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Motivation

- Information acquisition is necessary for decision-making in financial markets
e However, acquiring information can be costly

- Various mechanisms to reduce information barriers
[ ] Geogr‘aphic prOXimity (e.g. Van Nieuwerburgh and Veldkamp (2009))
e Social networks (e.g. Kuchler et al. (2022))
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Motivation
- Information acquisition is necessary for decision-making in financial markets
e However, acquiring information can be costly

- Various mechanisms to reduce information barriers

e This paper: the role of advanced data technologies

RQ: Do data technologies | information frictions for financial decision making?
e Does this impact who receives financing?

Use the Venture Capital (VC) industry as a laboratory
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Venture Capitalists as a Laboratory

- VCs: gatekeepers for high-growth startup financing

- Increasingly adopting data technologies to aid in investment process

- VC industry provides an insightful setting:
e Important capital providers ~ 50% of public firms VC-backed .. Gomall and strebulaev (2021))

- Information frictions salient, significant shift from traditional approaches

e Use of Big Data to inform investment decisions
- 5Vs: volume, velocity, variety, veracity, value
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Founded: 2000

R &
ik 4

RAVIMHATRE = BARRY EGGERS PETERNIEH

SanJose SanFrancisco New York

{} rubrlk

4/37



Case Study: Lightspeed Venture Partners

Founded: 2000
4 ‘ t!ﬂ‘g,
= Yy i G

RAVIMHATRE ~ BARRY EGGERS  PETERNIEH

SanJose SanFrancisco New York

.’.
8 rubrik

Hired First Data Scientist: Sep 2018

data.”

£ bardeen
@ python” _zapier
Oueviey oo

& affinity  €) GitHub

Apache

Airflow

JERRY “I help with
widening the aperture so that we can algorithmically see more of
what is happening in the startup ecosystem. Data on company
performance is generated every second. | extort signal from

4/37



This Paper: Do Data Technologies | information frictions?

Methodology:
- ldentify VC firms as data-driven from date of hiring first data-driven employee
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This Paper: Do Data Technologies | information frictions?

Methodology:
- ldentify VC firms as data-driven from date of hiring first data-driven employee

Empirical Strategy:
- Use geographic makeup of VC industry

- VC activity concentrated in three main areas = CA, MA, and NY

e VC funds received 85% of capital raised (vca, 2020)
e Startups received 73% of capital invested (nvca, 2020)

- Startups not located in these areas likely fall outside of traditional VC networks
e Examine where VCs choose to invest before and after technology adoption

» investment process
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Main Hypothesis

[ H1.: Data technologies | information frictions for finding investment opportunities ]

[ H1,: Data technologies have limited impact on information frictions ]
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Main Hypothesis

[ H1,: Data technologies | information frictions for finding investment opportunities ]

e Broader discovery of startups beyond traditional networks
e Tracking real-time market trends and competitive dynamics
e Systematic approach for filtering out less promising startups

[ H1,: Data technologies have limited impact on information frictions ]

e Geographic separation remains a significant barrier to effective monitoring
e Data gaps and limitations
e Best startups located in hub areas
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Case Study Revisited: Lightspeed Venture Partners
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Contribution

[ Data Technologies and Pre-Investment Screening in VC Industry ]

[ Fintech and Information Production in Broader Financial Markets ]
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Contribution

[ Data Technologies and Pre-Investment Screening in VC Industry

e Man vs Machine retterath (2020), Lyonnet & stern (2022), Davenport (2022) This Paper: Ex post, VCs invest
in more geographically diverse regions

e Do not provide advantages for identifying “home run” investments soneli 2023) This Paper:

Heterogeneity depending on location of startup

[ Fintech and Information Production in Broader Financial Markets

e Market informativeness welier 2018), Goa & Huang (2020), Abis (2022), Abis & Veldkamp (2022) This Paper:
Identify otherwise overlooked investments

® Real Eﬁects Zhu (2019), Bird, Karolyi, Ruchti & Truong (2021), Cao, Jiang, Yang & Zhang (2022), Dessaint, Foucault, & Fresard (2022),
Goldstein, Yang & Zhou (2022) This Paper: Increased VC activity outside traditional hubs
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Roadmap and Overview of Findings

[EEN

. Background

N

. Data and Methodology

w

. Do Data Technologies | information frictions for finding investment opportunities?
e Do VCs 1 # investments in non hub and low activity locations?

e What are the main endogeneity concerns? ‘ Firm Growth: Conduct placebo analysis ‘

4. How do Data-Driven Non Hub Investments Perform?
Find: More likely to IPO than 1) DD Inv in Hubs & 2) Trad Inv in Non Hubs‘

5. Do these areas experience an 1 in subsequent VC activity?
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Roadmap and Overview of Findings

1. Background

2.
3.
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VC Investment Process
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VC Investment Process
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o intermeciaries fees due to
Incorrect Subjective manual data
information competitor Manual search preparation
analysis prevents Network not and human

A best possible fully leveraged interactions
Inconsistent co-investor

assessment setup
across team
members

Data-Driven VC Annual Report 2024

10/37



Sourcing Investments

Table 3
Sources of investments.

Inbound from management
Referred by portfolio company
Referred by other investors
Professional network
Proactively self-generated

Quantitative sourcing

Number of responses

All
10
(1)
8
(1)
20 ~60%
1 Network
31 Lerner (1994), Hochberg etal.
(1) ) o,
Gompers etal. (2016),
28 ‘(;;rzi\:)kel etal. (2024), Huang.
(1)
2
(0)
446

Source: Gompers et al. (2020)
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Table 3
Sources of investments.

Inbound from management
Referred by portfolio company
Referred by other investors
Professional network
Proactively self-generated

Quantitative sourcing

Number of responses

All
10
(1)
8
(1)
20 ~60%
(3 1]) Network
) (007 Hoonbergatat 010),
‘Gompers et al. (2016),
28 g;r;xmu al. (2024), Huang
(1)
2
(0)
446

Source: Gompers etal. (2020)

“Above all, VC is a network business, effectively capped by the
scalability of human relationships” — Damian Cristian, Koble VC

Limited by
Network
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Data-Driven Approaches

e Use webcrawlers and alternative data to identify startups independent of location
- e.g. Github, public registers, LinkedIn, Twitter

e Once identified, enrich to create a comprehensive picture of company
- e.g. Crunchbase, Pitchbook, website traffic, App Store info
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Data-Driven Approaches

e Use webcrawlers and alternative data to identify startups independent of location
- e.g. Github, public registers, LinkedIn, Twitter

e Once identified, enrich to create a comprehensive picture of company
- e.g. Crunchbase, Pitchbook, website traffic, App Store info

W @AndreRetterath

> Sourcing will shift from mainly inbound to increasingly more
= outbound through the usage of alternative data sources

SOURCING DISTRIBUTION*

Past Future
Problems Solutions
> Manual > Automated via web-
> Mostly inbound Outbound crawlers and databases
> Incomplete coverage > Increasingly outbound
> Comprehensive
Outbound coverage
Inbound
30% network > Data-driven sourcing
20% other investors tools wil split the
> Increasing 8% portfolio competition into
competition pioneers and followers
> Rounds get pre- Inbound > Rounds will become
empted increasingly pre-empted
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Data-Driven VC Examples
TITANIUM VENTU g “SionalFire TRIBE CAPITAL
Venture Capital | ..,..m. e v cuorinues
We Do VC Differently tO

ignite yOUf We are a $1.6B AUM venture capital ﬁl‘lww
focused om|hamessmg Al and data smence'to
deploy capital with precision — into N-of-1

Titanium Ventures has challenged VC’s status quo from the get- grOWth ‘

one of the ms t d cience to surface startups wit v - n company and| )
wihdste wond - COMPanies.

momentum. We also built venture capital’s only

Home About Us Por

toam with

@1 CircleUp BUSINESSLOANS+  CUSTOMERS&PORTFOLIO v

* Helio MAKING VENTURE CAPITAL

Powered by data to empower ACCESSIBLE

human potential.

We've identified hundreds of successful brands. Using Helio—our COI"lr'letiC iS a d'gltcl vC thqt leVercges an Al Qnolyst to G||OW
technology platform—we increase the speed. quality. and objectivity A r . .

any founder with an internet connection a fair shot at
getting funded

of decision making in the private company landscape through a

unique application of data and machine learning
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Roadmap and Overview of Findings

1.
2. Data and Methodology
3.
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Data

- VC Investments
e Crunchbase: keep all VCs headquartered in the US
- Merge with Preqgin and VentureXpert

e 927 distinct VC firms from 2010 to 2022
¢ Investment information, founding year, HQ location, industry, stage

- Employee Histories
e Crunchbase and LinkedIn to find data-driven employees

- Regional Entrepreneurial Activity

e Startup Cartography Project (andrews, Fazio, Guzman, Liu and Stern (2019))
e Entrepreneurial ecosystem statistics for US from 1988-2016

- startup quantity and quality measures at the state, MSA, county and zip-code level
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Identifying Data-Driven VCs

Identify VCs using data technologies as those who hire data-related employees

e Prior research used job postings to infer technology adoption (e.. Bonelii (2023), Raymond (2024)

1. Identify initial list from Data-Driven VC (retterath, Early Bird ventures (2024)) — Ccreate job title list

2. Use job title list to identify data-driven VCs in my sample

16/37



Identifying Data-Driven VCs
Identify VCs using data technologies as those who hire data-related employees
e Prior research used job postings to infer technology adoption (e.. Bonelii (2023), Raymond (2024)

1. Identify initial list from Data-Driven VC (retterath, Early Bird ventures (2024)) — Ccreate job title list

2. Use job title list to identify data-driven VCs in my sample
= 59 data-driven VCs from 2010 to 2022 — 2,965 data-driven investments

Data-Driven Traditional Difference
Mean Count Mean Count

Age 14.65 598 11.92 7915 2.73***
# Employees 23.18 598 8.95 7915 15.17***
AUM ($ Bil) 1.26 598 0.44 7915 0.82***
Centrality 5.93 598 2.69 7915 3.23***
Hub HQ 0.94 598 0.79 7915 0.15***
Software Industry 0.91 598 0.62 7915 0.29***
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Data Scientist Examples

I o -

Director of Engineering
Drive Capital

Qur team built software that powers pretty much everything Drive does as a firm.[From helping
Erything

investments to analyzing public market data, our internal platform does a little bit
system using Python/Django, Reacts, some Node js, and PostgresaL.

TITANIUM VENTUR

=% Titanium Ventures

Experience

Titanium Ventures
7yrs 2 mos

Partner, Head of Data
Full-time

Head of Data Science
201 20245

We're building a team of engineers to enable us to use Data Science and Machine Learning to augment a
traditional qualitative investment approach, helping us make quicker decisions and invest in the best « .see more

Lead Data Scientist

Sourcing & Diligence:

[Buitinfrastructure and pipefines to ingest data from many aifferent sources bnd in a variety of format __see more
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Evolution of Data-Driven VCs
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Geographic Classifications

- Hub

e commuting zones in San Francisco and San Jose, CA; Boston, MA; New York, NY

- Non Hub
e all other commuting zones

- Low Activity
e commuting zones with < 25 VC investments in previous 5 years (Hochberg et al. (2010))
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Roadmap and Overview of Findings

1.
2.

3. Do Data Technologies | information frictions for finding investment opportunities?
e Do VCs 1 # investments in non hub and low activity locations?
e What are the main endogeneity concerns?
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Specification: Stacked Diff-in-Diff @akereta 2oz2)

{ Yiat = PiTreated; 4 x Posty; + Xjat + &jxd + Xdxexixsxt + €jd,t ]

* ¥t = # Investments made by VC j in year t
e Treated; y = indicator if VC j becomes data-driven, O otherwise
e Posty ; = indicator after data-driven event
e Xj 4, = time varying controls for VC j
- VC firm age, # of employees, total AUM, eigenvector network centrality
e a; = VC firm fixed effects
® Yivextxs = VC main industry j x state ¢ of VC HQ x year t x VC main funding stage s FEs
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[ Yiat = PiTreated; 4 x Posty; + Xjat + &jxd + Xdxexixsxt + €jd,t ]

* ¥t = # Investments made by VC j in year t
e Treated; y = indicator if VC j becomes data-driven, O otherwise
e Posty ; = indicator after data-driven event
e Xj 4, = time varying controls for VC j
- VC firm age, # of employees, total AUM, eigenvector network centrality
e a; = VC firm fixed effects
® Yivextxs = VC main industry j x state ¢ of VC HQ x year t x VC main funding stage s FEs

Prediction: 51 > 0 - After adopting data technologies, VCs 1 # investments in non-hubs
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Main Results

Yjat = PBTreat x Postt+ Xjgt + @jxg + Vixextxsxd +e€jt
# Investments data-driven VC controls VC firm- state-by-ind.-by-

by-cohort FE  stage-by-year-by-cohort FE

Outcomes: Hub Non Hub Low Activity
(1) (2) (3)

Data Driven 0.104 0.152*** 0.460*
(1.22) (2.54) (1.81)

Controls Yes Yes Yes

VC-Firm FE Yes Yes Yes

State x Industry x Stage x Year FE Yes Yes Yes

y 5.45 2.81 0.24

R-squared 0.51 0.71 0.51

N 31069 31069 31069
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Main Results

Yjat = PBTreat x Postt+ Xjgt + @jxg + Vixextxsxd +e€jt
# Investments data-driven VC controls VC firm- state-by-ind.-by-

by-cohort FE  stage-by-year-by-cohort FE

Outcomes: Hub Non Hub Low Activity
(1) (2) (3)

Data Driven 0.104 0.152*** 0.460*
(1.22) (2.54) (1.81)

Controls Yes Yes Yes

VC-Firm FE Yes Yes Yes

State x Industry x Stage x Year FE Yes Yes Yes

y 5.45 2.81 0.24

R-squared 0.51 0.71 0.51

N 31069 31069 31069

e Investments in Non Hub Areas 1 by €912 — 1 = 16% = ~ 0.5 inv. per year

e Investments in Low Act. Areas 1 by %46 — 1 = 58% = ~ 0.15 inv. per year
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Endogeneity Concerns

Hiring of Data Scientist correlated with overall firm growth > fund &employee analysis
e Include # Employees and AUM as controls

Empirical Approach: conduct placebo analysis with hiring of a Venture Partner (VP)
e Distinct from General Partners (GP)
- No carried interest, focus on sourcing, no investment authority
e Increasingly common as influx of capital to private markets (razci 2024)

Intuition: VCs hire when growing — correlated with increased investments
e Compare VP hire to data scientist hire to isolate unique impact of data technology
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Approach

Match each VC that hires a data scientist to a VC that hires a VP in the same year
- On covariates and pre-trends

o Age, # Employees, AUM, Centrality

e State, Industry, Stage

DD Hire VP Hire Difference
Mean N Mean N DD-VP
Age 12.44 398 12.65 358 -0.21
# Employees 22.24 398 19.01 358 3.23**
AUM 1.35 398 1.16 358 0.19
Centrality 5.08 398 5.13 358 -0.05
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Total Investment with Placebo

5
Yiar = Y, B Teatg xYear(k)g+ Xjdt + Qxd +  Vixoxixsxd  +€jt
N k=—4 k#—1 N—_—— N—— N~ _\,—/
# Investments data-driven VC controls VC firm- state-by-ind.-by-
or VP by-cohort FE  stage-by-year-by-cohort FE
3
2
o
2
- 1
§
o)
be
E
_A‘|,
-2 l‘ =@= Data-Driven === Placebo

4 3 2 -1 0 1 2 3 4 5
Year to/after Data-Driven
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Main Results with Placebo

Yidt=B1 DataDrivenj x Post; + B2 P/acebo/- x Post; + )(j,d,, + &g T Vixextxsxd +ejt
A ad " N~ N———
# Inv. data-driven VP Hire VC controls VC firm- state-by-ind.-by-

by-cohort FE  stage-by-year-by-cohort FE

Outcomes: Hub Non Hub Low Activity
(1) v 3
Data Driven x Post 0.112 0.167*** 0.466**
(0.99) (2.66) (2.17)
Placebo x Post 0.134** 0.096 -0.037
(1.98) (0.94) (-0.18)
Controls Yes Yes Yes
VC-Firm FE Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes
Data Drivenx Post = Placebo x Post (p-value) 0.865 0.543 0.0406**
y 5.45 2.81 0.24
R-squared 0.51 0.71 0.51
N 30855 30855 30855

» treat dynamics » placebo dynamics
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Main Results with Placebo

Yj.d.t = B1 DataDriven; x Post; +B, Placebo; x Posti+  Xjq: + ajxg + Yixoxtxsxd +ejt
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# Inv. data-driven VP Hire VC controls VC firm- state-by-ind.-by-

by-cohort FE  stage-by-year-by-cohort FE

Outcomes: Hub Non Hub Low Activity
(1) v 3

Data Driven x Post 0.112 0.167*** 0.466**
(0.99) (2.66) (2.17)

Placebo x Post 0.134** 0.096 -0.037
(1.98) (0.94) (-0.18)

Controls Yes Yes Yes

VC-Firm FE Yes Yes Yes

State x Industry x Stage x Year FE Yes Yes Yes

( Data Driven x Post = Placebo x Post (p-value) 0.865 0.543 0.0406** ]

y 5.45 2.81 0.24

R-squared 0.51 0.71 0.51

N 30855 30855 30855

» treat dynamics » placebo dynamics
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Additional Tests

Other Measures of Data-Driven

° LOQ(1 + # Data SCientiStS), % » other measures

Do Data-Driven VCs invest in the same non hubs?
e No, # of non hub commuting zones (states) 1 by 21% (24%) > num locations

Other Proxies for Information Asymmetry » other proxies
e More likely to invest in different industry
e Less likely to invest with local syndicate
e More likely to lead funding round

Selection - IV Approach > Vapproach
e VCs pre-exposure to data technologies and timing of raising a new fund
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Roadmap and Overview of Findings

4. How do Data-Driven Non Hub Investments Perform?

5.
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Data-Driven Performance

- Recap: After technology adoption, VCs 71 investments in non-hub & low activity areas

- Receive majority of returns through (rare) liquidity event
e |PO (5-10x) — 7%, Acquisition (1-5x) — 23%
e Achieve Unicorn status — 10%

- Ex ante, performance of non-hub startups unclear

e Less competition for high quality startups, higher hurdle rate . chen etal. 2010)
e Difficult to assess quality ex ante, unable to monitor as effectively (e.g. cumming and Dai (2010)

» DD monitoring » follow on
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Non Hub Performance

Ykt = pDataDriven;;+ Xkt + & + Yixextxs +é€j¢
N ——— ~ NI —_——

IPO, unicorn data-driven VC & VC firm FE  state-by-ind.-by-stage-by-year FE

or acquisition investor startup controls
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Non Hub Performance

Ykt
~—
IPO, unicorn

or acquisition

= B Data Driven;; +  Xjxt + a + Vixcxtxs
N’ N N ) N—
data-driven VC & VC firm FE  state-by-ind.-by-stage-by-year FE
investor startup controls
Outcomes: Major Success
(1) (2) ()
Data DrivenxNon Hub 0.001
(0.973)
Data Driven x Low Activity 0.061
(0.74)
Data Driven 0.029 0.028 0.028
(1.26) (1.32) (1.24)
Non Hub & Low Activity No Yes Yes
Controls Yes Yes Yes
VC-Firm FE Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes
Data Drivenx Non Hub = Data Driven (p-value) 0.4130
Data Drivenx Low Activity = Data Driven (p-value) 0.6935
y 0.33 0.33 0.33
y|Non Hub, Low Activity 0.28 0.23
R-squared 0.31 0.31 0.31
N 22428 22428 22428

+€jt
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Non Hub

Yjkt = BDataDrivenj;+  Xjx: + a + Yixextxs
S~~~ N’ N~ N~ ) N——
IPO, unicorn data-driven VC & VC firm FE  state-by-ind.-by-stage-by-year FE
or acquisition investor startup controls
Outcomes: IPO or Unicorn Acquisition
(1) (2) 3) (4)
Data DrivenxNon Hub 0.026** -0.022
(2.25) (-0.98)
Data Driven x Low Activity 0.045* 0.013
(1.87) (0.14)
Data Driven 0.007 0.012 0.007 0.002
(0.49) (0.83) (0.29) (0.08)
Non Hub & Low Activity Yes Yes Yes Yes
Controls Yes Yes Yes Yes
VC-Firm FE Yes Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes Yes
Data DrivenxNon Hub = Data Driven (p-value) 0.0245** 0.4333
Data Driven x Low Activity = Data Driven (p-value) 0.0099*** 0.9141
y 0.12 0.12 0.23 0.23
y|Non Hub, Low Activity 0.09 0.04 0.21 0.20
R-squared 0.16 0.16 0.14 0.14
N 22428 22428 22428 22428

» IPO or uni full

Performance

» acquisition full

+€jt
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Non Hub Performance

Yikt = PDataDrivenj;+  Xjk: + & + Yixextxs
N~ D e N N ) N—
IPO, unicorn data-driven VC & VC firm FE  state-by-ind.-by-stage-by-year FE
or acquisition investor startup controls
Outcomes: IPO or Unicorn Acquisition
(1) (2) ) (4)
Data Driven x Non Hub 0.026** -0.022
(2.25) (-0.98)
Data Driven x Low Activity 0.045* 0.013
(1.87) (0.14)
Non Hub or Low Activity -0.019* -0.054*** -0.018 -0.026
(-1.79) (-2.85) (-1.30) (-0.89)
Data Driven Yes Yes Yes Yes
Controls Yes Yes Yes Yes
VC-Firm FE Yes Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes Yes
Data DrivenxNon Hub = Non Hub (p-value) 0.0077*** 0.8917
Data Drivenx Low Activity = Low Activity (p-value) 0.1408 0.7090
y 0.12 0.12 0.23 0.23
y|Non Hub, Low Activity 0.09 0.04 0.21 0.20
R-squared 0.16 0.16 0.14 0.14
N 22428 22428 22428 22428

+€jt
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Roadmap and Overview of Findings

5. Do these areas experience an 1 in subsequent VC activity?
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Do data-driven investments in low activity areas lead to 1 VC activity?

- Once VCs invest in low activity areas, these areas are more likely to become part of ...
e Databases used by data-driven VCs
e Traditional VC networks

- Prediction: Data-driven investments in low-activity hubs lead to 1 VC activity
- ldentify all comzones with < 25 VC investments in last 5 years from 2010 to 2022

e Treated comzones - received funding by data-driven VC— 56 comzones
- All other comzones - control
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VC Activity

Yact = B{Treatedyc x Postyi}+ Xgct—1+ &ge + gt  +€gct
—— —— —~~ ~—

vc activity cz receive cz controls  cohort-by-cz  cohort-by-year
outcomes data-driven investment FE FE

35/37



VC Activity

Yact = B{Treatedyc x Posty} + Xgct—1+ dge +
N J/ h\,—/ o’

Xd t
~—

+€d.ct

vc activity cz receive cz controls  cohort-by-cz  cohort-by-year
outcomes data-driven investment FE
Outcomes: # Funding # First VC # Unique # First # VC Patents
Rounds Financing Investors Investor
(1) 2 (3) (4) (5
Treat x Post 0.077** 0.084** 0.186*** 0.112** 0.282***
(2.59) (2.63) (3.12) (2.65) (3.64)
Controls Yes Yes Yes Yes Yes
Cohortx Year FE Yes Yes Yes Yes Yes
Cohortx Commuting Zone FE Yes Yes Yes Yes Yes
R-squared 0.75 0.64 0.76 0.72 0.68
y 0.31 0.15 0.57 0.42 0.33
N 53548 53548 53548 53548 53548

» entrepreneurial czs
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Conclusion

I study the use of data technologies to overcome information frictions
- Use the VC industry as a laboratory

Data technologies | search frictions, 1 investments non hub commuting zones
e These investments are more likely to exit through an IPO or achieve unicorn status

Data-driven entry in low activity areas lead to an 1" in subsequent VVC activity

- Results suggest that data technologies change the way VCs source investments
e Encourage regional innovation outside of traditional hubs

“Note to founders, start leaving your trails online about what you're building, if you're on the
right path — they’ll come knocking on your door” - Gabriel Shin, Landscape
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Thank You!



Appendix



Investment Process & Data Driven Usage

Pre-Investment Screening

A

1
; PostInvestment Value Add
|
1

\

Manual data
collection

Reactive and
not proactive

Incomplete
coverage prevents
best possible fit
between startup
and investor

» back

Subjective
and biased

Incomplete
information

Incorrect
information

Inconsistent
assessment
across team
members

Due
Diligence

Time consuming
provision and
analysis of
commercial, legal
and tech data

Subjective
competitor
analysis

Closing

Complex
processes

Paperwork
notary

Manual search
prevents

best possible
co-investor
setup

Portfolio
value creation

Manual introductions
to customers and
follow-on investors

Recruiting via
intermediaries

Network not
fully leveraged

Data-Driven VC Annual Report 2024

Manual
search for
acquirers

High process
fees due to
manual data
preparation
and human
interactions
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Firm Growth

» back

Outcomes: Fund Size Employee Size
Log(Total AUM)  Log(Median Round $)  Log(# Partners) # Inv/Partner
(1 (2) (3) 4
Data Driven 0.247** 0.006 0.101* 0.030
(2.39) (0.08) (2.14) (0.28)
Controls Yes Yes Yes Yes
VC-Firm FE Yes Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes Yes
R-squared 0.90 0.69 0.87 0.85
N 8513 8513 8513 8513

3/18



Dynamics - Treat

Point Estimate and 95% CI

=—@= Total ==@= Hub ==@== NonHub ==@== Low Activity

I

|

|

|

|

|

1
4 3 2 4 0 7 2 3 4 5

Year to/after Data-Driven

» back
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Dynamics - Placebo

|
|
|
|
1

—@— Total

————

|
1
|
|
|
|
1

—_————

=== Low Activity

=@= Hub ==@==Non Hub

10 %G6 pue sjewns3 julod

Year to/after Data-Driven

» back
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Other Data Driven Measures

Log(1 + # Data Scientists)

#Data Scientists

Data Driven = # Partnars
Outcomes: Hub  Non Hub Low Hub  Non Hub Low
(1) (2) 3) (4) (5) (6)
Data Driven 0.131 0.177*** 0.389** 0.378 0.812*** 1.218**
(1.60) (3.67) (2.09) (0.74) (3.06) (2.32)
Controls Yes Yes Yes Yes Yes Yes
VC-Firm FE Yes Yes Yes Yes Yes Yes
State xIndustry x StagexYear FE  Yes Yes Yes Yes Yes Yes
R-squared 0.51 0.71 0.51 0.51 0.71 0.49
y 5.45 2.81 0.24 5.45 2.81 0.24
N 8513 8513 8513 8513 8513 8513

» back
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Number Locations

Outcomes: # Comzones  # Nonhub Comzones # States # Nonhub States
(1) (2) (3) (4)

Data Driven 0.156** 0.213** 0.129* 0.239**
(2.25) (1.98) (1.91) (2.52)

Controls Yes Yes Yes Yes

VC-Firm FE Yes Yes Yes Yes

State x Industry x Stage x Year FE Yes Yes Yes Yes

R-squared 0.26 0.29 0.22 0.28

N 8513 8513 8513 8513

» back
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Other Proxies for IA

Outcomes: Diff Industry Local Syndicate Lead Investor

All Non Hub Low Activity Non Hub Low Activity

(1) (2) (3) 4 (5)
Data-Driven 0.07* -0.040** -0.390*** 0.064*** 0.024

(1.80) (-2.16) (-4.78) (2.92) (0.86)

Controls Yes Yes Yes Yes Yes
VC-Firm FE Yes Yes Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes Yes Yes
R-squared 0.37 0.37 1.01 0.09 0.07

N 49411 6659 566 6659 566

» back
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IV Approach

VC'’s adoption of data technologies is not random ...
Correlated omitted variable with technology adoption and outcome

IV Strategy - isolate variation in VCs' data technology adoption from two sources:
1. early exposure to Al

2. timing of raising a new fund

» back
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Identification Strategy [1]

Step 1: Exogenous variation in VCs' early exposure to Al

e Commercial interest in Al became widespread around 20710 sabina et al. (2024)
- Tech firms - e.g. Apple introducing Siri in 2011
- Non-tech firms - e.g. Walmart using cameras on floor scrubbers (2017)

e Startups some of the first to pioneer Al development in 2000s
- e.g. Predictix, 2005; Voci, 2008
- VCs that finance these startups have first mover advantage
- Measure how much a VC is exposed to Al through its investments - before 2010
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Step 1: Exogenous variation in VCs' early exposure to Al

e Commercial interest in Al became widespread around 20710 sabina et al. (2024)
- Tech firms - e.g. Apple introducing Siri in 2011
- Non-tech firms - e.g. Walmart using cameras on floor scrubbers (2017)

e Startups some of the first to pioneer Al development in 2000s
- e.g. Predictix, 2005; Voci, 2008
- VCs that finance these startups have first mover advantage
- Measure how much a VC is exposed to Al through its investments - before 2010

1
N 2010

VCExposure; = LicA; 2010 IndustryExposure;
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Identification Strategy [2]

Step 2: Timing of raising a new fund
e VCs typically hire new employees when raising a new fund

e Typically raise a fund every 3-5 years

- Prior funds nearly deployed
- External market conditions

e Therefore VCs are likely to hire a data scientist while fund raising

* NewFund;|_,.o indicates if VC raised a new fund in the previous 2 years

11/18



Identification Strategy [2]

Step 2: Timing of raising a new fund
e VCs typically hire new employees when raising a new fund

e Typically raise a fund every 3-5 years

- Prior funds nearly deployed
- External market conditions

e Therefore VCs are likely to hire a data scientist while fund raising

* NewFund;|_,.o indicates if VC raised a new fund in the previous 2 years

First Stage:

DataDriven; s = pVCExposure; x NewFund; .01 + Xt + &) + acxixsxt €, (1)
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IV Results

» back

Outcomes: All Non Hub Low Activity
First Stage 2SLS 2SLS 2SLS
(1) (2) (3) 4)
Data-Driven 0.696*** 0.872*** 1.436***
(2.61) (2.45) (2.55)
VC Exposure x New Fund 0.055***
(3.71)
Controls Yes Yes Yes Yes
VC-Firm FE Yes Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes Yes
F-Statistic 13.74
R-squared -0.04 -0.05 -0.02
N 3301 3301 3301 3301
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Data Technologies & Post Investment Value Add

# Acquisitions

10 %S6 pue sjewns3 julod

Year to/after Data-Driven

» back
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Follow On Financing

» back

Outcomes: Follow On
(1) (2) )
Data Driven 0.026*** 0.027*** 0.029***
(3.40) (3.34) (3.75)
Data DrivenxNon Hub -0.004
(-0.40)
Data Driven x Low Activity -0.163***
(-3.61)
Non Hub -0.002
(-0.27)
Low Activity -0.017
(-1.05)
Controls Yes Yes Yes
VC-Firm FE Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes
Data-Driven=Data-Drivenx Non Hub (p-value) 0.0405**
Non Hub=Data-Driven x Non Hub (p-value) 0.8487
Data-Driven=Data-Driven x Low Activity (p-value) 0.0001***
Low Activity=Data-Driven x Low Activity (p-value) 0.0023***
y 0.61 0.61 0.61
R-squared 0.09 0.09 0.09
N 46871 46871 46871

14/18



IPO or Unicorn Status

» back

Outcomes: IPO or Unicorn Status
(1) (2) )
Data Driven 0.013 0.007 0.012
(0.90) (0.49) (0.83)
Data DrivenxNon Hub 0.026**
(2.25)
Data Driven x Low Activity 0.045*
(1.87)
Non Hub -0.019*
(-1.79)
Low Activity -0.054***
(-2.85)
Controls Yes Yes Yes
VC-Firm FE Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes
Data-Driven=Data-Drivenx Non Hub (p-value) 0.0245**
Non Hub=Data-Driven x Non Hub (p-value) 0.0077***
Data-Driven=Data-Driven x Low Activity (p-value) 0.0058***
Low Activity=Data-Driven x Low Activity (p-value) 0.1408
y 0.12 0.12 0.12
R-squared 0.16 0.16 0.16
N 22428 22428 22428

15/18



Acquisition

» back

Outcomes: Acquisition
(1) (2) )
Data Driven 0.002 0.007 0.002
(0.09) (0.29) (0.08)
Data DrivenxNon Hub -0.022
(-0.98)
Data Driven x Low Activity 0.013
(0.14)
Non Hub -0.018
(-1.30)
Low Activity -0.026
(-0.89)
Controls Yes Yes Yes
VC-Firm FE Yes Yes Yes
State x Industry x Stage x Year FE Yes Yes Yes
Data-Driven=Data-Drivenx Non Hub (p-value) 0.4333
Non Hub=Data-Driven x Non Hub (p-value) 0.8917
Data-Driven=Data-Driven x Low Activity (p-value) 0.9141
Low Activity=Data-Driven x Low Activity (p-value) 0.7090
y 0.23 023 0.23
R-squared 0.14 0.14 0.14
N 22428 22428 22428
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Which non-hub areas attract data-driven investments?

Recap: Data technology adoption | search frictions; 1 investments in non-hubs

Advantage of algorithmic techniques: identify emerging trends and markets

e More likely to invest in areas where there is more “data”

Use the Regional Entrepreneurship Cohort Potential Index (RECPI)
e RECPI = SFR x EQI

- SFR = Startup Formation Rate — quantity of new business registrants in an area

- EQI = Entrepreneurship Quality Index — average growth potential within a group of startups

- Prediction: Commuting zones with high RECPI/ attract more data-driven investments

» back
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Commuting-Zone Level Investments

Yot — =PBLOg(RECPl)ci 1+ Xot—1 + ac + ar +ecy
~~ —— ~ =~
# investments entrepreneurial activity cz controls czFE year FE
statistic
Outcomes: # Data Driven

Non Hub Low Activity
(1) (2)
Log(RECPI) 0.815** 1.691*

(4.20) (1.78)
Controls Yes Yes
Comzone FE Yes Yes
Year FE Yes Yes
R-squared 0.76 0.79
N 5331 4598

» back
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Commuting-Zone Level Investments

Yet =BLog(RECPl)ci 1+ Xet—1 + ac + ar Hect
~ —— =~ =~

# investments entrepreneurial activity cz controls czFE year FE
statistic
Outcomes: # Data Driven # Non-Data Driven

Non Hub Low Activity Non Hub Low Activity
(1) (2) (3) (4)

Log(RECPI) 0.815** 1.691* 0.006 0.124
(4.20) (1.78) (0.53) (0.40)
Controls Yes Yes Yes Yes
Comzone FE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
R-squared 0.76 0.79 0.91 0.61

N 5331 4598 5331 4598

» back
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