Aalto University
School of Science
Master’s Programme in Industrial Engineering and Management

Henri Lencioni

Assessing Venture Capital Investor Performance

Drivers — A Practical Application of Machine Learning

Master’s Thesis

Espoo, November 18th, 2020

Supervisor: Prof. Markku Maula
Instructor: Atte Honkasalo, M. Sc. (Econ.)

Walter Masalin, M. Sc. (Phys., Econ.)



AALTO UNIVERSITY

School of Science ABSTACT OF THE
Master’s Programme in Industrial Engineering MASTER’S THESIS
and Management

Author; Henri Lencioni

Title of the thesis: Assessing Venture Capital Investor Performance Drivers — A
Practical Application of Machine Learning

Number of pages: 109 | Date: November 18, 2020

Major: Strategy and Venturing

Supervisor: Prof. Markku Maula

Thesis advisors: Atte Honkasalo, M. Sc. (Econ); Walter Masalin, M. Sc. (Phys., Econ.)

Venture capital investors can work as great facilitators in the growth of entrepreneurial
ventures. Investment performance drivers are researched in venture capital markets, but
practical research of investor success is limited. The data for these studies usually
consists of single investments and their categorical success due to data unavailability
issues. More comprehensive studies on investor returns are limited.

This study aims to construct a practical machine learning model on existing investors
and their future success in target companies. The model prioritizes interpretability and
practicality to generate investment signals. A literature review explores the factors of
investor and investment performance in venture capital prediction. Based on the
findings, this research focuses in four feature categories: syndicates & networks,
reputation, fund characteristics, and target companies. These findings are used to
execute an empirical study with machine learning. The data is collected from NGP
Capital’s database which incorporates several private databases, such as Tracxn and
Dealroom. After training, the best model is an XGBoost tree-based ensemble model.
The empirical research with explainable artificial intelligence (XAI) models shows that
all four feature categories explain GP performance. GPs with experience generate the
most visible exits, which affects their reputation. They syndicate with central GPs in
the network, and they focus into young target companies with an experienced founder.
These findings affect both funding and exit performance. Reputation is the most

prominent feature category in this study. Our findings are supported by prior research.
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Venture capital sijoittajat voivat toimia pienten yritysten merkittdvéan kasvun johtajina.
Venture capital sijoitusten menestystd on tutkittu, mutta kdytdnnonléheista tutkimusta
sijoittajien menestyksestd on vdhdn. Ndissd tutkimuksissa data on usein yksittéisid
sijoituksia ja niiden onnistumisen luokittelua datan saatavuuden takia. Laajempia
tutkimuksia sijoittajien tuotoista on rajatusti.

Tdaméan tutkimuksen tarkoitus on rakentaa kéytdnnollinen koneoppimismalli
mallintamaan olemassa olevia sijoittajia ja heiddn tulevaisuutensa onnistumista
kohdeyrityksisssd. Malli priorisoi tulkittavuutta ja kéaytdnnollisyyttd luodakseen
investointisignaaleja. Kirjallisuuskatsaus tutkii kiaytettyjd tekijoitd sijoittajien ja
sijoitusten menestyksen ennustamiseen. Perustuen 10ydoksiin, timé tutkimus keskittyy
neljddn investoijan osa-alueeseen: syndikaatteihin ja verkostoihin, maineeseen,
rahaston ominaisuuksiin ja kohdeyrityksiin. Kirjallisuuskatsausta kédytetidén empiirisen
tutkimuksen pohjana. Data on kerdtty NGP Capitalin tietokannasta, johon siséltyy
useita yksityisid tietokantoja, kuten Tracxn ja Dealroom. Paras malli on XGBoost
niminen paitdospuihin perustuva kokonaismalli. Testattuja malleja on yhdeksan.
Empiirinen tutkimus selittdvilld tekodly (XAI) -malleilla ndyttd4, ettd jokainen neljéasti
osa-alueesta selittdd sijoittajan suoriutumista. Kokeneet sijoittajat tekevit nikyvii
irtautumisia, jotka vaikuttavat heiddn maineeseensa. He sijoittavat yhdessd verkoston
keskeisten sijoittajien kanssa, ja he keskittyvit nuoriin yrityksiin, joissa on kokenut
perustaja. Nama 10ydokset koskevat seké rahoitusmairid, ettd irtautumissuoriutumista.
Sijoittajan osa-alueista maine on kaikista tirkein tdssd tutkimuksessa. Olemassa oleva

tutkimus tukee 16ydoksidmme.

Avainsanat: venture capital, sijoittajan | Julkaisu kieli: Englanti
suorituskyky, koneoppiminen




Table of Contents

Table OF CONLENLS ....cueeiiieieiieiiee ettt ettt st e sbe e e e e e e eaeeas 4
I INEEOAUCTION ...ttt ettt ettt et et e e ens 8
1.1  Background and research motivation ............cccccueeeriiieeiiieeciee e 8
1.2 Objectives and research qUESTIONS .........c.eeeviiieriiieeriieerieeeie e 10
1.3 Methodology and SCOPE......cc.eeeuieriieriieiieeie ettt 12
1.4 Structure Of theSiS ....oouiriiiiiieieeee e 13

2 LALETATUIE TEVIEW ....eeutieuiiriieiienteeiienteeteeiteste e e et esteentess e steenbe e s tesbeentesaeenbeenseeneenseenee 14
2.1 Performance in venture capital...........cccoocveviieriieiiienieeieeeieeie e 14
2.2 Predictor variables in [Iterature..........coceevuerieriienieniesieeceeeee e 16
2.3 Machine learning in Venture Capital...........ccoovvieiiieniiiiiiniieieeie e 30
2.4 Data PIrEPIOCESSINZ .. eeeueieureeutieriteetiesiteenteeateesteeeteesseesteesseeaseesseesseesneeenseennes 31
2.5  Prediction Methods ........cooouiiiiiiiiiiiei e 32
2.5.1  Statistical Methods..........cooouiiiiiiiiiiie e 32
2.5.2  Machine learning methods ...........ccccoiiiiiiiiiiiiii e, 33
2.5.3 Ensemble learning methods............ccoeiiieiiiiiiiiiiiiieeceee e 33

2.6 Prediction evaluation and rODUSINESS.........cccueeruiriiiierieiiieie e 34
2.7 DecisioN-MaKING PIOCESS .......eerueeruierueieiierteenieeeteesieesteesseeeaeesseesseesaeeenseenens 35
2.7.1  Explainable Artificial Intelligence ............cccceevieriienieniieieeieeeeeeeeneen 35

2.8 SYNENESIS ..ieuiiiiiieiieciie ettt ettt ettt e e e saaesba e aaeenneenes 36

R IV (511 4 10T [0] (0 USRS 40
3.1 Sample and data..........ooooveieeiiiiiiie e e s 40
3.2 Target variable .......cccviiiciiiiciie e e e s 43
3.3 Predictor variables ..ot 48
3.4  Predictor variables left OUL.........ccoceiiiiiiiiiiien 59



3.5 Data PrePrOCESSINE.....eeeerirerrreeriieeeiieenteeesteeesaeeessseessreeassseesssseessseeessseessssees 61

3.5.1  MISSING VAIUCS ...eeeuiiieeiiieeiie ettt ettt e te e st e e e e e esaeesnneeennneeenes 61
3.5.2  OULHETS 1.ttt 62
3.5.3  Variable transformations .............ccecueeiieiiiiiiiiiieiieee e 63
3.6  Models, training and test sets, and hyperparameter tuning ...............cccceeuvnnee. 64
3.7 Decision-making and Explainable Artificial Intelligence ...........cccceeevveenennnen. 66
4 RESUILS .ttt et sttt 68
4.1  Data preprocessing and model Selection...........ccccceereieeiieniienienieeieeeee e 68
4.2 Model prediCtiVe POWET ......eecuvieiieeieeiieeie ettt eve e sae e e seaeesaesnaeenseeees 70
4.3  Explainable Artificial Intelligence...........ccccooveeiienieiiiiiiieieeeee e 73
4.3.1  Global exXplanations..........cccueeeeuireriieeeiiieesieeesteeesreeeeee e reeeereeesreeeseree s 73
4.3.2  Local exXplanations.........c.ccceveeeiuiieiiiereniieesieeesreeesaeeesaeeereeesreeesreeesenees 79
4.4  Prediction robustness with other target variables ............cccccoooeiiiiiieniienenne 87
4.5  Displaying the T€SULILS ......ccoeiiiiiiiiiiiee e 90
5 Discussion and CONCIUSIONS .......ccueerueieriieriieiienie ettt ettt 93
5.1  Contributions and iMPliCAtIONS ........cceeruierieeiieriie et 94
5.2 LAMIEATIONS ..eeutieeitieiieeie ettt ettt et et e et et e et e e bt e eabe e seeenbeesseeenbeenseeenneas 96
5.3 FULUIE T€SCAICH. .. .euiiiieiiiiiiiieee et 98
RETEIENICES ...t 100
List of Figures
Figure 1 — Flow and feature information in the database............cccccooeeniiiiincininc, 41
Figure 2 — Distribution of investor €Xit INAEX ........cccveeriiieeriieeiiieeieeeie e 46
Figure 3 — Distribution of investor INAeX ..........coceeveriiriinieiiinieeeceeeeeee e 48
Figure 4 — Investor syndicates and NEtWOTKS .........cccecueriiririiniineniinieceieseceee s 49



Figure 5 — XGB confusion matrix of test set predictions (N=1231) .....c.ccccccvverreeerreenns 71

Figure 6 — Investor index vs. XGB prediction scatterplot and densities...........c............. 72
Figure 7 —First round of global feature importance ............coceecveevieiiiienieeiienie e 73
Figure 8 — Final feature global importance of our model..............cccoeviiiiiiiieniiiinie, 74
Figure 9 — Relationship of investor scores to globally important features...................... 75
Figure 10 — Morris Sensitivity of our final model.............cccooeeeiiiiniiieeiieee e, 78

Figure 11 — Local explanation comparison of three GPs and 10 most important features

......................................................................................................................................... 80
Figure 12 — Most important features locally for our top 10 GP predictions ................... 82
Figure 13 — Relationship of investor index to locally important features....................... 84
Figure 14 — Global feature importance for Funding IndeX ..........cccoocieviiiiieniiinnennn, 87
Figure 15 — Top GP local feature importance for Funding IndexX .........cccccooeviininnnnen. 88
Figure 16 — Global feature importance for Exit Index ..........cocccoeiiiiiiiiiiiiiiii 89
Figure 17 — Top GP local feature importance for Exit IndeX.........c.ccoooeeiiiniiininnene 90
List of Tables

Table 1 — Predictors of investor SUCCESS ~SUMMALY ..........cecveerreeiueerrieereenereenreenreeseenens 29
Table 2 — All syndicate and network variables used in the study ...........cccceevevierieenennne. 51
Table 3 — All reputation variables used in the Study .........cccceeviiiiieniiiiiiireeeceee 52
Table 4 — All fund characteristics variables used in the study ...........ccocceeviiiiiinienenne. 55
Table 5 — All target company -level information variables used in the study................. 58
Table 6 — All other variables used in the StUAY .........cccveviieiiieriiieiieieeee e 59
Table 7 — RMSE comparison of skewed data transformation...............cccoeveviienieenennne. 68
Table 8 — First round model evaluation results in order of best to worst RMSE............ 69
Table 9 — Second round model evaluation results in order of best to worst RMSE ....... 70
Table 10 — The final test scores for the two best models ...........cocceeviiiiiniiniiiniiennenn 70
Table 11 — Global model features by feature category ..........ccecveevvieeeiieeeiieeiiieeeieeene 79
Table 12 — Top 10 GPs ranked by investor index for local analysis............ccceeveeennennee. 81



List of Equations

Equation 1 — Investor funding multiple............cccooooieriiiiiiiiiinieiee e

Equation 2 — Investor average eXit aMOUNT ..........cccueerveerieerieerieeiierieeieesereeeeeseeeenseenens

Equation 3 — Investor index



1 Introduction

1.1 Background and research motivation

Venture capital (VC) industry has grown over the last 20 years in spite the financial
turbulence during the 21% century. Between 2010 and 2019, the VC yearly aggregate
funding amounts have grown from around 48 billion USD to almost 295 billion USD.
Furthermore, the number of yearly deals has increased from around 8 000 to almost 33 000
(Rowley, 2020). In this thesis, VC is defined as “the professional asset management
activity that invests funds raised from institutional investors, or wealthy individuals, into

promising new target companies with a high growth potential” (Da Rin, et al., 2013).

Research in the VC industry has grown. The application and practice of studies in these
fields are limited due to conducting mostly statistical research to assess a single category
of variables with a restricted dataset. There is interest for more extensive practical studies.
This research studies the direct multidimensional activities of GPs and their effect on their
performance. This is done with a large private dataset with features from multiple
disciplinaries, machine learning models that can capture complex dependencies, and

continuous regression methods to capture the ranking for every single GP.

Machine learning has become a prevalent tool in research and therefore in VC literature
as well. Prior research has focused primarily on single investments and target companies.
One algorithm has been developed to recognize future unicorn companies (CB Insights,
2019) and another study used financial and funding data to predict successful exits in
startups (Sun, et al., 2019). VC firms have been able to reduce their investment uncertainty
and increase success rates by modeling exits, as well as predicting future funding rounds
with machine learning (Arroyo, et al., 2019). We will refer to a VC firm, managing the

VC funds, as general partner (GP) and a singular fund as VC fund.

VC performance persistence studies are examples of a more long-term research. One study
has found that early investor success persists over time to future investments (Nanda, et
al., 2020). Another study contradicts this claim finding that above median VC investors
show no performance persistence but show a significant flow-performance relationship

(Phalippou, 2010). Apart from performance persistence studies, one performance study



looks at the public market IPOs in relation to VC performance and finds that the best funds
can perform better than public market (McKenzie & Janeway, 2008).

Most VC studies looks at the investment returns and target company growth. An issue
coming up in these studies is that even though the amount of data available in VC
databases has increased, the data is often incomplete in the VC performance databases,
such as Burgiss Private I, Cambridge Associates, Preqin, and Pitchbook (Kaplan & Lerner,
2016).

Investment decision factors in VC include such as existing investor performance,
reputation, and experience. Given this, it is hard to know thousands of investors in detail.
Some investors are visible in media due to their success, such as Sequoia Capital, Index
Ventures, or Accel, and thus they are known in the industry. The factors why they are
successful are unclear and could be found from the objective patterns in a comprehensive

dataset.

This thesis is done in collaboration with NGP Capital, a global growth stage venture
investor with over 1.2 billion USD assets under management. Their latest fund is focusing
on mobile, intelligent enterprise, and smart mobility industries. The GP has a substantial
investment evaluation model in terms of number of variables based on the current machine
learning literature. NGP Capital’s data & analytics platform “Q” takes in hundreds of
features from multiple data sources and these features are used to assess target companies.
Evaluations in Q include for example the success probability of the target company,
growth pace, probability of raising future funding, and its relevance to NGP Capital’s

focus areas.

NGP Capital and “Q” resemble the current objectives of machine learning research in VC:
evaluating target company success. However, Q does not analyze existing VC investors
of the potential portfolio, and this is a limitation in current VC research as well. Currently,
NGP Capital’s investment team carefully assesses GPs. They study how the GP behaves,
how they support target companies, and how they influence future prospective of target

companies. The assessed investors are ranked to one of three tiers and this information is



used as an opportunity signal by assuming that best tier GPs pick and/or grow high profile

companies.

The problem with NGP Capital’s current approach is that the portion of investors
evaluated is low and even those labels are subject to personal biases and herd behavior. A
couple of investors in NGP Capital’s investment team label the other GPs and someone
might disagree with this subjective ranking. Furthermore, NGP Capital has limited
capacity to research all the existing investors for all considered investments. Accurate,
objective, and automated information about investor performance, reputation, and
experience would provide important input for the investment decision-making process.

This could potentially improve investment results in the VC industry.

1.2 Objectives and research questions

The objective of the thesis is to rank GP performance, reputation, and experience. The
study looks at GPs’ consistent performance over multiple funds to explain long-term
behavior and its effects on performance. We look at feature design and implementation of
an academically and practically viable machine learning model to recognize GPs that can

generate abnormal profits consistently.

Power law is important for understanding this performance. European Investment Fund
research finds that in their 2017 database four percent of investments realized a money on
capital ratio greater or equal than 5 and that these investments accounted for about 50%
of exit proceeds (Kraemer-Eis, et al., 2016). These investments are very important for the
financial returns of VCs but the access to these deals might be limited to only the most
successful GPs. However, these “fund-maker” deals do not necessarily represent the

persistent performance of a GP.

The objectives of the thesis include research on the current investor success factors
recognized in literature. Based on these factors, we create a comprehensive data-profile
of investors into the NGP Capital’s database. Then, the thesis evaluates different models’
performance to predict investor success. Finally, this thesis explains the investor success
model with Explainable Artificial Intelligence (XAI). This way, NGP Capital can have a

clear value-adding automation from data to insights on existing investors.
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NGP Capital does not have an objective assessment on what makes a successful and
reputable GP. The investment team members have views on many investors, particularly
on the GPs with multiple successful portfolio companies. The aim is to gain an unbiased
and systematic evaluation across all potential investors and these signals can be used as
an input to the investment decision process. This system would be using a data-based
investor profile by combining information from NGP Capital’s current data sources, by
possibly integrating new external data sources, and by analyzing hidden patterns in the
data. Current literature has extensively looked at investor returns and investment success

factors which can help answer this question. Therefore, the first research question is:
Q1: How to objectively quantify if a GP consistently generates abnormal profits?

Current literature guides the dataset and features that will be used to model GP
performance. All the 72 thousand investors are hard to model manually and therefore the
modeling process should be automated to bring consistent support to decision-making.
This requires a database model that enables fetching the data quickly. Therefore, our

second question focuses on the database model:

Q2: How to build an “investor profile” database model including the most relevant data

points?

Finally, different machine learning models will be trained and tested with the investor
profile data. The best model is then integrated into the current investment evaluation
process of NGP Capital. This way the existing investor signals can be considered when
assessing potential investments. This will create a continuous objective assessment on
GPs in the industry. Hopefully, NGP Capital could recognize which GPs reap above
average returns consistently, as well as why they are generating such great outcomes. The
considered models are not necessarily top-of-the-art machine learning but efficient in

prediction. Therefore, the third research question is:

03: How to incorporate early stage VC quality information into NGP’s investment

decision making process to increase the probability of success from deals?
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1.3 Methodology and scope

The research includes a theoretical literature review and an empirical quantitative analysis.
The literature review will try to answer why some GPs manage to generate abnormal
returns, what features should be included, and what methods previous machine learning
studies have used to reach their conclusions. Furthermore, this review will determine what
datapoints and what kind of investor profile database models should be implemented. The
quantitative analysis is conducted by comparing different machine learning models
against each other based on the methods found during literature review, and then analyzing

the impact of different features on the best model’s predictions using XAl

The limitations of the thesis scope include focusing on active VC GPs. Therefore, the
study does not search for data on individual GP member performance or analyze single
investment performance. Therefore, we define limits for number of funding rounds in total

as well as in the near past to filter out inactive investors.

Second, because NGP Capital focuses on early growth investments, the analysis focuses
on GPs that are active in early stage investing. Some GPs are not focused on certain rounds
and their success in later stage investments can provide important signals from the
research perspective. Therefore, we use generic stage features to predict early stage

performance in specific.

Third, the thesis will also limit the amount of analysis on how much extra value an investor
brings into a company, and instead focus on identifying the GPs that are included in the
best deals. This is part of the question whether investors are “VC as scout” or “VC as

coach” (Baum & Silverman, 2004). More on this topic can be found in literature review.

Fourth, the aim of the thesis is to find signals for equity investing and thus non-equity

investments are excluded. These include for example crowdfunding, grants, and loans.

Finally, data accessibility will most likely scope out certain variables. Some information
might be missing from the NGP Capital’s database and external sources are often

expensive. We must recognize the cost-effective variables in these cases.
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1.4 Structure of thesis

Section 2 of the thesis reviews the literature to see which factors should be included in the
database model. Section 3 will look at the data that create the investor profiles as well as
the different machine learning algorithms that will be used for this study. Section 4 is
about comparing the model predictive power, fine tuning the best model, and looking at
the feature impacts. Finally, Section 5 discusses the implications of this study, limitations,

and concludes the research with future opportunities for research.
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2 Literature review

2.1 Performance in venture capital

Venture capital fund is traditionally a financial investor and the top 25% of GPs manage
to generate substantially greater returns than the public markets. These returns are highly
skewed, where a small number of deals accumulate to high proportion of the returns of a

fund. This is called the power law of VC (McKenzie & Janeway, 2008).

Most of the VC Internal Rate of Returns (IRR) are more in line with the public markets.
This raises the question whether the performance of a GP should be measured in returns
or hit rate. One exit might offset all other losses in a fund, but the investor might have a
low hit rate. A possible alternative explanation for GP performance is that top investors
have better access to prominent deals, thus generating larger IRR (McKenzie & Janeway,
2010). However, Lee, et al. (2011) conclude that picking winners is most likely not the

explanation for superior returns.

There are also Corporate Venture Capital (CVC) funds. These funds primarily aim to
generate strategic knowledge and innovation to stakeholders on top of financial returns.
(Dushnitsky & Lenox, 2005). The CVC activity has the potential to create significant

value and competitive success to the investing corporations (Dushnitsky & Lenox, 2006).

The VC backed companies tend to become larger in sales and employee counts, they tend
to create more patents over time, and they tend to grow faster than their non-VC
counterparts. These factors create large economic benefits partly due to the higher initial
investments to required early performance, as well as the rather long investment period in
VC (Puri & Zarutskie, 2012). Furthermore, the decreased cost of technology
experimentation has been followed by a “spray and pray” technique by the investors that
enables increased innovation in the industries that capital flows into. Therefore, the VC
community has adopted a strategy of investing into greater number of companies with less

governance per target company (Ewens, et al., 2018).

Venture capital literature suggests that investors prefer both picking companies that show

great measures of potential, as well as offering their management expertise to startups.
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These are referred to as “VC as scout” and “VC as coach” mechanisms. The scouting
factors appear to over-weigh the effect of human capital. On the other hand, the coaching
seems to create real enterprise value up to a point, that is, close to an exit. The logic is that
GPs make investment decisions based on foreseeable exits and help these target

companies achieve them (Baum & Silverman, 2004).

There is still some debate about “VC as scout” versus “VC as coach” approach.
Alperovych and Hiibner (2011) suggest that the value-adding factor of VC comes from
the capital structure decisions and strategic management advice. Another study supports
it by proclaiming that the value-added hypothesis is most likely stronger than the selection
hypothesis, since syndicate investment returns are higher on average than individual
investments. The logic is that sharing selected premium companies would lead to lower
returns in case coaching does not provide value. This does not rule out the possibility of
selection but suggests that the management expertise of several venture capitalists is a
more important factor for investment returns (Brander, et al., 2002). However,
Rosenbusch, et al. (2013) have inconclusive results since the weak positive effects of GPs

couching ventures disappear when industry is controlled.

McKenzie and Janeway (2008) claim that the two most common measures of VC investor
performance are fund multiples and IRR. Some other studies measure the success as the
portion of GP’s exits via [PO or M&A, due to restricted access to performance metrics.
The exits work as a proxy for returns because GPs do not necessarily disclose their returns
to the public (Hochberg, et al., 2007). Nahata (2008) follows a similar portion of exits

approach to measure VC success.

Even though there are continuous measures for investor performance, most machine
learning studies still use classification type target variables in VC (Arroyo, et al., 2019).
The studies mostly focus on target companies, not investors. The studies existing in VC
investors focus mostly on post-fundraising (Walske & Zacharakis, 2009). Another topic
is performance persistence where studies look at the continuity of investor performance
from a fund to the next fund (Phalippou, 2010). The target company studies most often
consider the likelihood of the company getting acquired. Other studies define target

15



company success as ability to attract future round of funding (Ter Wal, et al., 2016) and
some consider a target company’s likelihood to survive and grow during a certain period

of time (Bohm, et al., 2017).

2.2 Predictor variables in literature

Syndicates & Networks

VC syndicates refer to the joint equity investment of two or more GPs. The activity is
important for the deal flow and resources of GPs (Wright & Lockett, 2003). Jadskeldinen
(2012) discloses that around 40-80% of VC investments are done in syndicates. However,
most of the research on the topic looks at the coordination of investor-investment
relationships (Wright & Lockett, 2003). Further studies should be conducted on how
syndicate partners are chosen and how the partnerships are managed (Lockett & Wright,
2001). Sometimes these syndicates might even form funding parties for several rounds

(Wright & Lockett, 2003).

There are two primary definitions of syndications from data point of view: “narrow” and
broader. The “narrow” view considers a deal syndication if they happen at the same time,
or for example, within a year from each other. The broader syndication definition
considers all external investors of a target company to form one syndicate (Brander, et al.,

2002).

Syndicates provide GPs with opportunities to share their capital risk, validate the
investment opportunity, and join funding rounds they would not have enough capital for
otherwise (Jadskeldinen, 2012). According to Lockett and Wright (2001), risk sharing is
the dominant reason for syndication. This is confirmed by Manigart, et al., (2006) whereas
the authors claim that selection and monitoring of deals are not that significant reasons for
syndicates, contrary to Jadskeldinen (2012). The importance of information sharing and
deal management depend on the strategy of the GP to management buy-in or buy-out

(Lockett & Wright, 2001).

Syndicates benefit from different types of performance measures. For example, syndicates

perform better on average when the deal combines actor-centric non-financial information

16



specialized investors with analytical financial information specialized investors
(Heinzelmann, 2016). Furthermore, a syndicated combination of local and international
players tends to produce more successful exits and higher post-IPO performance. Purely
local or international VC funds could not produce similar results (Chemmanur, et al.,
2016). Cross-border syndicates benefit from VC funds that have a central status in the host
environment (Liu & Maula, 2017). However, distance between syndicate partners has

been found to decrease the probability of successful exits (Cumming & Dai, 2010).

Syndication enables a VC fund to invest in deals they would not either have access to or
enough funds for. Furthermore, the lower capital requirement per GP creates the option of
higher portfolio diversification (Manigart, et al., 2006). The literature in the performance
effects of these strategies is hard to come by. The studies that can be found do not conclude
that the syndication would generate or erode performance of the investor. Only thing that
seems conclusive is that syndicate investors minimize their losses by terminating
investments quicker. Therefore, future research should focus on the strategic

complementarity of investors participating in a syndicate round (Jadskeldinen, 2012).

The bigger the syndication on average, the larger the pools of resources (Ter Wal, et al.,
2016). Syndicates improve the results of single investments as well as bring greater
resources, legitimacy, and credibility to the target company (Jadskeldinen, 2012). Larger
syndicates have the benefit that the breadth and depth of information grow and result in
higher percentage of successful exits (Xue, et al., 2019). Through these effects,
syndication might increase the valuation of a target company (Stuart, et al., 1999). Not
only is the exit valuation higher for syndicate backed target companies, but their
probability to exit is higher as well (Tian, 2011). Syndication is an especially important
predictor for follow-on round success as the benefit is that the GPs can share their risk as

well as performance (Pynné, 2007).

There is still some debate on whether syndication metrics are robust predictors for success.
Other factors could include such as higher requirements of capital that are met with
syndications and thus generate higher valuation (Jaaskeldinen, 2012). Larger syndicates

tend to underprice VC backed IPO exits, and decrease post-IPO performance (Tastan, et
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al., 2013). Tastan and others (2013) calculate the VC syndicate size by summing the
distinct GPs that fund a certain target company before the IPO.

Syndications are closely related to network effects in VC. Ter Wal, et al. (2016) study the
syndicate networks of investors where they calculate the value of network for a GP as well
as for the syndicate deal. Therefore, Ter Wal, et al. (2016) calculate the total network that

is brought to a company via syndicate, not an individual investor.

VCs build networks by investing together with other GPs in syndicates (Wright & Lockett,
2003). These larger networks help them grow the portfolio companies, find further
funding, and finally exit their portfolio companies. The greatest benefits come from
networking with highly networked GPs which can then lead into better deal flow. One
functional way to access these flows is to invite others to join into syndicates which then
reciprocate co-investment options (Hochberg, et al., 2007). However, elite parties in the
network tend to syndicate together, forming stronger ties with each investment, while
mostly ignoring previously unknown GPs. Thus, single syndicate deal might not be
enough to form network effects (Gu, et al., 2019). Bigger networks grow the probability
of exits overall and the bigger the global network of an investor, the more likely their
portfolio companies exit to a non-domestic market. The direct and indirect links between
investors enable information sharing and prevent opportunity identification problems

(Jaaskeldinen & Maula, 2014).

An investor’s network is a significant predictor for their investment behavior. The closer
the network between a GP and a target company, the more likely the investor is to fund
the target company. The logic is that these relationships prevent information asymmetry
and create trust (Liang & Yan, 2016). This argument is supported by Cumming and Dai
(2010). More common neighbors in the investor and target company networks do not
usually lead to investment. The logic is that investors prefer to invest to industries they
have expertise in and therefore connections, but they do not want to invest to competing

companies, that is, common neighbors (Liang & Yan, 2016).

Hochberg, et al. (2007) consider nodes as GPs and links as co-investment in a company.

The graph is directed so that the leading VC is the beginning and the links are directed to
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the receiver. This data is then created into an undirected adjacency matrix between
investors 1 and j in a syndicate. The networks change over time, so Hochberg and others
have used trailing matrices over 5 years. Ter Wal, et al. (2016) take a similar approach by

considering co-investments during the last 5 years.

There are multiple ways to measure a network strength. Some ways include degree
centrality, closeness, and betweenness. Degree centrality is the sum of all the links in the
undirected adjacency matrix. The higher the degree centrality, the more exchange an
investor has in expertise, deals, and pools of capital. This centrality is a positive and
significant factor for a target company’s probability to survive to successive funding
rounds as well as for their probability to exit successfully (Hochberg, et al., 2007). Ter
Wal, et al. (2016) extend this metric by normalizing it with the maximum possible links

in the network, calling it the network closure.

Closeness considers the values or quality of the links. Hochberg, et al. (2007) calculate
network closeness by first calculating the eigenvectors of the network, then sums the
vector values of the links, and then normalizes the values by dividing the sum with the
maximum value of investor network closeness. It basically calculates how central the links
of the investor are, which are again respective to the number and quality of their links.
This metric is a positive and significant measure for target company success (Hochberg,
et al., 2007). Bonacich and Lloyd (2001) argue that these centrality eigenvector measures
capture certain aspects of centrality and status that other metrics do not capture. Therefore,
the metric is useful when the hypothesis is that whom you work with matters in the
network status. However, these eigenvectors might give misleading results when

misapplied (Bonacich & Lloyd, 2001).

Betweenness calculates actors on whom others rely to connect in the network.
Betweenness calculates the sum of investor 1’s links that go through investor j to k, but
there is not a direct link between investors i and k. This network betweenness is then
normalized. Intermediary VCs might have knowledge, deals, and opportunities that others
would like to make use of, thus being the investor in-between others. Network

betweenness is the least significant network metric in terms of economic benefit for GPs
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in the study (Hochberg, et al., 2007). Ter Wal, et al. (2016) consider a similar variable,
calling it the bridging ties. These kinds of distant ties form more frequently when the target
company’s industry and home region are active in funding, when the target company is
more mature, when the investment syndicate size increases, as well as when there are high

network density funds present (Sorenson & Stuart, 2008).
Reputation

Reputation is a significant factor for exit success (Nahata, 2008). It enables a GP to join
into better deals through discounted valuation (Hsu, 2004). There is a lot of inconsistency
in reputation proxies in VC literature. Many studies use the age of a GP, GP age weighted
by ownership stakes, size of investment fund raised, and similar (Lee, et al., 2011).
Although these metrics might measure a part of the reputation effect of a VC investor,

they are found to be inconsistent predictors for VC fund performance.

Reputable GPs are more likely to generate excessive results than less reputable investors.
Target companies led by more reputable investors are more likely to exit successfully and
access public markets faster (Nahata, 2008; Cumming & Dai, 2010). The logic is that
highly reputable GPs make sure that their target companies receive the knowledge, social
capital, and financial resources to grow (Lee, et al., 2011). On the other hand, Lee and
Wahal (2004) claim that less reputable GPs tend to underprice their IPOs in order to gain
reputation and thus result in costs to the GP and entrepreneurs. High-reputation GPs have
been less locally biased in their investment decisions, supporting the knowledge benefit
hypothesis (Cumming & Dai, 2010). In a study from Chinese VC market, it was found
that local bias tends to decrease the likelihood of making successful exits (Fu & Ng, 2020).

Reputation measures include cumulative market capitalization of IPOs and share of the
aggregate investment in the VC industry. The logic is that the IPO exits in the VC industry
are most likely to be highly visible in the media (Nahata, 2008). Some GPs might even
use underpricing and share price increases to grandstand to the press (Lee & Wahal, 2004).
It takes a lot of work and experience for an investor to lead a start-up to a public market
exit. Thus, the more capitalization a VC investor generates from IPO markets, the more

reputable they are. Another metric used in the study is about the GPs capability to raise
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capital and thus have higher commitment from their limited partners (Nahata, 2008).
These factors are confirmed by Lee and Wahal (2004) who study venture-backed PO
underpricing effect to VC reputation and ability to capture funding. Other measures of GP
reputation include number of portfolio companies, total funds invested, total funds raised,
and number of funds raised. These measures work as proxies for GP’s ability to raise
capital, and the number of investments the GP has taken public (Lee, et al., 2011). Even
though reputable investors are more likely to take companies public faster (Nahata, 2008),

their effect on the post-IPO performance are not significant (Lee, et al., 2011).

Lee, et al. (2011) research reputation’s effect on the initial market valuation of an IPO
company and the post-IPO performance as return on assets (ROA) year after the exit. In
the study, several factors are recognized that play into the reputation of an investor. Due
to the complexity of the issue, they create a multi-faceted index to explain reputation. Lee,
et al. (2011) start building their reputation index using similar metrics to Nahata (2008)
and expand these with the more usual metrics discussed in the previous chapter. Lee and
others (2011) calculate z-scores of all the metrics over a rolling period of five years on an
annual basis. This way, the fluctuations in VC reputation are considered and the scaling

of different measures are comparable when aggregated into one index (Lee, et al., 2011).
Fund characteristics

Industry specialization is an important metric for consideration. Specialized VC funds are
more successful in general and the industry specialization most likely affects the
allocations between the industries. This way, the investors can invest into the highest
performing industries (Gompers, et al., 2009). Siddiqui, et al. (2016) support this
performance driven industry focus. In a study of two VC Limited Partners (LPs) with over
20 years of experience, the correlation of time-series between GP fund size and LP size
was almost 0.73 showing that the overall success of the industry might be a strong driver
of VC success (McKenzie & Janeway, 2008). Rosenbusch, et al. (2013) suggest that GPs
generate weak positive effects on firm performance but when industry selection is

controlled, even that effect disappears.
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Industry specialization most likely affects performance within an industry. Experienced
VC investors might be able to choose better target companies within a specific industry.
The individual employee industry experience was not the important factor, but the
performance is due to the VC fund specializing altogether (Gompers, et al., 2009).
However, industry focus increases local bias. These GPs tend to invest to companies that
are close to the GP location and thus limit investment opportunities (Cumming & Dali,

2010) and possibly lead to lower percentage of successful exits (Fu & Ng, 2020).

Gompers, et al. (2009) measure industry specialization by dividing investments into
industry categories, and then taking the Herfindahl Index from those categories. The
Herfindahl Index is “the sum of the squares of the percentage of all previous investments
in each industry”. This way full specialization results in a sum of 1 and lesser focus
approaches 0 (Gompers, et al., 2009). Cumming and Dai (2010) divide target companies
into categories without Herfindahl Index. Other ways to measure industry specialization
includes the number of exits over time in a certain industry, divided by the number of exits
by the GP in total (Lee, et al., 2011) or industry classification counts based on SIC codes
(Chahine, et al., 2012; McKenzie & Janeway, 2008).

The experience and skills of a GP play a part in their success. Gompers and others (2009)
find that more experienced GPs tend to outperform those with less experience. The study
measures experience as number of investments (Gompers, et al., 2009). This effect of
experience is confirmed by Sorensen (2007) who measures experience with number of
funding rounds. Some other proxies for measuring experience come from the age of a VC
firm, amount invested in these rounds, fund size, as well as number of companies the firm
has backed (Hochberg, et al., 2007; Sorensen, 2007). These variables were used by
Bottazzi, et al. (2008) as well. Furthermore, one study found that more experienced GPs
start investing more during times of favorable public markets relative to their less
experienced counterparts. The study still concluded that this public market signal did not
affect the GPs’ performance significantly (Gompers, et al., 2008).

Many investors drift across their primary investment stages in order to manage risk and

return, and this practice affects their reputation and success (Buzzacchi, et al., 2015). It
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has been found that later stage ventures are more likely to go public (Cumming & Dai,
2010). Furthermore, information asymmetry and uncertainty affect VC staging view. The
more there is information asymmetry or project-uncertainty, the earlier the staging tends
to become. When there is external market uncertainty, GPs tend to delay their staging (L1,
2012). On the other hand, staging focus increases local bias (Cumming & Dai, 2010).
Therefore, it is reasonable to include features to assess investment stage focus. One way
is to include a feature that measures the portion of investments that an investor has made
on different stages (Buzzacchi, et al., 2015). GPs might also stage their investments by
investing to gain information on a company and provide further funding in case milestones

can be reached (Lerne, 2009).

Siddiqui, et al. (2016) found that a primary goal of a VC fund provides a robust predictor
for their behavior. The study defined VC funds as either strategic, financial, or
independent. A simpler form of categorization was done by Nahata (2008) where the
category was either CVC or VC. The financial investors show more capabilities of
exploring innovation and profits whereas the strategic investors show more ambidextrous
business knowledge through exploration-exploitation (Rossi, et al., 2020). The financial
and strategic funds were less likely to invite similar counterparts to syndicates, whereas

they were more likely to invite independent GPs (Siddiqui, et al., 2016).

VCs are closely involved with companies they finance and they play an important part in
the development of the target companies (Hellmann & Puri, 2002). Active investors are
more likely to create more successful target companies. One study looks at European VC
deals and what activities the GPs take to grow the company. Furthermore, in syndicate
investments, the leading GP is most often the most active and most influential (Bottazzi,
et al., 2008; Hazarika, et al., 2014). Therefore, Bottazzi, et al. (2008) and Hazarika, et al.

(2014) measure funding round leader variables.

According to Bottazzi, et al. (2008), the GPs help target companies within three categories
of activities: helping with recruiting, acting as directors, or interacting with the company
for other reasons. Especially, executive recruiting is considered an important factor for

target company success. Other interaction reasons might include such as strategy
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development, monitoring and controlling companies, or facilitating partnerships (Hsu,
2007). These activities can be extended by measuring the knowledge sharing depth and
breadth between GP and target company (Lockett & Wright, 2001; Ter Wal, et al., 2016;
Xue, et al., 2019) as well as performance evaluation criteria and KPIs of GPs
(Heinzelmann, 2016). GPs are more likely to participate in value-adding services as their
rights to cash flow increase (Kaplan & Stromberg, 2004). Furthermore, more specialized

investors tend to be more active in their target companies (Bottazzi, et al., 2005).
Target company -level information

Some studies investigate how GPs’ focus into certain type of target companies affect their
returns. Some measures include patents in the companies, initial funding round, year of
first funding, and IT subsector (Ter Wal, et al., 2016). The number of patents has been
shown to be a robust predictor for the funding amount of a company (Hoenen, et al., 2012).
Patent numbers have also been shown to predict acquisition probabilities with great
accuracy of almost 90% (Wei, et al., 2009). However, venture-backed company patent
numbers do not vary significantly from non-venture funded company patent numbers after

funding round (Engel & Keilbach, 2007).

Target company education and access to talent affect their prospectives. Hoenen, et al.
(2012) count the universities located in the area of the target company. Extending this,
Engel and Keilbach (2007) measure universities, as well as degrees in the founder team.
Furthermore, some studies record the research and development (R&D) intensity in target
company industry by R&D intensity (Li, 2012), and R&D employees (Engel, 2004; Engel
& Keilbach, 2007).

Founder experience is an important determinant for future success. The logic is that more
experienced entrepreneurs receive more favorable conditions of control, capital, and other
resources. More experienced founders tend to replicate their success in target companies.
This means that serial entrepreneurs that have gone through a successful exit are more
likely to replicate it than first time founders or previously unsuccessful founders.
Furthermore, experienced GPs were more likely to benefit new or unsuccessful founders,

whereas the GPs’ effect on performance was lesser for already successful serial
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