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ABSTRACT

This study presents the first large-scale analysis of face-based impression factors in

the venture capital (VC) industry. Using machine learning to extract key impression

factors from founders’ photos, we find that perceived trustworthiness, dominance, and

attractiveness significantly predict VCs’ initial funding decisions, with relative impor-

tance varying by founder gender, team composition, and industry. These factors also

predict the funding amount, follow-on financing, and longer-term outcomes, such as

unicorn status and acquisitions. Therefore, even experienced investors rely on facial

cues when evaluating founders, and such cues may serve as imperfect but informative

signals of venture success.
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1 Introduction

Economic evaluations often occur in environments in which judgments are based not

only on hard information about the proposal but also on soft signals about the presenters

themselves. One immediate and salient source of such soft information is the presenter’s face.

A large body of evidence from neuroscience and behavioral research suggests that face-based

impressions, such as perceived trustworthiness, attractiveness, and dominance, form rapidly,

often within milliseconds, and shape evaluative judgments and behavior (Schiller et al.,

2009, Todorov, 2017). Despite this evidence, it remains unclear whether such impressions

influence financial decision-making in high-stakes professional settings. It is also unclear

whether relying on these impressions is rational, or instead reflects misweighting of facial

cues relative to other information.

This paper addresses this question by providing, to our knowledge, the first large-scale

empirical analysis of the role of face-based impressions in the investment decisions of venture

capitalists (VCs). VCs are among the most consequential participants in financial markets.

They finance early-stage innovation, deploy capital under extreme uncertainty, and exert

substantial influence over firm trajectories and economic growth (Gornall and Strebulaev,

2021). Their decisions therefore provide a natural and economically important setting in

which to examine whether first impressions shape capital allocation, and whether the reliance

of such impressions reflect rational decisions or an overreliance on facial cues.

We construct a comprehensive dataset of U.S.-based startups and their founders, com-

prising 57,460 startups founded between 2012 and 2021, 74,137 distinct founders, and 2,498

investors. Using machine-learning methods to extract facial characteristics from founder

images, we provide systematic evidence that face-based impressions significantly predict VC

funding decisions and subsequent venture outcomes. We further document heterogeneity in
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these relationships across founder gender, team composition, and industry. Taken together,

our findings indicate that facial cues are meaningfully associated with investment decisions

even among some of the most experienced professional investors in financial markets.

Venture capital provides an ideal context for studying first impressions as a decision

heuristic in high-stakes uncertain environment. VCs make infrequent but high-impact in-

vestment decisions in environments characterized by high uncertainty, severe information

asymmetry, limited objective performance data, and substantial time pressure. Venture

quality is difficult to verify ex ante, and investors often compete for access to promising

deals. Even though VCs are highly sophisticated, these conditions increase the potential

role of soft information and intuitive judgment in decision-making (Gompers et al., 2020).

Anecdotal evidence frequently emphasizes the importance of instinct in early-stage investing,

suggesting that subtle cues may shape evaluations when conventional metrics are unavail-

able.1

We apply machine learning algorithms to founder profile photos to extract perceptual di-

mensions of face-based impression factors known to shape social judgments. Specifically, we

use a three-factor model identified in prior research (Oosterhof and Todorov, 2008, Vernon

et al., 2014), consisting of perceived trustworthiness (Trust), dominance (Dom), and attrac-

tiveness (Attract). These dimensions capture perceived approachability, strength/confidence/

assertiveness, and attractiveness/youthfulness, respectively. Cognitive psychology research

suggests that this three-factor structure accounts for a wide range of trait impressions, ex-

plaining roughly 72% of the variation in first impressions formed from observing faces (Oost-

1For example, Masayoshi Son, founder of SoftBank, said of Jack Ma in an interview on The David
Rubenstein Show: “He had no business plan, zero revenue ... But his eyes were very strong. I could tell
from the way he talked, he has charisma, he has leadership” (Alpeyev, 2020). Similarly, Charles Hudson,
managing partner at Precursor Ventures, noted that at the pre-seed stage, “there’s not much for a VC to
analyze—no revenue curve, no retention metrics, no CAC. That doesn’t mean they’re guessing. It means
they’re watching everything else” (TechCrunch Events, 2025).
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erhof and Todorov, 2008, Sutherland et al., 2013).

We first examine whether the face factors influence the likelihood of securing VC financ-

ing. We find that, after controlling for a rich set of observable firm-level and founder-level

characteristics, all three factors are significantly associated with the probability of receiving

VC financing. The economic magnitudes of these effects are comparable to, and in some

cases larger than, those of traditional founder characteristics emphasized in the VC litera-

ture. Among these traits, Trust emerges as the most robust and economically meaningful

predictor: a one standard deviation increase in perceived founding team trustworthiness is

associated with a 1.17 percentage point increase in the likelihood of receiving VC funding,

corresponding to a 6.9% increase relative to the unconditional probability. Perceived domi-

nance and attractiveness are also associated with funding, though with smaller magnitudes.2

We document substantial heterogeneity in how face-based impressions is associated with

VC decisions, shaped by characteristics such as founding team gender composition, team size,

and industry. For example, Trust predicts funding for all-male and mixed-gender teams, but

not for all-female teams.3 Dom is most relevant for multi-founder teams that include male,

but does not predict funding for solo founders or all-female teams. The result is in line

with Dom signaling assertiveness and leadership, traits that are especially relevant in group

settings in which investors assess internal team dynamics. Attract has a particularly strong

association with funding decisions for mixed-gender teams than in homogeneous teams.

2By comparison, a one standard deviation increase in the average educational background of the team,
measured by the share of members with Ph.D. or STEM degrees, raises funding likelihood by 0.97 and 1.20
percentage points, respectively, while the share of MBA or Master’s degrees has no significant effect. In terms
of prior experience, a one standard deviation increase in the share of team members with the CEO, C-Suite,
investor, or top employer experience increases funding likelihood by 0.83, 1.08, 2.16, and 1.48 percentage
points, respectively.

3Consistent with psychology research (e.g. Olivola and Todorov, 2010, Oh et al., 2019), we find that,
on average, female founders are perceived as more trustworthy and more youthful/attractive than their
male counterparts. Because these traits are more commonly observed among women, they may carry less
informational value for investors evaluating female-led ventures.
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Industry-level analysis reveals additional heterogeneities. Trust emerges as a broadly

influential trait, particularly in the sectors in which trustworthiness and perceived reliability

are critical to success. However, its predictive power diminishes in the Healthcare sector,

where the average founder Trust level is already high. This suggests that when a facial trait

is widely prevalent within an industry, it becomes less informative for VCs as a differentiating

signal and does not always translate into a financing advantage. Similarly, while Attract is

insignificant for Consumer Products and Services, where the industry average is the highest,

it is significant for Healthcare. Dom, for which founders in Biotech and Hardware tend

to have a high score on average, is not significantly associated with VC financing in these

sectors. It significantly predicts VC financing in Financial Services and Healthcare, possibly

reflecting some reliance on stereotypes of confidence and strength in these industries.

These findings suggest that VCs rely, at least in part, on intuitive judgments based on

facial cues when making investment decisions. This naturally raises a central question: does

such reliance reflect judgment errors, or does it align with venture performance outcomes?

If facial cues merely bias initial impressions, their influence should dissipate over time as

investors acquire more information. If instead these cues capture economically relevant

traits, their predictive power should persist beyond the initial financing decision.

To distinguish between these two hypotheses, we examine a broad set of post-investment

outcomes, including follow-on financing, total capital raised, the likelihood of reaching uni-

corn status, and exit events through IPOs and acquisitions. We find strong evidence in favor

of the rational-information hypothesis.

All three face factors continue to predict subsequent funding outcomes, and Dom is

a particularly strong predictor of total capital raised across financing rounds. In contrast,

Trust and Attract have no significant effect on investment size once funding is secured. These
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findings suggest that, whereas perceived trustworthiness and attractiveness are important

during initial selection, perceived dominance becomes more relevant in shaping the scale of

investor commitment. Perceived attractiveness uniquely predicts the likelihood of achieving

unicorn status, while trustworthiness and dominance are associated with successful exit

outcomes, especially acquisitions.

We further explore a particularly meaningful venture outcome: reaching unicorn status,

a benchmark often used in venture capital to indicate exceptional growth potential.4 Given

VCs’ focus on identifying “home runs” that deliver outsized returns and offset the high

failure rate of early-stage investments, becoming a unicorn represents a particularly relevant

success outcome. We find that Attract uniquely predicts the likelihood of achieving unicorn

status. Additionally, Trust and Dom are significant predictors of successful exit outcomes,

especially acquisitions.

Importantly, we provide evidence thatTrust, the most robust predictor of VC financing,

also predicts venture success even among firms that never receive VC financing. These results

suggest that facial cues capture information that is relevant beyond VC selection itself.

Although we cannot fully rule out self-fulfilling dynamics whereby VC support amplifies

initial impressions, we find no evidence that ventures favored on the basis of facial traits

perform worse ex post. This pattern suggests that reliance on facial cues, even if shaped by

norms or stereotypes, may be rational within the institutional environment in which VCs

operate.

Our study contributes to several strands of literature. A growing body of research in

economics, finance, and accounting highlights the importance of face-based inferences for

4A unicorn refers to a privately held startup valued at over $1 billion, a milestone often used in venture
capital to signal exceptional growth potential, investor confidence and market impact.
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individual-level outcomes.5 More recent work focus on firm-level outcomes. Closely related

to our paper, Huang et al. (2023) find that angel investors are highly responsive to founders’

facial traits in televised competitions, while Hu and Ma (2025) find that delivery style and

expressiveness in accelerator video pitches significantly increase financing likelihood.6

Several important distinctions set our paper apart. First, we obtain different conclusions

regarding how impression factors relate to investment outcomes. Whereas previous studies

suggest that reliance on impression factors by angel investors or accelerators may reflect poor

judgment, we find that VCs’ reliance on face factors aligns more consistently with favorable

outcomes. For instance, unlike the evidence from accelerator programs (Hu and Ma, 2025),

we do not find that VCs’ use of facial cues is associated with systematically worse outcomes.

Similarly, whereas Huang et al. (2023) find that angels sometimes irrationally favor charm

over competence, we find that Attract, plausibly linked to charm, is positively correlated

with the success metrics that VCs prioritize.

Second, these differences likely reflect important fundamental institutional distinctions

between VCs, angels, and accelerators, in organizational structure, fiduciary obligations, and

post-investment involvement.7 As a result, our findings are economically meaningful: VCs’

5Attractiveness is linked to more favorable judicial rulings (Zebrowitz and McDonald, 1991) and higher
wages (Mobius and Rosenblat, 2006). Perceived trustworthiness affects political election outcomes (Todorov
et al., 2005), corporate advancement (Linke et al., 2016), loan terms (Duarte et al., 2012), and auditor tenure
(Hsieh et al., 2020). Perceived competence is associated with CEO compensation (Graham et al., 2017),
whereas analysts’ facial features predict performance, career progression (He et al., 2019, Cao et al., 2020, Li
et al., 2020, Peng et al., 2022), and financial misreporting (Jia et al., 2014). Moreover, face-based personality
traits have been found to predict labor market outcomes among MBA graduates (Guenzel et al., 2025).

6In a crowdfunding setting, Duan et al. (2020) show that entrepreneurs’ facial trustworthiness is positively
associated with campaign success. Blankespoor et al. (2017) construct a composite measure of investor
perception from 30-second IPO roadshow videos and find that it is positively associated with pricing.

7VC firms operate under formal institutional structures. Angel investors generally invest their own
capital via informal networks, while accelerators offer startups short-term, intensive support, within a more
experimental framework (Lerner et al., 2018, Cohen et al., 2019, Hellmann et al., 2021). In contrast, VC
firms manage pooled funds, conduct rigorous due diligence, and actively engage with portfolio companies
post-investment. They are also bound by fiduciary duties to protect their limited partners’ (LPs) interests.
These institutional features suggest that VCs should rely on systematic, data-driven evaluations rather than
subjective cues.
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decisions carry substantially greater weight given the scale of capital committed and the

influence VCs exert on firm trajectories. The VC market is also orders of magnitude larger,

projected to reach $1.41 trillion in 2025 (Mordor Intelligence, 2025), compared with $1.9

billion for startup accelerator market in 2024 (Market.us, 2025).8

Third, the scale of our analysis, which is considerably larger than that of related studies,

allows us to provide new evidence on how startup and founding team characteristics interact

with face-based impressions. Leveraging a rich set of controls, we document systematic

heterogeneity across industries, team structures, and gender composition.9 These results

highlight that the role of face-based impressions is highly context dependent.

More broadly, our findings expand the set of founder characteristics that matter for

entrepreneurial success. While prior research emphasize financial and managerial skills (Ka-

plan and Strömberg, 2000, Kaplan and Stromberg, 2004, Kaplan et al., 2009, Bernstein

et al., 2017, Gompers et al., 2020, Gonzalez-Uribe et al., 2023), we find that perceptual

traits inferred from facial appearances also play an economically meaningful role in shaping

investment decisions and firm outcomes.

2 Data

This section outlines our primary data source, provides the details of the sample construc-

tion process, explains the development of key measures, and presents descriptive statistics.

8See: https://www.mordorintelligence.com/industry-reports/united-states-venture-capital-market,
and https://market.us/report/startup-accelerator-market/.

9Our final sample includes 57,460 startups, 74,137 distinct founders, and 2,498 investors. By comparison,
Hu and Ma (2025) examine 1,139 startup founders, Huang et al. (2023) study 379 entrepreneurs, and
Blankespoor et al. (2017) analyze 224 CEOs of IPO firms.
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2.1 Startup and VC Financing Data

In this subsection, we provide an overview of our primary dataset, Crunchbase, and

describe the procedures used to construct our sample.

2.1.1 Overview of Crunchbase data

Our primary dataset is derived from Crunchbase, one of the most comprehensive and

widely used commercial databases for startup-related information and venture capital in-

vestments. Several studies have validated the accuracy of Crunchbase data, particularly

for U.S.-based startups, and it has become an increasingly prominent data source in aca-

demic research (Dalle et al., 2017, Retterath and Braun, 2020). A distinctive advantage of

Crunchbase over traditional venture capital databases (e.g., Pitchbook, VentureXpert, Ven-

ture Source, AngelList) lies in its broader coverage: it includes not only VC-backed firms but

also startups that have not at all, or not yet, raised external financing. Moreover, Crunch-

base provides comprehensive coverage of both private and public ventures, including detailed

profiles of founders, employees, and investors. These features are particularly valuable for

our analysis because they offer a representative view of the high-growth entrepreneurial land-

scape. The data structure simplifies founder identification and, crucially, grants access to

profile images. These images are essential for extracting face factors, a key ingredient of our

study.

The platform may exhibit some bias toward companies actively seeking funding because

of its user-contributed and investor-oriented nature. This bias, to whatever extent it may

be present, if anything, is advantageous for our purposes. Our study aims to examine VC

investment behavior, which necessitates a pool of non-VC-backed companies that are still

entrepreneurial in nature and are plausibly in the process of, or inclined toward, seeking
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external funding. Therefore, Crunchbase is particularly well-suited for our study.

2.1.2 Sample construction

We describe our sample construction, which is also summarized in Appendix Table A3.

From the full set of over 3.7 million organizations exported from Crunchbase in January 2025,

we retain for-profit companies with available founding year, industry classification, country

of location, and at least one identified founder, excluding records with incoherent temporal

data such as exits preceding founding dates or IPOs after closure. This yields 656,219 unique

companies (17.5% of the original dataset) and 950,963 company-founder observations.10

We then focus on U.S.-based startups and investors, producing 350,305 founder-organization

pairs, and restrict the sample to startups founded between 2012 and 2021, resulting in 153,895

founder-company pairs. These temporal bounds ensure sufficient post-founding time to ob-

serve VC rounds and reduce photo-to-founding lags in face-factor measurement. After these

filters, the dataset covers 90,936 companies, including VC-backed and non-financed firms,

with VC rounds identified by funding stage and investor type. Finally, we require usable

founder photographs for the majority of the founding team, i.e., images of sufficient quality

to extract facial features.11

Our final sample consists of 80,198 company-founder observations from 57,460 startups

and 74,137 distinct founders, with VC-backed startups representing 17% of all startups and

the remainder having no recorded external financing. The percentage of VC-backed startups

is higher than the commonly cited figure of less than 1% among all new U.S. businesses (Puri

10The requirement for detailed company information removes 29% of the observations, and the founder
requirement eliminates a further 75% of the remainder.

11Investors often discover founders through digital platforms such as Crunchbase or LinkedIn, which serve
as modern resumes; profile photos thus provide a standardized first point of visual contact. These images
are typically curated to professional norms, ensuring reliability for analysis. While we cannot verify that
Crunchbase directly sources photos from LinkedIn, the two platforms have partnered on profile integration
since 2018 (see: https://about.crunchbase.com/blog/crunchbase-insights-linkedin-pages/.)
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and Zarutskie, 2012), reflecting our focus on high-growth startups actively seeking venture

capital.

Our Crunchbase data provide extensive information on companies (e.g., founding date,

detailed industries, location, amount of financing raised, if any, characteristics of participat-

ing investors and details of financing rounds, as well as performance indicators) and founders

(founding team size, gender, founder’s prior entrepreneurial/CEO experience, education his-

tory). These rich features allow us to control for a broad set of observable characteristics

and more precisely evaluate the relation between the founder face factors and both startup

fundraising and performance. For our main regression analyses, we aggregate founder-level

characteristics to the company level by averaging each variable across all founders within a

given firm.

2.2 Face Factors

Existing research shows that impressions based on face attributes affect a wide range of

social outcomes, including political elections (Todorov et al., 2005), legal sentencing decisions

(Jaeger et al., 2020), dissemination of scientific research (Gheorghiu et al., 2017), and labor

market outcomes (Goldin and Rouse, 2000). Findings show that similar effects of impres-

sions exist in finance-related contexts, influencing financial analysts’ forecast accuracy (Peng

et al., 2022, Cao et al., 2020), firms’ valuation at IPO (Blankespoor et al., 2017), and angel

investors’ and accelerators’ decisions (Huang et al., 2023, Hu and Ma, 2025). These findings

suggest that facial cues can sometimes align with decision quality, for example, analysts with

more favorable facial impressions deliver more accurate forecasts, and managers with such

impressions obtain higher IPO valuations. At the same time, however, other studies caution

that over-reliance on appearance can lead to worse decision outcomes (Olivola and Todorov,
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2010).12 Given the venture capital industry’s strong reliance on soft information, subjective

factors such as impressions formed from a founder’s facial appearance may also influence

investment decisions. We use founder profile pictures to estimate three face factors that cap-

ture key dimensions of how individuals are perceived. These include trustworthiness (Trust)

and dominance (Dom) proposed in the seminal paper by Oosterhof and Todorov (2008),

along with an attractiveness (Attract) factor later introduced by Sutherland et al. (2013).

Vernon et al. (2014) show that these three dimensions account for a substantial share of the

variance in impressions formed from facial cues. Trustworthiness typically reflects perceived

approachability and the likelihood that the individual has good intentions. Dominance cap-

tures impressions of strength, confidence, and assertiveness. Attractiveness, in this context,

is closely associated with perceived attractiveness because younger individuals are generally

rated as more attractive.

To estimate the founders’ face factors, we follow Peng et al. (2022). First, we prepro-

cess founders’ profile photos obtained from Crunchbase to standardize their size and head

location. Second, we apply the IBUG facial recognition software to all the photos. IBUG

constructs 65 physical face features attributes, from which we calculate the raw factor scores

using the weights in Vernon et al. (2014) machine learning model.13 Finally, we standardize

all the raw face factors to range between -1 and 1.

12Olivola and Todorov (2010) showed that people generate less accurate predictions about persons’ char-
acteristics when they account for appearance than they would be if they ignored appearance cues.

13Vernon et al. (2014) proposes a quantitative model that can predict impressions based on face images.
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2.3 Descriptive Statistics

2.3.1 Final Sample Description

Table 1 presents descriptive statistics for the firm-level data used in the regression anal-

ysis.14 Panel A reports company characteristics for our main regression sample of 57,460

unique U.S. startups. It shows that, whereas 69% of the companies are solo-founded, the

average number of founders is 1.46. Among the founders, 23% of the firms include at least

one female. Almost one-third of the companies are located in California. About 7% of the

firms in our sample achieved an IPO or an M&A exit.15 Acquisition exits are the dominant

type, with 6% of the companies achieving such an exit, while IPOs are relatively rare with

fewer than 1% of the companies going public. Around 17% of the firms have obtained VC

financing and, conditional on being VC-backed, and 59% reached a second round. Lastly,

the average financing round involves almost $9 million of financing. Because our focus is on

the first VC rounds, our sample covers mainly early and seed stage financing.16

Panel B reports average founder characteristics at the team level. The average age of

founders at the time of company founding is 31.39 years, based on either direct data or

estimates derived from educational and professional histories. At founding, the average

within-team educational composition includes 90% with at least a Bachelor’s degree, 28%

with a Master’s, 11% with a Ph.D., and 14% with an MBA. On average, 35% of team mem-

14Descriptive statistics at the founder level are reported in Appendix Table A2.
15The exit rates in our overall sample are lower than those reported in the studies analyzing VC-backed

companies (e.g., Ewens and Farre-Mensa, 2020) because our sample includes relatively young firms (we
observe exits until the end of 2024 for the sample of companies founded between 2012 and 2021) and because
it includes companies without any reported financing, typically characterized by lower exit rates compared
to VC-backed startups. Exit rates in the VC-backed subsample align with the literature.

16Tables A5 and A6 show the distribution of companies across Crunchbase industry groups and their
more aggregate categories (described in Table A7). Our sample consists of Software companies (36%),
Information Technology (19%), Professional Services (18%), Internet Services (17%), Healthcare (15%),
Media and Entertainment (15%), Sales and Marketing (15%).
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bers have a STEM background, and 17% hold degrees from elite institutions.17 Education

information is available for 51% of the founder teams in our sample. We take this paucity

of education information into account by controlling for a missing education variable. In

terms of professional background, founder teams have an average of 3.8 years of prior work

experience in one job listed on Crunchbase; 31% of founders had previously founded a com-

pany, 14% served as a CEO, and 14% held a “Chief” title. Experience in top-tier firms or

as investors is relatively rare, each observed in 3% and 2% of the sample, respectively.

2.3.2 Sample Selection

To assess potential selection biases introduced by the face factors availability, Table A4

compares company and founder characteristics in our final sample with those in the broader

sample constructed without the photo availability requirement. About 65% of the companies

have founders with available photos. While most differences in firm-level and founder-level

characteristics across the two samples are statistically significant, they are generally not

substantial in magnitude.

Founding teams in the final sample are slightly larger on average (1.86 vs 1.83 members),

and the proportion of female-founded firms is modestly higher (0.248 vs 0.217). Differences

in founder characteristics are mainly related to experience, which aligns with the observed

age gap: founding team members in the final sample are, on average, half a year older and

have half a year more work experience. Educational attainment is broadly similar across

samples, with differences in degree types (e.g., MBA, Ph.D., STEM) generally below one

percentage point. Founding teams in the final sample are 1.2% more likely to have members

who graduated from elite institutions.

Overall, while statistically detectable, these differences are limited in practical significance

17Elite Institutions are defined following Gompers et al. (2016) and Amornsiripanitch et al. (2022).
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and suggest broadly comparable profiles across the two groups.

3 Empirical Design

Our empirical analysis aims to assess whether, conditional on a large set of observ-

able founder and startup characteristics, VCs are influenced by impression factors based on

founders’ facial characteristics, and whether such impressions lead to irrational decisions. In

this section, we outline the empirical methodology we use to address these questions.

We first analyze the relation between the likelihood of securing VC financing and face

factors Trust, Dom, and Attract. These factors are constructed at the founder level and

aggregated to the startup level using team averages. This aggregation captures the overall

profile of the founding team as perceived by investors, serving as a proxy for the information

available during early-stage evaluations. In practice, early-stage evaluations often rely on

online platforms (e.g., LinkedIn or Crunchbase) or pitch materials, where investors may

form impressions based on profile pictures and brief biographical summaries before any

direct interaction occurs. By aggregating face factors, our approach mirrors these real-world

conditions under which face-based impressions are likely to influence decision-making.

We then extend our analysis beyond the initial investment stage to examine several post-

investment outcomes. If face factors are positively associated with future success, VCs either

rely on valid heuristics when making funding decisions, or reinforcement mechanisms, such

as self-fulfilling or feedback effects, lead to favorable outcomes despite potentially biased

perceptions. However, if these impressions do not correlate, or negatively correlate, with

performance outcomes, VCs may be irrationally influenced by biased judgments.

Hence, in addition to the amount raised in the first round and the total equity amount

raised, we analyze three key indicators of startup success: (1) the probability of raising
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a second round of financing, (2) the likelihood of achieving unicorn status, and (3) the

probability of a successful exit, defined as an IPO or an M&A. Together, these outcomes

provide a comprehensive view of both short-term and long-term performance, allowing us to

evaluate whether initial face-based impressions are mainly superficial cues or whether they

reflect deeper signals of entrepreneurial potential.

We estimate a series of linear probability models to examine the relations between key

investment and performance outcomes and face factors. The baseline specification is:

Outcome i = βFace Factors i + γXi + δind(i) + λs(i)×t(i) + εi, (1)

where Outcome i denotes the outcome variable of interest for startup i. The outcome vari-

ables include an indicator variable that takes the value of one if firm i raised VC financing,

achieved a successful exit (IPO or M&A exit), raised a second round of funding conditional

on obtaining VC financing, reached the unicorn status, and the logarithm of the amount

raised in the first round and across all rounds. Face Factors correspond to the three face

factors described in Section 2.2 constructed at the founder level and aggregated at the firm

level using averages.

The vector of controls Xi captures founder and firm characteristics that might influence

startup outcomes and investor decisions: an indicator for female-founded firms, founding

team size, and a detailed set of founder-level attributes aggregated at the company level,

including founder age, years of overall work experience, prior experience as a founder, C-

suite, CEO, “chief” employee, or investor roles, experience at top-tier employers, educational

attainment (MBA, Master’s, Ph.D., or STEM degree), elite school credentials, and an indi-

cator for missing education data. Our specification also incorporates founding year × state
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(λs(i)×t(i)), and industry fixed effects (δind(i)).
18 The fixed effects absorb systematic differ-

ences in startup fundraising and outcomes that may arise from regulatory or macroeconomic

shocks affecting specific cohorts and regional entrepreneurial ecosystems, as well as persistent

cross-industry variation in financing. By including these fixed effects, we ensure that the

estimated relation between face factors and venture outcomes is not confounded by variation

driven by geography, timing, or industry context.

4 Face Factors and the Likelihood of VC Financing

To investigate whether and how face factors influence VCs’ investment decisions, we

begin by presenting a baseline analysis of the relation between the likelihood of securing

VC financing and face factors. We then explore how this relation is shaped by the gender

composition and size of the founding team, as well as the startup’s industry.

4.1 Baseline Analysis

Figure 1 compares the average face factors between founders of VC-backed and non-

VC-backed startups. It reveals that these groups differ across all three face factors: Trust

and Dom are generally higher, and Attract is lower, for VC-backed companies. This first

descriptive result suggests that perceived facial characteristics may play a role in shaping

VCs’ investment decisions.

To examine the relation between the likelihood of receiving VC financing and face factors

more rigorously, we estimate regression models as specified in equation 1 and report the

corresponding results in Table 2. Columns (1) through (3) show that all three traits are sig-

nificant predictors of VC financing outcomes, each positively associated with the probability

18We use the set of indicator variables for detailed industry groups provided by Crunchbase, listed in Table
A5, as industry fixed effects in baseline specifications.
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of obtaining VC funding. Columns (2) and (3) further show that the results are robust to

the inclusion of founding year × state fixed effects and industry fixed effects.

The face factor effects are not only statistically significant but also economically mean-

ingful. Based on the coefficient estimates from column (3), a one standard deviation increase

in perceived founding team trustworthiness is associated with a 1.17 percentage point in-

crease in the likelihood of receiving VC funding, a relative increase of approximately 6.9%

given the unconditional probability. The effects of Dom and Attract are more modest but

still significant, corresponding to increases of 0.43 and 0.35 percentage points, respectively,

in the probability of raising VC financing.

The economic effects of face-based factors are comparable to, and in some cases larger

than, those of key measurable characteristics traditionally considered in VC financing deci-

sions. For instance, a one standard deviation increase in the average educational background

of the founding team, measured by the share of members with Ph.D. or STEM degrees, raises

funding likelihood by 0.97 and 1.20 percentage points, respectively, whereas holding an MBA

or a Master’s degree has no significant effect. Similarly, a one standard deviation increase in

prior experience as a CEO, C-suite executive, investor, or employee at a top firm increases

funding likelihood by 0.83, 1.08, 2.16, and 1.48 percentage points, respectively. In contrast,

a comparable increase in age reduces funding likelihood by 1.64 percentage points. Founding

teams whose members graduated from elite universities benefit from a significantly higher

likelihood of securing funding, with an estimated increase of 3.14 percentage points. Con-

versely, a one standard deviation increase in the presence of female founders is associated

with a 0.67 percentage points decrease in the funding likelihood.

We conduct several additional tests to assess the robustness of our findings. First, we ex-

clude teams with ethnically diverse (non-white) founders to account for potential differences
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in how appearance is evaluated (Appendix Table A8). The results remain both statistically

and economically robust. Second, we restrict the sample of VC-backed startups to those

listed on Crunchbase prior to the announcement of their first financing round, mitigating

concerns that company profiles were added post-investment (Appendix Table A9). Again,

the results are consistent.

Finally, we replace continuous face factor variables with indicator variables for above-

median, bottom-quartile, and top-quartile values and re-estimate the regressions (Appendix

Table A10). This approach allows us to detect potential non-linearities and threshold effects.

The results reveal a monotonic relation between Trust and VC financing: teams with above-

median or top-quartile Trust scores are significantly more likely to receive funding, whereas

those in the bottom quartile are less likely, reinforcing the positive association observed

in the specifications using continuous measures. For Dom, the pattern is different: above-

median teams are more likely to be funded, and bottom quartile teams less so, but the effect

becomes statistically insignificant at the top of the distribution. This suggests that there

might be a plateau effect regarding Dom. Attract exhibits a non-linear relation: teams in

both the lowest and highest quartiles are less likely to secure financing, whereas having an

above-median Attract has no significant effect, indicating that extreme values of this trait

may be penalized by investors.

These findings highlight the significant role of face-based impression factors in VC fi-

nancing, even after accounting for observable characteristics. Therefore, founders’ facial

attributes may convey meaningful cues that VCs subconsciously or intuitively rely on when

making investment decisions.
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4.2 The Role of Founding Team Composition

As documented in the psychology literature (e.g., Olivola and Todorov, 2010, Oh et al.,

2019), there are significant gender-based differences in face-based impressions. Figure 2

aligns with this evidence. It shows that female founders are, on average, perceived as more

trustworthy and more youthful/attractive compared to their male counterparts. In contrast,

male founders tend to be perceived as more dominant.

These differences raise the questions about how the gender composition of founding teams

contributes to the results observed in the main analysis, and whether VCs respond differently

to face factors depending on whether a company is female-founded, male-founded, or has a

mixed-gender team.

To address these questions, we repeat our main analysis in the subsamples of (i) fully

male-founded firms, (ii) mixed-gender founding teams, and (iii) fully female-founded firms.

Table 3 presents the corresponding results. Columns (1) to (3) show that restricting the

sample to male-only firms eliminates the positive and significant association between Attract

and VC financing, indicating that the result observed in the full sample is primarily driven

by teams that include women. In contrast, the effects of Trust and Dom remain robust and

statistically significant in this subsample. Columns (4) to (6) present the results for mixed-

gender teams. All three face factors have positive and statistically significant coefficients,

in line with the results observed in the full sample. Finally, columns (7) to (9) report the

results for female-only companies, a setting in which none of the face factors are significantly

associated with VC financing.19

19Table A11 presents the same analysis using interaction terms rather than subsample splits. The in-
teraction results show that the coefficient of Trust differs significantly between male-only firms and both
mixed-gender and female-only teams. The coefficients of Attract and Dom differ between male-only and
mixed-gender firms but not between male-only and female-only companies. For clarity, we report subsample
analyses in the main text to directly illustrate the predictive power of face factors within each group of
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Whereas our finding that female founders are less likely to receive VC funding is broadly

consistent with prior work on gender-based disparities in entrepreneurial finance (Ewens and

Townsend, 2020, Hebert, 2020), several differences emerge. For instance, Hu and Ma (2025)

show that women in single-gender teams are judged more heavily on pitch delivery, while

women in mixed-gender teams are often overlooked. In crowdfunding, perceived trustwor-

thiness is a stronger predictor of financing for female than for male entrepreneurs (Duan

et al., 2020). By contrast, in the VC setting, we find that face factors are not significant

predictors of financing for all-female companies, suggesting that VCs may apply different

evaluative criteria or place less weight on facial characteristics when assessing female-only

ventures. Our finding therefore complements prior evidence on the gendered nature of in-

vestor evaluations by highlighting how the role of facial impressions varies across contexts

and funding environments.20

Comparing the results for female-only companies with those from the other two subsam-

ples, our findings suggest that VCs are more influenced by impressions related to attractive-

ness in mixed-gender founding teams, rather than all-female teams. Thus, gender not only

shapes how founders are perceived, but may also condition the extent to which visual cues

influence investor decision-making.

We further investigate whether the founding team structure influences how VCs re-

spond to face factors because VCs may evaluate solo founders differently from multi-founder

teams.21 To this end, we split our initial sample into solo founders and multi-founder teams

companies.
20The lack of significance in our setting is not driven by lower variation in facial factors within the

female-only subsample, as their variances are comparable to those in the rest of the sample. Results remain
unchanged when limited to multi-founder teams (about 10% of female-founded firms).

21Tamaseb (2021) highlights that, in practice, investors tend to favor multi-founder teams over solo
founders, largely because teams are perceived to bring broader expertise, complementary skills, and greater
resource-mobilization capacity. The perception of teams as a stronger signal of venture quality is sufficiently
widespread that founder matchmaking services have grown in popularity. Consistent with this view, in our
sample, the likelihood of obtaining VC financing is 36% for team-founded startups, compared to only 8% for
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and report our findings in Table 4. Columns (1) to (3) show that, after controlling for founder

characteristics and fixed effects, Trust is the only facial trait significantly associated with

VC financing in the sample of solo founders. Unreported analyses excluding female founders

from this group show similar results. Columns (4) to (6) confirm that all three face factors

matter for multi-founder teams’ access to VC financing, with Trust having the strongest

and most robust association across specifications.22 These findings mirror those observed in

the full sample and in mixed-gender team analysis, reinforcing the idea that face factors are

more influential when investors evaluate founders in a comparative or team-based context.

Together with the gender-based findings, these results suggest that the influence of face

factors is highly context-dependent. They appear to matter more when founders are evalu-

ated in relation to others (across genders or within a team) than when assessed in isolation.

Specifically, trustworthiness emerges as the most important factor in all cases except

for fully female-founded firms. Because the average Trust is relatively higher for female

founders compared to male founders, it may be a less distinctive or informative signal when

investors evaluate female-founded ventures. This interpretation is consistent with evidence

from the psychology literature on visual search, showing that it is more difficult to distinguish

a target when it is surrounded by similar distractors (e.g., Duncan and Humphreys, 1989,

Wolfe, 2000). Analogously, when most female founders are perceived as at least moderately

trustworthy, identifying those who are less or more trustworthy becomes more cognitively

demanding. As a result, trustworthiness may offer limited discriminatory power in this

context and thus be discounted by investors.

At the same time, dominance appears to be primarily important for multi-founder firms

those with a solo founder.
22Appendix Table A12 confirm the observed differences between solo founders and multi-founder teams

using interactions. Appendix Table A13 presents results similar to columns (4) to (6) of Table 4 when using
the maximum value of each face factor within founding teams rather than team averages.
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and those with male founders, whereas it does not play a significant role for solo founders

or all-female firms. The perceived assertiveness or authority conveyed by dominant facial

features may be more relevant in group dynamics, in which investors implicitly evaluate

leadership roles and internal hierarchies. In multi-founder settings, dominance might help

signal who is likely to take charge, negotiate, or lead under pressure, making it a valuable cue

for VCs when assessing team effectiveness. In contrast, for solo founders, dominance may be

less informative, because there is no internal team dynamic to navigate and the founder is,

by default, the leader.

Attractiveness of founders also appears to play a more important role for multi-founder

and mixed-gender teams. In female-only firms, in which Attract is also the highest, this result

may again reflect the cognitive difficulty of distinguishing among similar-looking individuals,

consistent with findings on visual search among homogeneous alternatives (e.g., Duncan and

Humphreys, 1989).

4.3 The Role of Startup Industry

Figure 3 provides an initial overview of the variation of face factors across industries. It

displays the average values of the three face factors for each of the broad industry categories,

computed at the startup level and aggregated by industry. Panel A shows that the average

Trust factor is particularly high in Healthcare and in the Other category including smaller

sectors such as Professional Services, Media, and Education categories, among others. This

suggests that founders starting companies in these industries tend to be perceived as more

trustworthy based on facial cues, potentially reflecting sector-specific expectations around

credibility, empathy, or social responsibility. This is consistent with existing evidence on

the importance of trust in sectors that rely heavily on personal interaction and relationship

building, such as service-based industries (e.g., Sirdeshmukh et al., 2002).
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Panel B reveals that average Dom values are relatively high in Biotech, Hardware, Finan-

cial Services, and Software. This pattern suggests that more dominant-looking founders are

more prevalent in industries characterized by technical complexity, high risk, and strategic

decision-making, the contexts in which assertiveness and perceived authority may be par-

ticularly valuable. These are also sectors commonly associated with masculine stereotypes

(e.g., Leslie et al., 2015).

In contrast, Panel C shows that the Attract factor is particularly low in Hardware and

Biotech, suggesting that founders in these sectors are generally perceived as older or less

conventionally attractive, possibly reflecting the technical expertise and experience these

industries require. The sector with the highest Attract average is Consumer Products and

Services, in which attractiveness may be more culturally or commercially valued, especially

in consumer-facing ventures (Hamermesh and Biddle, 1994, Stinebrickner et al., 2019). To-

gether, these observations highlight that face factors vary systematically across industries

and may reflect sectoral norms and expectations.

Table 5 reports the estimates of the tests of how the face factors relate to the likelihood

of receiving venture capital financing across industries. The results indicate that face-based

impressions matter more in some sectors than they do in others. Moreover, these findings

suggest that, when a facial trait is widely present within a sector, it becomes less informative

for VCs as a differentiating signal. In sectors in which most founders already appear highly

trustworthy, dominant, or youthful and attractive, marginal differences in corresponding face

impressions may carry less weight in investment decisions.

Indeed, although the Healthcare industry exhibits the highest average Trust in Figure

3, columns (5) and (6) of Table 5 show that Trust has no significant effect on the probabil-

ity of VC financing in this sector, whereas the Attract factor is significantly and positively
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associated with VC financing. Founders who appear younger and more attractive are more

likely to secure funding in this sector, in which Trust is already high and thus likely less dif-

ferentiating. Overall, Trust appears to be a strong and significant predictor of VC financing

in most sectors except Healthcare, Biotech, and Hardware, while Attract is significant only

in Healthcare (and not in Consumer Products and Services, where its average is highest).

Dom, a factor more prevalent in Biotech and Hardware, is insignificant in these sectors but is

significantly associated with VC financing in Financial Services and Healthcare. This further

supports the idea that when a trait is widely present within a sector, it may lose its value as

a differentiating signal. In such settings, a more dominant appearance does not necessarily

translate into a financing advantage relative to peers in the same sector.

Overall, these findings highlight that the influence of face factors on VC financing is

industry-specific. Trust appears to be a broadly influential trait, especially in the sectors in

which perceived reliability is critical. In contrast, the effects of Dom and Attract are more

nuanced, with their significance shaped by sector-specific norms. We also observe that the

influence of face factors tends to diminish in contexts in which they are already widespread.

These results suggest that face-based impressions are not uniformly informative and reinforce

the importance of considering industry norms and expectations when interpreting the role

of face factors in VC financing.

5 Post-Investment Outcomes

Initial financing captures the first step in the venture funding process. Examining post-

investment outcomes offers critical insights into the longer-term implications of investor

decisions. To develop a more comprehensive understanding of the role of face factors in

startup success and growth trajectories, this section analyzes how face factors relate to
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subsequent outcomes such as the amounts raised, the probability of securing additional

financing, the attainment of high valuation benchmarks (e.g., unicorn status), and eventual

exit events. This multifaceted approach enables an assessment of whether the influence of face

factors persists beyond early-stage funding decisions, and whether face-based impressions

carry informational value regarding long-term startup performance.

5.1 VC-Backed Startups

This subsection focuses on startup outcomes conditional on having secured initial VC

financing. These results offer valuable insights into how face factors influence startup fund-

ing and performance at the intensive margin, after startups succeed in obtaining initial VC

funding. We examine how much capital these startups raise, their likelihood of securing

follow-on financing, and the attainment of high-valuation milestones such as unicorn sta-

tus. This approach helps assess whether face-based impressions extend beyond the initial

investment decision.

5.1.1 Amount Raised

We first examine how face factors relate to the amounts raised by VC-backed startups.

We analyze both the first round amount and the total amount of equity raised by firms

that obtained VC financing. Studying the size of the investments offers a more nuanced

perspective on investor confidence, complementing our earlier analysis of funding outcomes

to assess whether face factors also shape the magnitude of financial commitments. Table 6

shows that, conditional on receiving VC financing, Dom emerges as the most robust indicator

of the amount raised both in the first round (columns (1) to (3)) and in total (columns

(4) to (6)). We conjecture that founders perceived as more dominant either inspire greater

investor confidence regarding future success, or more effectively negotiate during fundraising.
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In contrast, neither Trust nor Attract exhibit a significant relation with either outcome,

indicating that perceived trustworthiness and youth/attractiveness may play a more limited

role once initial contact is established.

5.1.2 Second Round

As interactions between VCs and founders increase over time, the influence of face-based

impressions may diminish, leaving more room for objective, business-related factors to drive

decision-making as the startup grows and matures. Consequently, one might expect face

factors to play a less critical role in securing a second round of financing. To test this

hypothesis, we examine the relation between the likelihood of securing follow-on financing

and face factors. We report the results in Table 7 replicating our main specifications using

second-round financing as the outcome variable, within the restricted sample of startups

that received a first VC round. We find that all three face factors continue to exhibit strong

positive associations with the probability of obtaining follow-on funding. This suggests that

the influence of face-based impressions persists beyond initial funding. Thus, face factors

may continue to shape perceptions beyond the initial round and act as persistent signals

in the evaluation of founders. Such long-lasting effects might also reflect the informational

value of face factors regarding startup survival and performance. Therefore, face factors

may serve not only as initial heuristics but also as imperfect proxies for founder traits that

influence venture outcomes.

5.1.3 Unicorn Status

We next examine the relation between face impressions and the likelihood of reaching

unicorn status. Given that VCs are particularly focused on identifying “home runs” that

deliver outsized returns and offset the high failure rate of early-stage investments, becoming
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a unicorn represents a particularly meaningful measure of success. Fewer than 1% of startups

surpass the $1 billion valuation threshold, making them a sharp lens for understanding the

factors behind extraordinary entrepreneurial outcomes. We identify unicorns using Crunch-

base tags, cross-checked and completed with the CB Insights’ list of unicorns as of May

2025.

Table 8 presents the corresponding results and reveals a consistent and statistically sig-

nificant positive association between the probability of achieving unicorn status and Attract.

This relation holds across multiple model specifications, even after including fixed effects in

columns (2) to (3). Whereas Trust played a key role in initial VC funding and obtaining

a follow-on round, it does not significantly predict the likelihood of reaching unicorn status

once financing has been secured. As for Dom, there is a weakly positive effect only in the

simplest specification (column (1)). However, this effect disappears once fixed effects are in-

cluded in the specification (columns (2) and (3)), suggesting that dominance is not a robust

predictor of the unicorn status. In contrast, Attract remains significantly associated with

unicorn status in all specifications, potentially reflecting not only appearance-driven biases

but also underlying factors correlated with youth and attractiveness (e.g., energy, charisma,

media appeal, marketability) that may continue to benefit founders as their ventures scale.

Overall, these findings suggest that although all three face factors shape investor percep-

tion and early-stage funding decisions, not all factors might translate into superior long-term

performance. Whereas trustworthiness and dominance help secure financing, only attractive-

ness remains predictive of unicorn status. This suggests that certain founder attributes may

offer more enduring advantages beyond the initial pitch.
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5.2 Exit Outcomes

Having examined post-investment trajectories among VC-backed startups, we now ex-

tend our analyses to exploring successful exit outcomes across the entire startup population.

This analysis captures firm-level outcomes regardless of financing path, allowing us to assess

whether face factors are predictive of long-term success beyond the VC-backed firms. In

Table 9, we define a successful exit as either an IPO or an M&A. Columns (1) to (3) present

estimates for the overall probability of exit. We find that the likelihood of a successful exist

is positively associated with both Trust and Dom. In our most comprehensive specifica-

tion, a one standard deviation increase in Trust corresponds to a 3.9 percent increase in

the probability of success, whereas a one standard deviation increase in Dom is associated

with a 2.8 percent increase in the probability of success. In contrast to the unicorn analyses,

limited to VC-backed firms, Attract does not exhibit a significant relation with exit prob-

ability in the full sample. This suggests that the advantages associated with youthful and

attractive appearance may be more relevant for exceptional, high-visibility outcomes such

as achieving unicorn status, the domains in which investor attention, media presence, and

public perception play a larger role.

Columns (4) to (9) of Table 9 provide a breakdown of the results by exit type – IPO

versus M&A. The positive associations observed for Trust and Dom are primarily driven by

acquisitions. Whereas both factors significantly increase the likelihood of being acquired,

all face factor coefficients turn negative when predicting IPOs. Among them, only Trust

is consistently significantly associated with the probability of going public. Although At-

tract shows a negative effect in columns (4) and (5), it diminishes and becomes statistically

insignificant once industry fixed effects are included in the specification.

Overall, these findings highlight that face factors, especially Trust and Dom, play a
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meaningful role in shaping acquisition outcomes, whereas their influence on IPOs appears

more limited and nuanced.23

5.2.1 Exits - Counterfactual Analysis

In this subsection, we analyze the relation between exit outcomes and face factors within

the subsample of non-VC-backed firms. Focusing on a counterfactual group not influenced by

VC selection or treatment allows us to examine whether face factors can predict venture out-

comes regardless of VC involvement. Whereas not perfect, this comparison provides a useful

lens for evaluating the robustness of the face-based predictors. Such an analysis also helps us

understand whether VCs may be overlooking promising opportunities by overemphasizing

specific factors, such as Trust, and undervaluing others that better predict success.

Table 10 presenting the analyses of the performance for non-VC-backed firms, reveals

that this is not the case. Trust remains a strong and significant predictor of acquisition

success in this subsample. However, the effect of Dom appears weaker compared to the full

sample. The persistence of the positive association between Trust and M&A exits within

the non-VC-backed subsample suggests that Trust is a robust and consistent predictor of

acquisition outcome, regardless of VC involvement.

Overall, our results indicate that all analyzed face factors on which VC investors appear

to rely when making financing decisions are significantly related to startup outcomes, albeit

in distinct ways. Trust emerges as the most influential trait, with its positive effect primarily

concentrated in acquisition outcomes, a relation further confirmed within the non-VC-backed

subsample. Dom also contributes to the prediction of acquisition outcomes and stands out

especially strongly in predicting the amount of capital raised. At the same time, Attract

23This evidence is consistent with Jang and Kaplan (2025), who find that team characteristics help predict
smaller VC rounds but have limited explanatory power for large-scale funding or long-term company success.
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remains a robust predictor of achieving unicorn status.

Taken together, these findings suggest that VCs may not be making irrational decisions

by relying on facial cues. In fact, face factors are significant predictors of both more common

types of exits, such as acquisitions, and rarer outcomes, like unicorn status. Therefore, facial

cues might indeed capture subtle signals that align with entrepreneurial success. We do

not claim that such impressions necessarily reflect founder intrinsic ability; their effects may

instead stem from societal biases that become self-fulfilling, as investor perceptions shape

access to capital and subsequent opportunities. These results should thus be interpreted

with caution, especially regarding the broader implications of relying on facial impressions

in investment decision-making.

6 Conclusion

This study provides novel evidence that face-based impression factors significantly predict

venture capital financing decisions. Perceived trustworthiness (Trust), dominance (Dom),

and attractiveness (Attract) factors are strong predictors of funding outcomes, with ef-

fects that are economically meaningful. Importantly, these associations are highly context-

dependent: their magnitude vary with founder gender, team composition, and industry

sector.

We further provide evidence that face factors predict outcomes beyond the initial funding

decisions. All three factors are positively associated with the likelihood of securing follow-

on financing, and Dom is uniquely related to the scale of capital raised. Face factors also

predict longer-term performance: Attract is positively associated with achieving unicorn

status, while Trust and Dom strongly predict acquisition outcomes.

Together, these findings indicate that even sophisticated professional investors may, con-
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sciously or unconsciously, incorporate facial cues into their evaluations of founders. The pat-

terns we document are difficult to reconcile with a view in which facial impressions merely

introduce noise. Instead, they suggest that such impressions may proxy for founder at-

tributes that matter for venture success, albeit imperfectly, and that VCs may rationally use

these cues when objective information is limited.
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Figure 1: Face Factors by the VC-Backing Status of the Company. This figure shows the mean
of each of the three factors (Trust, Attract, Dom) for VC-backed companies and companies without any
financing.

Figure 2: Face Factors by Founder Gender. This figure shows the mean of each of the three factors
(Trust, Attract, Dom) for female and male founders.
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Figure 3: Face Factors by Industry. This figure shows the mean of each of the three factors (Trust,
Attract, Dom) by industry.

Panel A. Founder Trust

Panel B. Founder Dominance
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Figure 4: Face Factors by Industry - Cont’d

Panel C. Founder Attract

41



Table 1: Descriptive Statistics. This table presents the summary statistics for the main variables used
in the analysis at the firm level. Panel A reports company characteristics, Panel B shows average founder
characteristics at the startup team level. Statistics at the founder level are reported in Table A2. The
dataset includes U.S. startups founded between 2012 and 2021, for which facial feature data is available for
more than half of the founding team. At the investment level, the data include the first round of financing
from the lead U.S.-based VC investor. See Appendix Table A1 for detailed variable definitions.

N Obs Mean Std. Dev. Min Median Max

Panel A: Company characteristics

Face Factors

Trust 57,460 0.08 0.45 -1.00 0.12 1.00
Attract 57,460 0.00 0.39 -1.00 -0.00 1.00
Dom 57,460 0.06 0.39 -1.00 0.07 1.00

Firm & Team Characteristics

Founding Year 57,460 2016 2.67 2012 2016 2021
Founding Team Size 57,460 1.46 0.82 1.00 1.00 20.00
Solo-founded 57,460 0.69 0.46 0.00 1.00 1.00
Ethnically Diverse 57,460 0.02 0.12 0.00 0.00 1.00
Female-founded 57,460 0.23 0.42 0.00 0.00 1.00
VC Financing 57,460 0.17 0.37 0.00 0.00 1.00

Location

CA company 57,460 0.28 0.45 0.00 0.00 1.00
NY company 57,460 0.13 0.33 0.00 0.00 1.00
MA company 57,460 0.04 0.19 0.00 0.00 1.00

Exit Outcomes

Exit 57,460 0.07 0.25 0.00 0.00 1.00
IPO 57,460 0.00 0.07 0.00 0.00 1.00
M&A 57,460 0.06 0.25 0.00 0.00 1.00

VC-Backed Companies

Funding Year 9,496 2017.75 2.98 2012 2018 2024
Age at Financing 9,496 2.65 1.73 1.00 2.00 13.00
N. Rounds 9,496 3.10 2.21 1.00 3.00 21.00
First Round Size (M USD) 6,592 8.90 45.73 0.001 3.20 3,000
Ln(First Round Size) 6,592 1.15 1.46 -6.91 1.16 8.01
Total Equity Raised (M USD) 8,074 61.18 246.45 0.001 12 13,997
Ln(Total Equity Raised) 8,074 2.47 1.93 -6.91 2.48 9.55
Second Round 9,496 0.59 0.49 0.00 1.00 1.00
Seed Stage 9,496 0.68 0.47 0.00 1.00 1.00
Early Stage 9,496 0.21 0.41 0.00 0.00 1.00
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Table 1: Descriptive Statistics - Cont’d

N Obs Mean Std. Dev. Min Median Max
Panel B: Founding team characteristics

Founder Age (Years) 57,460 31.39 8.20 18.00 28.00 58.00

Education & Work Experience

Completed by founding time
Bachelor Degree 28,077 0.90 0.29 0.00 1.00 1.00
Master Degree 28,077 0.28 0.44 0.00 0.00 1.00
Ph.D. Degree 28,077 0.11 0.30 0.00 0.00 1.00
MBA Degree 28,077 0.14 0.34 0.00 0.00 1.00
STEM Degree 28,077 0.35 0.48 0.00 0.00 1.00
Elite School Degree 28,077 0.17 0.36 0.00 0.00 1.00
Missing founder education 57,460 0.51 0.50 0.00 1.00 1.00

Work experience
Work Experience (Years) 57,460 3.80 6.22 0.00 0.50 50
N. of Prev. Jobs 57,460 1.01 1.60 0.00 0.17 10
Founder Experience 57,460 0.31 0.44 0.00 0.00 1.00
CEO Experience 57,460 0.14 0.32 0.00 0.00 1.00
C-suite Experience 57,460 0.06 0.22 0.00 0.00 1.00
Chief Experience 57,460 0.14 0.32 0.00 0.00 1.00
Investor Experience 57,460 0.03 0.14 0.00 0.00 1.00
Top Employer Experience 57,460 0.02 0.13 0.00 0.00 1.00
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Table 2: Face Factors and the Likelihood of VC Financing. This table reports linear regression
estimates of the probability of receiving venture capital financing based on the founding team’s average face
factors (Trust, Attract, and Dom) computed at the firm level. All the columns contain basic firm-level
controls and detailed controls for founder characteristics (averaged at the firm level). Columns (2) and (3)
progressively include founding year x state fixed effects and industry group fixed effects. Founder experience
variables capture work experience accumulated prior to the company’s founding; education variables reflect
degrees completed before founding the company. See Appendix Table A1 for detailed variable definitions.
Robust standard errors are reported in parentheses. ***, **, * denote statistical significance at the 1%, 5%
and 10% level, respectively.

P(VC Financing)
(1) (2) (3)

Trust 0.020*** 0.022*** 0.026***
(0.003) (0.003) (0.003)

Attract 0.012*** 0.009** 0.009**
(0.004) (0.004) (0.004)

Dom 0.014*** 0.012*** 0.011***
(0.004) (0.004) (0.004)

Female-founded -0.029*** -0.031*** -0.016***
(0.004) (0.004) (0.004)

Founding Team Size 0.157*** 0.151*** 0.132***
(0.003) (0.003) (0.003)

Founder Age -0.002*** -0.002*** -0.002***
(0.000) (0.000) (0.000)

Founder Experience 0.007* 0.003 0.005
(0.004) (0.004) (0.004)

CEO Experience 0.035*** 0.034*** 0.026***
(0.005) (0.005) (0.005)

C-suite Experience 0.066*** 0.059*** 0.049***
(0.008) (0.008) (0.008)

Chief Experience 0.029*** 0.026*** 0.027***
(0.005) (0.005) (0.005)

Investor Experience 0.167*** 0.156*** 0.154***
(0.014) (0.013) (0.013)

Top Employer Experience 0.136*** 0.115*** 0.114***
(0.015) (0.014) (0.014)

Work Experience (Years) 0.001*** 0.001*** 0.001**
(0.000) (0.000) (0.000)

Elite School Degree 0.146*** 0.127*** 0.118***
(0.007) (0.007) (0.007)

Master Degree 0.005 0.004 -0.009
(0.006) (0.006) (0.005)

PhD Degree 0.099*** 0.092*** 0.046***
(0.009) (0.009) (0.009)

MBA Degree 0.013** 0.013** 0.009
(0.006) (0.006) (0.006)

STEM Degree 0.059*** 0.055*** 0.030***
(0.004) (0.004) (0.004)

Founding Year x State No Yes Yes
Industry Group No No Yes

Observations 57,460 57,454 57,454
R-squared 0.179 0.200 0.251
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Table 3: Face Factors and the Likelihood of VC Financing - Variation by Founders’ Gender.
This table replicates the results from Table 2 restricting the initial sample to male-only companies (columns
(1) to (3)), mixed-gender founding teams (columns (4) to (6)), and female-only companies (columns (7) to
(9)). It reports linear regression estimates of the probability of receiving venture capital financing based
on the founding team’s average face factors (Trust, Attract, and Dom) computed at the firm level. All the
columns contain basic firm-level controls and detailed controls for founder characteristics (averaged at the
firm level). Columns (2), (5), (8) additionally include founding year x state fixed effects, and columns (3),
(6), (9) further add industry group fixed effects. See Appendix Table A1 for detailed variable definitions.
Robust standard errors are reported in parentheses. ***, **, * denote statistical significance at the 1%, 5%
and 10% level, respectively.

P(VC Financing)
Male-only Mixed-Gender Female-only

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Trust 0.020*** 0.021*** 0.026*** 0.064*** 0.072*** 0.076*** -0.001 0.002 0.006
(0.003) (0.003) (0.003) (0.019) (0.020) (0.020) (0.006) (0.006) (0.006)

Attract 0.007 0.004 0.004 0.049* 0.053** 0.056** 0.016** 0.012 0.010
(0.005) (0.005) (0.005) (0.025) (0.027) (0.026) (0.008) (0.008) (0.008)

Dom 0.015*** 0.013*** 0.014*** 0.068** 0.071** 0.073*** 0.014 0.011 0.008
(0.005) (0.005) (0.005) (0.028) (0.029) (0.028) (0.009) (0.010) (0.009)

Basic controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Detailed controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Founding Year x State No Yes Yes No Yes Yes No Yes Yes
Industry Group No No Yes No No Yes No No Yes

Observations 44,435 44,425 44,425 4,493 4,416 4,416 8,531 8,462 8,462
R-squared 0.179 0.202 0.251 0.148 0.227 0.302 0.074 0.118 0.176
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Table 4: Face Factors and the Likelihood of VC Financing - Variation by Founding Team
Structure. This table replicates the results from Table 2 restricting the initial sample to solo-founded
companies (columns (1) to (3)) and to multi-founders companies (columns (4) to (6)). It reports linear
regression estimates of the probability of receiving venture capital financing based on the founding team’s
average face factors (Trust, Attract, and Dom) computed at the firm level. All the columns contain basic
firm-level controls and detailed controls for founder characteristics (averaged at the firm level). Columns (2)
and (5) additionally include founding year x state fixed effects, and columns (3) and (6) further add industry
group fixed effects. Robust standard errors are reported in parentheses. See Appendix Table A1 for detailed
variable definitions. ***, **, * denote statistical significance at the 1%, 5% and 10% level, respectively.

P(VC Financing)
Solo Founders Multi-Founder Teams

(1) (2) (3) (4) (5) (6)

Trust 0.004 0.005* 0.008*** 0.066*** 0.071*** 0.076***
(0.003) (0.003) (0.003) (0.010) (0.010) (0.010)

Attract 0.004 0.002 0.002 0.032** 0.030** 0.022*
(0.004) (0.004) (0.004) (0.014) (0.014) (0.013)

Dom 0.005 0.003 0.004 0.077*** 0.079*** 0.065***
(0.004) (0.004) (0.004) (0.014) (0.014) (0.013)

Basic controls Yes Yes Yes Yes Yes Yes
Detailed controls Yes Yes Yes Yes Yes Yes
Founding Year x State No Yes Yes No Yes Yes
Industry Group No No Yes No No Yes

Observations 39,613 39,605 39,605 17,847 17,803 17,803
R-squared 0.026 0.046 0.100 0.096 0.148 0.224
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Table 5: Face Factors and the Likelihood of VC Financing - Variation by Industry. This table
replicates the results from Table 2 by splitting the sample by broad industry sectors (see Table A7 for
the classification of Crunchbase industry groups into these broad categories). It reports linear regression
estimates of the probability of receiving venture capital financing based on the founding team’s average face
factors (Trust, Attract, and Dom) computed at the firm level. All the columns contain basic firm-level
controls, detailed controls for founder characteristics (averaged at the firm level), and founding year x state
fixed effects. Even columns additionally include industry group fixed effects (significantly more granular than
the industry classifications used for the sample splits). Robust standard errors are reported in parentheses.
See Appendix Table A1 for detailed variable definitions. ***, **, * denote statistical significance at the 1%,
5% and 10% level, respectively.

P(VC Financing)
Software Financial Services Healthcare Other

(1) (2) (3) (4) (5) (6) (7) (8)

Trust 0.035*** 0.037*** 0.026*** 0.032*** 0.014 0.016 0.016** 0.020***
(0.006) (0.006) (0.008) (0.008) (0.010) (0.010) (0.007) (0.007)

Attract 0.003 0.001 0.005 0.002 0.036*** 0.034** 0.006 0.015
(0.008) (0.008) (0.011) (0.011) (0.014) (0.014) (0.010) (0.010)

Dom 0.005 0.007 0.031*** 0.032*** 0.026* 0.029** -0.002 -0.001
(0.008) (0.008) (0.011) (0.011) (0.014) (0.014) (0.010) (0.010)

Basic controls Yes Yes Yes Yes Yes Yes Yes Yes
Detailed controls Yes Yes Yes Yes Yes Yes Yes Yes
Founding Year x State Yes Yes Yes Yes Yes Yes Yes Yes
Industry Group No Yes No Yes No Yes No Yes

Observations 20,324 20,324 8,538 8,538 6,825 6,825 4,677 4,677
R-squared 0.219 0.257 0.212 0.259 0.228 0.254 0.142 0.183

Consumer Prod./Serv. Biotech Hardware
(9) (10) (11) (12) (13) (14)

Trust 0.012** 0.013*** 0.036 0.032 0.019 0.018
(0.005) (0.005) (0.031) (0.031) (0.020) (0.018)

Attract 0.005 0.008 0.054 0.066 0.018 0.010
(0.006) (0.006) (0.043) (0.042) (0.027) (0.027)

Dom -0.003 0.000 0.049 0.041 0.020 0.017
(0.007) (0.007) (0.042) (0.041) (0.026) (0.025)

Basic controls Yes Yes Yes Yes Yes Yes
Detailed controls Yes Yes Yes Yes Yes Yes
Founding Year x State Yes Yes Yes Yes Yes Yes
Industry Group No Yes No Yes No Yes

Observations 13,199 13,199 1,723 1,723 1,682 1,682
R2 0.146 0.182 0.290 0.369 0.284 0.332
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Table 6: Face Factors and Financing Amount. This table reports linear regression estimates of the
amounts raised in the first round of VC financing and in total, based on the founding team’s average face
factors (Trust, Attract, and Dom) computed at the firm level. Columns (1) to (3) present the results where
the dependent variable is the logarithm of the amount raised in the first round. Columns (4) to (6) display
the results where the dependent variable is the logarithm of the total equity raised. All specifications control
for basic firm-level characteristics, including the number of investors involved in the first round, and detailed
founder characteristics (averaged at the firm level). They progressively incorporate funding round year
fixed effects, founding year x state fixed effects, and industry group fixed effects. See Appendix Table A1 for
detailed variable definitions. Robust standard errors are reported in parentheses. ***, **, * denote statistical
significance at the 1%, 5% and 10% level, respectively.

Ln(First Round Size) Ln(Total Equity Raised)
(1) (2) (3) (4) (5) (6)

Trust -0.049 -0.065 -0.028 -0.004 0.022 0.035
(0.047) (0.042) (0.041) (0.055) (0.055) (0.054)

Attract -0.100 -0.082 -0.040 0.121 0.065 0.114
(0.066) (0.060) (0.058) (0.077) (0.077) (0.074)

Dom 0.108 0.147** 0.151** 0.299*** 0.292*** 0.275***
(0.067) (0.062) (0.060) (0.078) (0.080) (0.077)

Basic controls Yes Yes Yes Yes Yes Yes
Detailed controls Yes Yes Yes Yes Yes Yes
Funding Round Year No Yes Yes No Yes Yes
Founding Year x State No Yes Yes No Yes Yes
Industry Group No No Yes No No Yes

Observations 6,592 6,522 6,522 8,074 7,998 7,998
R-squared 0.130 0.344 0.398 0.108 0.185 0.262
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Table 7: Face Factors and Second Round of Financing. This table reports linear regression estimates
of the likelihood of obtaining a second round of VC financing based on the founding team’s average face
factors (Trust, Attract, and Dom) computed at the firm level. All the columns contain basic firm-level
controls, including the logarithm of the amount raised in the first round, and detailed controls for founder
characteristics (averaged at the firm level). Column (2) includes funding round year and founding year x
state fixed effects, and column (3) further includes industry group fixed effects. See Appendix Table A1 for
detailed variable definitions. Robust standard errors are reported in parentheses. ***, **, * denote statistical
significance at the 1%, 5% and 10% level, respectively.

P(Second Round)
(1) (2) (3)

Trust 0.033** 0.041*** 0.034**
(0.016) (0.015) (0.015)

Attract 0.074*** 0.060*** 0.057***
(0.022) (0.022) (0.022)

Dom 0.069*** 0.053** 0.052**
(0.023) (0.023) (0.023)

Basic controls Yes Yes Yes
Detailed controls Yes Yes Yes
Funding Round Year No Yes Yes
Founding Year x State No Yes Yes
Industry Group No No Yes

Observations 6,592 6,522 6,522
R-squared 0.031 0.187 0.214
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Table 8: Face Factors and Unicorn Status. This table reports linear regression estimates of the
likelihood of reaching unicorn status based on the founding team’s average face factors (Trust, Attract, and
Dom) computed at the firm level. All the columns contain basic firm-level controls and detailed controls for
founder characteristics (averaged at the firm level). Column (2) includes funding round year and founding
year x state fixed effects, and column (3) further includes industry group fixed effects. See Appendix Table
A1 for detailed variable definitions. Robust standard errors are reported in parentheses. ***, **, * denote
statistical significance at the 1%, 5% and 10% level, respectively.

P(Unicorn)
(1) (2) (3)

Trust 0.002 0.003 0.002
(0.004) (0.005) (0.005)

Attract 0.016*** 0.015** 0.014**
(0.006) (0.006) (0.006)

Dom 0.010* 0.009 0.009
(0.006) (0.006) (0.006)

Basic controls Yes Yes Yes
Detailed controls Yes Yes Yes
Funding Round Year No Yes Yes
Founding Year x State No Yes Yes
Industry Group No No Yes

Observations 9,496 9,425 9,425
R-squared 0.022 0.048 0.062
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Table 9: Face Factors and Exit Outcomes. This table reports linear regression estimates of successful
exit likelihood based on the founding team’s average face factors (Trust, Attract, and Dom) computed at the
firm level. Columns (1) to (3) present the results where the dependent variable is a dummy equal to one if a
firm successfully exited via IPO or M&A. Columns (4) to (6) display the results where the dependent variable
equals one if a firm went public, and columns (7) to (9) when it equals one if a firm exited via an M&A.
All the columns contain basic firm-level controls, including whether the firm is VC-backed, and detailed
controls for founder characteristics (averaged at the firm level). They progressively incorporate founding
year x state fixed effects, and industry group fixed effects. See Appendix Table A1 for detailed variable
definitions. Robust standard errors are reported in parentheses. ***, **, * denote statistical significance at
the 1%, 5% and 10% level, respectively.

P(All Exit) P(IPO) P(M&A)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Trust 0.003 0.005** 0.006*** -0.002*** -0.002*** -0.001** 0.005** 0.006*** 0.007***
(0.002) (0.002) (0.002) (0.001) (0.001) (0.001) (0.002) (0.002) (0.002)

Attract 0.000 0.003 0.002 -0.002** -0.001* -0.001 0.002 0.005 0.003
(0.003) (0.003) (0.003) (0.001) (0.001) (0.001) (0.003) (0.003) (0.003)

Dom 0.007** 0.006* 0.005* -0.000 -0.000 -0.000 0.007** 0.006** 0.006*
(0.003) (0.003) (0.003) (0.001) (0.001) (0.001) (0.003) (0.003) (0.003)

Basic controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Detailed controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Founding Year x State No Yes Yes No Yes Yes No Yes Yes
Industry Group No No Yes No No Yes No No Yes

Observations 57,460 57,454 57,454 57,460 57,454 57,454 57,460 57,454 57,454
R-squared 0.075 0.097 0.104 0.022 0.034 0.070 0.061 0.082 0.090
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Table 10: Face Factors and Exit Outcomes - Non-VC-Backed Firms. This table replicates the
results of Table 9 for the sample of non-VC-backed firms. It reports linear regression estimates of successful
exit likelihood based on the founding team’s average face factors (Trust, Attract, and Dom) computed at
the firm level. Columns (1) to (3) present the results where the dependent variable is a dummy equal to one
if a firm successfully exited via IPO or M&A. Columns (4) to (6) display the results where the dependent
variable equals one if a firm went public, and columns (7) to (9) when it equals one if a firm exited via
an M&A. All the columns contain basic firm-level controls, and detailed controls for founder characteristics
(averaged at the firm level). They progressively incorporate founding year x state fixed effects, and industry
group fixed effects. See Appendix Table A1 for detailed variable definitions. Robust standard errors are
reported in parentheses. ***, **, * denote statistical significance at the 1%, 5% and 10% level, respectively.

P(All Exit) P(IPO) P(M&A)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Trust 0.003* 0.004** 0.005*** -0.001** -0.001* -0.000 0.004** 0.005** 0.006***
(0.002) (0.002) (0.002) (0.000) (0.000) (0.000) (0.002) (0.002) (0.002)

Attract -0.002 -0.000 -0.001 -0.000 -0.000 -0.000 -0.002 -0.000 -0.001
(0.003) (0.003) (0.003) (0.000) (0.000) (0.000) (0.003) (0.003) (0.003)

Dom 0.005* 0.004 0.004 -0.001 -0.001 -0.001 0.005* 0.005* 0.004
(0.003) (0.003) (0.003) (0.000) (0.000) (0.000) (0.003) (0.003) (0.003)

Basic controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Detailed controls Yes Yes Yes Yes Yes Yes Yes Yes Yes
Founding Year x State No Yes Yes No Yes Yes No Yes Yes
Industry Group No No Yes No No Yes No No Yes

Observations 47,964 47,959 47,959 47,964 47,959 47,959 47,964 47,959 47,959
R-squared 0.011 0.026 0.034 0.001 0.007 0.010 0.011 0.026 0.034
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Appendix

Table A1: Variables Definition. The table describes the main variables used in the analysis.

Variable Definition

Main Dependent Variables

VC Financing Dummy variable equal to one if the startup received VC financing.

Unicorn Dummy variable equal to one if the startup is defined as a Unicorn by
Crunchbase or CB Insights.

Second Round Dummy variable equal to one if the startup has received a second round of
VC financing (conditional on having VC financing).

Ln(First Round Size) Natural logarithm of the amount raised in the first round of VC financing.

Ln(Total Equity Raised) Natural logarithm of the total equity amount raised by the startup across
all financing rounds.

Exit Dummy variable equal to one if the startup successfully exited via an IPO
or an M&A.

IPO Dummy variable equal to one if the startup exited via an IPO.

M&A Dummy variable equal to one if the startup exited via an M&A.

Face Factors

Trust Average trustworthiness score of a team. See Section 2.2 for details of the
variable construction.

Attract Average attractiveness/youthfulness score of a team. See Section 2.2 for
details of the variable construction.

Dom Average dominance score of a team. See Section 2.2 for details of the variable
construction.

Founder-Level Control Variables

Founder Age (Years) Mean age of team founders at the founding year of the startup. For founders
with unavailable birth date, we estimated their birth year based on education
variables (e.g., bachelor start year - 18) or inferred it from the earliest work
year assuming they start working at age 25.

Bachelor Degree Team level average of individual indicators equal to one if the founder has
completed a bachelor’s degree by the startup founding year.
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Variable Definition
Master Degree Team level average of individual indicators equal to one if the founder com-

pleted a Master’s degree by the startup founding year.

PhD Degree Team level average of individual indicators equal to one if the founder com-
pleted a Ph.D. degree by the startup founding year.

MBA Degree Team level average of individual indicators equal to one if the founder com-
pleted an MBA degree by the startup founding year.

STEM Degree Team level average of individual indicators equal to one if the founder has
completed a STEM degree by the startup founding year.

Elite School Degree Team level average of individual indicators equal to one if the founder has
completed an Elite School degree by the startup founding year. Elite Insti-
tutions are defined following Gompers et al. (2016) and Amornsiripanitch
et al. (2022).

Work Experience (Years) Average number of years of work experience across all founders, based on
earliest available work year per founder.

Founder Experience Team level average of individual indicators equal to one if the founder had
a previous founding experience by the startup founding year.

CEO Experience Team level average of individual indicators equal to one if the founder had
a CEO experience by the startup founding year.

C-suite Experience Team level average of individual indicators equal to one if the founder had
C-suite experience by the startup founding year.

Chief Experience Team level average of individual indicators equal to one if the founder had
a “Chief”-titled position experience by the startup founding year.

Investor Experience Team level average of individual indicators equal to one if the founder had
an investor experience by the startup founding year.

N. of Prev. Jobs The number of jobs listed in founder’s Crunchbase profile by the startup
founding year.

Top Employer Experience Team level average of individual indicators equal to one if the founder previ-
ously worked at a top-20 company listed in the Super Founders book (e.g.,
Google, Microsoft, Meta).

Firm-Level Control Variables and Fixed Effects

Founding Year Year the startup was founded.

Founding Team Size Number of founders associated with the startup according to Crunchbase.

Solo-founded Dummy variable equal to one if the startup has only one founder.

Ethnically Diverse Dummy variable equal to one if the startup has non-white founders, as
identified by Crunchbase.

Female-founded Dummy variable equal to one if the startup has a female founder.
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Variable Definition
Mixed-gender Dummy variable equal to one if the startup founding team includes both

male and female founders.

Female-only Dummy variable equal to one if the startup has only female founders.

CA company Dummy variable equal to one if the startup is located in the state of Cali-
fornia.

NY company Dummy variable equal to one if the startup is located in the state of New
York.

MA company Dummy variable equal to one if the startup is located in the state of Mas-
sachusetts.

Funding Year Year the startup received the analyzed round of VC funding.

Age at Financing The difference between the firm’s founding year and the year of the first VC
round plus one.

N. Rounds The number of VC rounds recorded in Crunchbase (for VC-backed startups).

Seed/Early Stage Dummy variable equal to one if the first VC round is classified as “seed” or
“early stage” financing.

Industry Group Industry classification of the startup according to Crunchbase classification
(see Table A5).
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Table A2: Descriptive Statistics - Founder-Firm Level. This table presents the summary statistics
for the main variables used in the analysis at the founder-firm level. The dataset includes U.S. firms founded
between 2012 and 2021, with at least half of the team whose facial features are available. At the investment
level, the data includes the first round of financing from the lead VC investor. See Appendix Table A1 for
detailed variable definitions.

N Obs Mean Std. Dev. Min Median Max

Face Factors

Trust 80,198 0.08 0.49 -1.00 0.14 1.00
Attract 80,198 0.00 0.42 -1.00 -0.01 1.00
Dom 80,198 0.07 0.41 -1.00 0.08 1.00

Demographics

Founder Age (Years) 80,198 31.27 8.58 18.00 27.00 58.00
Female 79,504 0.17 0.38 0.00 0.00 1.00

Education

Completed by founding time
Bachelor Degree 48,160 0.62 0.48 0.00 1.00 1.00
Master Degree 48,160 0.20 0.40 0.00 0.00 1.00
Ph.D. Degree 48,160 0.08 0.27 0.00 0.00 1.00
MBA Degree 48,160 0.10 0.30 0.00 0.00 1.00
STEM Degree 48,160 0.27 0.45 0.00 0.00 1.00
Elite School Degree 48,160 0.12 0.33 0.00 0.00 1.00

Missing founder education 80,198 0.40 0.49 0.00 0.00 1.00

Work experience

Work Experience (Years) 80,198 3.85 6.65 0.00 0.00 50.00
N. of Prev. Jobs 80,198 1.05 1.79 0.00 0.00 10.00
Founder Experience 80,198 0.32 0.46 0.00 0.00 1.00
CEO Experience 80,198 0.14 0.34 0.00 0.00 1.00
C-suite Experience 80,198 0.07 0.26 0.00 0.00 1.00
Chief Experience 80,198 0.15 0.35 0.00 0.00 1.00
Investor Experience 80,198 0.03 0.17 0.00 0.00 1.00
Top Employer Experience 80,198 0.03 0.16 0.00 0.00 1.00
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Table A3: Sample filtering - Attrition. This table reports, for each step, the number of units and
the percentage relative to the initial dataset. Distinct Founder–Company Pairs are unique founder–startup
pairs; Distinct Companies, Distinct Investors, and Distinct Rounds refer to unique startups, investors, and
unique first financing rounds, respectively.

N %

Panel A. Overall Dataset
Distinct Founder-Company Pairs 950,963 100.00
Distinct Companies 656,219 100.00
Distinct Investors 123,038 100.00
Distinct Rounds 361,659 100.00

Panel B. Initial Screening
Drop inconsistent round reports
Distinct Founder-Company Pairs 879,612 92.50
Distinct Companies 612,083 93.27
Distinct Investors 121,725 98.93
Distinct Rounds 357,268 98.79

First rounds & lead investors only; if VC-backed: VC rounds only
Distinct Founder-Company Pairs 778,627 81.88
Distinct Companies 559,449 85.25
Distinct Investors 25,840 21.00
Distinct Rounds 114,679 31.71

Panel C. Sample Filters
US companies & US investors only
Distinct Founder-Company Pairs 350,305 36.84
Distinct Companies 256,171 39.03
Distinct Investors 9,420 7.66
Distinct Rounds 43,259 11.96

Drop inconsistent startup age or exit date, drop duplicate obs
Distinct Founder-Company Pairs 348,332 36.62
Distinct Companies 255,513 38.94
Distinct Investors 9,161 7.44
Distinct Rounds 42,513 11.75

Keep founded 2012–2021
Distinct Founder-Company Pairs 153,895 16.18
Distinct Companies 103,711 15.80
Distinct Investors 6,261 5.09
Distinct Rounds 24,601 6.80

Either VC only or zero financing
Distinct Founder-Company Pairs 129,901 13.66
Distinct Companies 90,936 13.86
Distinct Investors 2,856 2.32
Distinct Rounds 11,826 3.27

Face factors available for most of the team
Distinct Founder-Company Pairs 83,891 8.82
Distinct Companies 59,083 9.00
Distinct Investors 2,512 2.04
Distinct Rounds 9,598 2.65

Drop if missing founder age
Distinct Founder-Company Pairs 80,198 8.43
Distinct Companies 57,460 8.76
Distinct Investors 2,498 2.03
Distinct Rounds 9,496 2.63
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Table A4: Descriptive statistics for Face Sample versus Full Sample. This table presents the
results of a t-test comparing descriptive statistics between the sample with face factors (Face Sample) and
the sample that does not require face factors (Full Sample). The t-test compares differences in mean across
the two samples, and the table reports mean, sample size, mean differences, and significance levels.

Full Sample Face Sample

Mean N. Obs Mean N. Obs Difference

Panel A: Company characteristics

Firm & Team Characteristics

Founding Year 2016.141 122,984 2016.017 80,198 -0.125***
Founding Team Size 1.833 122,984 1.862 80,198 0.029***
Ethnically Diverse 0.017 122,984 0.021 80,198 0.003***
Female-founded 0.217 122,984 0.248 80,198 0.031***
VC Financing 0.193 122,984 0.237 80,198 0.044***

Location

CA Company 0.282 122,984 0.301 80,198 0.019***
NY Company 0.126 122,984 0.129 80,198 0.003**
MA Company 0.040 122,984 0.043 80,198 0.003***

Exit Outcomes

Exit 0.075 122,984 0.092 80,198 0.017***
IPO 0.005 122,984 0.007 80,198 0.002***
M&A 0.070 122,984 0.085 80,198 0.016***

VC-Backed Companies

Funding Year 2017.842 23,729 2017.576 18,967 -0.266***
N. Rounds 3.153 23,729 3.293 18,967 0.140***
First Round Size (M USD) 9.201 16,904 9.129 13,562 -0.073
Ln(First Round Size) 1.186 16,904 1.184 13,562 -0.002
Total Equity Raised (M USD) 68.839 20,549 74.769 16,573 5.931*
Ln(Total Equity Raised) 2.546 20,549 2.641 16,573 0.095***
Second Round 0.598 23,729 0.629 18,967 0.031***
Seed Stage 0.685 23,729 0.683 18,967 -0.002
Early Stage 0.212 23,729 0.217 18,967 0.005

Panel B: Founder characteristics

Founder Age (Years) 30.762 122,984 31.270 80,198 0.508***

Education & Work Experience

Completed by founding time
Bachelor Degree 0.624 70,140 0.622 48,160 -0.003
Master Degree 0.194 70,140 0.201 48,160 0.007***
Ph.D. Degree 0.071 70,140 0.076 48,160 0.005***
MBA Degree 0.095 70,140 0.099 48,160 0.004**
STEM Degree 0.266 70,140 0.273 48,160 0.007**
Elite School Degree 0.112 70,140 0.124 48,160 0.013***
Missing Founder Education 0.430 122,984 0.399 80,198 -0.030***

Work experience
Work Experience (Years) 3.269 122,984 3.852 80,198 0.583***
N. of Prev. Jobs 0.862 122,984 1.051 80,198 0.189***
Founder Experience 0.273 122,984 0.316 80,198 0.042***
CEO Experience 0.112 122,984 0.135 80,198 0.023***
C-suite Experience 0.057 122,984 0.071 80,198 0.014***
Chief Experience 0.122 122,984 0.145 80,198 0.024***
Investor Experience 0.022 122,984 0.029 80,198 0.007***
Top Employer Experience 0.019 122,984 0.025 80,198 0.006***



Table A5: Proportion of Companies by Industry Group (Crunchbase). This table presents the
proportion of companies operating in each of the 49 industry groups as defined by Crunchbase (one company
can be assigned to one or a few industry groups reflecting more precisely the markets it operates in). The
industries are sorted in descending order of prevalence.

Crunchbase Industry Group Share of Startups

Software 0.36
Information Technology 0.19
Professional Services 0.18
Internet Services 0.17
HealthCare 0.15
Media and Entertainment 0.15
Sales and Marketing 0.15
Financial Services 0.14
Other 0.13
Data and Analytics 0.12
Science and Engineering 0.11
Commerce and Shopping 0.11
Real Estate 0.08
Advertising 0.08
Hardware 0.08
Design 0.08
Apps 0.07
Education 0.07
Mobile 0.07
Artificial Intelligence (AI) 0.06
Community and Lifestyle 0.06
Administrative Services 0.05
Food and Beverage 0.05
Manufacturing 0.04
Transportation 0.04
Content and Publishing 0.04
Video 0.03
Privacy and Security 0.03
Lending and Investments 0.03
Sports 0.03
Biotechnology 0.03
Consumer Goods 0.03
Consumer Electronics 0.03
Travel and Tourism 0.02
Sustainability 0.02
Blockchain and Cryptocurrency 0.02
Clothing and Apparel 0.02
Payments 0.02
Music and Audio 0.02
Energy 0.02
Events 0.02
Platforms 0.01
Gaming 0.01
Navigation and Mapping 0.01
Natural Resources 0.01
Social Impact 0.01
Agriculture and Farming 0.01
Messaging and Telecommunications 0.01
Government and Military 0.01
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Table A6: Proportion of Companies by Industry (Regrouped). This table presents the proportion of
companies classified into seven broad industry groups based on their industry category groups in Crunchbase
(CB). The assignment process is described in Appendix Table A7.

Industry Mean Share

Biotech 0.03
Consumer Product and Services 0.23
Financial Services 0.15
Hardtech 0.03
Healthcare 0.12
Other 0.08
Software 0.36
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Table A7: Broader Industry Classification. This table presents the broader industry classification
for each industry group defined by Crunchbase, ensuring that each company is uniquely classified into a
single broad industry class. We assign companies in broader industry classes according to the following
order: Biotech, Financial Services, Healthcare, Software (excluding IT and Internet Services), Consumer
Products and Services, Software (IT and Internet Services), and Other. Once a company is assigned to a
broad industry class, it is not reassigned to any subsequent one.

Crunchbase Industry Group Broad Industry Classification

Administrative Services Other
Advertising Other
Agriculture and Farming Other
Apps Software
Artificial Intelligence (AI) Software
Biotechnology Biotech
Blockchain and Cryptocurrency Financial Services
Clothing and Apparel Consumer Products and Services
Commerce and Shopping Consumer Products and Services
Community and Lifestyle Consumer Products and Services
Consumer Electronics Consumer Products and Services
Consumer Goods Consumer Products and Services
Content and Publishing Other
Data and Analytics Software
Design Other
Education Other
Energy Hardtech
Events Other
Financial Services Financial Services
Food and Beverage Other
Gaming Consumer Products and Services
Government and Military Other
Hardware Hardtech
HealthCare Healthcare
Information Technology Software
Internet Services Software
Lending and Investments Financial Services
Manufacturing Hardtech
Media and Entertainment Consumer Products and Services
Messaging and Telecommunications Software
Mobile Software
Music and Audio Consumer Products and Services
Natural Resources Hardtech
Navigation and Mapping Software
Other Other
Payments Financial Services
Platforms Software
Privacy and Security Software
Professional Services Other
Real Estate Other
Sales and Marketing Consumer Products and Services
Science and Engineering Hardtech
Social Impact Other
Software Software
Sports Consumer Products and Services
Sustainability Other
Transportation Other
Travel and Tourism Consumer Products and Services
Video Consumer Products and Services
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Table A8: Face Factors and the Likelihood of VC Financing - Robustness to Excluding Eth-
nically Diverse Companies. This table replicates the results of Table 2. The sample excludes companies
defined by Crunchase as founded by non-white founders. Robust standard errors are reported in parentheses.
***, **, * denote statistical significance at the 1%, 5% and 10% level, respectively.

P(VC Financing)
(1) (2) (3)

Trust 0.018*** 0.020*** 0.024***
(0.003) (0.003) (0.003)

Attract 0.011*** 0.009** 0.008**
(0.004) (0.004) (0.004)

Dom 0.017*** 0.015*** 0.013***
(0.004) (0.004) (0.004)

Basic controls Yes Yes Yes
Detailed controls No Yes Yes
Founding Year x State No Yes Yes
Industry Group No No Yes

Observations 56,586 56,580 56,580
R-squared 0.174 0.196 0.247

Table A9: Face Factors and the Likelihood of VC Financing - Robustness to Excluding Com-
panies with Crunchbase Profiles Created After the VC Financing. This table replicates the results
of Table 2. The sample excludes companies that were added to Crunchbase after the date of the VC round
announcement. Robust standard errors are reported in parentheses. ***, **, * denote statistical significance
at the 1%, 5% and 10% level, respectively.

P(VC Financing)
(1) (2) (3)

Trust 0.016*** 0.017*** 0.019***
(0.002) (0.002) (0.002)

Attract 0.011*** 0.008*** 0.007**
(0.003) (0.003) (0.003)

Dom 0.008** 0.007** 0.007**
(0.003) (0.003) (0.003)

Basic controls Yes Yes Yes
Detailed controls No Yes Yes
Founding Year x State No Yes Yes
Industry Group No No Yes

Observations 52,378 52,372 52,372
R-squared 0.117 0.130 0.161
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Table A10: Face Factors and the Likelihood of VC Financing - Dummy Face Factors. This
table reports linear regression estimates of the probability of receiving venture capital financing based on
the founding team’s average face factors (Trust, Attract, and Dom), represented using indicator variables:
whether the team’s average face factor is above the median (columns (1) and (2)), in the bottom quartile
(columns (3) and (4)), or in the top quartile (columns (5) and (6)). Robust standard errors are reported in
parentheses. ***, **, * denote statistical significance at the 1%, 5% and 10% level, respectively.

P(VC Financing)
(1) (2) (3) (4) (5) (6)

Trust Top50 0.018*** 0.022***
(0.003) (0.003)

Attract Top50 0.001 0.002
(0.003) (0.003)

Dom Top50 0.008** 0.008**
(0.003) (0.003)

Trust Bottom25 -0.021*** -0.023***
(0.003) (0.003)

Attract Bottom25 -0.008** -0.007**
(0.003) (0.003)

Dom Bottom25 -0.015*** -0.014***
(0.003) (0.003)

Trust Top25 0.011*** 0.016***
(0.003) (0.003)

Attract Top25 -0.009*** -0.010***
(0.003) (0.003)

Dom Top25 -0.002 -0.002
(0.003) (0.003)

Basic controls Yes Yes Yes Yes Yes Yes
Detailed controls Yes Yes Yes Yes Yes Yes
Founding Year x State Yes Yes Yes Yes Yes Yes
Industry Group No Yes No Yes No Yes

Observations 57,454 57,454 57,454 57,454 57,454 57,454
R-squared 0.200 0.251 0.200 0.251 0.200 0.250
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Table A11: Face Factors and the Likelihood of VC Financing - Team Gender Composition. This
table reports linear regression estimates of the probability of receiving venture capital financing based on
the founding team’s average face factors (Trust, Attract, and Dom) interacted with the dummy variables for
whether the startup is founded by a mixed-gender team (Mixed-gender) or a female-only team (Female-only)
(startups founded by male-only teams are the reference group). See Appendix Table A1 for detailed variable
definitions. Robust standard errors are reported in parentheses. ***, **, * denote statistical significance at
the 1%, 5% and 10% level, respectively.

P(VC Financing)
(1) (2) (3)

Trust 0.020*** 0.021*** 0.026***
(0.003) (0.003) (0.003)

Trust x Mixed-gender 0.068*** 0.071*** 0.067***
(0.020) (0.019) (0.019)

Trust x Female-only -0.022*** -0.018*** -0.020***
(0.007) (0.007) (0.007)

Attract 0.007 0.004 0.003
(0.005) (0.005) (0.005)

Attract x Mixed-gender 0.067*** 0.071*** 0.073***
(0.026) (0.026) (0.025)

Attract x Female-only 0.009 0.010 0.007
(0.009) (0.009) (0.009)

Dom 0.015*** 0.013*** 0.013***
(0.005) (0.005) (0.005)

Dom x Mixed-gender 0.048* 0.052* 0.050*
(0.028) (0.028) (0.027)

Dom x Female-only -0.004 -0.007 -0.011
(0.010) (0.010) (0.010)

Mixed-gender -0.060*** -0.061*** -0.052***
(0.008) (0.008) (0.008)

Female-only -0.018*** -0.023*** -0.002
(0.005) (0.005) (0.005)

Basic controls Yes Yes Yes
Detailed controls Yes Yes Yes
Founding Year x State No Yes Yes
Industry Group No No Yes

Observations 57,460 57,454 57,454
R-squared 0.179 0.201 0.252
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Table A12: Face Factors and the Likelihood of VC Financing - Founding Team Structure. This
table reports linear regression estimates of the probability of receiving venture capital financing based on
the founding team’s average face factors (Trust, Attract, and Dom) interacted with the dummy variables
for whether the startup is founded by a solo founder (Solo-founded) (startups founded by a team are the
reference group). See Appendix Table A1 for detailed variable definitions. Robust standard errors are
reported in parentheses. ***, **, * denote statistical significance at the 1%, 5% and 10% level, respectively.

P(VC Financing)
(1) (2) (3)

Trust 0.066*** 0.068*** 0.072***
(0.010) (0.010) (0.009)

Trust x Solo-founded -0.060*** -0.061*** -0.059***
(0.010) (0.010) (0.010)

Attract 0.037*** 0.037*** 0.034***
(0.014) (0.013) (0.013)

Trust x Solo-founded -0.033** -0.037*** -0.034**
(0.014) (0.014) (0.014)

Dom 0.103*** 0.103*** 0.093***
(0.013) (0.013) (0.013)

Dom x Solo-founded -0.107*** -0.110*** -0.099***
(0.014) (0.014) (0.013)

Solo-founded -0.248*** -0.238*** -0.204***
(0.004) (0.004) (0.004)

Basic controls Yes Yes Yes
Detailed controls Yes Yes Yes
Founding Year x State No Yes Yes
Industry Group No No Yes

Observations 57,460 57,454 57,454
R-squared 0.168 0.191 0.243
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Table A13: Face Factors and the Likelihood of VC Financing - Max Team Level Factors. This
table replicates the results of Table 2 using the founding teams’ maximum face factors (Trust, Attract, and
Dom). It reports linear regression estimates of the probability of receiving venture capital financing based
on these maximum values. Robust standard errors are reported in parentheses. ***, **, * denote statistical
significance at the 1%, 5% and 10% level, respectively.

P(VC Financing)
(1) (2) (3)

Trust 0.072*** 0.071*** 0.074***
(0.009) (0.009) (0.009)

Attract 0.022** 0.017 0.014
(0.011) (0.011) (0.010)

Dom 0.034*** 0.035*** 0.029***
(0.011) (0.011) (0.010)

Basic controls Yes Yes Yes
Detailed controls No Yes Yes
Founding Year x State No Yes Yes
Industry Group No No Yes

Observations 17,847 17,803 17,803
R-squared 0.128 0.175 0.243
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