Entrepreneurial Finance Seminar
Online- Workshop 14/04/202] = 1| (0 OO i© 11 45

Introduction by Profi. Dr. Jorn Block
(Trier University) and Dr. Helmut
NElE S =S ER)

Presentation: ,Differences in Ventu-
re Capital screening criteria® (Tnier
University)

Presentation: ,The impact ofi V€ on
the exit and innovation outcomes
of ElF-backed! start-ups* (EIE)

Discussion and avenues for future
research fromia practitioner's and
researcher's perspective

Register now:
https.//bit.ly/20CkWZ2Y

..:..;!r..P..rhlI:lI"III.jlln.mnllllhl||”||"||I||||“III.II ] |..:|n|hm

[ o
F Deutsche Forschungs S
. [ B EUROPEAMN
2 e INVESTMENT Nittaistand W Universitit Trier

FUMND UNIVERSITAT TRIER



N PROFESSUR FUR
UNTERNEHMENSFUHRUNG de

E-Mail: unternehmensfuehrung@uni-trier.de 1 M g 00 °
www.unternehmensfuehrung.uni-trier.de ‘ U n Ive rS I tat Trl e r
DFG Deutsche
Forschungsgemeinschaft

VC and PE screening criteria:
Results from several studies

Prof. Dr. Jorn Block

08.03.2022



Steps of a VC evaluation process
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>

*20% do not even enter the screening phase due to poor formal quality of the business plan.
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Investor’s decision criteria UNTERNEHMENSFUHRUNG

Valuation
Track record Management team Market growth
Product
Marketing strategy
Screening criteria
CEO experience
Market potential
Exit options Financial data
Image IPP
Potential ROI
Layout of the Education of
business plan founder
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External Investor .
Screening /

Decision evaluation Venture

maker

\ J
|

1. What are important criteria that investors use to screen growth
ventures?

2. What is the relative importance of each of the criteria?

3. How do characteristics of the individual decision maker (e.g.,
age, experience or education) influence the screening decision?

4. How do characteristics of the investor company (e.g., investor
type or country) influence the decision making?

5. Can we observe differences between EU and the US in the
importance of criteria?

08.03.2022 5
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Mlxed'methOdS approach ‘ UNTERNEHMENSEUHRUNG

1.) Literature review and expert interviews to find
most relevant criteria

2.) Conduction of conjoint experiment

08.03.2022 6



Identified criteria
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- Our literature review and expert interviews resulted in seven important screening
criteria for later-stage ventures

Characteristic

Possible levels

Value added for customers

Low; Medium; High

Business model

Low cost; Innovation-centered; Lock-in; Complementary

International scalability

Difficult; Moderate; Easy

Current profitability

Not profitable; Break even; Profitable

Current revenue growth

10%; 20%; 50%; 100%

Current investors

No external; Unfamiliar external; Tier 1 external

Management team (track record)

No team members; Some team members; All team members

08.03.2022



Choice experiment
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UNTERNEHMENSFUHRUNG

* Two potential companies were presented, differing in seven
characteristics, decision of which one is more attractive:

Characteristics of the
venture

Growth venture A

Growth venture B

Value added for
customers:

Business model:

International
scalability:

Current profitability:

Current revenue
growth:

Current investors:

Management team
(track record):

Low

Low cost

Moderate

Not profitable

20%

No external investors

No team member with relevant
track record

Medium

Lock-in

Easy

Break even

10%

External investors -
Tier1l

All team members with relevant
track record

More attractive:

» Task had to be completed 13 times

* Conjoint tasks were followed by a questionnaire that delivered us detailed
information on the participant (e.g., headquarter, investor type)

08.03.2022



The sample
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vetorre % N The participants a
VC fund 43% 324
d Total Part:
CVCfund 9% 66 Gender  Total - Partier
Family 8% 60
offices Male 87%  92%
Growth 25% 181
equity fund ° ° Female 13% 8%
Buyout 10% 71
fund
Other 5% 42
Age % N
N =798 investors -
Type of prev. % N <25 2% 20
experience 25-34 28% 225
Startup Bl B Oage | | 3544 26% 209
mainly)
Corporate 40% 304 Majority 45-54 28% 226
o 55-64 10% 83
Mixed 35% 262 o 2 35
> o
Majority
Entrepreneurial % jihentasionn oy Educational Law Business / Engineering  Natural
background :ﬂl 449, background Economics science
Y 519 25%
s & _ﬂl _ﬂl % 7% 77% 23% 11%
. o aaa =
(0] (]
Iﬂl :ml —ﬂl Eﬂl 10% N 52 617 185 85

08.03.2022



] PROFESSUR FUR

Findings from three studies UNTERNEHMENSFUHRUNG

al of Corporate Finance 58 (2019) 329-352

Contents lists available at ScienceDirect o . . .
(CORPORATE, VC investors® venture screening: . ) . ) . .
. [FINANCE Differences in the importance of screening criteria between US and
Journal of Corporate Finance . ) A
the role of the decision maker’s education and experience
journal homepage: www.elsevier.com/locate/jcorpfin =] continental European VC investors
N L. L. X . _ Authors: Alexandra Moritz!*, Walter Diegel!”, Joern Block!-23, Christian Fisch!:2 Authors: Joern Block!:2, Walter Diegel!, Christian Fisch', Alexandra Moritz'

Private equity investment criteria: An experimental conjoint ) . .

. ~ . N N T Trier University, Universitdtsring 15, 54296 Trier (Germany,

analysis of venture capital, business angels, and family offices e 1 Trier University, Universititsring I5, 54296 Trier (Germany) ke o f v
Joern Block™", Christian Fisch™, Silvio Vismara®®*, René Andres" 2Erasmus Institute of Management (ERIM), Erasmus University, Rotterdam, The Netherlands

2 Erasmus Institute of Management (ERIM), Erasmus University, Rotterdam, Netherlands
P 0. Bux 1738, 3000, D, Roterdan, Abstract
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Decision-making research in venture capital (VC) tends to study investors solely in particular

® ; , . . . .
ARTICLE INFO ABSTRACT These authors contributed equally. countries or regions and lacks studies that directly compare the importance of screening

criter
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th Henc
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Relative importance of screening criteria UNTERNMEHMENSEUHRUNG

Revenue growth — 23.4%

Value-added of product/service T 20.4%
Track record of management team P 15.7%
International scalability P 13.0%
Profitability [ 11.8%
Business model [ 8.3%

Current investors — 7.3%

0% 5% 10% 15% 20% 25%

Relative importance (proportion of total utility explained)

08.03.2022 11



... by investor type
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Revenue growth

Value-added of product or service

Track record of the management team

International scalability

Profitability

Business model

Current investors

0%

14,7% 234%
G 25,8%
15,84% 29%
20,4%
20,6%
21,2%
15,3%
22,80%
2.9% 15,7%
S 14,9% .
14,71% 22,14
13,10% . H Full sample
13,0%%9/) 17.7% M Levereged buyout fund
10,39% T  Venture Capital Fund
11,8% M Business Angel
31,1%
5 6% 7,6% B Family Office
,07
20,03%
8,3%
5,2%
9,3%
4%
10,33%
7,3%
9,6%
,2%
5,0%
5,91%
5% 10% 15% 20% 25% 30% 35%

Relative importance (proportion of total utility explained)
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... by level of education
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Revenue growth

Value-added of product or service

Track record of the management team

International scalability

Profitability

Business model

Current investors

25,57%
27,74%
25,73%
20,22%
19,93%
21,52%
19,02%
21,10%
15,00%
13,25%
16,17%
12,01%
12,53% ® Full sample
7,48%
13,67% m Bachelor
17,33%
B Mast
11,68% aster
13,84%
11,85% m PhD
4,37%
8,81%
9,63%
7,93%
13,67%
6,47%
6,54%
5,63%
11,30%
5% 10% 15% 20% 25% 30%
Relative importance (proportion of total utility explained)
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° L]
ceoe by fleld Of educatlon ‘ UNTERNEHMENSFUHRUNG
25,57% .
Revenue growth 26,43% 23,95%
24,01%
190,93%
Value-added of product or service 18,58% 27,72%
20,96%
. 15,00%
Track record of the management team 7'684’09%
15,69%
12,53% 17 47h% M Full sample
. o 47%
International scalability m— 13,58% = Engineering
, ()
B Natural Science
11,68% .
Profitability 9.43% 14,41% B Business
12,46%

8,81%0
Business model 7.16% 9,49%

8,97%

6,47%
0,
Current investor 2,42% 6,59%
7,09%
0% 5% 10% 15% 20% 25% 30% 35%

Relative importance (proportion of total utility explained)
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... by entrepreneurial experience UNTERNEHMENSFUHRUNG

25,57%
Revenue growth 23,37%
24,02%
19,93%
Value-added of product or service 20,78%
21,52%
15,00%
Track record of the management team 14,82%
13,54%
12,53%
International scalability 15,29% H Full sample
17,64% B Entrepreneur
11,68% M Serial Entrepreneur
Profitability 11,42%
11,16%
8,81%
Business model 7,10%
5,18%
6,47%

Current investor 7,21%

6,95%

0% 5% 10% 15% 20% 25% 30%
Relative importance (proportion of total utility explained)
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... by investment experience UNTERNEHMENSFUHRUNG

25,57%
Revenue growth 24,94%
25,98%
19,93%
Value-added of product or service 21,03%
18,98%
15,00%
Track record of the management team 12,38%
17,31%
12,53%
International scalability 11,71% B Full sample
13,42% .
M Investment experience low
11,68% B Investment experience high
Profitability 12,53%
10,87%
8,81%
Business model 12,09%
6,00%
6,47%
Current investor 5,31%
7,44%
0% 5% 10% 15% 20% 25% 30%
Relative importance (proportion of total utility explained)
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US vs. continental European investors

PROFESSUR FUR

UNTERNEHMENSFUHRUNG

Relative importance (proportion of total utility explained)

] 23,06%
21,55%
Value-added of | 20'42?1 64%
product/service 19,79% A
] 16,60%
g o | 1739%
management team 16,28%
] 13,39%
International scalability 5,56%
h 16,55%
] 13,28%
Profitability 12,17%
13,69%
| 7,94% .
7,39%
M US
] 5,30%
C ti t 6,67% .
HITET TVEston 4.76% ° M Continental European
0% 5% 10% 15% 20% 25%
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Journal of Corporate Finance
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Which criteria matter when impact investors
screen social enterprises?

Joern H. Block * B.¢2 B Mirko Hirschmann ®&, Christian Fisch > P&
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Screening criteria of impact investors UNTERNEHMENSFOHRUNG

Authenticity of the
founding team

25,66%

Importance of the society
issue

23,95%

Financial sustainability

16,86%

Scalability

14,21%

Proof of Concept 9,73%

Degree of innovation

8,22%

Professional background of - 1,37%

the founding team

0% 5% 10% 15% 20% 25% 30%
Relative importance (proportion of total utility explained)
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Outlook \ UNTERNEHMENSFUHRUNG

Does a Schumpeterian founder impression increases the chances of
getting funded by a VC?

* The effect of a founders Twitter behavior on resource acquisition

* 3,313 founders

* >2million Tweets

* Algorithm-based text analysis (,,Linguistic inquiry word count”)

* Main findings:
— Entrepreneurial vision and optimism displayed via Twitter
significantly increase the chances for a second funding

— Displaying an achievement motive via Twitter significantly decreases
the chances for a second funding

08.03.2022 20



The European Venture Capital Landscape:
an EIl Perspective

The impact of VC on the exit and innovation glitcomes of
ElF-backed start-ups
ElitsaPavlova ~ Simone Signore
European Investment Fund (EIF)

Entrepreneurial Finance Seminar — 14 April 2021, Online Workshop

Economic Impact of EIF-backed VC



Disclaimer

This presentation should not be referred to as representing the views of the European Investment
Fund (EIF) or of the European Investment Bank Group (EIB Group). Any views expressed herein,
including interpretation(s) of regulations, reflect the current views of the authors, which do not
necessarily correspond to the views of the EIF or of the EIB Group. Views expressed herein may
differ from views sct out in other documents, including similar research papers, published by the
EIF or by the EIB Group. Contents of this presentation, including views expressed, are current at
the date of publication set out above, and may change without notice. No representation or war-
ranty, express or implied, is or will be made and no liability or responsibility is or will be accepted
by the EIF or by the EIB Group inrespect of the accuracy or completeness of the information con-
tained herein and any such liability is expressly disclaimed. Nothing in this presentation constitutes
investment, legal, or taxadvice, nor shall be relied upon as such advice. Specific professional advice
should always be sought separately before taking any action based on this presentation. Reproduc-
tion, publication and reprint are subject to prior written authorisation.
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Motivation
Identification strategy
Assignment mechanism
Matching

Competing risks
Results

Conclusions

el el
Sl
15

Economic Impact of EIF:



The paper in a nutshell (1/2)

Research question and empirical approach

> We assess the impact of venture capital (VC) on the exit and innovation outcomes
of young and innovative firms supported by the EIF in the years 2007-2014;

> We create a counterfactual group of non-VC-backed firms through a
combination of exact and propensity score matching;

> We estimate treatment propensity using a series of innovative measures based on
machine learning, network theory, and satellite imagery analysis;

> We investigate exit and innovation outcomes of start-ups using competing risks
methods. Competing risks analysis measures the occurrence over time of exit
events that are mutually exclusive.

el el
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The paperin a nutshell (2/2)

Key results

» EIF VC-invested start-ups are about three times more likely to participate in an
MG&A deal and experience an [IPO compared to similar, non-VC-backed firms;

> EIFVChasastrong effect on the likelihood to experience horizontal, vertical and
international M&A integration;

> EIF VC has no significant effect on other forms of buy-outs or on bankruptcy
rates (though this might be due in part to the low statistical power of the empirical
estimations);

> Start-ups supported by the EIF experienced a doubling of their patenting rate,
compared to counterfactuals.

el el
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The real effects of European VC supported by the EIF

Introduction

> Venture capital (VC) financing has been linked to positive effects in new industry
creation and growth of industrial innovation (Sorenson and Stuart, 2001; Kortum
and Lerner, 2000),

> butavariety of factors may limit access to venture capital for young innovative
companies (Gompers and Lerner, 1999):

® uncertainty, asymmetric information, the nature of firm assets, and the conditions in the relevant
financial and product markets.

“European official documents |[...] tend to focus on the supply of funds and on the cre-
ation of favorable structural conditions for entreprencurship. However, it is far from evi-
dent which policy measures would be most appropriate to nurture venture capital in Eu-

rope. Here the lack of rigorous investigation is felt most.” ) i
(Bottazzi and Da Rin, 2002)
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Motivatiol

The real effects of European VC supported by the EIF

Has the increased public support brought its intended effects?

Figure I: Incremental VC fundraising in the EU27 and UK, by investor type

700%
60%-|

50%

fundraising

40% -

20%-

10% D‘;

0% T T T T T T T T
'07 ‘08 ‘09 10 gt 12 13 14 15 16 "7 18
Family Offices &

Privates

Source: Kraemer-Eis et al., 2016 and Kraemer-Lis et al., 2019, based on data from Invest Europe Qe i S B
Belieye

-
- I - Sl
15

Share of incremental V(

=== ]I (estimated) — Other gov. agencies— Banks — Pension funds — — Others combined
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Identification str
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Data collection and descriptive overview

Data Sources » Data collection

» Company data (incl. corporate group) - Bureau van Dijk’s (BvD) Orbis
database, which covers about 300m companies in 90+ countries.
® Orbisis an aggregator of firm-level data from various national IPs and offers
harmonised data, collected from official business registers, national banks, annual
reports, elc.

» Exit data - BvD’s Zephyr database, which as of December 2020 contains
information on over 2.Im worldwide M&A, IPO, private equity and VC deals.

® Zephyr assigns every deal to one or more participating legal entities in the Orbis
database. A deal might be directly assigned to a legal entity and/or indirectly assigned
to a controlling entity allowing to account for the (time-varying) structure of start-ups’
corporate groups.

» Patent data - also in Orbis, originating from the PATSTAT database,
maintained by the European Patent Office (EPO).

— e
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-
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Identification
080

Data collection and descriptive overview

Treatment group
Selection of appropriate time period

> We partnered with Invest Europe, the association representing Europe’s VC/PE
industry, covering over 90% of AUM in 2007-2014.

» Thejoint exercise allowed us to map the population of 11,577 VC-backed
start-ups in Europe in the 2007-2014 period.

> Jeng and Wells (2000) recommend separating between early stage and later
stage VC financing, both for purposes of analysis and policy implications.

> We define strict(er) criteria for early stage companies, then focus on 782
ElF-supported early stage start-ups in the years 2007-2014.

el el
Sl
15
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Data collection and descriptive overview

Identification strategy

For firmiandinput mix X; = {H;, Z;}:

M4 Pr{ieOlieM}=p M
The T Group: 1y, = h(H; 2
o | T )
EU-VC invested firms PF{VV,|I c Mg} =¢ (xz) (5)
M; Pr{ieMsli¢ M4} =~ O 4
" VC-Invested firms { Sl ¢ 4} @
(M) .
" VC-nvestable firms where My C M; € M, C M.
M
\ZJ EU27 and UK firms

» Underunconfoundedness and overlap, we estimate the average treatment effect
for the treated (ATT) with a matching estimator based on the propensity score _ _
¢ (X;) (Rosenbaum and Rubin, 1983). = Bl
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Set-up of the matching model

The assignment mechanism (1/2)
Stylised VC demand & supply model

Start-up
team

VC Firm

Manigart ¢t al. (2002);

Petty and Gruber (2011) Bertoni et al. (2016)

‘ Valuation ‘ ‘ Required IRR ‘

Alternative Endowment/
credit channels compl. assets

> Human capital (e.g » Own capital Founding experience

CV of start-up team)
> Innovative potential

Investment stage
Degree of innovation » Insider’s capital (e.g

family, friends, fools)
> Value of

Corporate structure
Investment window Network of contacts

[S
>
>

> Projected cashflow > Economic cycle
>
>

vyvvyyvYyy

Search costs

(growth prospects)

> Size of proposal
> Financial statements

Accessibility
(Bernstein ¢t al., 2015)

Ticliare

-
- nal
-

<mmmmmemmmmmmmmmmmmmmmmmmm———————
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1ent mechanism

Set-up of the matching model

The assignment mechanism (2/2)
Empirical measures and model set-up

> Innovative potential: we trained a deep learning algorithm to identify start-ups with a
high risk /return profile and high reliance on R&D; @IIFTETETD

> Corporate structure: we included a count of start-ups’ controlling firms; an indicator
of theirindependence (i.e. power to autonomously set strategic direction) and their
level of ownership concentration;

> Location-based measures: accessibility @S, value of collateral @D,

> Unobserved heterogeneity: multi-level set-up, as per our data structure @TEED:

Levelt Functional Urban
Areas (FUAs)

Level2 Start-up

Level5 Entreprencur




ounding
Ageof founding team”
Previous founding experience
Forcign-born entreprencurs”
Female entrepreneurs’

Firm's age atinvestment year

Firm holds patent atinvestment year

Predicted degree of innovativeness

i ibilty

In (Firmis distance from closest FUAS centroid)
In (FUsundevelopable land)
Number of sharcholders

]m[l}cpcndcntc Indicator: (omitted: A)

C
D
Unknown

(omitted:

Corporate majority sharcholder
Corporate plurality sharcholder

Non-corporate majority/plurality sharcholder

Investment Year FEs

Fo s K

©068)

10518

18455
(0169)

179707
0150)
13108

Log ikelihood
Obs.

Pseudo-R? (McKehvey and Zavoina, 1975)
Arcaunder the ROC cune

1010005 0(

“*0.001;  Founder-level characteristic;

Exponentiated coefficients (odds-ratios).

Most hypotheses about the assignment
mechanism are verified in the data.
® Innovative potential, team
composition, start-up age and
corporate structure are all strong
predictors of early stage VC.

We note the significant role of previous
founding experience (positive), gender
and nationality diversity (negative).

Following the literature, we saturate our
propensity score model using a variety
of non-linear effects and interactions.




Figure 2: Kernel density estimates of select matching covariates, by treatment status

Treatment Group
Control Group

Treatment Group.
Control Group

Treatment Group|
Control Group

(b) Innovativeness score

Treatment Group|.
Control Group

20

-10 0 10
(d) Age of founding team (FE)
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Propensity score matching and covariate balancing checks

Descriptive statistics after matching

"Average lcam age at founding

Share of female team members

Share of foreign team members

Average team prev. experience
camsize

Company age atinv. year

Patent atinvestment year

Innovativen core 2 . .- A .92 A 0434

Company a c p p ¥ 1: 2 X 1654

In (distance from

In (undevelopable land)

Number of shareholders

lnveslmen, period:

. . X X .3 5 1.000*
274 274 025 025 000 000 0424 0424 1000
274 274 058 058 100 100 0494 0494 1.000°

274 274050 050 050 050 0501 0.501 1.000°
274 274 020 020 000 000 0399 0399 1.000°
274 274 017 017 000 000 0574 0574 1.000°
274 274 01 01 000 000 0342 0342 1.000°
Macro-region:

DACH* 274 274 028 028 000 000 0452 0452 1000
Nordics* 27 274 012 012 000 000 032 032  1000"
France & Benelux

274 274 009 009 000 000 0285 0285 1.000°
South & DIy 27/ 27/ X X X X 242 0.242 X
UK & Ireand* 274 274 045 045 000 000 0498 0498 1.000°
lndfpcndcncc indicator
A

B 274 274 0I5 010 000 000 0361 0305 0073
ct 274 274 031 032 000 000 0465 0469  0.784
D' 274 274 001 001 000 000 0104 0104 1000

Group ownership type
Nosharcholders' 274 274 022 020 000 000 044 0399 0529
Corp. majority sharcholder* 274 274 057 057 100 100 049 0496 093l

Corp. plurality sharcholder* 27 274 020 025 000 000 0407 0422 0.536
Non-corp. maj. plur. sh.” 274 274 000 000 000 000 0060 0000 0318

“dicholomicvariable; | exactly matched.




Competing risks
[

Competing risks model

Competing risks model

> Competing risks methods suitable to model start-ups’ exit outcomes:

® exit events are mutually exclusive,
® anexit's iming is a key element contributing to its success.

» Under competing risks, only the earliest exit event is observed (and its
time-to-exit). Until then, each exit option has some probability to occur.

» Competing risks methods

> How to assess treatment effects under competing risks? Austin and Fine (2019):
® Fita Cox (1972) model to estimate the relative treatment effect, regressing the

cause-specific hazard (i.e. the instantaneous rate of a given exit route occurring) on
the treatment status.

* FitaFine and Gray (1999) model to estimate the absolute treatment effect, i.c. the
percentage points change in the incidence of a given exit outcome due to the
treatment status, in the presence of competing risks.

— e
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Results
©0000000

Main econometric estimates

Primary exit outcomes: relative treatment effects

» Descriptives

Table I: Estimated odds ratios for the Cox proportional hazard model (PHM)

VC-invested

5.220"

2934***

5.254

5.32

Other Buy-out

(5)

0.891

(6)

1.001

Bankruptcy®

(7)

1183

(8)

1.266

(0.849) (0.796) (2.207) (2.385) (0.544) (0.655) (0.185) (0.219)
Firmage atinv. year 1.058 0.995 0921 0.994
(0.070) (0.153) (0.155) (0.048)
Predicted degree of innovativ. 1.061 3.184 0463 0.408***
(0.344) (2918) (0.448) (0.086)
Patent atinv. year 0.585 4.062* 1950 0.989
(0.222) (2.789) (2461) 0.217)
Propensity score 4.930” 1412 0.036 0.579
(3.448) (1.955) (0.075) (0.301
Corp. group covariates* No Yes No Yes No Yes No Yes
Log-Likelihood -43494  -41197 -69.28 -64.01 5284 -48.39 | -809.22  -790.81
N°of observations 548 548 548 548 548 548 548 548
N?of exitevents 75 75 12 12 9 9 157 157
‘Tot. time at risk (quarters) 14,351 14,351 14,351 14,351 14,351 14,351 15,835 15,835

T01070.05*0.01*0.001;

*n° of sharcholders, Independence indicator;

« Estimated under the assumption of no competing risks.

cluster-robust std errors in brackets.

— e
Sl
=1

Economic Impact of EIF:



Main econometric estimates

Figure 4: Changes in the cumulative incidence function (CIF) due to treatment, by exit route
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Main econometric estimates

» Descriptives

Secondary M&A outcomes: relative treatment effects (1/2)

Table 2: Estimated odds ratios for the Cox proportional hazard model (PHM)
Vertical integration

Horizontal integration

(1)

(2)

(3)

(4)

Diversification

®)]

(@]

VC-invested 3.779** 3.320" | 6.259**  6.150*** 1.217 1157
(1.568) (1.494) (3.339) (3.387) (0.606) (0.602)
Firm age atinv. year 1.185° 0.815 1161
(0.13) (0.106) (0.104)
Predicted degree of innovativ. 0.669 3.733" 0.575
(0.315) (2.642) (0.372)
Patent atinv. year 0.078* 0.781 1926
(0.078) (0.465) (1.030)
Propensity score 12.161* 3.245 2.849
(13.110) (3.176) (4.124)
Corp. group covariates® No Yes No Yes No Yes
Log-Likelihood -179.26 -165.24 -151.80 -141.75 -101.04 9275
N°of observations 548 548 548 548 548 548
N°of exit events 31 31 27 27 17 17
Tot. time at risk (quarters) 14,351 14,351 14,351 14,351 14,351 14,351

70.10*0.05*0.01* 0.001;

Economic Impact of EIF:

*n° of shareholders, Independence indicator;

cluster-robust std errors in brackets.
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Main econometric estimates

Secondary M&A outcomes: relative treatment effects (2/2)  » pescrinives

Table 3: Estimated odds ratios for the Cox proportional hazard model (PHM)

Foreign National
() (2)
VC-invested 5.995** 5456 1.612 1.634
(2.418) (2432) (0.621) (0.656)
Firm age atinv. year 1.037 1.109
(0.092) (0.088)
Predicted degree of innovativ. 1.231 0964
(0.509) (0.494)
Patentatinv. year 0.320* 1.146
(0.176) (0.548)
Propensity score 9.705** 1.653
(8.160) (1.849)
Corp. group covariates’ No Yes No Yes
Log-Likelihood 25297 -238.82 -179.05 -168.35
N° of observations 548 548 548 548
N?of exit events 45 45 30 30
Tot. time at risk (quarters) 14,351 14,351 14,351 14,351

T0.10*0.05*0.01**0.001; "’ of sharcholders, Independence indicator;  cluster-robust std errors in brackets.
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Main econometric estimates

Figure 5: Changes in the cumulative incidence function (CIF), by M&A route
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Main econometric estimates

Patenting activity: relative treatment effects  » pescipives

Table 4: Estimated odds ratios for the Cox proportional hazard model (PHM)
Patenting

(1) (2)
VC-invested 1901 21727
(0.261) (0.349)
Firm age atinv. year 0927
(0.0406)
Predicted degree of innovativ. 1.914*
(0.506)
Patentatinv. year 7275
(1.699)
Propensity score 2105
(0.924)
Corp. group covariates” No Yes
Log-Likelihood -805.06 -727.82
N?of observations 548 548
N°of exit events 133 133
Tot. time at risk (quarters) 11,378 11,378
10.1070.05*0.01**0.001;  *n°of shareholders, Independenceindicator; ~ cluster-robust std errorsin brackets.
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Main econometric estimates

Patenting activity: absolute treatment effects  » pescripives

Figure 7: Changes in the cumulative incidence function (CIF) for patenting due to treatment
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Main econometric estimates

Moderating effects

Table 5: Observed vs expected events ratio and log-rank

test for treated firms, by moderator.

Investment period:
200708 1005 1010 0889
ey 0000y e
200941 2020 1000 1216
. «0000) 150
201214 0800 1121
0209 o P
Macro-sector:
Ic 1 0500 1089
o0 w00
1200 1887
w0409 s
Services 121 0000
iy ) eom
Other 1272 2085 2020
= e @
Predicted degree of innovativ.:*
Below 50% 1.506° 1000 0797
ey w00 w200
Between 30% and 70% 0938 ° 0000
w0z i
Above 70% 1628 1610° 1299
oo o w0
Firm ageatiny. year:*
Lessthan 2yrs 1696 1661 181
o oy
205y 1606 0498
o s a0z
Sormoreyrs 1481 0000 0
o oy
Macro-region:
DACH 2" o 1507
)
Nordics 1195 0000 0995
w0 w000y 0000
France & Benelux 2 2000 1543 127
¢ w000y w00,
South & CESEE 1 0000 1445
« w000y =
UK & Ircland 1 0662 1148
o 03 s
NToTobservations, 58 548 518
Nof exitevents 12 9 153
ot time at risk (quarters) 14,551 14,351 15855 11578

1010*0.05 001 0001

log-rank z-statisticin brackets:

#noexitevents in the respective sub-sample;

The log-rank test compares the
observed number of outcomes in
each group against an expected
number of outcomes.

® Note: the log-rank statistic only
provides qualitative (as opposed
to quantitative) evidence that the
difference between duration
curves is statistically significant.

Our findings do not support the
argument that the effects of EIF VC
are highly heterogeneous.

Most often, statistically significant
differences between the exit
duration curves only reflect the
larger sample sizes of groupings.
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Conclusions

ations and way forward

Robustness tests

» Model misspecification:
 Rosenbaum sensitivity analysis (XD

© Multinomial logit competing risks analysis @IS

* OLS method applied to patenting activity @X0ED

> Representativeness of main results:
° Alternative matching strategies (REITIEITTD

© Alternative model specifications € i is

el el
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Conclusions
)

Main findings, limitations and way forward

Conclusion

> We estimate the economic effects of EIF VC activities by:
® applying an established econometric framework for causal inference
® using ML and other data-driven techniques to model VC assignment
® cxploiting the European VC ecosystem heterogeneity.

> Overall, our work provides meaningful evidence towards the positive effects of
EIF’s VC activity on the exit prospects and innovative capacity of young and
innovative businesses in Europe.

» Full paper at http:/www.cif.org/news centre/research/index.htm:
® Read, send us feedback and subscribe to our research © .

— e
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Figure Al: Incremental fundraising of

Europe-based VC firms, EUR 2010 million
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Investments in mEUR (2010)

Figure A2: Investments into Europe-based VC
start-ups, EUR 2010 million
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Appendices
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Rubin’s Causal Model (Rubin, 1974)

> Y; outcome of interest. Two potential outcomes given treatment W;:

%(0) i W=0

n(M):n(O)-(lw,-)+Y,~(1>-W,-:{Yi(]) i

> We areinterested in the average treatment effect for the treated (AT'T):
o =E[;(1) =Y (0) [ Wi=1]

> The quantity t* is identified from the distribution of (V, W, X) iff:
W, L (Y(0), (M) 11X and  O<Pr(W|Xj=x)<Il, W

Unconfoundedness Overlap

> Under the same assumptions, we can consistently estimate the AT'T with a matching
estimator based on the propensity score ¢ (X;) (Rosenbaum and Rubin, 1983).
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Appendices

Data collection process

> The exercise consists in tracking of legal entities (= private limited companies) within
corporate groups (= collections of legal entities featuring an ownership chain). We
analyse 54,543 legal entities and their time-varying corporate groups.

> We assign an exit deal to a given start-up if:

a) thelegal entity code of the start-up is reported in the Zephyr deal description, OR
b) thelegal entity code of any start-up’s shareholder with 50% or higher ownership stake
(either directly or indirectly) is reported in the deal description.

» Our final dataset provides 2,760 exit events, half of which associated to the
start-ups’ legal entities and the other half to their shareholders’. Data thoroughly
checked to discard deals not entailing an exit outcome for the respective start-up.

> The classification of exit events is mainly based on the Zephyr deal descriptions,
with ad-hoc data cleaning to ensure consistency. We further partition M&As into
vertical, horizontal integrations, or diversifications, based on the approach in Alfaro
and Charlton (2009).

» Corporate group data collected in this phase feeds into our propensity score

matching model.
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Identification criteria for early stage companies

Table Al: Early stage identification criteria

Ciriterion Source

: Early stage investments reach firms that have been  Bertoni and Marti
operating for 10 years at most. (201)

2 o postac o nthe S v receding e Lesle and e

(2000, p. 243)

ment date.

3 Early stage investments target companies with less  Davila et al. (e.g,,
than 250 employees at investment date. 2003, p. 696)

Source: Kraemer-Eis eral. (2016).
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Full treatment sample breal

Table A2: VC-invested firms breakdown

Sample Investees
Full European VC-backed population 27044

- of which invested in 2007-2014 11,577
-of whichidentified in Orbis 8,943
-of which early stage 6,695
-of which early stage (stricter criteria) 4,945

- of which EIF 782

Note: The “full” population of VC-backed European start-ups is estimated from Invest Europe time series and
the assumption that both domestic-to-foreign and initial-to-follow-on ratios, only available for the entire private
equity segment, are also representative of the VC industry (i.c. seed, start-up, later stage venture). For
aggregates prior 1o 2007, we further assume that foreign investments were distributed proportionally to the

(domestic) market size of the target country.
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Innovative potential

Classifying business models using ML techniques

> We manually classify 23,044 treatment and control start-ups (from an initial
dataset of 222,684) into highly innovative or less/non-innovative start-ups.

» The classification is based on business descriptions and the taxonomy of Pavitt
(1984). We aim at identifying science based and information-intensive business
models, linked to the emergence of disruptive innovation.

> We translate business descriptions into vectorial representations (word
embeddings) using a pre-trained neural network (Mikolov et al., 2017). We use
these to train a residual LSTM model (Jacyoung et al., 2017).

» The model achieves 87% accuracy. The area under the ROC curve is 95.3%. The
false positive (negative) rate is 14% (10%).
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Innovative potential

Pre-matching statistics

Table A3: Examples of business descriptions innovation score

Innovation - o
T'rade description text

score

0.25% “Crushing of concrete and stone.”

54.28% “Engaged in the operation of a medical laboratory.”

98.57% “Online mortgages and insurance comparison website operator.”

Figure A3: Distributional features of the predicted innovativeness rate
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Innovative potential

Model performance

Figure A6: Receiver Operating Characteristic (ROC)

Figure A5: Training and validation performance curve
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COI‘pOI‘&[G structure

Main variables and definitions

» Number of start-up’s shareholders

> Ownership type:
a) Corporate majority shareholder, i.e. a single corporation holds a controlling share in
the start-up
b) Corporate plurality shareholders, i.e. a group of corporations hold a controlling
participation in the start-up;
¢) Non-corporate majority/plurality shareholder/s, i.e. one or more natural persons hold
acontrolling share in the start-up

» Orbisindependence indicator:

A: no known recorded shareholder having more than 25% of direct/indirect ownership;

BB: one or more shareholders with an ownership percentage above 25%, but no known
shareholder with more than 50% of direct/indirect ownership;

C: ashareholder with more than 50% of indirect ownership;

: ashareholder with more than 50% of direct ownership;

Unknown: none of the above. ==

nSmall
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Start-up accessibility (Bernstein et al., 2015)

Motivation

> Lerner (1995) discusses VCs' inclination for geographic proximity. Bernstein et al.
(2015) show that reduced travel time raises VCs' involvement in portfolio firms.

> We create a network of flight routes using the OpenFlights database. The nodes of the
network are 716 European FUAs. Edges are the existing flight route(s) between two FUAs
inagiven year. A FUA is served by any airportin a radius of 120km.

> We exploit the location of VC/PE firms to weigh edges. The effective distance between

FUAkand mis:
{ b if > 0,0, >0
Akm =

fk‘rkm
0 otherwise

where dj,, is the geodetic distance, f; the number of investors in the source FUA and ry,,,
the number of connecting flight routes.
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Start-up accessibility (Bernstein et al., 2015)

Measure

Figure A7: Accessibility by plane: PageRank centrality by FUA (only top 20% shown)
.

PogeRank centrality
c0® O
XN N )
< @
05 1 5 10 25

(o]

> Start-up;'s accessibility is measured from the centrality of its closest FUA:
oi

o =pe

where p, is the PageRank centrality (Page et al., 1998) for FUA k, o is the
distance of start-up j from FUA k access point. ¢ = 50 is a normalizing constant. ==
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FUA accessibility

Table A4: Centrality measures for top 20 FUAs by PageRank (ranking in brackets)

Appendices

Functional Urban Area PageRank Katz- en-Rank Degree centrality
Centrality
LONDON, UK 26.245 (1) 0.235(1) 69.538 (1) 0.784 (14)
PARIS, FR 3.155(2) 0.059 (2) 7.610 (27) 0.741(60)
MILANO, IT 1.703 (3) 0.047(17) 4.778 (40) 0.735(79)
STOCKHOLM, SE 1.444 (4) 0.042(33) 3.119 (91) 0.613 (254)
AMSTERDAM, NL 1.240 (5) 0.049(8) 9.252(24) 0.734 (84)
LUXEMBOURG, LU 1.212(6) 0.042(32) 3.009 (95) 0.645 (224)
DACORUM, UK L145(7) 0.037 (81) 1.495 (181) 0.797 (1)
HILVERSUM, NL 1.113(8) 0.049 (9) 10.067 (16) 0.755 (50)
MUNCHEN, DE 0.787 (9) 0.040 (41) 3.242(86) 0.708 (120)
FRANKFURT AMMAIN, DE 0.786 (10) 0.040 (40) 3.433 (81) 0.714 (109)
LEIDEN,NL 0.781(11) 0.049 (14) 10.848 (12) 0.734 (84)
CAMBRIDGE, UK 0.731(12) 0.037(92) 1.700 (163) 0.780 (24)
OSLO,NO 0.625 (15) 0.036 (100) 1.885 (148) 0.621(243)
ROTTERDAM, NL 0.620 (14) 0.050 (6) 12.728(7) 0.743 (63)
S’ GRAVENHAGE, NL 0.616 (15) 0.047 (16) 10.512 (14) 0.734 (84)
ANTWERPEN, BE 0.606 (16) 0.050 (5) 12.702 (8) 0.761 (50)
WARSZAWA, PL 0.596 (17) 0.037 (90) 1.730 (159) 0.572 (314)
UTRECHT,NL 0.592(18) 0.046 (20) 9.429 (22) 0.755 (50)
LIEGE, BE 0.588(19) 0.046 (18) 9.288 (25) 0.780 (24)
MANNHEIM-LUDWIGSHAFEN, DE 0.578 (20) 0.040 (42) 4.227 (53) 0.735 (79)
— E— — — E— —
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Appendices

Value of collateral (Saiz, 2010)

» Robb and Robinson (2014) show that an increase in housing supply elasticity positively
affects start-ups’ likelihood of obtaining bank credit. This is due to supply elasticity
stabilising the value of home equity as collateral.

> We introduce a similar measure to test for the availability of alternative credit channels
for European start-ups, replicating the work of Saiz (2010) for the US.

> Using satellite-generated data on terrain elevation and presence of water bodies, we
estimate the share of land lost to sea, elevation and other water bodies within a 35km
radius from the centroid of 687 European FUASs (the “undevelopable land”).

> Saiz (2010) used this measure to estimate housing supply elasticities. Since we lack
comprehensive data on housing prices for European FUAs, we opt for the direct use of
this variable. Saiz (2010) shows that the relationship between In (undevelopable land)
and housing supply elasticity is negative and quasi-linear.

—
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Value of collateral

Table A5: Functional Urban Areas (FUAs) by share
of undevelopable land (top and bottom 10)

Functional Urban Area Undevelopable

land (%)

Valletta, MT 95.52948
Thanet, UK 79.07122
Messina, I'T 63.42009
Melilla, ES 62.95040
Cherbourg, FR 5911571
Great Yarmouth, UK 59.03460
Ceuta, ES 58.56501
Reggio di Calabria, IT 57.28986
Middelburg, NL 57.25204
Siracusa, I'T 56.95813
Koblenz, DE 0.22809
Plock, PL. 0.22595
HradecKrdlov¢, CZ 0.16452
Jastrzebie-Zdrdj, PL 013054
"Tiibingen, DE 0.10102
Rybnik, PL 0.09868
Charleroi, BE 0.05481
Lédz, PL 0.01057
Bielsko-Biala, PL 0.00399
Kr%kéw, PL 0.00006

In(Undevelopable land)

Appendices

Figure A8: Relationship between housing supply
elasticity estimates and In (undevelopable land)in
Saiz (2010)

Predicted housing supply elasticity
Source: Authors, based on Saiz (2010)
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Appendices

Multi-level modelling

> Letkrepresent the FUA, jthe start-up and i the entrepreneur. We rearrange our
predictors of VC financing to account for the hierarchical nature of our data:

» Theresulting input mixis Xj = { Hy, 1y, wy, z,«,«k}. We fit a two-stage mixed
effects logit: the first stage accounts for the micro—macro design (Steele et al.,
20106):

Z Gty = 80 +8'2_,ji + vk + ok Fe W=12...,V
logit (¢ (Xii)) =Yoo + B'Hi +vore +0'wi + @ @+ @) +  Lop+my
N——

fixed effects (FEs) random effects (REs)

where®y and @ are the empirical Bayes estimates of the FUA and start-up
random effects for the entrepreneurial characteristics.

» Therandom effects {; and n; capture unobserved heterogeneity associated
with the FUA and the start-up. We add group-level covariate means to control for
the potential endogeneity of REs (Hausman, 1978).

—
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Competing risks methods (1/3)

» Consider k potential exit events occurring at time Ey, Es, . . ., E; respectively.
> Foragiven start-up, we cannot observe (Ey, E, . . ., E;). Instead, we have exit time
T =min (E, Ey, ..., E) and exitstatus & (T) = kif min (Ey, Ea, ..., ) = B
> (Right censoring) let  be some cutoff time. If T > 6, thenno exit eventand  (0) = O.
> Two key measures in competing risks analysis:

¢ The cumulative incidence function (CIF) for exit event &, i.e. the probability that a start-up
will experience the exit outcome k by time u:

Cp(u) = Pr(t <u,8 (1) = k) (1)

¢ The cause-specific hazard rate hy, (1), i.e. the instantaneous risk of experiencing exit
outcome k at time ¢, given that the start-up still has not faced any exit event by then:

Prd(t+d)=k|5()=0)

h (8) = dt“i1>0 de @
¢ (1) canbe expressed in terms of (2):
r
qm:Amwwww 3)
> S()=1-=Ci (1) = Ca(t) — ... — Ci(r) isthe survival function, i.e. the probability

that no exit event has ever occurred by time t.

Economic Impact of Elf
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Competing risks methods (2/3)

Estimation strategies in the presence of competing risks:
> Cox (1972) cause-specific proportional hazard model (PHM). Models (2) as follows:

by (t]X) = hyo (1) exp {p'X}

where hyq represents the baseline hazard function for exit type k.

® The Cox modelis unable to draw a direct relationship between X and the CIF, because the
ClIFisa function of all cause-specific hazards.

> Fine and Gray (1999) proportional hazards model for the sub-distribution. Models (3)
as follows:

C(t]X) = 1— exp {/O Jao (1) exp {p/X} du}

where Mo (1) represents the baseline sub-hazard function for exit type k.

® The coefficients of the Fine and Gray model do not have a straightforward quantitative
meaning, because the sub-hazard function itself does not have an intuitive interpretation.

—
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Appendices

Competing risks methods (5/3)

> Recently, Geskus (2011) proved that the Fine and Gray (1999) model can also be
estimated using a weighted version of standard survival estimators for e.g., the
Cox proportional hazard model.

> In this framework, we can estimate confidence bounds for the survival/incidence
curve and carry out auxiliary statistical tests, e.g. the one discussed in Gray (1988).

> Inaddition, Lambert (2017) discusses a series of estimators based on the Royston
and Parmar (2002) flexible parametric survival model. These allow fitting survival
data and generate smooth versions of the traditional non-parametric
Kaplan-Meier survival curves, which still account for competing risks.

—
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Descriptive statistics on primary exit outcomes

Table A6: Distribution of primary exit outcomes, by treatment status

Treatmentstatus  Noexit M&A g Other Buy-out Bankruptcy Total
Ne T
%%)" avg
(sd)
VC-invested 56 4.5
G0.7%) | @od% @3 (5.3%) &) (1.5%) 2.6) 41%) (25 (100%)
Counterfactuals 189 19 3 3 29 5 34 58 4.8 274
(69%) 69%) ® (11%) 2.5 (18%) (1.7) QL2% (29 (100%)
Total 328 75 4.1 12 3.8 9 4.6 124 4.7 548
(599% | (37%  (2.3) (2.2%) 2.8 (16%) (2.5) (22.6%) (27) (100%)

"Note: numbers and percentages sum up horizontally (aggregates are in the Total column).  * T'TE: time-to-exit (in years).
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Descriptive statistics on secondary M&A outcomes

Table A7: Distribution of secondary M&A outcomes, by treatment status
Treatment status M&A integratior Location of M&A buyer(s)*

tical  Diversified National EUorUK E

%7 (N2/%)T  (N2/%)T  (N2/%)

VC-Invested 9 18 14
(8.8%) (8.4%) (5.5%) (6.6%) (51%) (8.8%)
Counterfactuals 7 4 8 13 1 5
(2.6%) (1.5%) (2.9%) (4.79%) (04%) (1.8%)
Total 31 27 31 15 29
(5.7%) (4.9%) (5.7%) (2.7%) (5.5%)

"Figuressumup horizontally. ¥ In case of multiple buyers, we classify deals with at least one foreign buyer as non-national M&A.

Most deals with a foreign buyer have exclusively non-national buyers.
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Descriptive statistics on patenting activity

Figure A9: Aggregate patenting activity, by treatment status

100

©
o
!

o
=)
!

Nr of patent family applications

~
o
!

20

04
o' 1 2 3 4 5 6

) Years after investment (t = 0)
" Patenting activity at investment year is comparable by construction. We assume that VC firms can detect the
presence of patentable technologies prior to the time of the investment: as such, patent applications submitted
in the investment year are considered to be factored in the appraisal process. See also Pavlova and Signore
(2019).
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Robustness to model misspecification (1/3)

Rosenbaum sensitivity analysis

Table A8: Rosenbaum sensitivity analysis estimates

Patenting

1.0 0.000 0.072 0.000
11 0.000 0.097 0.002
12 0.000 0.125 0.007
1.3 0.000 0.154 0.019
14 0.001 0.184 0.043
1.5 0.002 0.215 0.084
1.6 0.004 0.247 0.144
1.7 0.008 0.278 0.222
1.8 0.013 0.309 0.314
19 0.022 0.340 0413
20 0.034 0.570 0.512
21 0.050 0.399 0475
22 0.070 0427 0.386
2.5 0.094 0.455 0.507

Note: The P-value on the Patenting estimates rises first and then falls. This s the case since I" becomes so large that

the estimated average treatment effect on the treated switches sign and becomes more significant again.

-l
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Robustness to model misspecification (2/

Discrete time analysis

Table A9: Multinomial logit competing risks analysis: estimated odds ratios

Bankruptcy

VC-invested 3.099* 3.234' 1.369'
(4.15) (1.74) (1.71)
Firm age atinv. year 1.080 0976 0998
(1.19) (-0.15) (-0.05)
Predicted degree of innovativ. - 1.218 2963 0442
(0.65) (117) (-3.70)
Patent atinv. year 0.505" 3.945* 1140
(-1.86) (1.99) (0.51)
Probability of treatment 4.602* 1412 0400
(2.49) (0.25) (-1.59)
Corporate group Yes Yes Yes
Nrof Observations 14,895 14,895 14,895
Log-Likelihood -1282.60 -1282.60 -1282.60
LR Chi-Sq. 157.15 157.15 157.15
Chi-Square (p-value) 0.000 0.000 0.000
Pseudo-R-squared 0.06 0.06 0.06
Mc-Fadden R-squared 0.06 0.06 0.06
Adj. Mc-Fadden R-squared 0.03 0.03 0.03
AIC 2637 2637 2037

0.10*0.05** 0.01*** 0.001;

cluster-robust standard errors in brackets;

—
| Sl

“conomic Impact of EIF:



Appendices
[cecccecccccecccceccccce oo

Robustness to model misspecification (3/3)

OLS method applied to patenting activity

Table A10: Patenting activity: estimated AT'Ts, by post-treatment period

In(Number of annual patent applications)

ATT (Period 1) o.1e1*
(0.033)
ATT (Period 2) 0.1038**
(0.039)
ATT (Period 3) 0.1324"**
(0.039)
ATT (Period 4) 0.1383**
(0.042)
ATT (Period 5) 0.0948*
(0.042)
ATT (Period 6) 0.1613**
(0.054)
Nr of Observations 4,393
0.10*0.05*0.01**0.001;  cluster-robust standard errors in brackets;

—
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Alternative matching strategies

Table All: Primary outcomes: estimated odds ratios for the Cox proportional hazard model

VCimvested
Firm age atinv. year 10:
(0.070)
Predicted degree of innovati. 1061 X
(0.344) (0.282)
Patentatinv. year 0585 0555
(0.222) (0.151)
Propensity score 4950" 4458 1155
(3.448) (1.985) (2.517)
Corp. group covariates’ Yes Yes Yes
LogLikehood 197 59504 53920 96,38
N"of observations 548 696 982 696
N of exitevents 75 103 17
Tot. time atrisk (quartcrs) 14,351 18036 26,02 18056
—_— = =

10.10*0.05** 0.01*** 0.001; cluster-robust standard errors in brackets; NN: I: nearest neighbour, no calliper; Rank 3: 3:1 nearest neighbour, with calliper.

Patenting
3ascline NN

Rank 3

VCeinvested 2062 2.1
0.515) (0.305)
Firm age atinv. year 09021 0917*
(0.047) (0.033)
Predicted degree of innovativ. 1932+ 1874
(0.431) (0.397)
Patentatiny. year 7089 9491+
(1.337) (1.918)
Propensity score 1906' 23510°
(0.660) (0.893)
Corp. group covariates’ Yes Yes
LogLikelhood -1077.80 96780 4918
N"of observations 696 696 982
Neof nts 180 169 194 - e
atrisk (quarters) 20038 14471 21117 I IS
=15

10107 0.05" 0,01 0.001; cluster-robust standard errors in brackets; NN: I nearest neighbour, no calliper; Rank 3: 3:I nearest neighbour, with calliper.
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Alternative model specifications (1/2)

> Baseline estimates of the CIFF a)
do not control for potential
covariate imbalance and b) based
on the Royston and Parmar

Figure A10: M&A: changes in the CIF due to treatment (2002) model — in_[erp(_)lates the
CIF via natural cubic splines.

g 025 Parametric, unadjusted 020 Parametric, adjusted Alternatives:
2 020 . .
2 o zlg — ®  Prentice etal. (1978) provide the
2 o0 : traditional, non-parametric approach
3 005 00 to estimating the CIF.
€ 0.00) — 0,004 — S .
H
[§] 025 Non-parametric, unadjusted 020 Non-parametric, adjusted © Add further controls (but mind the
0.20 i over-fitting).
0.15 e 010 — ¢
0.10 L& -
0.05 — 0.05 ‘ e
0.00 . 0.00 : . .
o 1 2 3 4 5 6 7 o 1 2 3 4 5 6 7 > Four alternative model choices:
Years alfer investment (t = 0) 1. parametric w/o covariate adjustment
VC-invested Counterfactuals (baseline)

2. parametric w/ covariate adjustment

3. non-parametric w/o covariate
adjustment

4. non-parametric w/ covariate
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Alternative model specifications (2/2)

Figure All: Patenting: changes in the CIF due to treatment

3 Parametric, unadjusted Parametric, adjusted
S 0.40q 0.30+
T 0.301
g > 020
0 0.204
3 0104 0.107
E o00) = 0007 =
O Non-parametric, unadjusted Non-parametric, adjusted
0.404 0.404
0.301 0.301
0.201 0.204
0.104 0.104
0.00 —=— T T T T T T 0.00 ——— T T T T T T
0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7

Years after investment (t = 0)

‘— VC-invested Counterfactuals 95% conf. band 95% conf. band ‘
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El-, a
unique

approach

An EU body, dedicated to
Improving access to finance
for small businesses.

We do not invest or lend
directly. We are not a bank.

We use financial instruments
to address gaps, foster
sustainability, multiply
resources and in doing so,
Improve access to finance.




EIF at a glance

Our shareholders

We have a diverse
public and private
shareholder base

European Investment Bank
(EIB)

69.89%

European Union,
represented by the European
Commission (EC)

21.55%

38 Financial Institutions from
European Union Member
States, the United Kingdom
and Turkey (F. I.)

8.96%

Austria Germany Italy
- . (]
K|pameisen ERSTES — KFW & Wweavk  ecdpe
% Bank Austria INTESA [7] SNNPAOLO
merber o UniCredit
Luxembourg

Bulgaria 0
oy 2 2
B Dovor CIAMENT BANK 2L-BANK ProCredit BANGUE ET CAISSE D'EPARGNE DE LETAT
— Staatsbank fiir Baden-Wiirttemberg HOLDINSG LIKEMBOURG
- // Bl:lRGSCHilFTSBANK
r BADEN-WURTTEMBERG
v

Cré)atla o Malta

HSOR

HRVATSKA BANKA Bov
ZA OBNOVU | RAZVITAK G reece Py

Czech Republic the Netherlands

NATIONAT BANK
O GREECE

gﬂﬁiﬁ%ﬂ?ﬂs‘;&f‘o,m INVESTNL
BANKA, a.s.
Hungary
Denmark _IMFB Poland
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*As of March 2021, on the basis of 6,204 shares subscribed out of the overall authorised capital.

= = #Believe 3
mm s InSmall

Portugal

G
(V7] .
Caixa Geral BPI ggportugués

de Depositos de Fomento

Slovenia
*S)D Banka

Spain
e

e :K MicroBank

JUMTA DE ANDALUCOR

Turkey

KB 6&Vcv

United Kingdom

AN

% BARCLAYS

WL

ScottishEnterprise



EIF at a glance =1= ifese 4

Our products help small
businesses at every stage of
development

Portfolio guarantees & credit enhancement

n |
i L

VC funds, lower mid-market & hybrid debt equity

Social impact funds

VC seed & early stage

Inclusive finance

Business angels, technology transfer

Pre-seed phase Seed phase Start-up phase Emerging growth Development

Higher risk Lower risk
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Research & Market Analysis, RMA

i Who are
EIF's specialist for We’?

applied research, :
K | Advisor, focused on
market analyses and SME finance and

economic impact _
assessment covering the whole
range of EIF’s A key element of
activities EIF’s strategic
development

Contributor to EIF’s

external positioning Part of various

research networks




Research & Market Analysis - RMA

RMA : 4 main pillars

a) Market
analysis and
Information

General market
assessments, policy &
strategy papers

Surveys (VC, BA,
LMM)

Internal provider of
market information

b) Impact
assessment
(ImA)

Quantitative Economic
Impact assessment (ex-post)

Surveys (VC, BA, LMM) on
EIF’s value added

Involvement in internal and

external ex-post evaluations
& audits (EV, ECA, etc.)

SME Access to finance
arket assessments (e
ante)
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EIF Working Papers

Third party papers for
external positioning

Subscribers, web
blogs, social media

Presentations,
external working
groups, etc

d) Cooperation

Relationships with
various EIB teams
(Economics, Advisory,
Institute, EV etc.)

Cooperation /
exchanges with

external stakeholders

Joint research projects
with external
researchers
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Impact Assessment - EIF guarantee activities

In the last five years, RMA analysed the real effects of its guarantee instruments, via four different publications:

Central, Eastern and
South-Eastern Europe France
(CESEE)

Italy, Benelux Pan-European
and the Nordics assessment

uuuu

mmmmmmmmm

Econometric study on the
impact of EU loan
guarantee financial
instruments on growth
and jobs of SME

The economic effects of

EU loan guarantee
schemes for SMEs:
A panEuropean assessment

The effects of EU-funded
guarantee instruments

on the performance

Small and Me



https://www.eif.org/news_centre/publications/EIF_Working_Paper_2015_29.htm
https://www.eif.org/news_centre/publications/EIF_Working_Paper_2018_52.htm
https://www.eif.org/news_centre/publications/EIF_Working_Paper_2019_54.htm
https://www.eif.org/news_centre/publications/EIF_Working_Paper_2019_56.htm
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Impact Assessment - EIF VVC activities (1/2)

The European venture

capital landscape:
an EIF perspective

Volume [:
The impact of EIF on the VC ecosystem

The European VC
ecosystem

“EIF had a positive
significant crowding-in
impact on European VC

in the aftermath of the
recent economic crisis”’

Warling Page: 2016/38

The European venture
capital landscape:
an EIF perspective

Volume |I:
Growth patterns of EIF-backed startups

Financial growth
and cluster analysis

“20% of EIF-backed
companies grew more
than fourfold the first 5
years after investment”

Woing Papm: 2017781

The European venture
capital landscape:
an EIF perspective

Volume lll
Liquidity events and returns of
EIF-backed VC investments

Exits, IPOs and
unicorns backed by
EIF

“EIF supported
50% of currently
existing European
unicorns “

L iding Poper MT/Y

The European venture
capital landscape:
an EIF perspective

Volume IV:
The value of innovation
for EIf-backed sfartups

ElIF-supported
Innovation

“In 1996-2012 EIF
supported returns from
patented innovations
for a total estimated
volume of
EUR 22.3bn - 28.3bn”


https://www.eif.org/news_centre/publications/EIF_Working_Paper_2016_38.htm
https://www.eif.org/news_centre/publications/EIF_Working_Paper_2017_41.htm
https://www.eif.org/news_centre/publications/EIF_Working_Paper_2017_45.htm
https://www.eif.org/news_centre/publications/EIF_Working_Paper_2016_34.htm
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Impact Assessment - EIF VC activities (2/2)

| i teiworch & vk arali |
Waring Pape: 2019783

The European venture
capital landscape:
an EIF perspective

Volume V
The economic impact of
VC investments supported by the EIF

The economic
impact of VC
supported by the
EIF

“Higher capitalisation
levels, higher revenues
and higher job creation
of start-ups supported
by the EIF compared to
non-VC-backed firms. ”

The VC Factor

“Almost half of high-
growth start-ups would
have experienced
significantly lower
growth or defaulted
without VC”

The European venture

capital landscape:
an EIF perspective

The impact of VC on the exit and
innovation outcomes of Elf-backed start-ups

Exit and
Innovation
outcomes

“EIF VC-invested start-
ups were three times
more likely to
participate in an M&A
deal and/or experience
an IPO”
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https://www.eif.org/news_centre/publications/EIF_Working_Paper_2019_55.htm
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If we believe In small
big things can happen

Follow our stories and work on social media

Helmut Kraemer-Eis, Head of To find out more please visit us at: European L-2968 Luxembourg
Research & Market Analysis, www.eif.org/news_centre/research/index.htm Investment Fund Phone: +352 24851
Chief Economist 37B avenue J.F. Kennedy

h.kraemer-eis@eif.org
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