
on the platform (Table A.10.2 in the Online Appendix),
and their increase in foreign country share is stable after
feature (Figures A.10.1 and A.10.2 in the Online Appen-
dix). These trends are not consistent with the idea that
active diversion from local users is driving the main for-
eign user growth effect.

If startups with a higher share of local initial users
target the foreign market more, they might also be
more likely to pay to schedule the feature date when
they expect that there would be many foreign users on
the platform. These days could particularly be foreign
weekends or holidays—slack times when prior work
shows people are more likely to engage in innovative
behavior (Agrawal et al. 2018). To test this alternative
mechanism, Table A.11.1 in the Online Appendix
assesses whether startups with a higher local initial
user share are more likely to feature on these dates. It
finds that after controlling for the HQ country and
product category, startups that have a higher local ini-
tial user share are no more likely to feature on foreign
weekends and U.S. public holidays.” This evidence is
not consistent with the idea that startups with a higher
share of local initial users are selecting into heavy
foreign-user feature dates.

In addition to having different target markets, start-
ups with a higher versus lower share of local initial
users may also vary in their initial scope. This scope

may independently impact subsequent foreign user
growth. For example, startups with a higher share of
local initial users may have a narrower scope and there-
fore have more room to grow their foreign user base
after featuring on the platform. Table A.12.1 in the
Online Appendix shows that startups with a higher
share of local initial users have no narrower of a scope
than others, and this scope does not meaningfully pre-
dict subsequent foreign user growth. These findings are
not consistent with the alternative explanation that a
narrower scope independently impacts subsequent for-
eign user growth.

Lastly, foreign users’ confusion rather than interest
in startups with a higher share of local initial users may
account for the foreign user growth outcome. If this
were the case, we would expect that the foreign user
growth would be short term. Table A.13.1 in the Online
Appendix shows the same regressions conducted for 6
months after feature but now for 12 months after fea-
ture. It shows that the results persist 12 months after
feature, which is more consistent with interest in the
product rather than short-term confusion. Further, in a
second supplementary experiment in Table A.14.1 in
the Online Appendix, evaluators give higher ratings
when randomly shown products of startups with a
higher (versus lower) share of local initial users from
the observational platform data. These higher ratings
are not only in terms of interest in clicking on the
startup’s website but also in terms of novelty and will-
ingness to pay. The results suggest that the clicking
behavior in the observational data reveals at least some
genuine interest in the product.

6. Discussion and Conclusion

6.1. Summary

The study assesses whether startups with a higher
share of local initial users achieve higher subsequent
foreign user growth. This choice of local versus foreign
initial users presents startups with a distinct tradeoff
between getting clearer versus more transferable sig-
nals. Local initial users offer clearer signals of demand,
whereas foreign ones offer more transferable signals.
Using a platform as a setting to test this theory, the
study finds that startups with a higher share of local ini-
tial users achieve higher foreign user growth after fea-
turing on the platform. This effect magnifies in more
linguistically and ethnically homogeneous local HQ
markets where startups and local initial users are more
familiar with one another, and therefore these users can
offer clearer signals. It also magnifies when there are
smaller structural differences between the local and
foreign markets in less locally fragmented product
categories, making local signals more representative
and therefore more transferable to the foreign target
market.
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Together, these patterns are consistent with the idea
that the clarity benefits of local initial users exceed their
transferability costs when in globally standardized
product categories like the digital ones that are most
common in the platform sample and among high-
growth startups more broadly. This net effect, however,
many not be the case in more locally fragmented prod-
uct categories where local signals carry a higher trans-
ferability penalty.

6.2. Contributions to Theory

The study contributes to a growing body of work asses-
sing how startups expand into their target markets. Prior
work suggests the importance of initial users for this
expansion (Bingham and Eisenhardt 2011, Gans et al.
2019, Moeen et al. 2020, Cao et al. 2024). This study illu-
minates which initial users are most helpful for inform-
ing this target market demand in order to ultimately
achieve growth in these markets. Specifically, the results
suggest that learning from initial users can enable start-
ups to achieve higher target user growth when there is
greater familiarity between the startup and its initial
users, as well as when the initial market is more repre-
sentative of the target market, increasing both the clarity
and transferability of these users’ signals. In the digital
context studied in this paper—where preferences are
generally standardized across the globe—local initial
users may be particularly valuable sources of clear sig-
nals with little transferability penalty.

In doing so, the research also sheds light on how the
digital era impacts a long-standing body of work on
new market entry (Kogut and Chang 1996, Guler and
Guillen 2010). Rather than rendering local geography
as irrelevant (Cairncross 1997), the digital context actu-
ally makes this geographic boundary more important
for companies to gain clear signals of demand that they
can then more easily transfer to their new (target) mar-
ket. As a result, firms can attract new market demand
even without prior experience in that market. This
might make experience outside of the target market less
of a penalty (Zaheer 1995, Shaver et al. 1997) and even
an advantage if it offers clearer signals of demand. Cru-
cially, this depends on the local fragmentation of the
product category.

Lastly, the study contributes to a growing body
of research assessing the impact of intermediaries
like platforms and accelerators on startup growth.
Although prior work finds that factors like the found-
ing environment, product category, size, gender orien-
tation, and connectedness of startups shape the effects
of intermediaries (Armanios et al. 2017, Fehder 2023,
Wright et al. 2023b, Cao et al. 2024, Meyer et al. 2024,
Wang et al. 2024), this research reveals that the compo-
sition of initial users also matters. Specifically, the abil-
ity to grow target users, which the platform affords,
might accrue more to startups with a higher share of

local initial users. This growth in target, and specifically
foreign, users also reveals such platforms as an impor-
tant avenue of startup internationalization, in addition
to digital technologies like machine learning and com-
munication technology found in prior work (Oviatt and
McDougall 2005, Reuber and Fischer 2009, Brynjolfsson
et al. 2019). By enabling users to gain visibility to start-
ups (Meyer et al. 2023, 2024), these platforms may
enable firms to internationalize early in their life cycle
(Oviatt and McDougall 2005, Fan and Phan 2007) rather
than expanding gradually (Johanson and Vahlne 1977).

6.3. Limitations and Opportunities

The study faces several limitations that open avenues
for future work. Empirically, isolating the link between
startups’ learning from initial users and foreign user
growth is challenging. Startups with more local versus
foreign initial users may differ in ways that indepen-
dently affect foreign growth. The platform’s focus
on early-stage technology startups seeking foreign
expansion mitigates some concerns, while startup fixed
effects, time-varying controls, coarsened exact match-
ing, a 25LS approach with HQ market size, and related
analyses further address them. However, unobservable
factors may shape initial user composition. Regression
to the mean also cannot be fully ruled out, though
subsample analyses suggest it is not driving results.
Finally, the data do not directly capture feedback from
initial users, motivating supplementary experiments in
this study. Future work may exploit natural or field
experiments to better identify the causal impact of the
initial user composition.

The platform’s features that strengthen internal
validity also can limit external validity. The startup
sample is concentrated in information technology,
where cross-border differences in user preferences are
relatively small (average product fragmentation = 0.4;
Figure 5). This likely explains why startups with a
higher share of local initial users show higher foreign
user growth: Low transferability costs make the benefit
of clear local signals outweigh any loss in representa-
tiveness. In more fragmented industries, such as
manufacturing, transferability costs may be greater,
enabling startups with a higher share of foreign initial
users to achieve higher foreign user growth. Thus,
product fragmentation emerges as a key boundary con-
dition, with digital products limiting the transferability
costs of nontarget initial user markets.

The platform setting also may exclude startups that
choose to pursue different approaches to market expan-
sion. For example, startups that choose to target proxi-
mate rather than global markets may not face a tradeoff
between clarity and transferability, which is at the heart
of this study. Additionally, startups that choose to
gradually enter new markets rather than broadly
launch to these markets also do not surface in the data.
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This prevents assessing the timing of the shift from ini-
tial users to the target market, which may impact new
user growth independently of the learning dynamics
investigated in this study. These empirical boundary
conditions are valuable areas for future work.

The study examines market segments defined by
international geography, but the clarity-transferability
tradeoff may also arise across industry segments. Some
industries may be more familiar to entrepreneurs, mak-
ing signals from initial users clearer but less representa-
tive of the target segment. For instance, an entrepreneur
with manufacturing experience who is developing an
IT product for finance may find manufacturing user
feedback clearer yet less transferable due to structural
differences between industries—even within the same
country. If cross-country differences exceed cross-
industry ones (Ghemawat 2001, Berry et al. 2010), the
effects in this study likely represent an upper bound.
Exploring this tradeoff within industry-defined mar-
kets is a promising avenue for future research.

The study additionally assesses young ventures
rather than mature firms. The early-stage nature of
these firms with less organizational inertia (Zhang et al.
2016, McDonald and Gao 2019) and a high sensitivity to
external signals (Gans et al. 2019, Ott and Eisenhardt
2020, Pillai et al. 2020, Kirtley and O’Mahony 2023)
might explain why initial users profoundly matter for
their product development and understanding of target
markets. Further work may assess whether mature
firms—that also regularly expand into new markets
(Berry and Kaul 2022)—exhibit similar effects. If so, in
what circumstances? For example, one could imagine
that the importance of initial users might emerge
for mature firms in highly uncertain contexts. This
would reveal the importance of uncertainty in ex-
plaining these results. But if not, organizational iner-
tia may inhibit learning, suggesting that the absence
of such inertia explains the results observed among
young firms.

The analyses also assume that the HQ country of a
startup is where most of the team is located and there-
fore where it has the most familiarity. However, startup
teams are becoming increasingly international, for
example, with the rise of distributed models and
remote work (Choudhury et al. 2021, Chauvin et al.
2024). This trend may introduce heterogeneity in the
clarity benefits that startups gain from initial users in a
given location. In doing so, this international team com-
position may dilute the value of initial users from a
startup’s HQ market even in globally standardized
product categories like enterprise software—a fruitful
area to investigate in future work.

The heterogeneity between local and foreign initial
users is at the core of this paper because the clarity-
transferability tradeoff that it presents to startups can
have important implications for target user growth.

However, other heterogeneities in the initial user mar-
ket and their tradeoffs may also have important impli-
cations for expanding into target markets and thus be
valuable to study. Future work may assess the tradeoffs
of, for example, small versus large or homogeneous
versus heterogeneous initial user markets. These initial
user characteristics can have profound implications for
entrepreneurial strategy and growth.

Lastly, the study assesses startups’ learning at a sin-
gle point in time (in the three months prior to platform
launch). Given the high uncertainty that young ven-
tures face, anticipating which initial users offer the
“optimal” signals is often difficult in this early period.
But we would expect that over time, startups might
learn to “learn.” Specifically, they might anticipate that
foreign user signals are less clear, so they will weigh
them less or even not seek them out altogether. Theoriz-
ing and testing the evolution of this learning process is
a valuable area for future work.

6.4. Practical Implications

These findings reveal several implications for practice.
Importantly, they shed light on the beachhead mar-
kets* which can most effectively position startups to
gain target market demand. The study suggests that a
beachhead market that is more familiar to the startup
and still representative of the target user market en-
ables startups to update their products in ways that
attract target market demand. When applied to foreign
expansion decisions, startups may be able to start with
a local beachhead to derive clear and transferable les-
sons before entering a foreign target market. This is par-
ticularly the case in the context of digital products that
tend to be globally standardized, making any initial
market relatively representative of the target one.

The results also show that platforms can be valu-
able tools for startups to grow in foreign markets. In
doing so, they can help startups overcome the con-
straints of their local market size. But rather than
completely bypassing the local market, this research
suggests certain contexts in which startups may parti-
cularly benefit from focusing on local initial users to
improve their product. Doing so may enable them to
achieve higher foreign user growth on these plat-
forms when the startups work in product categories
that have globally standardized product preferences,
like in the digital ones central to this research. In these
contexts, startups gain signals from local initial users
that are not only clearer but also transferable to for-
eign target markets.

Further, the study reveals novel ways for researchers,
managers, and investors to track the geographic market
orientation of young companies over time. The study
uses the geographic composition of page visit data, for-
eign technology tool website adoption, and the regional
orientation of website text using a supervised machine
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learning algorithm in order to define the market orien-
tation and geography of young companies. Such mea-
sures may be more informative for young companies
rather than HQ or subsidiary locations as traditionally
used to define geography for mature companies
because young technology companies often operate
almost entirely virtually in distributed models, espe-
cially in the post-COVID era.

In conclusion, the study shows that startups with a
higher share of local initial users achieve higher subse-
quent foreign user growth. This is especially the case in
local markets that exhibit higher familiarity between
the startup and initial users and are more representa-
tive of the target market, conditions under which the
clarity benefits of local signals outweigh their transfer-
ability costs. Together, these results reveal that the
composition of initial users—through the clarity and
transferability of their signals—can have a profound
effect on the scaling trajectories of entrepreneurial ven-
tures around the world.
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Endnotes

" Local initial users are based in the home market of the startup.
Foreign initial users are based in the startup’s target market, which
is distinct from the startup’s home market. The study defines the
startup’s home market as the startup’s headquarters country, where
startup founders often originate and have extensive educational
and work experience (Michelacci and Silva 2007, Dahl and Sorenson
2012). In some cases, however, startup founders might come from
other locations beyond the headquarters country. In other cases,
startups might change their headquarters country; however, this
happens in less than 1.5% of firms according to Shi et al. (2024). In
these cases, the founders” and startups’ original locations may also
theoretically characterize the startup’s home market.

2 The homogeneity of the initial market also reduces variance across
initial user signals. It therefore makes it more likely that most of the
initial users either like or do not like the product, rather than only
some liking and others not liking the product. When signals move
in the same direction, startups can more easily understand the
aggregate patterns in that market’s demand. Crucially, this lower
variance makes it easier for any startup—mnot just ones that come
from the same market as the initial user—to make sense of the given
initial market’s demand.

3 The World Bank reports that GDP per capita in Ukraine was 5,390
USD, and it was 85,810 USD in the United States in 2024 (the latest
year of data). For more information, please refer to https://data.
worldbank.org/indicator/NY.GDP.PCAP.CD.

“ There are slightly fewer startups from Latin America and the
Caribbean and more startups from the Middle East and North
Africa. Each region is a fairly small share of the total sample (less
than 3%). Table A.2.1 in the Online Appendix shows that the results
are robust to excluding these regions from the final analysis. They
are also similar when excluding either U.S. startups or European
startups—the top HQ locations of startups on the platform.

SAll log values indicate log(value + 1) to account for zero values.

© The results are similar if, instead of averaging monthly shares of
visits, the study computes the three-month HQ share as total HQ
country visits over the three months prior to feature divided by
total visits in that period.

7 The results are also robust to different measures of local versus
foreign initial users. Specifically, they hold when measuring foreign
initial users based on cultural, political, knowledge, demographic,
economic, geographic, and linguistic differences between the HQ
country market and the top user country market three months prior
to feature, using measures from Berry et al. (2010) (Table A.3.1 in
the Online Appendix).

8 The primary language is defined as the first listed language of the
HQ country because these languages are generally shown in order
of popularity. Results are similar when using an indicator for
whether English is an official language in that country.

9 The results are similar when using the original sample of 8,396
startups (at first feature) with available HQ country and website
information, as shown in Table A.5.2 in the Online Appendix. The
main local fragmentation measure made from the final sample and
the measure made from the original sample are highly correlated
(correlation = 0.9).

10 “SaaS” refers to software-as-a-service, a category that typically
reflects enterprise-oriented software products.

" Prolific respondents specifically complete the following task:
“Please select all of the product categories where you would expect
to see LARGE differences in customer tastes across countries.” The
Prolific respondents were 30 years old on average, 44% had full-
time jobs, and 39% were students. The categories with the highest
percent (52%) were “Food and Beverage” and “Lifestyle.” The cate-
gories with the lowest percentage agreement (6%-8%) include
“PaaS,” “laaS,” and “SaaS.” “Local” product categories are ones
where the first keyword is at least a 30% agreement rate and
“global” product categories as the rest. As expected in the globally
skewed nature of IT, this leaves 21% in a local product category
and the remaining in global product categories. A similar prompt
to a large language model (LLM) and a research assistant corrobo-
rate the Prolific responses.

2 The study identifies foreign language tools as those that Built-
With tags as a “language” tool, except for those that (1) match the
primary language spoken in an HQ country using the same data set
and approach as used to define linguistic structural differences or
(2) contain a language name that corresponds to a specific dialect of
an HQ country (e.g., “Swiss French” for Switzerland). In the rare
case that a language installed on a website is not the primary lan-
guage in any HQ country in the data set, the study instead uses the
country where that language is an official language (e.g., Urdu is not
the primary language in any HQ country in the data set but is an
official language in Pakistan). The results are similar when using the
official language rather than primary language in an HQ country.

'3 The study identifies foreign hosting tools as tools that BuiltWith
specifically tags as a “hosting” tool, which includes the word
“global” or the name of a region, country, city, or primary language


https://data.worldbank.org/indicator/NY.GDP.PCAP.CD
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that is not associated with a startup’s HQ country. The approach to
identify a primary language is the same as the one used to measure
linguistic structural differences.

4 Table A.4.1 in the Online Appendix shows summary statistics of
the main dependent, explanatory, and control variables of all of the
firms. Tables A.4.2 and A.4.3 in the Online Appendix show these
statistics for startups with above- and below-median shares of local
initial users prior to feature.

"5 This foreign-oriented text variable reflects whether the predicted
region of a startup’s website text is different from the actual HQ region
of the startup. It is created using a supervised machine learning algo-
rithm that detects the region of a corpus of text trained on startup
descriptions of about 500,000 startups with the associated HQ regions
as the labels from PitchBook. After fitting the data to several supervised
algorithms, including random forest, neural network, and logistic
regression, the logistic regression achieves the highest accuracy rate at
62%. This measure covers nearly half of the companies in the data set
where historical website data in the sample period were available from
the Internet Archives. The supervised approach has an advantage over
unsupervised similarity measures in that it does not assume weights
for the underlying text vectors, as would an unsupervised approach.
The supervised algorithm infers weights from the training data of
startup descriptions. Because website snapshots are not available on a
regular monthly basis and are only available for a smaller subset of
firms, the analyses using this variable are inherently noisier.

18 The study creates this B2C versus B2B product categorization by ask-
ing 50 human coders to review the product categories from the observa-
tional data and then indicate which of these categories target
consumers. It then uses the ones with at least 50% agreement among the
coders as keywords that indicate B2C. These keywords for B2C include,
for example, “shopping,” “universities,” “restaurants,” and “games.”

s

17 The results are robust to instead including HQ country fixed
effects, as shown in Tables A.6.1-A.6.3 in the Online Appendix.

'8 The study identifies tools under the customer category as those
that BuiltWith tags as “ads,” “agency,” “hosting,” “language,”
“payment,” and “shipping,” and the remaining tools under the
product category. These measures are highly correlated with those
created when asking an LLM to code each technology tool based on
its name, description, and tag using the following prompt: Please tag
each tool as a “product” or “customer” tool. Product tools improve or
shape the product itself. Changes in product tools suggest a pivot in the
product: The startup keeps the same target market but adapts how the
product is built or delivered. Customer tools indicate or affect the target
customer base. Changes in customer tools suggest a pivot in the target
market after engagement with initial users. When tagging, keep in mind
that some tools can influence both product delivery and customer orienta-
tion. In such cases, prioritize whether the tool mainly signals the market
being served (customer) or mainly alters the product’s functionality (prod-
uct). To account for variability in LLM coding, the study runs the
prompt five times and averages the resulting “customer” and
“product” scores. It then ultimately codes a tool as a “customer”
tool if the average customer score is greater than or equal to 0.5 and
0 otherwise; the same approach applies to a “product” tool. The
customer and product LLM scores have over a 0.9 correlation with
those using the original approach. The final results are also similar
with the measures using the LLM coding.

19 The table clusters standard errors at the company level consistent
with the baseline analyses. The results are directionally consistent
when clustering at the HQ country level.

20 The study uses a French product pitch because France is one of
the top non-U.S. startup HQ countries from the platform observa-
tional data.

2! The human who updates the original pitch with each piece of feed-
back is the same local user evaluating feedback in the previous step.

22 The analyses assessing feature dates during U.S. public holidays
exclude U.S.-based startups.

2 A beachhead market is “a small market segment [an entrepre-
neur] can control until [the] company has sufficient resources to
enter other markets” (Aulet 2017, p. 40).
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