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RESUMO

Esta tese é composta por três artigos empíricos que, em conjunto, ampliam nossa
compreensão sobre a dinâmica dos Limited Partners (LPs) e seu desempenho em
private equity (PE). O primeiro artigo utiliza a teoria de redes para explorar as
relações entre LPs e General Partners (GPs), revelando que LPs centrais—aqueles
com conexões fortes e consistentes com GPs—obtêm retornos superiores em fundos
de venture capital (VC). Essa vantagem decorre do acesso a GPs de sucesso, sem
que a habilidade tenha um papel significativo, e é particularmente evidente entre
LPs tolerantes à iliquidez. O segundo artigo demonstra que os LPs atuais que rein-
vestem em fundos subsequentes do mesmo GP podem servir como fortes preditores
do desempenho dos fundos, oferecendo uma alternativa à tradicional dependência do
desempenho de fundos anteriores. No entanto, ao aplicar a teoria de redes para iden-
tificar LPs altamente centrais e focar em seus reinvestimentos, podemos aumentar
significativamente nosso poder preditivo. Por fim, o terceiro artigo aplica técnicas
de machine learning (ML) para prever quais fundos de PE têm maior probabilidade
de sucesso, com foco na fase de captação de recursos e incorporando distinções entre
fundos de buyout (BO) e VC, bem como entre fundos iniciantes e sequenciais. O
artigo demonstra que modelos de ML superam métodos econométricos tradicionais,
especialmente para fundos de VC, e destaca a importância de identificadores de GPs
e fatores macroeconômicos, como a inflação, na determinação do sucesso dos fundos.

Palavras-Chaves: Private Equity, Investidores Institucionais, Redes, Aprendizado
de Máquina



ABSTRACT

This thesis is composed of three empirical papers that collectively expand our un-
derstanding of Limited Partner (LP) dynamics and performance in private equity
(PE). The first paper leverages network theory to explore the relationships between
LPs and General Partners (GPs), revealing that highly central LPs—those with
strong, consistent connections to GPs—achieve superior returns in venture capital
(VC) funds. This advantage comes from their access to successful GPs, with the
ability to select the best investments playing no significant role, and is particularly
prominent for illiquidity-tolerant LPs. The second paper demonstrates that current
LPs reinvesting in follow-on funds from the same GP can serve as strong predictors
of fund performance, offering an alternative to the traditional reliance on previous
fund performance. However, by applying network theory to identify highly central
LPs and focusing on their reinvestments, we can significantly enhance our predictive
power. Lastly, the third paper applies machine learning (ML) techniques to pre-
dict which PE funds are likely to be successful, focusing on the fundraising phase
and incorporating distinctions between BO and VC funds as well as first-time and
sequential funds. The paper demonstrates that ML models outperform traditional
econometric methods, particularly for VC funds, and highlights the importance of
GP identifiers and macroeconomic factors, such as inflation, in driving fund success.

Keywords: Private Equity, Limited partners, Networks, Machine Learning
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Introduction

This thesis consists of three empirical articles driven by a fundamental question: what
factors sustain superior performance for Limited Partners (LPs) in private equity (PE)
investments1? Traditional research, although it delivers insightful results, often faces
challenges in addressing incomplete data and capturing the complex dynamics among
participants in PE. With the rising prominence of private markets, it became impera-
tive to explore new predictors of performance, evaluate the role of connections, and use
high-dimensional modeling techniques. This thesis synthesizes the findings of three in-
terconnected studies, highlighting how networks, persistence, and data-driven techniques
improve our understanding of performance in PE.

LP-GP persistence and Performance in PE

The first paper explores the relational dynamics between LPs and General Partners (GPs).
In a novel approach, we apply network theory, to identify highly central LPs—those with
strong, consistent prior relationships with GPs— and we find that they achieve superior
returns in venture capital (VC) funds.

We also investigate the source of this outperformance, finding no significant evidence that
skills or informational advantages drive these results. However, our tests on access and
preferential matching between LPs and successful GPs yield compelling insights. The
study reveals a significant concentration of the top central LPs among high-performing
GPs. Moreover, within this group, illiquidity-tolerant investors are the most prevalent
and have the highest likelihood of investing in these successful GPs compared to GPs
of the lower-quartile. These results align closely with the theories of Lerner and Schoar
(2004); Maurin et al. (2023), which emphasize a strong match between successful GPs
and a select group of LPs with liquidity-provision characteristics.

Interestingly, this performance advantage does not extend to LPs investing in buyout
(BO) funds. To explore the reasons behind this, we observe that BO funds have a distinct
funding structure, characterized by a smaller proportion of persistent and illiquidity-
tolerant LPs compared to VC funds. This difference might explain why, without a stable
funding base, investment resources in BO funds cannot be reliably available under all
market conditions. Consequently, GPs in BO funds may struggle to invest optimally,
limiting their ability to deliver consistent performance over time.

1In this thesis, we define private equity investments as comprising the two most common types of
funds: Venture Capital (VC) and Buyout (BO) funds. This approach aligns with the literature commonly
referenced in LP research (Lerner et al., 2007; Sensoy et al., 2014).
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Limited Partners (LP) Persistence: A Key Predictor

In the second paper, we demonstrate that current LPs reinvesting in follow-on funds from
the same GP in VC can serve as strong predictors of fund performance. Our findings
reveal a concave relationship between performance and the number of LPs reinvesting,
suggesting diminishing returns as the pool of reinvestors expands.

In a novel approach, we apply Network Theory to identify specific LPs who may hold
more valuable information during the reinvestment process compared to other LPs. Net-
work Theory enables us to pinpoint highly central LPs based on their persistent prior
relationships with GPs and other LPs.

Our findings confirm that LP persistence (current LPs that reinvest in follow-on funds
from the same GP) is a reliable predictor of fund performance in VC. However, when
focusing exclusively on highly central LPs identified through network theory and analyzing
their reinvestment actions, we significantly enhance predictive accuracy. Moreover, data
on these highly central LPs is typically easier to obtain than comprehensive information on
all LP reinvestors or past performance metrics2, making this approach especially practical
and valuable for real-world applications.

Cherry-Picking Excellence: A Data-Driven Approach to Choosing the Best
Funds and GPs in PE

In the third paper, we use high-dimensional econometric models to predict which PE funds
are likely to be successful, based on the information available to prospective investors
during fundraising. In addition, we are able to pin point specific GPs with a higher
likelihood of launching successful funds.

The empirical framework employs a binary classification approach to estimate the prob-
ability of a fund’s performance exceeding a predefined threshold3. Each model generates
a score between 0 and 1, representing this probability, which is then converted into an
investment recommendation for LPs.

We apply a selection of high-dimensional models, including Lasso, Ridge, and Random
Forest, to achieve optimal out-of-sample performance. Performance evaluation relies on

2In VC, a well-known phenomenon referred to as fund performance persistence suggests that the
performance of a GP’s previous funds strongly predicts the performance of their follow-on funds. However,
obtaining reliable past performance data can be difficult, a challenge we explore in detail in this paper.

3We define a fund as successful when its performance surpasses the established threshold, with non-
success assigned to those that do not. Specifically, our measure of success identifies funds with a implied
Public Market Equivalent (PME) greater than 1 or a net internal rate of return (Net IRR) greater than
the first tercile threshold.
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a confusion matrix, which details the proportion of instances correctly and incorrectly
classified as successful or unsuccessful funds.

To the best of our knowledge, this is the first study to predict fund success by separating
VC and BO funds, considering different fund stages, and incorporating new variables
emphasized by PE theories. Furthermore, we introduce a novel explanatory variable: the
general partner (GP) identifier. This feature allows LPs to accurately pinpoint GPs that
consistently deliver superior performance.

Key findings include:

• GP-related variables dominate as predictors of fund performance. These GP identi-
fiers allow investors to accurately pinpoint GPs with a higher likelihood of launching
successful funds. This provides new quantitative tools for LPs, including fund-of-
funds, and improves the decision-making process.

• Macroeconomic factors also play an important role. For example, higher inflation
during fundraising negatively impacts fund outcomes, likely due to increased oper-
ational costs and economic uncertainty. Timing investments to avoid inflationary
periods emerge as a strategic advantage.

• High-dimensional models outperform traditional econometric methods, achieving
predictive accuracies of up to 72% for sequential VC funds. This performance
demonstrates the value of data-driven approaches in decision-making.

By integrating these papers, we believe that this research advances the field of private
equity, offering actionable insights for both LPs and GPs. LPs are encouraged to cul-
tivate long-term relationships with high-performing GPs, leveraging network advantages
and persistence as strategies for sustained success. For GPs, the findings leverage the
importance of engaging illiquidity-tolerant LPs, maintaining consistent performance, and
effectively adapting to macroeconomic conditions.
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1 Unlocking the Power of Relationships: LP Perfor-

mance Persistence and Centrality in Private Equity

Abstract

This paper advances the understanding of Limited Partner (LP) and General
Partner (GP) relationships in private equity (PE) and their performance outcomes.
Through a novel application of network theory, we provide empirical evidence that
highly central LPs— those with strong, persistent relationships with GPs—achieve
superior returns in venture capital (VC) funds. These returns are primarily driven by
their access to successful GPs, whereas the ability to select the best investments has
no significant role in generating excess returns. Our analysis reveals that these LPs
are generally categorized as illiquidity-tolerant, a group highly valued by successful
GPs. However, this performance advantage does not extend to LPs investing in
buyout (BO) funds, and we present initial evidence that explains the performance
disparities between VC and BO investments.

Keywords: Private Equity, Limited partners, Investor heterogeneity, Networks
JEL Classification: G11; G23; G24; D85

We are grateful for the valuable comments and suggestions provided by Heitor Almeida, Dan Bern-
hardt, Gledson de Carvalho, Fabricio d’Almeida, Eduardo Marinho, Jens Martin, Marcelo C. Medeiros,
Andrea Minardi, Sebastião Oliveira and Tereza Tykvová. We also thank the participants of seminars and
conferences at the University of Illinois Urbana-Champaign, Lubrafin - Luso Brazilian Finance Network,
the Financial Management Association International (FMA Europe) - 2024, the European Financial
Management Association (EFMA) - 2024, and the 30th Multinational Finance Society for their insightful
feedback. An earlier version of the paper circulated these conferences under the title “Unlocking the
Power of Relationships: Limited Partner Networks and Performance in Private Equity”.
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1.1 Introduction

In private equity (PE), evidence suggests that some limited partners (LPs) consistently
achieve superior returns from their investments compared to other investors (Andonov
et al., 2018; Begenau and Siriwardane, 2022; Cavagnaro et al., 2019; Dyck and Pomorski,
2016; Lerner et al., 2022,0). Various theories support superior returns for LPs (Hochberg
et al., 2014; Lerner and Schoar, 2004; Maurin et al., 2023), suggesting that certain char-
acteristics of LPs, such as liquidity provision and information advantages, persistently
enable them to invest in funds from successful general partners (GPs). This may provide
evidence that some LPs operate within the same interconnected structure. As time pro-
gresses and successful GPs launch follow-on funds, the connections among these LPs and
GPs should become increasingly apparent and more persistent.

Given this context, we analyze whether LPs with strong, consistent prior relationships
with GPs exhibit superior performance compared to other LPs. To capture different
levels of connections, we use centrality measures to assess how variations in centrality are
associated with performance differences among LPs. In addition, we explore potential
factors linked to these performance variations4.

We argue that centrality measures provide a more effective approach to identifying per-
sistent performance-LPs - those likely to outperform over time - a claim supported, in our
view, by at least three established theoretical frameworks. These theories suggest that
specific LPs and successful GPs maintain consistent connections over time, potentially re-
inforcing the idea that they operate within the same underlying network. Consequently,
network theory offers valuable tools—centrality measures—that effectively capture the
connection patterns between LPs and GPs.

The theoretical framework from Maurin et al. (2023) argue that successful GPs cherry-
pick LPs who are less sensitive to liquidity risk. These resilient LPs can better navigate
market downturns and continue investing with these GPs to capture good investment
opportunities over time. This preference contributes to return persistence at the LP level
and fosters stable GP-LP relationships over time. Second, Lerner and Schoar (2004) also
highlights GPs’ preference for illiquidity-tolerant LPs, referred to as deep-pocket investors,
however, for a different reason. In their model, this prevents successful GPs from losing
funding for follow-on funds due to LPs’ own liquidity issues, which could otherwise signal
potential problems to outside investors. As a result, GPs may offer products at different
prices to secure the commitment of certain LPs, ensuring persistent returns for those
investors who are less sensitive to liquidity risk. Finally, Hochberg et al. (2014) suggest

4This is one of the open questions in private equity research, as highlighted by Korteweg et al. (2022).
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that skilled and insider LPs have an advantage over outsiders, giving them leverage over
GPs in negotiating fees, ultimately ensuring persistent returns. In our view, these theories
support the use of centrality measures as an effective strategy for identifying LPs that
establish consistent, long-term networks with successful GPs. In addition, they provide
two competing explanations for why some LPs achieve superior performance: (1) their
ability to provide liquidity (Lerner and Schoar, 2004; Maurin et al., 2023) and (2) their
informational advantages over other LPs (Hochberg et al., 2014).

Our work differs from existing literature on LP performance persistence. Prior studies
typically classify LPs based on administrative categories (Lerner et al., 2007) or size as a
proxy (Dyck and Pomorski, 2016), often concluding that certain categories or larger LPs
tend to outperform others. However, these studies rely on ex ante classifications, while we
impose no predefined separations, allowing us greater flexibility in identifying LPs. Other
research focuses on past performance (Lerner et al., 2022), showing that LPs with strong
historical returns tend to reinvest in successful funds. Although this broader approach
avoids ex ante classifications, we sought a measure independent of performance and still
aligns with the theory.

To measure LP centrality and their consistent interactions with GPs, we apply network
theory. We construct networks based on how LPs invest alongside other LPs in the
same fund, sharing exposure to the same GPs. The networks are composed of nodes
and their connectors, known as edges (Jackson et al., 2008). In our context, the nodes
represent LPs, while the edges signify participation between two LPs in the same fund
(and consequentially, the GP). To evaluate the centrality of LPs within the network, the
Eigenvector centrality measure is particularly relevant to this paper, as it considers not
only the number of connections an investor has, but also the influence and importance
of those connections (Bonacich, 1987). An investor with high eigenvector centrality is
well-connected to other well-connected investors. This measure is particularly useful for
understanding consistency because it can identify investors who are central within clusters
of persistent, interconnected investors, suggesting their influence within a network of
consistently collaborating entities (Borgatti and Everett, 2006).

As the connections evolve over time with the entry and exit of LPs, leading to the reorder-
ing of relationships with GPs, we adopt a strategy of constructing a new network for each
vintage year by leveraging data from the preceding 5 years (utilizing a rolling window
of 5 years). Lerner et al. (2022) captures LP persistence by averaging performance over
the previous 5 years. Although they rely on past performance to measure persistence, we
use centrality measures for the same purpose; however, both approaches employ a 5 year
rolling window strategy.
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We use data from two sources: Preqin© and Pitchbook. The data includes information
about the funds, their performance metric (Net IRR), and details about LPs and GPs.
Pitchbook serves as an additional source for any missing data. Due to the different
characteristics of asset classes, we conduct our analysis separately for investments in
Buyout (BO) and VC funds. To construct our network, we use LPs from 2,569 Buyout
and VC funds between 1991 and 2015. The sample size of funds used exceeds those in the
papers by Lerner et al. (2007), Sensoy et al. (2014), including subperiods, and Cavagnaro
et al. (2019).

Our findings show that LPs with more central positions in VC achieve higher returns (Net
IRR) compared to others. In our analysis, we classify LPs into quartiles based on their
centrality measures. In particular, the 1st quartile, representing top central LPs5, demon-
strates a superior performance compared to the 4th quartile by 6.1% across the entire
dataset. This excess return is observed when contrasted with the 2nd and 3rd quartiles,
however, with a lower difference. In a more recent sub-period (from 2007 to 2015), we
also identify higher returns for top central LPs (1st quartile LPs). Specifically, 3rd quar-
tile and 4th quartile LPs exhibit lower performances, trailing behind influential LPs by
2.49% and 3.87%, respectively6. When analyzing different quartiles of LPs investing in
BO funds, we do not observe these performance differences.

To address concerns related to classifying LPs into quartiles, we replace the main explana-
tory variable, the quartile centrality dummy, with a standardized eigenvector centrality
measure. Our conclusions for VC funds remain consistent across the full sample and a
recent sub-period. We also confirm that our centrality measure is not a proxy for LPs’
experience (number of prior PE investments), as this factor is controlled for in our models,
and the conclusions remain unchanged. To prevent overrepresentation of any country, we
apply country or region fixed effects across all fund, GP, and LP variables in our global
sample. Furthermore, to account for the potential influence of the size of LP (AUM)
on our results, we incorporate size controls using three distinct proxies7. Our analysis
shows that the centrality measures remain significant in all tests, highlighting that factors
beyond size and experience play a key role in explaining the returns.

We also investigate the source of the superior performance of the top central LPs. As
mentioned, two competing theoretical perspectives suggest that this performance may

5In this paper, we use the terms "top central LPs" and "1st quartile LPs" interchangeably. Specifically,
1st quartile LPs are defined as investors with the highest eigenvector centrality measures, while 4th
quartile LPs represent those with the lowest centrality measures.

6To address concerns about outliers affecting our results, we apply winsorization to our performance
measurements (Net IRR%) in all presented regressions. Furthermore, we conduct robust regressions, and
the conclusion regarding the presence of differences in performance among quartiles remains the same.

7Since we do not have data on the evolution of LPs’ AUM over time, we follow the approach of previous
studies such as Lerner et al. (2007); Sensoy et al. (2014) using proxies.
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result from either their ability to select high-quality funds (Hochberg et al., 2014) or their
liquidity provision characteristics (Lerner and Schoar, 2004; Maurin et al., 2023), which
grant them access or preferential conditions with successful GPs.

We begin by examining top central LPs, particularly insider LPs with potential infor-
mational advantages, to assess whether they can select high-quality funds, as suggested
by the theory of Hochberg et al. (2014). Our analysis of follow-on investments by top
central LPs shows no consistent evidence of superior performance compared to the funds
they choose not to reinvest in, suggesting that insider status does not guarantee superior
performance8.

In addition, we analyze the ability of LPs to identify high-performing funds as outside
investors, those who lack any informational advantage. These LPs might possess skills or
a high level of sophistication in recognizing promising GPs and, consequently, successful
funds. To test this, we examine LP investment decisions in first-time funds9 compared to
later-sequence funds. Our results show no significant performance differences across LP
quartiles for first-time funds. However, for later-sequence funds, 1st quartile LPs clearly
outperform other LPs.

Overall, our analysis of investment decisions—informational advantage and skills—does
not yield significant results to explain the outperformance of top central LPs. We then
turn to our second theorical perspective to examine whether these top central LPs consist
of liquidity providers who, in turn, have a preferential match with successful GPs.

To evaluate whether access to the best GPs explains the superior performance of top
central LPs, we first identify the top-performing GPs. According to Kaplan and Schoar
(2005), the most successful GPs manage oversubscribed funds, reflecting high demand.
However, we take a novel approach to identifying high demand. Using network theory in
a bivariate analysis, we identify GPs that have become increasingly central, influential,
and in demand over time (for more details, please refer to Section 1.5.2). Our analysis
shows that in VC funds, highly central GPs (1st quartile) consistently outperform their
peers.

However, the theories from Lerner and Schoar (2004); Maurin et al. (2023) suggest a
match between LPs with liquidity-providing characteristics and successful GPs, ultimately

8In a market characterized by high information asymmetry, top central LPs with access to additional
information are expected to outperform in reinvestments compared to the funds they choose not to
reinvest in. This is because, as insiders, choosing not to reinvest theoretically signals poor GP quality,
which is likely to result in lower returns compared to the funds they decide to reinvest in.

9First-time funds are defined as the initial fund launched by a specific GP. As these funds represent
the GP’s first offering, no prior inside information is available about the GP, the management team,
or their future investments. Consequently, achieving excess returns in first-time funds would primarily
reflect the skill and sophistication of the LPs.
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leading to LP performance persistence. To test whether our top central LPs exhibit these
characteristics, we conduct an ex-post analysis of their administrative classifications based
on their categories. This contrasts with ex-ante studies Lerner et al. (2007); Sensoy et al.
(2014), which first classified LPs into categories before conducting their performance
analysis. In our approach, we use centrality measures to separate LPs and then assess
their categories.

We find that top-central LPs come from a diverse range of categories, with public and
corporate pension funds and endowments being the most predominant. In our paper,
we refer to these as illiquidity-tolerant LPs, a term presented by Maurin et al. (2023).
Financial institutions—such as banks, finance companies, investment firms, and insurance
companies—make up only a small fraction of the top central LPs. This aligns with Lerner
et al. (2007), who found that banks tend to underperform relative to pension funds and
endowments. According to Maurin et al. (2023), successful GPs require a steady flow of
funds, which banks often lack due to their reliance on short-term debt and higher liquidity
risk. Finance companies and investment firms may face sudden investor withdrawals, and
insurance companies may become more risk-averse during periods of illiquidity, adopting
a more cautious approach to protect their balance sheets. In contrast, large pension
funds and endowments, with their long-term investment horizons and stable cash flows,
are better equipped to manage illiquidity risk.

Using a probit model, we evaluate the likelihood of a match between LPs and successful
GPs. We find that highly central LPs have the highest probability of investing with
top-performing GPs. Moreover, within the top central LPs, illiquidity-tolerant investors
have the highest likelihood of investing with successful GPs compared to any other GPs.
These results highlight a strong match between a select group of highly central, illiquidity-
tolerant LPs and top-performing GPs, aligning with liquidity provision theories (Lerner
and Schoar, 2004; Maurin et al., 2023).

In general, our findings indicate that LP performance persistence is primarily driven by
VC funds rather than BO funds. To better understand the performance gap between these
fund types, we examine differences in their funding structures. This is particularly rele-
vant, as securing funding across all economic conditions allows GPs to access high-quality
investment opportunities (Robinson and Sensoy, 2016), which can enhance performance
and benefit their investors. Our results show that top-central GPs in VC funds, which
achieve the highest performance, have a higher proportion of illiquidity-tolerant and top-
central LPs investing in their funds compared to BO GPs. This distinct funding structure
may help explain the performance gap between VC and BO funds.

This paper makes several key contributions. First, we introduce a novel approach to iden-
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tifying LPs and demonstrate that highly central LPs consistently achieve superior returns.
We also investigate the source of this outperformance, finding no significant evidence that
skills or informational advantages drive these results. However, our tests on access and
preferential matching between LPs and successful GPs yield compelling insights. The
study reveals a significant concentration of the top central LPs among high-performing
GPs. Moreover, within this group, illiquidity-tolerant investors are the most prevalent
and have the highest likelihood of investing in these successful GPs compared to GPs of
the lower-quartile. These results align more closely with the theories of Lerner and Schoar
(2004); Maurin et al. (2023), which emphasize a strong match between successful GPs and
a select group of LPs with liquidity-provision characteristics. Finally, we contribute to the
literature on performance persistence differences between VC and BO funds by showing
that BO funds have a lower proportion of illiquidity-tolerant LPs compared to VC funds.

The remainder of the paper is organized as follows. Section II presents the data set used
in the analysis and construction of the networks, and Section III details the methodology
used. Section IV addresses the findings on top central LPs, Section V investigates the
reasons for superior performance, Section VI provides a detailed analysis of these top
central LPs, and Section VII concludes the paper.
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1.2 The Data and Summary Statistics

The data set is collected mainly from the specialized alternative investments platform
called Preqin©10. The data include PE funds with vintage years between 1991 and 2015.
Information about funds, performance, LPs, and GPs is collected with a reference date
of March 2022. Funds launched after 2015 are not included to ensure that performance
information was more consolidated, as some funds are still active (following a similar
strategy used by Harris et al. (2023); Hochberg et al. (2007); Kaplan and Schoar (2005);
Sensoy et al. (2014)). The number of funds used in the modeling is 2,569 funds, including
1,110 VC funds and 1,459 BO funds. All funds have at least 2 LPs and performance
data (Net IRR%). The funds in the sample are only Buyouts (BO) or Venture Capital
(VC) types. For VC funds, all available subdivisions in the Preqin database are collected,
which include Venture (General), Early Stage, Early Stage: Start-up, Early Stage: Seed,
and Expansion / Late Stage. There are no subdivisions for BO funds on the Preqin
platform.

To address missing information from Preqin, we use Pitchbook. Data on LPs and GPs,
such as headquarters locations, AUM, fund sizes, and core industries, are supplemented
with information from PitchBook. However, fund performance and the list of LPs per
fund are exclusively collected from Preqin.

The analysis is segmented into three sub-periods, aligning with prior literature, to facil-
itate a comparison of the results. The first two sub-periods, 1991-1998 and 1999-2006,
are compatible with the papers from Lerner et al. (2007) and Sensoy et al. (2014). The
third sub-period, which has not been explored in the literature (given our best knowl-
edge), covers the period from 2007 to 2015. In comparative terms, this paper has a larger
sample of funds compared to Lerner et al. (2007) for the period of 1991-1998. Despite
having an initial sample of 838 funds, only 341 funds have performance data, whereas our
sample includes data from 437 funds. When comparing with Sensoy et al. (2014), who
use 412 funds and 838 funds in the first and second sub-periods, respectively, our sample
is also larger, consisting of 437 funds and 1005 funds in the first and second sub-periods,
respectively (see table 1).

10Preqin is a database for alternative investments that collects information from PE funds through: (1)
public information, including FOIA (Freedom of Information Act), which requires some LPs to provide
the performance of the funds they invest in; (2) Voluntary requests to LPs and GPs. According to
Gompers and Kaplan (2022), approximately half of the information comes from the GPs. Harris et al.
(2014) conducted a comparison of the main data information platforms in PE. For the performances
of BO funds, they find that the platforms deliver similar results for vintages after 2000. However, for
VC funds, Preqin and Pitchbook show lower average returns than the other two platforms (Burgiss and
Cambridge Associates). The authors suggest that this may be because the top VC funds do not allow
public disclosure of their performance, making it more difficult for Preqin and Pitchbook to access such
data.
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Since the LPs centrality measures represent our main source of variation, in table 2 we
present some summary statistics. In a similar strategy as Di Maggio et al. (2019)11, to limit
noise in constructing the network, we focus on LPs that are more relevant in our context.
For our networks, we restrict to LPs with 5 or more investments in private equity (PE)12,
thereby excluding less committed and focused LPs from our sample. However, even with
this criterion, the remaining LPs still account for more than 90% of all investments when
considering the entire sample.

In table 2, we classify the LPs into quartiles based on their centrality level (Eigenvector)
within the network, in contrast to other papers that separate LPs into administrative
groups such as Endowments, Advisors, Insurance Companies, Banks/Finance companies,
Investment Firms, and others (Lerner et al., 2007; Sensoy et al., 2014). This implies that
LPs classified in the 1st quartile possess the highest eigenvector centrality measures, while
those in the 4th quartile exhibit the lowest centrality measures. For VC investments,
our sample consists of 903 distinct LPs, and for BO investments, we have a total of
1155 unique LPs. The eigenvector centrality measures is standardized to unit variance
(centrality measure divided by is standard deviation). In Panel A and B, reveals skewness
in centrality measures across LPs. In essence, 1st quarter LPs exhibit high eigenvector
levels compared to 4th quartile LPs with very low centrality levels. Further analysis of
lower percentiles, as indicated in Table B, highlights that a small group of LPs exhibit
high levels of eigenvector centrality measures. This pattern is observed for both LPs
investing in VC and BO.

Table 3 shows the characteristics of the funds that the LP categories invest in. This
analysis is at the LP level. For example, there are 6,888 investments in VC funds made
by LPs classified as 1st quartiles between 1991 and 2015. The average returns (Net IRR%)
of these investments in VC funds by these LPs had an average of 14.0%. In other words,
each investment represents an LP (classified in a specific quartile) investing in a specific
fund and subperiod.

The combination of funds and LPs results in 37,186 investments (for both VC and BO)
between 1991 and 2015. In comparative terms, for the first subperiod between 1991
and 1998, Lerner et al. (2007) uses 4,618 investments, Sensoy et al. (2014) uses 3,685
investments, and this paper uses 3,435 investments. For the second subperiod between
1999 and 2006, Sensoy et al. (2014) uses 10,695 investments, while we uses 15,592. The
performance of these investments made by LPs can be examined through the average

11The paper focuses on the network between brokers and institutional investors. They encountered
a similar challenge to ours. To address the issue of potentially noisy data that could compromise their
results, they implemented a screening process, reducing observations to 80% of the original dataset.

12Including both VC and BO prior investments.
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IRR for each category. Unlike other papers that use different performance metrics such
as PME and fund multiple, this work only uses IRR due to greater accessibility to this
information.

1.2.1 Network and Centrality Measures (levels of LPs influence)

The objective is to identify LPs centrality measures through their connections using Net-
work Theory13. The analysis is conducted at the LP level, i.e., how they invest with each
other in PE funds sharing exposure to the same GP. This tool is widely used in areas such
as logistics, ecology, and social sciences. This theory helps identify lead investors, con-
nectors, and sporadic investors, in other words, persistent LPs (top central or 1st quartile
LPs) and their centrality levels. We use a specialized software called Gephi© to help
generate the networks.

Networks are formed by nodes and their edges (connectors). In this paper, the nodes
are the LPs, and the edges represent co-investments between two LPs in the same fund.
The edges can be classified as directed or undirected, and in this paper, they are all
undirected. Due to the different characteristics of asset classes, the sample is separated
for investments in BO and VC funds.

According to Jackson et al. (2008), to analyze the centrality of vertices (LPs), can be
analyzed using four measures: Degree, Betweenness, Closeness, and Neighbor Character-
istics. Each measure has different characteristics and objectives. The measure of neighbor
characteristics considered most appropriate for this project is Eigenvector, which captures
the vertices that have the most influence in the network (Bonacich, 1972,8; Bonacich and
Lloyd, 2001). In other words, the level of influence of a node comes from the connections
it has with other influential vertices. In addition, the eigenvector measure is used in sev-
eral other papers focusing on information transmission (Di Maggio et al., 2019; Hochberg
et al., 2007; Nanda et al., 2020).

1.2.2 Network Construction and main explanatory variable

The networks are constructed over time to extract LP centrality measures, allowing for
a dynamic analysis of their positions. Over the years, investors have experienced entries
and exits in the market, and this generates a reordering of relationships. Therefore, to
capture these dynamics, a new network is built for each year of analysis. Since the total
period covers the years from 1991 to 2015, this represents 25 years, and therefore 25 new

13See Easley et al. (2010); Jackson (2011); Jackson et al. (2008) for a detailed review of network theory
and analysis.
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networks are constructed. For the construction of the new networks in a given period t,
the previous 5 years of that period t are used. For example, to analyze the network of
2015, we used the information from the years 2010-2014. We understand that for period
t, there might be no access to LP information or it can be very difficult to access them.
Thus, period t is not included in the construction of ex-ante networks. This strategy is
important because it considers only the information available at the time the funds start.

Since our data uses the preceding 5 years to construct the networks, this approach also
applies to the initial years of the analysis. For example, in 1991, information from funds
between 1986 and 1990 is used to build networks and calculate the centrality measures
for the LPs.

As described in section 1.2, to minimize noise and concentrate on LPs pertinent to the
network, we implemented a criterion for each created network, requiring LPs to have a
minimum of 5 prior investments in private equity (PE) at period t. For instance, if an LP
in 2010 has 3 prior investments in PE (including VC and BO), considering all the samples
prior to 2010, it is not included in the network; however, if it has 5 prior investments,
it is included. Despite these restrictions, our data sample still encompasses 90% of all
investments in the original data set.

1.3 Methodology

In this paper, we adopt the methodology similar to Sensoy et al. (2014), including con-
trol variables, fixed effects and clusters. The difference is that we substitute the LPs
categories dummies by quartile centrality dummies, our main explanatory variable. The
regression model takes LPs’ performance, tied to the fund’s Net IRR in which they invest,
as the dependent variable, along with two control variables: funds size and LPs previous
experience. Below is the empirical model used:

LPsPerfiv,j = β0+
∑
k

α1,kDummyQuartileLPj,k,v+α2fundsizei+α3LPExperj,v+FE+εiv,j

(1)

LPs Performance = Performance of the invested fund i (IRR %) given its vintage year v
by LP j; Dummy Quartile LP = Four dummy variables identify the centrality quartile of
LP for each LP-fund pair, taking the value of one for each observation consisting of an
investment in fund i made by an LP j classified to a quartile k based on vintage year v,
and zero otherwise. Important to highlight, these dummies are time varying as LPs can
change quartile position through time (notation used to represent time varying is v, as
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we are interested in LPs quartile information at the time of the fund´s vintage year v).
1st Quartiles LPs are the base and are omitted in the regressions; the main coefficient of
interest in Eq.6 is α1, which captures the relationship between LP centrality and their
performance; Fund Size = variable related to fund characteristics, natural logarithm of the
fund’s committed value; LP Experience = variable Ln of the natural logarithm number
of previous PE investment made by the LP j at the time v; εiv,j = error.

For our dependent variable there are several concerns regarding outliers, specially for
VC funds, that might influence the results and conclusions. To address this concern, we
winsor our funds performance sample at 1% for all our regressions. However, we winsor
separately for VC funds and BO funds, rather than winsor with all the funds together.
This approach allows us to reduce the effects of outliers within the two categories we are
examining.

To capture as much residual variation as possible, especially those related to heterogeneity
in PE fund or economic conditions, some control variables are included. First, we use the
natural logarithm of fund size in MM$. Also, we include the natural logarithm of the
total number of PE investments that a given LP made before the current investment
(LP Experience). Fixed effects for fund’s vintage year, LP’s country of origin, the main
region14and sector of the fund’s investments, the GP’s country of origin, and of interactions
between fund focus15and fund vintage year. Last, because a particular fund can enter the
equation multiple times, especially those funds with many LPs, the standard error was
clustered by fund.

1.4 Limited partner performance and centrality measures

Table 4 shows the results of the regressions, following the methodology presented in
Section 1.3. The results for all periods (1991-2015) in VC funds show that 4th quartile
LPs perform 6, 085% less than 1st quartile LP. This positive comparison for 1st quartile
LPs also happens when compared to 2nd and 3rd quartiles. In other words, 1st quartile
LPs perform better than all other investors when considering the whole sample. These
results are driven specially by the first and last sub-periods.

When analyzing VC funds in the first subperiod (1991–1998), we find that the perfor-
mance difference between 1st quartile LPs and 4th quartile LPs is the largest across all

14The region of fund investments are classified as USA, Europe, and the Rest of the World.
15Only for VC funds, they are further subdivided into focus areas like Venture (General), Early Stage,

Early Stage: Start-up, Early Stage: Seed, and Expansion / Late Stage. For BO funds, there is no
distinction in focus because Preqin does not provide any separation.
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subperiods, reaching 17.4%. This significant and substantial gap also extends to the dif-
ference between LPs of the 1st and 3rd quartile, while the 2nd quartile does not show
statistically significant differences from LPs of the central top.

In the second subperiod (1999–2006), 1st quartile LPs outperform 4th quartile LPs by
2.29%. However, there is no statistically significant return difference between 1st quartile
LPs and those in the 2nd and 3rd quartiles. In the final sub-period (2007-2015), perfor-
mance differences between quartiles persist but are smaller than in the first sub-period,
possibly indicating a maturing market. These results do not hold for BO funds.

1.4.1 Some Robustness Checks

To address concerns by classifying LPs in quartiles, we substitute the main independent
variable (quartile centrality Dummy) in equation 1 by the standardized eigenvector cen-
trality measure. Below, is our new equation:

LPsPerfiv,j = β0 + α1LPcentralityj,v + α2fundsizei + α3LPExperiencej,v + FE + εiv,j

(2)

where the dependent variable is the LP j investment performance in a fund i with vintage
year v. The new independent variable is the centrality measure for LP j at vintage year
time v standardized to unit variance. As equation 1, it also includes controls variables
(fund size and LP experience), fixed effects and clustering strategy.

In table 5, we can see the results for equation 2. For VC funds, specifically in the first
and last sub-period, the coefficients are economically relevant and significant at the 5%
to 10% statistical level. In general, we can infer that higher levels of centrality results
in more performance. As LPs eigenvector centrality is skewned we expect that a small
group of LPs, those with higher centrality measures, will achieve higher results than other
investors. Considering the whole sample, we find that a one standard deviation increase
in LPs centrality increases performance by approximately 11% relative to its mean (using
the mean return is 13,3%). For BO funds, in general, these results do not hold.

To address worries that the centrality measure is a proxy for LPs size, in table 6, we
analyze the effects using three different proxies. Formally, it is equation 6 plus the new
control variable. Below, this is our new specification:

LPsPerformanceiv,j =β0 +
∑
k

α1,kDummyQuartileLPj,k,v + α2fundsizei (3)

+ α3LPExp.j,v + α4LPSizej,v + FE + εiv,j
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where LPSizej,v stands for LP j asset under management in MMU$ at time v (v stands
for the vintage year of the fund i). Unfortunately, LPs’ size is not observable due to
the lack of historical and consistent information in the databases. However, Cavagnaro
and Wang (2019) proposes two proxies, and the third was developed by us. Proxy 1 is
the natural logarithm of the asset under management of LPs. This constant value is
maintained throughout the analysis period (this is the only LP size proxy that is not
time varying). The second proxy is time-varying. As recommended, we start by dividing
each LPs AUM by the total number of investments the LP made between 1991-2015.
Afterwards, we multiplied this value by the total number of investments the LP made
each year. Our third proxy is also time-varying and was developed by us. First, we divide
each LPs assets allocated exclusively for PE by the total number of PE investments (VC
and BO combined investments) the LP made between 2013-2022. The assumption is
that the asset value provided by Preqin represents the current portfolio of LPs. Since
PE investments typically take about 10 years to materialize, we infer that these assets
actually represent the previous investments made by the LPs. Then, for each year and
LP, we multiplied this value by the total number of investments each LP made in a past
10 year window.

For VC and BO investments, the results from Table 6 show that the size of LPs does affect
the coefficient and significance of the main centrality variable. We use size controls with
three distinct proxies, as we do not have data on the evolution of LPs’ AUM over time.
When we analyze the size variable, we find mixed results: two proxies show no significant
relationship between size and performance, consistent with the findings of Cavagnaro and
Wang (2019); Lerner et al. (2007); Sensoy et al. (2014), while the third proxy indicates
a positive and significant effect, aligning with Da Rin and Phalippou (2017); Dyck and
Pomorski (2016). In our paper, we understand that size alone is not a reliable determinant
of performance, as its impact varies depending on the proxy used, and the diversity of the
LP sample may also influence the results.

To address concerns about outliers that might influence our results, all regressions utilizing
performance data (Net IRR%) are winsorized at a 1% level. Furthermore, we conduct a
Robust Regression (see Table 7) and find that our overall conclusion regarding differences
in categories remains consistent, although with smaller coefficients. In the first and last
subperiods, we observe a reduction in the coefficients (compared to the OLS regressions).
Interestingly, we observe that the subperiod from 1999-2006 now displays higher significant
differences in performance between the LPs quartiles. In summary, when analyzing our
robust regressions, our main conclusions from the OLS regressions remain consistent,
albeit with smaller coefficients (first and last subperiods), and we understand that our
conclusions/results are not solely driven by outliers.
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Furthermore, continuing our examination of outliers, in Figure 1, we observe the return
(Net IRR%) distributions for each quartile of LPs as outlined in table 4 for VC funds
spanning the period 1991-2015. In particular, in Figure 2, when comparing the distribu-
tions of the 1Q LPs with those of other LPs, we can visually discern similar distributions,
particularly in the right tail. Upon examining the summary statistics table, we note that
kurtosis across all LP categories is similar. This suggests that our findings, predominantly
centered on performance comparisons between LP categories, reveal similar distributions,
particularly with respect to the tails, which are important for outlier analysis. In essence,
our performance comparisons among categories essentially involve comparing LPs with
similar tail distributions. Therefore, if the performance disparity of 1Q LPs is attributed
to a fat-tail distribution, we can verify that other quartile LPs also exhibit similar fat-tail
return distributions, consequently producing comparable results.

1.5 Investigating the reasons for superior performance based on

existing theories

In this section, we explore the reasons behind the superior performance of the top central
LPs. We examine two competing theoretical perspectives that suggest that certain char-
acteristics of LPs, such as liquidity provision or informational advantages, enable specific
LPs to outperform other investors.

We start with the theory proposed by Hochberg et al. (2014), which highlights the informa-
tional advantage that insider LPs have over outsiders when making investment decisions.
Given the venture capital market’s asymmetric information challenges, an LP’s exit from
a GP can signal a poor investment to the market, as these insider LPs are theoretically
better equipped to distinguish between good and bad GPs. This creates holdup power
for these LPs, particularly over top-performing GPs, who may avoid raising fees to retain
LPs’ reinvestment. In Subsection 1.5.1, we examine whether good investment decisions
based on having informational advantage are the driving factor behind the superior per-
formance of 1st quartile LPs. However, we also investigate whether investment decisions
based solely on skills and public information, without insider advantages, can lead to
superior results.

In contrast, the competing theoretical perspective by Lerner and Schoar (2004) and Mau-
rin et al. (2023) emphasize the role of LPs as key liquidity providers for GPs. These
theories highlight that successful GPs prefer LPs that are less sensitive to liquidity risk,
though for different reasons. According to Maurin et al. (2023), GPs seek LPs willing to
invest with them across all market conditions, allowing them to capitalize on attractive
opportunities. The authors refer to these LPs as illiquidity-tolerant. In contrast, Lerner
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and Schoar (2004) argues that GPs primarily match with deep-pocketed LPs that face
fewer liquidity constraints. These LPs are less likely to withdraw future commitments,
helping to prevent negative market signals that could harm the GP’s reputation.

In Subsection 1.5.2, we examine whether the superior performance of our 1st quartile
LPs is driven by their access to top-performing GPs and, consequently, their funds. To
align with the theories mentioned above, we also analyze the characteristics of our top
central LPs, specifically identifying those that are illiquidity-tolerant and less sensitive to
liquidity risk. We then assess whether these LPs have a greater exposure to successful
GPs compared to other types of GPs.

In general, our findings indicate that LPs performance persistence is more closely associ-
ated with their liquidity provision characteristics (Lerner and Schoar, 2004; Maurin et al.,
2023) than their ability to identify high-quality GPs. This contributes to the discussion
on one of the open questions in PE research highlighted by Korteweg et al. (2022).

1.5.1 Analyzing LPs investment decisions (informational advantage and skills)

In this Subsection, we analyze whether the superior performance of top central LPs is due
to their good investment decisions. These decisions can happen in two ways; if the LP
is a current investor of a specific GP or an outside investor. In VC, being an insider or
an outsider investor can make a big difference in obtaining important information when
analyzing future investment opportunities.

Lerner et al. (2007) proposes two strategies to capture the quality of investment decisions.
The first strategy, based on informational advantage, assesses the quality of LPs’ rein-
vestment decisions, as they are current investors with a specific GP and may be better
positioned to make informed investment decisions in the GP’s follow-on funds. The second
strategy evaluates the skills of LPs as outside investors by comparing the performance of
first-time funds with that of later-sequence funds.

We start by analyzing LP reinvestment decisions and the potential informational advan-
tages they may possess, aligning with the theoretical perspective outlined by Hochberg
et al. (2014). Limited partners have the potential to gain access to privileged information
when investing in a specific GP, which could enhance their ability to analyze follow-on
funds from the same GP16.

Table 10 presents the results of re-investments and abandoned funds by LPs. To create the
sequence of funds (current and follow-on funds), we use the same methodology presented

16specially that current LPs are consistently granted preferential access to subsequent funds
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by Harris et al. (2023). As fund selection is quite rigorous, the number of funds in the
sample decreased, and so did the investments that could be analyzed. However, on the
other hand, we believe to have a more reliable basis for analyzing results. For VC funds
in panel A, the results considering all periods (1991-2015) reveal no significant differences
in returns between reinvested and abandoned funds of LPs. Interestingly, during the
first and second subperiods, 1Q LPs exhibited poorer reinvestment decisions. However,
in the last subperiod from 2007-2015, their decision making improved, yielding slightly
better outcomes. In general, given our quartile analysis for VC funds, we understand that
top central LPs do not have a consistent superior return when faced with reinvestment
decisions.

In addition, Table 10, while focused on analyzing reinvestment decisions, highlights a
specific pattern that aligns with the potential matching or preferential access of these top
central LPs. In panel A, when comparing returns between 1st quartile LPs and other
LPs we can identify differences in returns. For example, during 1991-2015 the reinvested
funds from the 1st quartile investors had an average return of 13,8%, while Other LPs
had average returns of 11,2%. When comparing abandoned funds, we see a similar gap.
Furthermore, even when comparing the lowest performance within the 1st quartile LPs,
it still surpasses the highest performance among reinvested funds for other LPs. This
can be observed in all sub-periods. However, it is noticable that, over time, the access
advantage for these top central LPs has declined, but still exists.

On the other hand, in panel B of Table 10, analyzing all periods, differences in returns
between reinvested and abandoned funds of LPs are observable for BO funds, although
small. Intriguingly, abandoned funds demonstrate superior performance compared to rein-
vested ones, which is contrary to what we typically expect. Furthermore, when comparing
reinvested funds by 1Q LPs and other LPs, the returns across all subperiods are similar.
Thus, the significance of access, as observed in the analysis of VC funds, does not seem
as pronounced in this context.

Our second strategy focuses on analyzing the ability of LPs to identify high-performing
funds as outside investors—those who lack any informational advantage. Despite this,
these LPs may demonstrate skills or a high level of sophistication in identifying promising
GPs and, consequently, successful funds. This approach involves comparing the perfor-
mance of first-time funds with that of later-sequence funds. The premise is that investing
in first-time funds, where no LP has an informational advantage, helps identify LPs with
the skill to select high-quality GPs. From Table 11, we find no significant performance
differences between the LP quartiles for first-time funds. However, when analyzing later-
sequence funds - those not classified as first-time funds for a specific GP - the 1st quartile
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LPs clearly outperform other LPs. For BO funds, we do not find any significance for LPs’
centrality measures in either first-time or mature funds.

In general, our investigation into investment decisions (informational advantage and skills)
does not produce significant results to account for this outperformance for top central LPs.
However, some of our results provide initial evidence that access might play an important
role. For example, in our reinvestment test, funds not selected by highly central LPs also
performed very well. This suggests that their success is potentially driven more by access
to a broad range of successful funds—and thus GPs—than by their ability to select among
them. In the next subsection, we further explore whether access plays a significant role.

1.5.2 Analyzing LPs access to top performing funds and GPs

Another potential explanation for the superior returns of top central LPs is their strong
access to top-tier GPs. In this subsection, we investigate this preferential matching, as our
analysis of investment decisions did not yield significant results in explaining their outper-
formance. We begin by identifying our top-performing GPs and then examine whether
there is a preferential match between successful GPs and top central LPs, particularly
those with distinct liquidity-provision characteristics.

1.5.3 Identifying Top Performing GPs

Lerner et al. (2007) and Sensoy et al. (2014) approach this by identifying funds that
potentially restrict access to new investors. Their premise builds on the findings of Kaplan
and Schoar (2005), which reveal a concave relationship between fund size and performance.
This suggests that the best funds deliberately limit their size, opting to constrain capital
intake even when they could raise more—these are the so-called "oversubscribed" funds,
which are highly demanded. If LPs’ ability to generate superior returns is primarily
tied to these funds with access restrictions, it highlights the importance of access to top
GPs/funds in explaining their exceptional performance.

Our approach to identifying access to top-performing GPs/funds diverges from existing
strategies in the literature. Instead of directly analyzing whether funds are oversubscribed
to determine restricted access, we focus on identifying highly demanded GPs over time.
To investigate GPs that are "consistently demanded," we employ network theory, starting
by constructing a bipartite network composed of two types of nodes: LPs and GPs. This
network helps us identify the most central, demanded, and influential GPs, serving as a
proxy for "oversubscribed funds." The edges in this network represent the investments
made by LPs in GPs (i.e., investments into their funds), and all edges are undirected.
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The network construction follows an ex-ante strategy, as detailed in Section 1.2.2, using
a rolling 5-year window.

Afterward, to determine if GPs in the 1st quartile enjoy higher performance than other
GPs, we use the equation below. As a disclaimer, this is the only time we make an analysis
at the GP level. The other tables and equations are at the LP level.

GPFundPerformanceivr = β0 +
∑
k

α1,kDummy1stQuartileGPk,v,r + FE + εivr (4)

where GP fund performance is the fund i Net IRR (%) in vintage year v winsorized by 1%
given its GP r. The GP centrality measure dummy returns one if the fund i with GP r is
classified as 1st quartile in vintage year v, and zero otherwise. The quartiles of centrality
measure (eigenvector) are extracted from ex-ante bipartite networks. For all vintage years
v from 1991-2015 we construct networks to extract the centrality measures, so we have
time-varying GPs dummies (we use the v notation to highlight this point in the equation,
as time goes by the centrality position of the GP might change). The vintage year and
funds region focus are added as fixed effects and clustered by vintage years.

In table 8, panel A for VC funds, we can identify that GPs in the 1st quartile enjoys higher
performance than other GPs. The period of 1991-2015 shows a 7,58% higher return for
1st quartile when compared to other quartile GPs. For all subperiods, top quartile GPs
outperforms other quartiles. These findings do not hold for BO funds. In panel B, as
a robustness test, we replace the dummy variable with the directly eigenvector variable
(standardized to unit variance). As observed, the conclusions mentioned above remain
consistent, indicating that more central or privileged GPs have higher returns.

1.5.4 Match Top Performing GPs and Top Central LPs

After identifying that top performing venture capital GPs are also highly central (1st
quartile GPs), we turn back our analysis at the LP level. Our objective is to understand
if 1st quartile LPs enjoys superior returns because of their investments in 1st quartile
GPs. To do this, we separate our analysis into two strategies.

We start by analyzing investments made directly by LPs. In table 9 is a quartile anal-
ysis and matches how LPs invests in different GPs, however comparing the performance
between quartiles. From panel C - columns (1), (2), (3), and (4) we can verify how
investments in top quartile GPs in VC deliver higher performance than investments in
other lower quartile GPs. In general, these results do not hold for BO funds (panel F). In
summary, for VC funds, these results show that superior performance for top central LPs
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is associated with greater exposure and investments in highly central GPs (1st quartile
GPs).

We then explore our second identification strategy, which involves applying probit models.
This statistical methodology enables us to assess the likelihood that the 1st quartile LPs
engage in partnerships with different quartile GPs. This analysis was conducted at the
level of LP investments.

Prob(1stQLPiv,j = 1) = ϕ(β0+α1CategoricalQuartileGPj,v+Controls+FE+εiv,j) (5)

The dependent variable equals one if the investment made by 1st quartile LP j is in
fund i with the vintage year v, zero otherwise. The main independent variable, is a
categorical variable that assigns each GP to one of four centrality quartiles. For each
LP-GP investment pair, this variable takes values 1, 2, 3, or 4, representing the GP’s
centrality level based on its vintage year. As shown in Table 12, columns (1) and (4), 1st
quartile LPs are more likely to invest with 1st quartile GPs compared other quartile GPs.
For example, when analyzing the average marginal effects for VC investments (column
1), we find that investing in a 4th quartile GP reduces the probability of being a 1Q
LP by nearly 20 percentage points. For BO funds, there is also a significant level of
concentration, though it is not as pronounced as observed in venture capital funds.

In summary, we find evidence that the superior performance of top central LPs comes from
their investments in more central GPs. Since the most influential/central GPs tend to
exhibit superior performance, this enables 1st quartile LPs to enjoy the benefits of higher
returns. In contrast, our investigation into investment decisions (informational advantage
and skills) does not produce significant results to account for this outperformance.

However, we extend our investigation to align with the theories of Lerner and Schoar
(2004); Maurin et al. (2023), which suggest that the match between successful GPs and
LPs occurs due to specific LP characteristics. To test this, we first analyze whether top
central LPs exhibit liquidity-tolerance characteristics and then examine whether these
LPs have greater exposure to successful GPs compared to other GPs.
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1.6 Identifying Top Central LP Categories and Their Match with

Successful GPs

In this section, we examine the typical categories of the top central LPs and their in-
vestment pattern with GPs. We begin by showing that they typically maintain a stable
presence as top central LPs, and interestingly, we demonstrate that they are predomi-
nantly classified as illiquidity-tolerant LPs, a category highly sought after by GPs. We
also examine their match with successful GPs, which may help explain their persistent
superior returns and support theories that emphasize liquidity characteristics as a key
factor in accessing successful GPs.

1.6.1 Top Central LPs Stickness and Categories

Given our 5-year rolling window of networks to identify highly central LPs, our eigenvector
measures inherently reflect the persistent investment patterns and stickiness of specific
LPs over time. However, we dive further and investigate the turnover of these top central
LPs. In Table A1, in the appendix, we show that when LPs reach 1st quartile status
for the first time, they remain top central for an average of seven years in both VC and
BO funds. However, some LPs do not appear consecutively in the 1st quartile, as they
may fluctuate between quartiles before returning. To capture the proportion of time LPs
remain top central after first reaching the 1st quartile, we find a median of 73% for VC
funds and 80% for BO funds. These findings indicate that once LPs become top central,
they tend to maintain their status for a considerable period, reflecting a low turnover
among highly central LPs.

We then examine the categories of these top central LPs and their participation across
different GP quartiles. To categorize the LPs, we follow the methodology of Sensoy et al.
(2014), using original Preqin categories with some adjustments. In table 13, we find that
in the most successful VC GPs (1st quartile), public and corporate pension funds, as
well as endowments, stand out, representing 72.5% of the total (referred to as “illiquidity-
tolerant investors”, following the same term used Maurin et al. (2023)). In contrast, these
investors account for only 43.8% in 4th quartile GPs, showing a significant difference of
28.7%. On the other hand, for LPs categorized as banks, finance companies, insurance
firms, and investment firms, their participation in the most successful GPs is 6.3%, rising
to 19.5% in less successful GPs (we refer to these LPs as "shock-sensitive investors"). For
the categories advisors and others (which we refer as "other investors"), they account for
21.2% of investments in top central GPs, increasing to 36.7% in less central GPs. A similar
downward trend is observed in BO funds, although the proportion of these investors is
smaller compared to VC.
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These findings align with Lerner et al. (2007), who noted that banks typically underper-
form compared to pension funds and endowments. This supports the theory proposed by
Maurin et al. (2023), which argues that successful GPs require consistent capital, some-
thing banks struggle with due to their short-term debt obligations and higher liquidity
risks. Finance companies and investment firms may face sudden investor withdrawals,
while insurance companies tend to become more risk-averse during periods of illiquidity.
In contrast, large pension funds and endowments, with their long-term investment hori-
zons and stable cash flows, are better equipped to manage illiquidity risk effectively. This
consistency enables GPs to invest more during times of liquidity stress, when attractive
investment opportunities arise Robinson and Sensoy (2016), by raising capital from LPs
who are rewarded for providing support in these circumstances. In addition, the strong
alignment between successful GPs and low illiquidity cost LPs is also highlighted in the
theory of Lerner and Schoar (2004). In their model, successful GPs prefer illiquidity-
tolerant LPs as a form of funding insurance, since LPs facing liquidity issues may refrain
from reinvesting or selling their shares in the market, which could send a negative signal
to outside investors.

We then separate each LP category into our centrality quartiles, as detailed in Table
14. This strategy allows us to analyze which LPs within each category are more or less
central. For VC funds, among the illiquidity-tolerant LPs, the 1st quartile dominates (top
central LPs), representing 38.6% of investments with the top-performing GPs, while the
2nd, 3rd, and 4th quartiles represent 11.8%, 5.9%, and 16.1%, respectively. Interestingly,
regardless of LPs quartile classification, illiquidity-tolerant LPs consistently have higher
participation across all GP quartiles compared to other LP categories.

Our top central LPs, which dominate 1Q GPs with a 38.6% participation in VC funds,
see their presence diminish across other GP quartiles, with representation dropping to
29.0% in 2Q GPs, 19.4% in 3Q GPs, and 7.9% in 4Q GPs. In contrast, 4th quartile LPs
exhibit the opposite trend, showing a greater presence in less central GPs compared to
1st quartile LPs. A similar downward trend is observed in BO funds.

1.6.2 Top Central and Illiquidity-Tolerant LPs: Match with Successful GPs

From Table 14, we observe that our top central LPs, who have the highest participation in
1Q GPs—those with the strongest persistent performance across GPs—are predominantly
classified as "illiquidity-tolerant LPs." This provides initial evidence of a match between a
distinct group of LPs and successful GPs, particularly since we do not observe this trend
with other GPs.
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To deepen our analysis, we reapply Equation 5, this time separating the initial dependent
variable, top central LPs, into two distinct analyses: top central LPs with illiquidity
tolerant characteristics and top central LPs without these characteristics. This allows us
to assess whether these specific LPs have a stronger match with successful GPs compared
to other GPs. The results for highly central LPs with illiquidity tolerance in both VC
and BO funds, presented in Table 12—columns (2) and (5)—reveal a significant and
meaningful difference in the likelihood of investing across GP quartiles. A more detailed
analysis of VC funds (column 2) reveals that the average marginal effects of investing in
different GP quartiles on the probability of an LP being classified as a 1st quartile and
illiquidity-tolerant LP show a decreasing trend. Specifically, this probability decreases by
7.7% for 2nd quartile GPs, 16.1% for 3rd quartile GPs, and 16.5% for 4th quartile GPs,
with all effects statistically significant at the 1% level. This concentration phenomenon
is particularly pronounced in VC funds compared to BO funds.

On the other hand, an analysis of other LP categories, specifically non-illiquidity-tolerant
LPs (Table 12, columns 3 and 6), which include sensitive investors and other LP types
combined, within the group of top central quartile LPs, reveals distinct patterns across
VC and BO funds. For VC funds, while these LPs also exhibit a significant presence in
1st quartile GPs—as expected given their high centrality—they are less likely to invest in
successful GPs compared to illiquidity-tolerant LPs. However, when analyzing BO funds,
no statistically significant difference is found in the investment patterns of non-illiquidity-
tolerant LPs across different GP quartiles, despite their high centrality.

In Appendix A2, we extend this analysis to different periods, as Table 12 only covers the
years 1991 to 2015. Our results remain consistent across other subperiods, not only for
VC funds but also for BO funds.

Overall, this small group of highly central, illiquidity-tolerant LPs is significantly more
likely to be matched with successful GPs (1st quartile) than with GPs in any other
quartile. As expected and consistent with the theories from Lerner and Schoar (2004);
Maurin et al. (2023), these LPs are highly sought after by successful GPs due to their long-
term investment horizons and stable cash flows, making them valuable partners. Again,
this concentration phenomenon is particularly for VC funds compared to BO funds.

1.6.3 LPs Analysis - Performance difference between Venture Capital and
Buyout Funds

Our findings indicate that LP performance persistence is primarily driven by investments
in VC funds rather than BO funds. Harris et al. (2023) also identifies this performance
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disparity, though their analysis focuses on the fund level. The authors encourage further
exploration of the underlying causes. Several factors may explain these differences, in-
cluding the nature of investments, the degree of asymmetric information, fund size and
structure, GPs’ funding constraints, and LPs’ risk tolerance, among others.

This study contributes to the discussion by investigating whether differences in GPs’
funding structures explain the performance gap between VC and BO funds. By focusing
on top central (1st quartile) GPs, we explore whether VC funds, which deliver superior
returns, have a distinct funding structure compared BO funds.

As shown in Table 13 - panel C, the most successful VC GPs have a 5,10% larger pro-
portion of illiquidity-tolerant LPs compared to 1st quartile BO GPs. In contrast, when
analyzing LPs classified as sensitive—a less reliable category—successful VC GPs have ap-
proximately 5.65% fewer of these investors. This creates a double effect for VC GPs: they
attract more of the most desirable LPs and fewer of the least preferred LPs compared
to BO funds. When comparing VC GPs to BO GPs in lower quartiles, this difference
becomes even more pronounced and statistically significant.

We observe the same trend using probit models when comparing VC and BO funds in
Table 12. The magnitude of the coefficients is larger for VC funds than for BO funds,
indicating a higher likelihood of illiquidity-tolerant LPs investing in 1st quartile GPs in
VC funds compared to BO funds.

Overall, we observe that top central GPs in VC have a higher participation of illiquidity-
tolerant LPs—those reliable for meeting future investment needs—compared to BO GPs.
Additionally, the majority of these illiquidity-tolerant LPs are top central investors (1st
quartile LPs), consistently investing with GPs and reinforcing their status as a reliable
funding source.
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1.7 Conclusion

This paper offers novel insights into the dynamics of LP-GP relationships in private
equity by leveraging network theory to identify highly central LPs, revealing their strong
association with superior returns in VC funds.

We investigate the sources of performance persistence among top central LPs in VC
funds based on two competing theoretical perspectives: one emphasizing LPs’ ability
to select high-quality funds and the other focusing on their liquidity-provision charac-
teristics, which grant them access to successful GPs. Across all our tests assessing LPs’
ability to identify high-performing funds/GPs, we do not find significant results. However,
when analyzing by the access perspective, we observe a strong match between highly cen-
tral LPs—particularly those with liquidity-provision characteristics—and successful GPs,
aligning with the theories of Lerner and Schoar (2004); Maurin et al. (2023).

In general, our results are primarily driven by LP outperforming in VC funds compared
to BO funds. To better understand the performance gap between these two asset classes,
we examine differences in their funding structures. We find that BO funds have a lower
participation from illiquidity-tolerant LPs compared to VC funds. This suggests that BO
funds rely on less reliable sources of funding, which may limit GPs’ ability to consistently
access resources needed to capitalize on attractive investment opportunities across various
market conditions.

Overall, this research provides a new perspective by using centrality measures to differ-
entiate LPs, enhance the understanding of their relationships with GPs, and align with
theories that emphasize the importance of liquidity characteristics for success in PE in-
vesting. In addition, it contributes to the broader discussion on performance disparities
between VC and BO funds.
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Table 1: Descriptive Statistics for the Sample of Private Equity Funds

This table presents descriptive statistics for 2,528 private equity investment funds of the BO and VC types raised between 1991-2015 (full sample
period) and three subperiods from 1991-1998, 1999-2006 and 2017-2015. IRR (%) is the net internal rate of return earned by an LP, after fees and
carry. Vintage year is the first year of investment/drawdown from the investor. The overall fund sequence number is related to sequence of funds
raised by the same GP.

Fund Characteristics Full Sample Period (1991-2015) 1991-1998 1999-2006 2007-2015

N Mean Median SD N Mean Median SD N Mean Median SD N Mean Median SD

All funds
Vintage Year 2.569 2005 2006 6 437 1996 1996 2 1.005 2003 2003 3 1.127 2011 2011 3
IRR (%) 2.569 15,4 12,5 29,7 437 25,9 14,1 49,8 1.005 9,5 8,4 16,9 1.127 16,7 15,5 26,9
Number of LPs investing in fund 2.569 16 10 19 437 11 8 12 1.005 18 11 22 1.127 16 10 19
Size (millions of dollars) 2.563 848,9 312,0 1.744,5 433 423,1 175,0 726,9 1.005 780,0 313,0 1.567,2 1.125 1.074,2 380,0 2.101,1
Overall fund sequence number 2.565 5 3 5 435 3 2 3 1.005 4 3 4 1.125 6 4 7

Venture funds
Vintage Year 1.110 2005 2005 6 201 1996 1996 2 458 2002 2002 2 451 2011 2011 3
IRR (%) 1.110 14,8 8,7 41,9 201 38,9 18,9 68,0 458 1,7 1,7 15,9 451 17,3 14,6 39,5
Number of LPs investing in fund 1.110 10 7 10 201 8 6 7 458 13 9 12 451 9 6 8
Size (millions of dollars) 1.107 267,5 176,9 312,6 200 133,7 103,5 111,0 458 311,1 217,0 336,7 449 282,5 199,0 331,6
Overall fund sequence number 1.109 5 3 5 201 3 3 2 458 4 3 3 450 6 4 8

Buyouts funds
Vintage Year 1.459 2005 2006 6 236 1996 1996 2 547 2003 2003 3 676 2011 2011 3
IRR (%) 1.459 15,9 14,3 15,0 236 14,9 13,0 20,0 547 16,0 13,1 14,8 676 16,2 15,9 12,9
Number of LPs investing in fund 1.459 20 13 23 236 14 10 14 547 22 13 27 676 21 13 23
Size (millions of dollars) 1.456 1.290,9 512,2 2.198,1 233 671,6 352,0 916,1 547 1.172,6 450,0 2.020,6 676 1.600,1 655,8 2.566,0
Overall fund sequence number 1.456 5 3 5 234 3 2 3 547 4 3 4 675 6 4 6
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Table 2: Limited Partners - LPs Characteristics and Centrality Measures Standardized to Unit Variance

This table presents descriptive statistics for 903 unique LPs (Limited Partners) who invested in VC funds and 1155 LPs for BO funds for vintages
between 1991-2017. Additionally, the statistics are provided for the entire period and also for three sub-periods (1991-1998, 1999-2006, and 2007-
2015). "Total # of LPs" represents the total number of unique investors for given a specific sample period."Average # of Investments per LP"
indicates the average number of investments made by LPs in a particular category. The results are divided by quartiles given LPs eigenvector
centrality measure. The centrality measure is standardized to unit variance. LPs categorized in the first quartile exhibit the highest degree of
centrality, while those in the fourth quartile demonstrate the lowest centrality measure within the network.

Full Sample Period (1991-2015) 1991-1998 1999-2006 2007-2015

Total # of Avg # of Avg. Median Std. Dev. Total # of Avg # of Avg. Median Std. Dev. Total # of Avg # of Avg. Median Std. Dev. Total # of Avg # of Avg. Median Std. Dev.
LPs investments Eigenvector Eigenvector Eigenvector LPs investments Eigenvector Eigenvector Eigenvector LPs investments Eigenvector Eigenvector Eigenvector LPs investments Eigenvector Eigenvector Eigenvector

per LP Centrality Centrality Centrality per LP Centrality Centrality Centrality per LP Centrality Centrality Centrality per LP Centrality Centrality Centrality

Panel A: VC funds
1st Quartile LPs 226 30,5 2,4871 2,3159 0,7096 41 18,1 2,7655 2,7603 0,3544 150 22,0 2,6200 2,5289 0,5737 170 11,6 2,4030 2,3113 0,7806
2nd Quartile LPs 225 8,5 1,1143 1,1024 0,2547 41 7,7 1,7679 1,7430 0,2826 149 6,5 1,3434 1,3385 0,2742 170 4,4 0,7629 0,7101 0,2461
3rd Quartile LPs 226 4,4 0,4074 0,3739 0,1458 37 4,4 0,8699 0,9030 0,2727 149 4,0 0,6031 0,6013 0,1848 170 2,2 0,2910 0,2781 0,0629
4th Quartile LPs 226 2,4 0,0902 0,0845 0,0607 45 2,2 0,2567 0,2690 0,1418 150 2,0 0,1285 0,1089 0,0936 170 1,7 0,0796 0,0674 0,0587
Overall 903 11,5 1,0246 0,7079 1,0000 164 8,1 1,4000 1,3245 1,0000 598 8,6 1,1744 0,9079 1,0000 680 5,0 0,8842 0,4228 1,0000

Panel B: Buyout funds
1st Quartile LPs 289 61,0 3,0594 2,9944 0,4511 46 24,9 3,3110 3,2689 0,2257 183 34,0 3,1697 3,1212 0,3383 264 31,5 2,8536 2,7611 0,5201
2nd Quartile LPs 288 16,6 1,9584 1,9216 0,2467 45 11,5 2,5166 2,4494 0,3009 183 11,9 2,2534 2,2697 0,2179 263 9,1 1,6518 1,6478 0,2419
3rd Quartile LPs 289 9,9 1,2454 1,2596 0,1869 45 6,0 1,7347 1,7260 0,1731 183 7,0 1,5043 1,5259 0,2359 264 4,7 0,9467 0,9339 0,1788
4th Quartile LPs 289 5,4 0,4736 0,4945 0,2663 46 3,9 0,7541 0,6555 0,4443 183 4,0 0,5643 0,5848 0,3157 264 2,6 0,2954 0,2923 0,1920
Overall 1155 23,2 1,6840 1,5733 1,0000 182 11,6 2,0786 2,0322 1,0000 732 14,2 1,8712 1,8667 1,0000 1055 12,0 1,4367 1,2589 1,0000
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Table 3: LPs investments and Performance

The table displays the characteristics of funds invested by LPs separated by quartiles given their centrality measure. "N" represents the number of
investments made by that LP category in specific periods. "Fund Mean IRR" is the arithmetic mean of returns (IRR) from investments (VC or BO
investment funds) made by LP categories. "Fund Sequence Number" refers to the sequence number of the fund given a particular GP. "Fund Size"
is the total committed capital for the fund in millions of dollars. "Difference between 1st Quartile and Other Quartiles" represents the difference in
means, including its statistical significance, between 1st Quartile LPs and other LPs in the other categories. The data was collected with a reference
date of March 2022. Panel A focuses only on investments in VC funds and Panel B considers only investments in BO funds. LPs categorized in the
first quartile exhibit the highest degree of centrality, while those in the fourth quartile demonstrate the lowest centrality measure within the network.
"*** p<.01, ** p<.05, * p<.1" indicates significance levels.

Full Sample Period (1991-2015) 1991-1998 1999-2006 2007-2015

Fund Mean Fund Median Fund Fund size Fund Mean Fund Median Fund Fund size Fund Mean Fund Median Fund Fund size Fund Mean Fund Median Fund Fund size
N IRR (%) IRR(%) Sequence (mm of U$) N IRR (%) IRR(%) Sequence (mm of U$) N IRR (%) IRR(%) Sequence (mm of U$) N IRR (%) IRR(%) Sequence (mm of U$)

Number Number Number Number

Panel A: Venture Capital
1st Quartile 6.888 14,0 6,8 6,0 546,0 744 56,5 32,0 4,5 241,6 3.298 1,5 2,1 5,9 644,0 1.970 18,0 17,3 7,4 638,3
2nd Quartile 1.923 12,1 8,0 5,4 457,7 316 39,9 23,0 4,1 206,6 974 1,7 1,9 5,2 543,9 740 16,0 14,6 6,1 377,0
3rd Quartile 1.004 11,5 10,0 7,0 299,2 164 35,2 16,9 3,4 165,3 602 0,7 0,3 4,2 350,5 372 15,9 14,3 12,1 315,8
4th Quartile 536 13,1 9,7 4,5 210,9 99 36,4 16,2 3,1 127,0 296 4,0 3,3 4,0 193,9 285 13,8 12,4 5,8 212,7
Overall 10.351 13,3 7,2 5,9 488,3 1.323 48,4 28,3 4,2 215,2 5.170 1,6 1,9 5,5 565,2 3.367 17,0 15,7 7,5 509,3
Difference between 2.21*** - 0,08 202.47*** 22.24*** 0.88*** 62.00*** -0.65* 1.11*** 246.44*** 2.59*** -0.63** 339.56***
1st Quartile and Other
Quartiles

Panel B: Buyouts
1st Quartile 17.636 15,2 13,6 6,3 3.420,5 1.145 14,6 13,2 4,2 1.228,3 6.220 14,6 12,1 5,7 3.176,9 8.315 16,2 15,8 7,4 4.169,8
2nd Quartile 4.773 15,3 13,7 6,2 3.340,1 517 12,9 11,0 3,9 1.150,5 2.180 15,1 12,5 5,8 3.174,7 2.392 16,4 15,7 7,4 3.800,8
3rd Quartile 2.871 16,4 14,3 6,0 2.663,3 272 15,2 13,2 3,8 1.128,9 1.285 15,3 12,4 5,0 2.563,8 1.237 15,5 15,0 7,1 3.187,2
4th Quartile 1.555 15,5 13,7 5,1 1.563,0 178 17,4 13,7 3,6 586,3 737 15,0 12,3 4,2 1.407,0 679 15,1 14,8 5,7 1.504,8
Overall 26.835 15,4 13,7 6,2 3.217,7 2.112 14,5 13,0 4,0 1.143,1 10.422 14,8 12,2 5,5 2.975,7 12.623 16,1 15,7 7,3 3.860,2
Difference between -0.67*** 0.20*** 542.65*** - 0,75 0.67*** 79.78* -0.45* 0.42*** 351.34*** 0,22 0,02 808.92***
1st Quartile and Other
Quartiles
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Table 4: LP Performance in PE Funds by Centrality Quartile

The table presents performance regressions (equation 1) of investments made by LPs for the
period between 1991 and 2015, including all sub-periods. The results are separated by VC
and BO funds. The dependent variable is the NetIRR of the funds invested by LPs winsorized
by 1%. The regression includes dummy variables that identifies the centrality quartile of LPs,
taking the value of one if a specific LP invests in that particular fund, and zero otherwise. The
centrality dummy variable was obtained by network connections using the ex-ante strategy. First,
we constructed networks by utilizing co-investments made by LPs in the previous five years to
extract eigenvector centrality measures. Afterwards, LPs were classified into quartiles given the
centrality measures. In addition, these dummies are time varying as LPs can change quartile
position through time. For each vintage year in the sample, we generated a new network to
derive updated centrality measures and subsequently determine their revised quartile positions.
1st Quartiles LPs are the base and will be omitted in the regressions. LPs categorized in the first
quartile exhibit the highest degree of centrality, while those in the fourth quartile demonstrate
the lowest centrality measure within the network. Ln Fund Size is a control variable represent
the natural logarithm of the fund´s size in millions of dollars. Ln LP Experience is the natural
logarithm of the total number of LPs investments prior to the current fund. Fixed effects are
included for the vintage year of the fund, LP’s country of origin, primary region and sector of
fund investments, GP’s country of origin, and fixed effects for interactions between fund focus
and vintage year (only for VC funds). Standard errors are clustered at the fund level. "***"
"**" and "*" indicate significance levels at 1%, 5%, and 10%, respectively.

VC Funds Buyout Funds

Dependent Variab. (1) (2) (3) (4) (5) (6) (7) (8)
Net IRR (%) 1991-2015 1991-1998 1998-2006 2007-2015 1991-2015 1991-1998 1998-2006 2007-2015

1st Quartile (Omttd) - - - - - - - -

2nd Quartile LPs -1.412** -2.030 -0.486 -0.956 -0.057 -1.034 0.042 -0.086
(-2.029) (-0.502) (-0.764) (-1.301) (-0.259) (-1.206) (0.134) (-0.288)

3rd Quartile LPs -3.766*** -11.951** -0.709 -2.493** -0.284 -1.962* -0.366 -0.068
(-3.923) (-2.413) (-0.836) (-2.207) (-0.927) (-1.714) (-0.826) (-0.180)

4th Quartile LPs -6.085*** -17.416*** -2.291** -3.867*** 0.147 -3.344** 0.194 0.226
(-4.945) (-2.702) (-2.055) (-2.931) (0.350) (-2.006) (0.329) (0.432)

Ln fund size 1.239* 16.585*** 0.055 1.739** -0.269 -0.937 0.086 -0.462
(1.953) (2.881) (0.087) (2.111) (-0.922) (-0.856) (0.178) (-1.183)

Ln LP Experience -0.690** 1.184 -0.378 -0.601** 0.025 -1.535** 0.073 0.119
(-2.410) (0.540) (-0.941) (-2.088) (0.204) (-2.257) (0.347) (0.856)

Constant 8.213** -44.124 3.304 9.396* 17.152*** 24.297*** 13.358*** 19.269***
(2.135) (-1.408) (0.901) (1.900) (7.916) (2.984) (3.961) (6.403)

Observations 7,725 884 4,046 2,783 20,990 1,451 8,261 11,270
R-squared 0.514 0.478 0.251 0.348 0.252 0.412 0.353 0.276
Year FE YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund
Adjusted R-squared 0.503 0.454 0.233 0.324 0.248 0.396 0.347 0.270
F test 5.912 4.123 0.926 2.891 0.640 1.227 0.542 0.653



40

Table 5: LP Performance in PE Funds by Centrality Level (Robustness Checks)

The table presents performance regressions (equation 2) of investments made by LPs for the
period between 1991 and 2015, including all sub-periods, and its relation to LPs centrality
measure. The results are separated by VC and BO funds. The dependent variable is the NetIRR
of the funds invested by LPs winsorized by 1%. The primary independent variable, eigenvector
centrality measure, was standardized to unit variance. The centrality variable was obtained by
network connections using the ex-ante strategy. Ln Fund Size is a control variable represent
the natural logarithm of the fund´s size in millions of dollars. Ln LP Experience is the natural
logarithm of the total number of LPs investments prior to the current fund. Fixed effects are
included for the vintage year of the fund, LP’s country of origin, primary region and sector of
fund investments, GP’s country of origin, and fixed effects for interactions between fund focus
and vintage year (only for VC funds). Standard errors are clustered at the fund level. "***"
"**" and "*" indicate significance levels at 1%, 5%, and 10%, respectively.

VC Funds Buyout Funds

Dependent Variable (1) (2) (3) (4) (5) (6) (7) (8)
Net IRR (%) 1991-2015 1991-1998 1998-2006 2007-2015 1991-2015 1991-1998 1998-2006 2007-2015

LPs Eigenvector Centr. Measure (stdz) 1.403*** 6.404** 0.585 0.786** 0.073 1.106 0.076 0.022
(4.087) (2.473) (1.471) (2.423) (0.460) (1.594) (0.323) (0.111)

Ln fund size 1.346** 16.663*** 0.064 1.803** -0.274 -0.942 0.081 -0.468
(2.109) (2.886) (0.102) (2.181) (-0.941) (-0.859) (0.167) (-1.197)

Ln LP Experience -0.728** 0.056 -0.527 -0.606** -0.006 -1.503* 0.036 0.098
(-2.213) (0.023) (-1.091) (-2.042) (-0.040) (-1.911) (0.149) (0.577)

Constant 3.473 -60.120** 2.113 6.752 17.086*** 20.350*** 13.310*** 19.330***
(0.949) (-1.998) (0.586) (1.406) (8.078) (2.681) (3.895) (6.619)

Observations 7,725 884 4,046 2,783 20,990 1,451 8,261 11,270
R-squared 0.512 0.475 0.250 0.346 0.252 0.411 0.353 0.276
Year FE YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund
Adjusted R-squared 0.502 0.453 0.233 0.323 0.248 0.396 0.347 0.270
F test 7.481 5.921 0.776 3.558 0.448 1.302 0.176 0.860
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Table 6: LPs Performance including LP Size proxy (Robustness Check)

This table shows the regressions of fund IRR after controlling for LP size, as detailed in equation
3. Panel A presents the results for VC funds and Panel B for BO funds. The regression includes
the same variables, fixed effects, clusters as outlined in Table 4, with the addition of the LP size
variable. As LP size is not observable, we use three proxies to estimate LPs size. Proxy 1 is the
natural logarithm of asset under management (AUM) obtained as 2022 as a proxy of size. For
the second proxy we used the procedure suggested by Cavagnaro and Wang (2019). We start by
dividing each LPs AUM by the total number of investments the LP made between 1991-2015.
Afterwards, we multiplied this value by the total number of investments the LP made each year.
The third proxy we divided each LPs AUM in PE by the total number of investments the LP
made between 2013-2022. Then, we multiplied this value by the amount of investments each LP
made 10 years prior.
Dependent Variab. (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Net IRR (%) 1991-2015 1991-1998 1998-2006 2007-2015 1991-2015 1991-1998 1998-2006 2007-2015 1991-2015 1991-1998 1998-2006 2007-2015

Panel A: VC Funds
1st Quartile (Omttd) - - - - - - - - - - - -

2nd Quartile LPs -1.336* -1.694 -0.462 -1.107 -1.356* -2.010 -0.434 -1.086 -1.279 0.613 0.394 -1.828**
(-1.915) (-0.420) (-0.725) (-1.524) (-1.932) (-0.492) (-0.677) (-1.483) (-1.499) (0.131) (0.438) (-2.195)

3rd Quartile LPs -3.556*** -9.426** -0.686 -2.228* -3.533*** -9.987** -0.627 -2.114* -4.616*** -11.032** -0.250 -4.104***
(-3.761) (-2.058) (-0.826) (-1.948) (-3.700) (-2.089) (-0.747) (-1.851) (-3.976) (-2.087) (-0.212) (-3.434)

4th Quartile LPs -5.959*** -15.875** -2.239** -3.790*** -6.065*** -15.845** -2.163* -3.899*** -5.916*** -9.383 -2.780* -4.522***
(-4.833) (-2.568) (-2.010) (-2.848) (-4.876) (-2.555) (-1.934) (-2.902) (-3.904) (-1.237) (-1.901) (-3.009)

Ln fund size 1.318** 16.195*** 0.074 1.919** 1.335** 15.997*** 0.071 1.951** 1.317** 18.709*** 0.130 1.545*
(2.058) (2.820) (0.117) (2.287) (2.089) (2.781) (0.113) (2.330) (1.969) (2.890) (0.188) (1.812)

Ln LP Experience -0.408 4.018* -0.410 -0.673** -0.445 4.832** -0.327 -0.685** -0.592 4.558 -0.283 -0.853**
(-1.383) (1.880) (-1.052) (-2.047) (-1.547) (2.179) (-0.824) (-2.255) (-1.552) (1.535) (-0.481) (-2.203)

Ln LP Size (proxy 1) -0.159 -3.243** 0.084 0.130
(-1.299) (-2.453) (0.877) (0.773)

Ln LP Size (proxy 2) -0.154 -4.072*** 0.020 0.201
(-1.240) (-2.892) (0.201) (1.151)

Ln LP Size (proxy 3) 0.067 -2.326** 0.232* 0.320*
(0.543) (-2.392) (1.820) (1.649)

Constant 8.242** -16.686 2.405 7.290 7.800** -22.146 2.790 7.057 7.606* -43.073 0.143 9.492*
(2.105) (-0.472) (0.629) (1.457) (2.006) (-0.657) (0.740) (1.423) (1.752) (-1.168) (0.033) (1.816)

Observations 7,566 884 3,975 2,696 7,560 884 3,974 2,691 5,407 612 2,685 2,098
R-squared 0.516 0.482 0.252 0.349 0.516 0.484 0.251 0.349 0.509 0.460 0.223 0.358
Year FE YES YES YES YES YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund
Adjusted R-squared 0.505 0.458 0.235 0.325 0.505 0.460 0.234 0.325 0.494 0.426 0.198 0.328
F test 4.963 3.825 1.034 2.820 5.021 4.240 0.772 3.182 4.747 3.817 1.603 3.592

(13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24)

Panel B: Buyout Funds
1st Quartile (Omttd) - - - - - - - -

2nd Quartile LPs -0.048 -1.083 0.095 -0.132 -0.061 -1.109 0.082 -0.147 -0.117 -1.540 0.255 -0.155
(-0.215) (-1.225) (0.305) (-0.435) (-0.269) (-1.263) (0.260) (-0.480) (-0.448) (-1.544) (0.687) (-0.461)

3rd Quartile LPs -0.273 -2.001* -0.328 -0.045 -0.307 -1.961* -0.356 -0.055 -0.110 -1.735 0.250 -0.250
(-0.861) (-1.716) (-0.720) (-0.115) (-0.964) (-1.713) (-0.778) (-0.138) (-0.298) (-1.299) (0.457) (-0.560)

4th Quartile LPs 0.060 -3.377** 0.085 0.202 0.015 -3.655** 0.068 0.156 -0.067 -4.122** 0.509 0.123
(0.141) (-2.015) (0.142) (0.375) (0.034) (-2.177) (0.113) (0.286) (-0.137) (-2.255) (0.736) (0.207)

Ln fund size -0.272 -0.942 0.079 -0.452 -0.277 -0.938 0.072 -0.457 -0.126 -0.415 0.266 -0.324
(-0.928) (-0.858) (0.163) (-1.145) (-0.944) (-0.855) (0.149) (-1.156) (-0.420) (-0.366) (0.537) (-0.800)

Ln LP Experience 0.078 -1.505** 0.055 0.250* 0.069 -1.413** 0.066 0.204 0.065 -1.321 0.215 0.058
(0.609) (-2.198) (0.261) (1.765) (0.542) (-2.042) (0.312) (1.454) (0.431) (-1.615) (0.833) (0.365)

Ln LP Size (proxy 1) -0.061 -0.104 0.024 -0.124*
(-1.293) (-0.358) (0.405) (-1.936)

Ln LP Size (proxy 2) -0.079* -0.232 -0.008 -0.122*
(-1.712) (-0.787) (-0.129) (-1.916)

Ln LP Size (proxy 3) -0.081 -0.296 0.021 -0.060
(-1.263) (-1.057) (0.269) (-0.722)

Constant 17.641*** 25.379*** 13.210*** 20.019*** 17.673*** 25.690*** 13.538*** 19.862*** 16.979*** 23.278*** 11.161*** 19.455***
(7.930) (2.766) (3.802) (6.467) (8.022) (2.934) (3.944) (6.436) (7.325) (2.633) (3.106) (6.104)

Observations 20,479 1,451 8,035 10,985 20,424 1,449 8,015 10,952 14,787 1,052 5,415 8,315
R-squared 0.250 0.412 0.352 0.273 0.250 0.413 0.352 0.273 0.255 0.423 0.358 0.271
Year FE YES YES YES YES YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund
Adjusted R-squared 0.246 0.396 0.346 0.267 0.246 0.397 0.346 0.266 0.249 0.402 0.350 0.263
F test 0.711 1.028 0.391 1.556 0.933 1.134 0.377 1.454 0.313 1.099 0.337 0.326
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Table 7: Robust Regressions - LPs Performance by Centrality Quartile (Robustness Check)

The table presents the robust regressions analyzing the performance of investments made by LPs
from 1991 to 2015, including all sub-periods. The results are separated by VC and BO funds.
The dependent variable is the NetIRR of the funds invested by LPs winsorized by 1%. The
regression includes the same independent variables, fixed effects, clusters as outlined in Table 4
"***" "**" and "*" indicate significance levels at 1%, 5%, and 10%, respectively.

VC Funds Buyout Funds

Dependent Variable (1) (2) (3) (4) (5) (6) (7) (8)
Net IRR (%) 1991-2015 1991-1998 1998-2006 2007-2015 1991-2015 1991-1998 1998-2006 2007-2015

1st Quartile (Omttd) - - - - - - - -

2nd Quartile LPs -0.780*** -0.564 -0.810** -0.422 0.025 -0.297 0.152 0.035
(-2.775) (-0.295) (-2.298) (-0.916) (0.151) (-0.384) (0.675) (0.160)

3rd Quartile LPs -1.893*** -5.398** -1.623*** -1.844*** -0.117 -1.488 0.095 0.140
(-5.365) (-2.240) (-3.866) (-2.868) (-0.549) (-1.473) (0.327) (0.500)

4th Quartile LPs -3.137*** -8.540*** -2.567*** -1.943** 0.177 -1.400 0.412 0.359
(-6.924) (-2.815) (-4.720) (-2.379) (0.673) (-1.107) (1.139) (1.036)

Ln fund size 0.463*** 5.591*** 0.028 1.983*** -0.121** -0.463 0.172** -0.294***
(3.127) (3.694) (0.172) (6.985) (-2.196) (-1.299) (2.276) (-4.198)

Ln LP Experience -0.419*** 0.619 -0.244 -0.455** 0.023 -0.666 0.138 0.077
(-2.980) (0.487) (-1.334) (-2.179) (0.273) (-1.181) (1.110) (0.751)

Constant 3.851 -22.266 -36.672*** -22.926*** 6.459*** 14.269* -40.223*** -1.027
(0.967) (-0.818) (-5.834) (-5.045) (3.059) (1.704) (-12.184) (-0.569)

Observations 7,729 887 4,048 2,792 20,997 1,454 8,263 11,279
R-squared 0.779 0.707 0.525 0.516 0.326 0.398 0.518 0.353
Year FE YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund
Adjusted R-squared 0.774 0.693 0.513 0.497 0.323 0.381 0.513 0.347
F test 157.7 49.80 46.43 27.03 82.94 23.37 108.4 58.06
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Table 8: Relationship between GP Centrality and fund returns

The table shows how differences in fund returns relates to GP centrality measures, as detailed
in equation 4. The unit of observation is at fund level. The results are separated by VC and BO
funds, between 1991-2015 and three subperiods from 1991-1998, 1999-2006 and 2007-2015. The
dependent variable is the NetIRR of the funds winsorized by 1%. The table separates the results
into BO and VC funds. For panel A, the regression includes dummy variables that identifies
if the fund has a 1st quartile GPs, taking the value of one if a specific 1st quartile GP is the
manager the fund, and zero otherwise. The centrality dummy variable was obtained by bipartite
network connections using the ex-ante strategy. First, undirected networks are constructed using
connections between LPs and GPs (through their funds) over the previous five years to extract
eigenvector centrality measures for GPs. Afterwards, GPs were classified into quartiles given the
centrality measures. In addition, these dummies are time varying as GPs can change quartile
position through time. For each vintage year in the sample, we generated a new network to
derive updated centrality measures and subsequently determine their revised quartile positions.
For panel B, the independent variable is the GP eigenvector centrality measure, standardized to
unit variance, as opposed to utilizing the previously explained dummy variable. Vintage year and
regional focus of the funds fixed effects are included. Coefficient estimates and robust standard
errors are clustered by vintage year. "***" "**" and "*" indicate significance levels at 1%, 5%,
and 10%, respectively.

VC Funds Buyout Funds

Dep. Variable Net IRR (%) (1) (2) (3) (4) (5) (6) (7) (8)
Analysis at the fund level 1991-2015 1991-1998 1999-2006 2007-2015 1991-2015 1991-2001 2000-2015 2007-2015

Panel A
Dummy 1st Quartile GP 7.583*** 27.915*** 4.915*** 3.397* 0.917 0.397 -0.314 1.655*

(4.187) (5.358) (14.517) (2.030) (1.106) (0.143) (-0.195) (2.175)
Constant 11.251*** 32.035*** -0.921*** 15.308*** 15.027*** 14.740*** 14.932*** 15.233***

(19.574) (21.929) (-8.914) (26.549) (55.261) (23.007) (27.624) (57.099)

Observations 646 107 272 267 793 113 278 402
R-squared 0.390 0.264 0.158 0.091 0.183 0.347 0.190 0.148
Year FE YES YES YES YES YES YES YES YES
Region FE YES YES YES YES YES YES YES YES
Adjusted R-squared 0.362 0.179 0.123 0.0485 0.153 0.276 0.157 0.121
F test 17.53 28.70 210.7 4.121 1.222 0.0204 0.0379 4.732

Panel B
GP Eigenvector Centr. Measure (stdz) 3.074*** 13.231** 1.711*** 1.740** 0.290 0.688 0.260 0.302

(3.968) (2.526) (9.607) (3.314) (0.906) (0.526) (0.419) (0.840)
Constant 10.736*** 28.667*** -1.106*** 14.813*** 15.038*** 14.169*** 14.582*** 15.497***

(14.583) (6.468) (-6.306) (29.475) (47.008) (11.249) (24.926) (41.118)

Observations 646 107 272 267 793 113 278 402
R-squared 0.390 0.268 0.153 0.096 0.183 0.348 0.191 0.144
Year FE YES YES YES YES YES YES YES YES
Region FE YES YES YES YES YES YES YES YES
Adjusted R-squared 0.362 0.184 0.117 0.0536 0.153 0.277 0.157 0.118
F test 15.75 6.379 92.30 10.98 0.820 0.277 0.175 0.705
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Table 9: LPs performance in 1st and Other quartiles GPs

The table shows the investment performance made by LPs in 1st and Other quartiles GPs. The
table separates the LPs given their level of centrality in quartiles. In other words, LPs classified
in the 1st quartile are considered investors more influential in the network. The sample comprises
for periods between 1991-2015, in addition to subperiods from 1991-1998, 1999-2006 and 2007-
2015. Panels A, B and VC are for VC investments and panels D, E and F are for BO investments.
Panels A and D shows LPs performance, separated by quartiles, in 1st quartile GPs. Panels B
and E shows LPs performance, separated by quartiles, in 2nd, 3rd and 4th quartiles GPs (other
GPs). Last, panels C and F shows the performance differences between LPs investments in 1st
and others GPs. # Investment represents investments made by LPs, separated by their centrality
quartile, in GPs. Average IRR is the average of investments (funds) Net IRR (%). Difference
1Q LPs to other LPs is the difference in mean values between first quartile LPs and all other
LPs. "***" "**" and "*" indicate significance levels at 1%, 5%, and 10%, respectively.

1991-2015 1991-1998 1999-2006 2007-2015

#Invest. Avg. IRR #Invest. Avg. IRR #Invest. Avg. IRR #Invest. Avg. IRR
(1) (2) (3) (4)

Panel A: 1Q GPs (in VC Funds) and LPs investments
LPs in 1st Quartile 2.217 16,1 219 67,0 1.202 3,6 796 20,8
LPs in 2nd Quartile 687 17,6 90 67,3 353 3,7 244 19,3
LPs in 3rd Quartile 334 11,9 40 44,1 191 2,7 103 16,5
LPs in 4th Quartile 97 11,9 10 47,9 58 3,3 29 16,6
Total 3.335 15,8 359 64,0 1.804 3,5 1.172 20,0
Difference 1Q LPs -1,27 6,757 0,45 2.21***
to other LPs

Panel B: Other Quartile GPs (in VC Funds) and LPs investments
LPs in 1st Quartile 1.962 11,0 212 48,4 1.019 0,1 731 15,4
LPs in 2nd Quartile 1.087 11,3 157 36,0 468 -0,1 462 14,5
LPs in 3rd Quartile 774 7,7 116 24,1 431 1,0 227 12,1
LPs in 4th Quartile 612 7,4 78 24,7 327 0,1 207 12,3
Total 4.435 10,0 563 36,7 2.245 0,2 1.627 14,3
Difference 1Q LPs 0,05 16.47*** -0.84* 0,664
to other LPs

Panel C: ∆% IRR between VC Investment in 1Q GPs x Other GPs
LPs in 1st Quartile 5.04*** 18.62** 3.48*** 5.48***
LPs in 2nd Quartile 6.26*** 31.31*** 3.79*** 4.85***
LPs in 3rd Quartile 4.22*** 20.02*** 1,73 4.42***
LPs in 4th Quartile 4.49* 23,22 3.15* 4,32
Total 5.83*** 27.35*** 3.27*** 5.78***

Panel D: 1Q GPs (in BO Funds) and LPs investments
LPs in 1st Quartile 5.498 15,4 218 11,5 1.990 14,2 3.290 16,4
LPs in 2nd Quartile 1.978 15,1 112 10,8 881 14,4 985 16,2
LPs in 3rd Quartile 1.013 15,7 63 14,3 459 15,6 491 16,0
LPs in 4th Quartile 460 14,9 35 9,1 209 14,0 216 16,7
Total 8.949 15,3 428 11,5 3.539 14,4 4.982 16,3
Difference 1Q LPs 0.35* -1,165 -0.71** 0.69***
to other LPs

Panel E: Other Quartile GPs (in BO Funds) and LPs investments
LPs in 1st Quartile 6.403 15,1 435 11,9 2.294 13,7 3.674 16,3
LPs in 2nd Quartile 2.613 15,0 279 14,1 1.124 14,7 1.210 15,5
LPs in 3rd Quartile 1.764 14,6 194 12,3 745 13,7 825 15,8
LPs in 4th Quartile 1.288 15,7 139 17,8 561 15,1 588 15,7
Total 12.068 15,1 1.047 13,4 4.724 14,1 6.297 16,1
Difference 1Q LPs -0.87*** -4.89*** -1.92*** 0,387
to other LPs

Panel F: ∆% IRR between BO Investment in 1Q GPs x Other GPs
LPs in 1st Quartile 0,3152 - 0,4708 0,5717 0,0198
LPs in 2nd Quartile 0,0600 -3.27* - 0,3579 0,6913
LPs in 3rd Quartile 1.16** 1,9718 1.88** 0,1665
LPs in 4th Quartile - 0,7950 -8.74*** - 1,1475 1,0019
Total 0.28* -1.85* 0,3325 0,2553
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Table 10: Returns on reinvested and abandoned funds

The table presents the mean returns (%NetIRR) of the follow-on (next) funds (from the same
GP) reinvested or abandoned by LPs. Panel A focuses in VC funds and panel B in BO funds.
In addition, we separated the reinvested and abandoned funds between GPs in 1st quartile and
GPs in other quartiles. The sample comprises for periods between 1991-2015, in addition to
subperiods from 1991-1998, 1999-2006 and 2007-2015. The unit of observation is at the LP
investment level. Follow-on funds are funds that LPs invests in the next fund raised by the
same GP. Reinvested means that LPs invest in a GPs current fund and decided to reinvest in a
follow-on fund from the same GP, while abandoned means LPs did not invest in the follow-on
fund. Mean difference tests are conducted for the difference between Reinv. (reinvested) and
Abond (abandoned) funds. "***" "**" and "*" indicate significance levels at 1%, 5%, and 10%,
respectively.

1991-2015 1991-1998 1999-2006 2007-2015

N
Net IRR
Follow-on

Fund
N

Net IRR
Follow-on

Fund
N

Net IRR
Follow-on

Fund
N

Net IRR
Follow-on

Fund

Panel A: VC
Reinvested 1st Quartile 1.574 13,8 246 24,3 848 7,9 479 21,3
Abandoned LPs 1.137 14,4 84 27,3 641 9,2 411 20,9
Return difference between -0,55 -2,96 -1.33** 0,43

Reinv. and Abond.

Reinvested Other Quartiles 1.159 11,2 294 14,5 560 6,5 304 18,4
Abandoned LPs 993 11,6 97 20,0 599 7,1 296 19,1
Return difference between -0,44 -5,47 -0,60 -0,72

Reinv. and Abond.

Panel B: Buyout
Reinvested 1st Quartile 4.506 15,0 412 14,9 2.081 12,7 2.011 19,1
Abandoned LPs 3.774 17,0 140 13,5 1.466 14,7 2.156 19,1
Return difference between -1.84*** 1,39 -1.99*** -0,01

Reinv. and Abond.

Reinvested Other Quartiles 3.271 14,5 444 14,1 1.763 12,7 1.064 19,0
Abandoned LPs 3.264 16,1 238 14,3 1.444 13,9 1.580 19,3
Return difference between -1.57*** -0,16 -1.16*** -0,23

Reinv. and Abond.
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Table 11: LPs performance in first time and later sequence funds

The table shows the differences in returns when we separate the sample into first time and later
sequence funds. For the regressions we used equation 1. The sample comprises for periods
between 1991-2015, in addition to subperiods from 1991-1998, 1999-2006 and 2007-2015. In
addition, we segregated the analysis into VC funds and BO funds. First time funds are investment
vehicles that were first raised by a specific GP in their overall portfolio. The dependent variable
is fund IRR (in%) winsorized by 1%. The observations are investments made by LPs in different
funds. All variables are defined in previous table 4.

1st time funds Later Funds

Dep. Variable (1) (2) (3) (4) (5) (6) (7) (8)
Net IRR (%) 1991-2015 1991-1998 1999-2006 2007-2015 1991-2015 1991-1998 1999-2006 2007-2015

Panel A: VC Investiments
1st Quartile (Omttd) - - - - - - - -

2nd Quartile LPs 0.985 12.478 0.046 -0.151 -1.219* -1.246 -0.370 -0.694
(0.719) (1.353) (0.052) (-0.247) (-1.703) (-0.310) (-0.547) (-0.925)

3rd Quartile LPs 2.972 21.371* 0.314 0.888 -3.659*** -12.048** -0.672 -2.416**
(1.477) (1.768) (0.242) (0.470) (-3.661) (-2.417) (-0.740) (-2.032)

4th Quartile LPs 2.369 5.748 -2.590** 1.287 -5.593*** -16.148** -2.096* -3.485**
(0.662) (0.581) (-2.131) (0.942) (-4.397) (-2.370) (-1.725) (-2.572)

Ln fund size 0.865 24.084** -5.557 7.971 1.324** 13.490* 0.389 2.468***
(0.186) (2.101) (-1.587) (1.301) (2.034) (1.940) (0.598) (2.795)

Ln LP Experience 0.521 -3.249 0.221 -0.299 -0.708** 1.815 -0.399 -0.644**
(0.689) (-0.849) (0.346) (-0.819) (-2.454) (0.772) (-0.956) (-2.177)

Constant 4.441 -91.609 33.743* -15.607 7.556* -29.352 1.081 4.721
(0.188) (-1.637) (1.758) (-0.507) (1.886) (-0.769) (0.275) (0.882)

Observations 484 69 292 115 7,228 812 3,750 2,658
R-squared 0.643 0.676 0.737 0.931 0.552 0.499 0.293 0.364
Year FE YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund
Adjusted R-squared 0.561 0.531 0.680 0.887 0.542 0.475 0.275 0.339
F test 0.538 1.336 2.166 1.628 5.088 3.228 0.662 3.387

Panel B: BO Investiments
1st Quartile (Omttd) - - - - - - - -

2nd Quartile LPs -0.098 2.438** -0.811 1.092 -0.078 -2.130** 0.099 -0.063
(-0.136) (2.148) (-0.908) (1.110) (-0.351) (-2.276) (0.308) (-0.210)

3rd Quartile LPs -0.856 3.468** -1.489 0.935 -0.229 -3.258** -0.228 -0.061
(-0.752) (2.030) (-1.134) (0.697) (-0.789) (-2.550) (-0.560) (-0.160)

4th Quartile LPs 0.142 5.180** -0.329 -0.621 -0.011 -5.336*** 0.048 0.289
(0.127) (2.131) (-0.258) (-0.330) (-0.026) (-2.809) (0.079) (0.553)

Ln fund size 0.242 -1.748 1.287 -3.311 -0.237 -1.098 0.221 -0.414
(0.256) (-0.726) (1.219) (-1.258) (-0.767) (-0.862) (0.424) (-1.026)

Ln LP Experience -0.728* 2.155* -0.766* -0.350 0.061 -2.353*** 0.159 0.170
(-1.902) (1.870) (-1.722) (-0.588) (0.490) (-3.181) (0.709) (1.212)

Constant 16.852*** 16.828 10.781 37.792** 16.765*** 28.334*** 11.768*** 18.724***
(2.710) (1.111) (1.487) (2.329) (7.220) (2.914) (3.207) (5.947)

Observations 1,519 203 918 391 19,462 1,245 7,335 10,877
R-squared 0.455 0.835 0.477 0.399 0.276 0.428 0.386 0.297
Year FE YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund
Adjusted R-squared 0.425 0.810 0.446 0.319 0.272 0.412 0.379 0.291
F test 1.393 2.091 1.237 0.748 0.500 2.234 0.542 0.840
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Table 12: Probability of LPs investing in different quartile GPs

The table shows the probability of LPs investing in different quartile GPs. We employ probit
models (equation 5) where the dependent variable in columns (1) and (4) equals one if the LP
is classified as a 1st quartile LP and zero otherwise. In columns (2) and (5), the dependent
variable equals one if the investor is classified as a 1st quartile LP and has illiquidity-tolerant
characteristics. Finally, in columns (3) and (6), the dependent variable equals one for LPs that
are in the 1st quartile but not categorized as illiquidity-tolerant investors. The definitions of
illiquidity-tolerant investors can be found in Section 1.6.1. The analysis is at the LP level.
The main independent variable, is a categorical variable that assigns each GP to one of four
centrality quartiles. 1st Quartiles GPs are the base and will be omitted in the regressions. Ln
LP Experience is the natural logarithm of the total number of LPs investments prior to the
current fund. Vintage year and LP country fixed effect are added, including cluster at the fund
level. "***" "**" and "*" indicate significance levels at 1%, 5%, and 10%, respectively.

VC Funds BO Funds

(1) (2) (3) (4) (5) (6)
Dependent Variable D_1: 1QLP D_1: 1QLP Illiquidant D_1: 1QLP Non-Illiquidant D_1: 1QLP D_1: 1QLP Illiquidant D_1: 1QLP Non-Illiquidant

D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs

1991-2015 1991-2015 1991-2015 1991-2015 1991-2015 1991-2015

1st Quartile GPs - - - - - -

2nd Quartile GPs -0.398*** -0.247*** -0.139*** -0.197*** -0.161*** 0.011
(-6.910) (-4.796) (-2.720) (-4.807) (-4.322) (0.289)

3rd Quartile GPs -0.621*** -0.528*** -0.094 -0.321*** -0.284*** 0.043
(-7.900) (-8.157) (-1.306) (-6.253) (-5.436) (0.920)

4th Quartile GPs -0.750*** -0.543*** -0.268** -0.587*** -0.436*** -0.083
(-7.442) (-5.428) (-2.391) (-8.121) (-5.052) (-1.210)

Ln LP Experience 1.106*** 0.771*** 0.352*** 1.446*** 0.752*** 0.609***
(30.266) (26.658) (14.539) (62.306) (48.632) (38.865)

Constant -0.269 -0.165 -0.752* -0.392 0.147 -3.075***
(-0.740) (-0.717) (-1.901) (-0.910) (0.423) (-10.204)

Observations 5,768 5,546 5,653 15,185 13,976 15,075
Year FE YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES
Others FE YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund
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Table 13: Proportion of LP categories investing in VC and BO funds by GP quartile positions

This table presents the proportion of LP categories investing in VC and BO funds from 1991 to
2015, segmented by GP quartile positions. The LP categories are based on Preqin classifications,
with adjustments as recommended by Sensoy et al. (2014). We consolidated several categories
into three new groups: Illiquidity Tolerant, Sensitive, and Other LPs. The Illiquidity Tolerant
group includes corporate and public pension funds, as well as endowments. The Sensitive group
consists of banks, finance companies, insurance companies, and investment firms. The Other
LPs group includes advisors and other categories. GP quartile rankings were determined using
network theory. Columns (5), (6), and (7) display the results of mean difference tests between
categories across GP quartiles. Panel A shows results for VC investments, Panel B for BO
investments, and Panel C highlights the differences in proportions between 1st quartile GPs in
VC and various GPs in BO funds. Significance levels are denoted by "***", "**", and "*",
representing 1%, 5%, and 10% significance, respectively.
Panel A - Venture Capital Funds (1) (2) (3) (4) (5) (6) (7)
% LPs Categories 1Q GPs 2Q GPs 3Q GPs 4Q GPs ∆% 1Q x 2Q ∆% 1Q x 3Q ∆% 1Q x 4Q

Advisors 17,4% 17,2% 20,0% 17,8% 1,44% -2,59% -0,38%
Banks and Finance Companies 0,1% 0,3% 1,3% 5,4% -0,17% * -1,22% *** -5,27% ***
Corporate Pension Funds 22,9% 22,6% 14,6% 11,6% 0,30% 8,26%*** 11,34% ***
Endowment Plan 16,7% 18,1% 19,1% 10,9% -1,34% -2,37% 5,79% ***
Insurance Company 3,8% 7,2% 4,9% 8,8% -3,44%*** -1,10% -4,95% ***
Investment firms 2,4% 3,0% 4,4% 5,4% -0,55% -1,96%** -2,92% ***
Others 3,8% 3,3% 4,4% 19,0% 0,52% -0,58% -15,14% ***
Public Pension Fund 32,8% 28,3% 31,2% 21,3% 4,54%** 1,57% 11,54% ***

Illiquidant Tolerant LPs 72,5% 69,0% 65,0% 43,8% 3,49% * 7,45% *** 28,66% ***
Sensitive LPs 6,3% 10,5% 10,6% 19,5% -4,16% *** -4,28% *** -13,14%***
Others 21,2% 20,5% 24,4% 36,7% 0,67% -3,17% -15,52%***

Panel B - Buyout Funds
% LPs Categories 1Q GPs 2Q GPs 3Q GPs 4Q GPs ∆% 1Q x 2Q ∆% 1Q x 3Q ∆% 1Q x 4Q

Advisors 17,6% 19,6% 21,5% 26,1% -2,05% -3,92% ** -8,48% ***
Banks and Finance Companies 1,6% 1,1% 1,2% 2,9% 0,54% * 0,44% -1,32% *
Corporate Pension Funds 19,7% 21,7% 17,4% 13,3% -2,08% * 2,29% * 6,33% ***
Endowment Plan 13,2% 11,0% 10,0% 10,7% 2,21% ** 3,20% *** 2,52% *
Insurance Company 8,1% 10,9% 14,3% 15,4% -2,88% *** -6,23% *** -7,30% ***
Investment firms 2,3% 2,2% 3,2% 3,3% 0,11% -0,89% * -0,97% *
Others 3,1% 3,1% 3,8% 8,0% 0,01% -0,75% -4,94% ***
Public Pension Fund 34,5% 30,3% 28,6% 20,3% 4,14% *** 5,85% *** 14,15% ***

Illiquidant Tolerant LPs 67,4% 63,1% 56,0% 44,4% 4,28% ** 11,35% *** 23,00% ***
Sensitive LPs 12,0% 14,2% 18,7% 21,6% -2,23% ** -6,68% *** -9,58% ***
Others 20,7% 22,7% 25,3% 34,1% -2,04% -4,67% *** -13,42% ***

Panel C - Difference 1Q VC x BO´s GPs
% LPs categories - 1Q VC GPs 1Q VC GPs

Illiquidant Tolerant LPs 72,5% 72,5% 72,5% 72,5%
Sensitive LPs 6,3% 6,3% 6,3% 6,3%
Others 21,2% 21,2% 21,2% 21,2%

% LPs categories - BO GPs 1Q BO GPs 2Q BO GPs 3Q BO GPs 4Q BO GPs

Illiquidant Tolerant LPs 67,4% 63,1% 56,0% 44,4%
Sensitive LPs 12,0% 14,2% 18,7% 21,6%
Others 20,7% 22,7% 25,3% 34,1%

∆% 1Q VC x BO GPs
Illiquidant Tolerant LPs 5,10% *** 9,38% *** 16,45% *** 28,10% ***
Sensitive LPs -5,65% *** -7,88% *** -12,33% *** -15,23% ***
Others 0,55% -1,50% -4,12% ** -12,87% ***
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Table 14: Proportion of categories by LPs centrality quartiles

This table presents the proportion of LP categories, as defined in Table 13, segmented by LP
quartile positions. Columns (5), (6), and (7) provide the results of mean difference tests between
categories across GP quartiles. Panel A shows the results for VC investments, while Panel B
presents those for BO investments. Significance levels are denoted by "***", "**", and "*",
representing 1%, 5%, and 10% significance, respectively.
Panel A - Venture Capital Funds (1) (2) (3) (4) (5) (6) (7)
% LPs Categories 1Q GPs 2Q GPs 3Q GPs 4Q GPs ∆% 1Q x 2Q ∆% 1Q x 3Q ∆% 1Q x 4Q

1Q LPs 38,6% 29,0% 19,4% 7,9% 9,65% *** 19,26%*** 30,70%***
Illiquidant Tolerant LPs 2Q LPs 11,8% 13,6% 11,9% 5,5% -1,76% -0,11% 6,29% ***

3Q LPs 5,9% 6,9% 8,0% 5,0% -1,02% -2,06%* 0,93%
4Q LPs 16,1% 19,5% 25,8% 25,4% -3,38% * -9,64% *** -9,26% ***

Total 72,5% 69,0% 65,0% 43,8% 3,49% * 7,45% *** 28,66% ***

1Q LPs 2,0% 2,4% 1,7% 0,8% -0,39% 0,34% 1,25% ***
Sensitive LPs 2Q LPs 1,1% 2,2% 1,0% 1,2% -1,16% ** 0,04% -0,10%

3Q LPs 1,4% 1,5% 1,3% 1,4% -0,11% 0,07% -0,03%
4Q LPs 1,8% 4,3% 6,5% 16,1% -2,49% *** -4,73% *** 14,25% ***

Total 6,3% 10,5% 10,6% 19,5% -4,16% *** -4,28% *** -13,14%***

1Q LPs 10,7% 7,3% 6,6% 1,5% 3,35% *** 4,09% *** 9,23% ***
Others 2Q LPs 3,4% 3,7% 5,9% 3,5% -0,28% -2,50% *** -5,84%

3Q LPs 1,6% 2,1% 2,8% 2,2% -0,51% -1,23%** -0,56%
4Q LPs 5,5% 7,4% 9,0% 29,6% -1,89% * -3,54% *** -24,14% ***

Total 21,2% 20,5% 24,4% 36,7% 0,67% -3,17% -15,52%***

Panel B - Buyout Funds
% LPs Categories 1Q GPs 2Q GPs 3Q GPs 4Q GPs ∆% 1Q x 2Q ∆% 1Q x 3Q ∆% 1Q x 4Q

1Q LPs 32,3% 27,0% 23,8% 15,4% 5,27% *** 8,43% *** 16,87% ***
Illiquidant Tolerant LPs 2Q LPs 11,3% 11,4% 9,4% 6,9% -0,07% 1,91% ** 4,40% ***

3Q LPs 5,9% 6,0% 5,0% 3,9% -0,04% 0,94% 2,05% ***
4Q LPs 17,9% 18,7% 17,8% 18,2% -0,89% 0,07% -0,33%

Total 67,4% 63,1% 56,0% 44,4% 4,28% ** 11,35% *** 23,00% ***

1Q LPs 5,0% 5,2% 4,8% 4,4% -0,20% 0,13% 0,55%
Sensitive LPs 2Q LPs 1,5% 2,2% 2,7% 3,2% -0,64% ** -1,20% *** -1,64% **

3Q LPs 1,2% 1,9% 2,8% 3,3% -0,66% ** -1,57% *** -2,07% ***
4Q LPs 4,3% 5,0% 8,3% 10,7% -0,72% -4,04% *** -6,43% ***

Total 12,0% 14,2% 18,7% 21,6% -2,23% ** -6,68% *** -9,58% ***

1Q LPs 9,3% 9,9% 10,0% 8,1% -0,56% -0,68% 1,21%
Others 2Q LPs 3,0% 3,2% 3,1% 3,7% -0,12% -0,08% -0,66%

3Q LPs 2,0% 2,3% 2,7% 4,1% -0,34% -0,76% -2,11% ***
4Q LPs 6,3% 7,3% 9,4% 18,2% -1,02% -3,14% *** -11.85% ***

Total 20,7% 22,7% 25,3% 34,1% -2,04% -4,67% *** -13,42% ***
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1.8 Additional Data - Appendix

Table A1: Descriptive Statistics on 1st Quartile LP Turnover

The table presents descriptive statistics on 1st quartile LP turnover in VC and BO funds.
Columns (1) and (4) report the number of years LPs remain in the 1st quartile after initially
reaching this status. Columns (2) and (3) display the number of years LPs appear in the database
after attaining 1st quartile status, regardless of whether they maintain their 1st quartile classi-
fication or move to other quartiles. Finally, columns (5) and (6) show the proportion of years
LPs maintain their 1st quartile classification after first achieving it.

(1) (2) (3) (4) (5) (6)
# of Years # of Years after % of Years # of Years # of Years after % of Years
as 1Q LP becoming 1Q LP as 1Q LP as 1Q LP becoming 1Q LP as 1Q LP

VC Funds BO Funds
Average 7,2 11,3 67,2% 7,3 10,4 71,1%
Median 6,0 10,0 73,3% 6,0 10,0 80,0%
Stdv. 5,4 5,8 31,4% 5,5 5,7 30,2%
Max. 25,0 25,0 100,0% 25,0 25,0 100,0%
Min. 1,0 1,0 4,0% 1,0 1,0 7,7%
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Table A2: Appendix - Probability of LPs investing in different quartile GPs

This table is similar to Table 12, with the only difference being that the analysis is extended to the subperiods 1991-1998, 1999-2006, and 2007-2015.
All dependent and independent variables, controls, fixed effects, and clustering methods remain the same as those specified in Table 12.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Dependent Variable D_1: 1QLP D_1: 1QLP D_1: 1QLP D_1: 1QLP D_1: 1QLP Illiquidant D_1: 1QLP Illiquidant D_1: 1QLP Illiquidant D_1: 1QLP Illiquidant D_1: 1QLP Non-Illiquidant D_1: 1QLP Non-Illiquidant D_1: 1QLP Non-Illiquidant D_1: 1QLP Non-Illiquidant
D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs D_0: Others LPs

1991-2015 1991-1998 1999-2006 2007-2015 1991-2015 1991-1998 1999-2006 2007-2015 1991-2015 1991-1998 1999-2006 2007-2015

Panel A: VC Funds
1st Quartile GPs - - - - - - - - - - - -

2nd Quartile GPs -0.398*** -0.470*** -0.319*** -0.486*** -0.247*** -0.314*** -0.098 -0.428*** -0.139*** -0.275* -0.206*** -0.013
(-6.910) (-3.420) (-3.664) (-4.850) (-4.796) (-2.637) (-1.416) (-4.768) (-2.720) (-1.781) (-3.248) (-0.122)

3rd Quartile GPs -0.621*** -0.734*** -0.596*** -0.645*** -0.528*** -0.874*** -0.407*** -0.569*** -0.094 0.059 -0.136 -0.074
(-7.900) (-3.678) (-5.620) (-4.352) (-8.157) (-6.160) (-4.200) (-4.882) (-1.306) (0.351) (-1.380) (-0.522)

4th Quartile GPs -0.750*** -0.630*** -0.927*** -0.652*** -0.543*** -0.511*** -0.673*** -0.475** -0.268** -0.258 -0.267 -0.238
(-7.442) (-2.931) (-7.135) (-3.071) (-5.428) (-3.073) (-4.293) (-2.196) (-2.391) (-1.373) (-1.475) (-1.217)

Ln LP Experience 1.106*** 1.440*** 1.382*** 0.802*** 0.771*** 1.526*** 0.845*** 0.600*** 0.352*** 0.004 0.451*** 0.264***
(30.266) (14.044) (24.884) (18.285) (26.658) (12.888) (23.024) (15.043) (14.539) (0.050) (12.582) (7.300)

Constant -0.269 -0.566** -5.372*** -1.985*** -0.165 -0.994*** -3.669*** -2.029*** -0.752* -1.300*** -2.944*** -0.719*
(-0.740) (-2.544) (-18.086) (-4.657) (-0.717) (-4.455) (-15.535) (-7.267) (-1.901) (-4.160) (-13.265) (-1.771)

Observations 5,768 662 3,034 2,005 5,546 662 2,908 1,936 5,653 662 2,984 1,940
Year FE YES YES YES YES YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund

(13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24)

Panel B: BO Funds
1st Quartile GPs - - - - - - - - - - - -

2nd Quartile GPs -0.197*** -0.147 -0.166*** -0.261*** -0.161*** -0.135 -0.163** -0.180*** 0.011 0.002 0.019 0.010
(-4.807) (-1.318) (-2.697) (-4.064) (-4.322) (-1.322) (-2.359) (-3.459) (0.289) (0.017) (0.318) (0.192)

3rd Quartile GPs -0.321*** -0.016 -0.204*** -0.467*** -0.284*** -0.108 -0.296*** -0.299*** 0.043 0.047 0.120* -0.016
(-6.253) (-0.110) (-2.860) (-6.159) (-5.436) (-0.770) (-3.270) (-4.238) (0.920) (0.223) (1.744) (-0.241)

4th Quartile GPs -0.587*** -0.426* -0.497*** -0.720*** -0.436*** -0.323 -0.510*** -0.421*** -0.083 -3.821*** 0.037 -0.146
(-8.121) (-1.860) (-3.820) (-7.092) (-5.052) (-1.487) (-3.236) (-3.292) (-1.210) (-16.239) (0.311) (-1.540)

Ln LP Experience 1.446*** 1.781*** 1.453*** 1.435*** 0.752*** 1.391*** 0.836*** 0.671*** 0.609*** 0.632*** 0.572*** 0.628***
(62.306) (19.925) (42.300) (43.867) (48.632) (17.406) (29.703) (37.572) (38.865) (6.016) (24.048) (28.832)

Constant -0.392 1.019 -3.791*** -4.601*** 0.147 1.231* -2.139*** -2.918*** -3.075*** -3.249*** -3.153*** -2.051***
(-0.910) (1.640) (-18.331) (-14.175) (0.423) (1.930) (-10.327) (-11.750) (-10.204) (-8.345) (-17.630) (-6.218)

Observations 15,185 1,012 5,702 8,305 13,976 981 5,241 7,568 15,075 899 5,699 8,280
Year FE YES YES YES YES YES YES YES YES YES YES YES YES
LP Country FE YES YES YES YES YES YES YES YES YES YES YES YES
Others FE YES YES YES YES YES YES YES YES YES YES YES YES
Cluster Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund Fund
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Figure 1: LPs Quartile Returns (Net IRR%) Distributions
The figure illustrates the performance distribution for each LP quartile in VC funds from 1991
to 2015. Performance is represented by Net IRR (%) with a 1% windsorization applied. This
distribution exclusively encompasses LPs with 5 or more prior experiences in PE investments,
reflecting the data utilized in the regressions detailed in Table 4. The separation into quartiles
was by the LPs centrality measures captured by network connections using the ex-ante strategy.
First, we constructed networks by utilizing co-investments made by LPs in the previous five
years to extract eigenvector centrality measures. Afterwards, LPs were classified into quartiles
given the centrality measures. LPs categorized in the first quartile exhibit the highest degree of
centrality, while those in the fourth quartile demonstrate the lowest centrality measure within
the network.
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Figure 2: Overlap LPs Quartile (Net IRR%) Distributions
The figure displays the overlap performance distribution (Net IRR% Windsorized at 1% using
the same data points as table 4) between returns from LPs classified as 1Q and those in other
quartiles. The aim is to provide a more comprehensive analysis to identify potential outliers influ-
encing results by integrating a visual comparison of the tail distributions between LPs quartiles.
Additionally, a summary statistics table presents return distribution details including skewness,
kurtosis, maximum (in %), and minimum values (in %).
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2 Limited partners persistence as the key to predictive

performance in venture capital

Abstract

This paper provides evidence supporting an alternative predictor for performance
in venture capital (VC) - limited partner (LP) Persistence, rather than using the
well-known previous fund performance. This offers empirical validation for several
theories related to LP persistence, where investors reinvest in both previous and
current funds managed by the same general partner (GP). Moreover, using a novel
identification strategy, we apply Network Theory to identify persistent LPs, which
enhances the robustness of the predictive results. Lastly, we observe a concave
relationship between performance and the quantity of LPs reinvesting in follow-on
funds, suggesting diminishing returns associated with the addition of new LPs.

Keywords: Venture Capital, Limited partners, Performance Persistence, Networks
JEL Classification: G11; G23; G24; D85
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2.1 Introduction

A widely recognized phenomenon in the realm of venture capital (VC) is the presence
of fund performance persistence (Chung, 2012; Harris et al., 2023; Kaplan and Schoar,
2005; Korteweg and Sorensen, 2017; Phalippou, 2010; Robinson and Sensoy, 2016). This
indicates that the previous performance of funds has the potential to predict current fund
performance within the same general partner (GP). While the inference is straightfor-
ward, obtaining access to previous performance information proves to be challenging and
occasionally imprecise. In this paper, we explore an alternative predictive variable, specif-
ically the concept of limited partner (LP) persistence, where investors reinvest in both
previous and current funds managed by the same GP.

Obtaining previous performance can be challenging for several reasons. When a new
current fund is raised, LPs typically do not have the final performance figures from the
previous fund, as it may still be in operation. Some may have interim performance data,
but conflicting results in various papers add to the uncertainty. Even if we settle on
a performance metric for forecasting and address database differences, the information
remains an estimation rather than definitive data17. On the other hand, using LPs for
predictions provides hard data that can be potentially captured from previous but also
for the current fund18, even before final returns are available.

As defined by the theory from Hochberg et al. (2014), LP persistence means that, condi-
tional on a current fund being raised, LPs who invested in a previous fund invests in that
GP´s current fund. While the primary focus of the theory is to elucidate fund performance
persistence, one of its several assumptions highlights the presence of LP persistence. The
rationale behind this concept lies in the notion that incumbent LPs possess a superior
ability to discern the skills of GPs compared to external LPs. Given the substantial pres-
ence of asymmetric information in the VC landscape, the decision of incumbent LPs not
to invest could signal a perceived lack of confidence, potentially portraying the investment
as unfavorable for external LPs. This dynamic creates what the authors term as "infor-
mational hold-up power" for incumbent LPs. This power allows them to negotiate more

17As an example, Harris et al. (2023) finds persistence in VC funds for periods post-2000, using interim
fund performance from the previous fund when raising a new fund. However, they rely on PME (Public
Market Equivalent) metrics, while Net IRR does not show the same persistence. Additionally, their
analysis is based on the Burgiss database, widely used in studies involving cash flow data, which offers
broader coverage compared to other popular market databases. Importantly, interim performance remains
an estimate, and even though it accounts for real cash flow data, these performance metrics also consider
valuations, which are not hard data but include projections provided by GPs that can still change over
time.

18Investments in private equity typically rely on closed-end funds, wherein investors commit capital
for the entire lifespan of the fund. While we recognize that the secondary market can serve as an exit
option, it generally does not represent the norm. From the inception of the fund, LPs typically remain
the same until the fund’s end.
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advantageous terms and fees with promising GPs for their follow-on funds, establishing a
foundation for fund performance persistence. Therefore, LP persistence becomes a critical
assumption for the realization of this phenomenon.

In addition, theories from Lerner and Schoar (2004); Maurin et al. (2023) also mentions the
existence of LPs persistence as an output of the fund performance persistence phenomena.
Maurin et al. (2023) demonstrate that successful GPs have the ability to cherry-pick LPs
whom they classify as illiquidant-tolerant. Consequently, successful GPs implies a higher
likelihood of reinvestment by these LPs, leveraging the phenomenon of LP persistence.
Also, Lerner and Schoar (2004) highlight GPs’ preference for certain LPs, referred to as
’deep-pocket investors. In their model, this prevents successful GPs from losing funding
for current funds due to LPs’ own liquidity issues, which could otherwise signal potential
problems to outside investors. As a result, GPs may offer products at different prices to
secure the commitment of certain LPs, ensuring persistent returns for those investors who
are less sensitive to liquidity risk.

The empirical literature on LP persistence is relatively limited, with contributions ex-
tending into diverse fields beyond VC. For instance, Sleptcova and Falkenbach (2021)
demonstrates that LP reinvestment can function as a signal of managerial skill for Pri-
vate Equity Real Estate (PERE) funds. This finding suggests a broader application of
LP persistence beyond the traditional VC context. Lerner and Schoar (2004) empirically
test that LPs can anticipate poor subsequent performance funds and usually maintain
high degree of continuity in successive funds. Despite their findings yielding interesting
results, their sample size consisted of only two LPs and their investments. Ljungqvist
et al. (2009), an earlier iteration of Hochberg et al. (2014) work, reveals that a larger pro-
portion of LPs reinvest in follow-on funds when the current fund performance is higher.
This observation aligns with the idea that higher previous fund performance serves as a
predictive indicator for current fund success.

The dataset for this study is sourced from Preqin©, a platform specializing in alternative
investments. It includes VC funds from various countries, with vintage years spanning
1991 to 2015, and data on fund performance, LPs, and GPs. To assess LP persistence,
we first identify sequential funds from the same GP using the methodology outlined by
Harris et al. (2023), recognizing that simply sorting by GP and vintage year does not fully
capture fund sequences. After screening the original dataset of 1,021 funds, we identify
536 funds where fund sequences are reliably traced.

Identifying LPs that reinvest in sequential funds (LP persistence) and evaluating their
predictive power differs from previous studies in two key ways. First, we use the total
number of LP reinvestors as the explanatory variable and leverage a comprehensive dataset
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from the VC industry. Second, in a novel identification strategy, we apply network theory
to identify specific LPs more likely to serve as quality signalers, rather than tracking all
LPs that are reinvestors. Making the empirical assumption that all LPs possess identical
capabilities to evaluate GPs and financial/liquidity capacity for reinvestment is a strong
assertion. LPs exhibit variations in skills, prestige, liquidity for new or reinvestments,
geographical locations, investment strategies, and other factors. Studies such as Lerner
et al. (2007) and Cavagnaro et al. (2019) shows the considerable diversity among LPs in
terms of returns.

When we apply Network Theory to identify specific LPs, referred to as persistent LPs19,
we recognize that they may carry more information during the reinvestment process com-
pared to other LPs. Network Theory helps to identify these persistent LPs through their
consistent relationships with GPs and other LPs. As noted by Hochberg et al. (2014);
Lerner and Schoar (2004); Maurin et al. (2023), top-performing GPs consistently match
with the same LPs to reinvest in their successful funds, a pattern that Network Theory
can effectively capture. We utilize rolling window data covering the five years leading up
to the funds’ vintage years to build networks, aiming to mitigate potential endogeneity
concerns. To distinguish among LPs, we classify them into quartiles based on their eigen-
vector centrality measures. In essence, LPs in the top quartile of eigenvector measures
serve as our proxy for persistent LPs ("1st quartile LPs"). The objective is to establish
a replicable process for identifying persistent LPs, leveraging Network Theory to achieve
this goal.

Our results demonstrate that LP persistence serves as a viable predictive variable for
fund performance in the VC, considering both all LP reinvestors and those identified as
persistent through network theory. Notably, the significance of persistent LPs enhances
our ability to capture predictive information. Accessing data on these persistent LPs
may prove easier than gathering information on all LP reinvestors or employing some
interim performance metrics. Consequently, this metric holds particular appeal for prac-
tical applications. The relationship between LP persistence and performance is concave,
indicating diminishing returns as more LPs reinvest. This suggests that while initial rein-
vestment by LPs correlates with higher fund performance, the positive impact decreases
as the number of reinvesting LPs grows.

To address potential concerns, we conduct some robustness tests. In addition to incorpo-
rating typical fixed effects and clustering when analyzing fund performance, we also run
a robust regression to address potential outliers that could skew our results. These tests

19Similar methods are employed by Hochberg et al. (2007); Nanda et al. (2020), who use network
analysis to identify persistent GPs.
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confirm the validity of our findings, even when the sample is divided into distinct periods,
reinforcing the consistency of our conclusions.

We also analyze the proportion of LPs reinvesting in the funds and find a positive linear
relationship, indicating that a higher proportion of reinvesting LPs is associated with bet-
ter fund performance. However, this effect is significant only when considering persistent
LPs, while other LPs do not exhibit any significant predictive impact. This finding aligns
with our understanding that a higher proportion of reinvesting LPs, typically those who
maintain a persistent relationship with GPs, can serve as a strong signal of a GP’s higher
quality.

In addition, we examine how LP persistence associates with fund size and sequence num-
ber. Our analysis reveals a positive linear relationship, indicating that LPs tend to reinvest
more in larger and later-sequence funds launched by GPs. However, when incorporating
performance metrics, we find a significant concave relationship between the number of
reinvestors and performance. In other words, the number of reinvestors should be evalu-
ated not only in relation to fund size and sequence but also in terms of performance.

Our contribution is fourfold. To the best of our knowledge, this is the first paper to di-
rectly utilize the underlying assumptions and outputs of the theories from Hochberg et al.
(2014); Lerner and Schoar (2004); Maurin et al. (2023) to predict fund performance in
VC, leveraging LP information from comprehensive industry-wide data. Previous studies
have typically relied on proxies, small sample size or data from other sectors, making our
approach more direct and broadly replicable in VC. Second, we introduce a novel approach
to distinguishing LPs using Network Theory, aiding in the identification of high-quality
signalizers. Third, we explore predictive models that capture the dynamics of LP rein-
vestment behavior and its impact on VC fund performance, offering practical implications
for both GPs and LPs in fund management and investment strategies. Fourth, our re-
sults show that top-performing funds are associated with persistent LPs reinvesting, and a
high proportion of these reinvestors within the fund further signals its quality in delivering
superior returns.

The remainder of the paper is organized as follows. Section II presents the data set and
summary statistics used in the analysis and Section III details the methodology used
including the results. Section IV concludes the paper.
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2.2 The Data and Summary Statistics

The dataset utilized in this study was sourced from Preqin©, a specialized platform for
alternative investments. It encompasses PE funds from various countries with vintage
years ranging from 1991 to 2015, and information about these funds, including details
about their performance, LPs, and GPs, is gathered as of 2022. To further consolidate
the performance dataset, we exclude funds launched after 2015, ensuring a more com-
prehensive set of performance information. This methodology aligns with approaches
adopted by Kaplan and Schoar (2005), Hochberg et al. (2007), Sensoy et al. (2014), and
Harris et al. (2023). The modeling dataset consists of 1,021 VC funds (table A3 panel A),
each with a minimum of 2 LPs.

To assess LP persistence in our paper, it is imperative to address three key components:
(1) identifying the sequence of funds and (2) capturing LPs persistence (3) determining
the methodology for identifying persistent (1st quartile - 1Q) LPs using Network Theory.

2.2.1 Identifying the sequence of funds

To establish the sequence of funds, including both previous and current funds, we adopted
the methodology proposed by Harris et al. (2023). We meticulously integrated their
recommendations, recognizing that a simplistic sorting based solely on GP and vintage
year might not yield optimal sequences.

Our initial step involved sorting the database by name, GP, vintage year, and fund number
sequence. To ensure a consistent risk profile among sequential funds, we examined fund
names, leveraging their numerical identifiers to aid in accurate sequencing. We refined
this sorting by excluding funds that did not align their subdivision class20 and/or primary
region of operation. For example, if a sequence of funds that initially began investing in
Europe and later shifted their focus to Asia, their sequence might have been revised
or entirely excluded. In addition, we excluded funds with explicit indications of different
characteristics, such as annex, side, tandem, auxiliary, supplemental, and class "B" funds.

Following the sorting and filtering process, we scrutinized the fund number sequence to
identify adjacent pairs suitable for analysis. Adhering to the recommendation by Harris
et al. (2023), if we have 1,2,4 and 5 from the original fund sequence, we have two adjacent
pairs that we can analyze. While our selection criteria resulted in a reduction in the

20For VC funds, data from all available subdivisions in the Preqin database were collected, encompassing
Venture (General), Early Stage, Early Stage: Start-up, Early Stage: Seed, and Expansion / Late Stage.
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number of funds available for regression, we believe this strict approach enhances the
robustness of our results. In panel B of Table A3, our dataset consists of 536 funds with
sequence information.

2.2.2 Capturing LP persistence

In the paper by Ljungqvist et al. (2009), which serves as a precursor to the updated
version presented by Hochberg et al. (2014), LP persistence is defined as follows (pg.13):
" [...]Conditional on a follow-on fund being raised, LPs who invested in a GP´s first fund
should invest in that GP´s follow-on fund.". In panel A of table A4, we observe the
summary statistics of all LPs reinvestments in funds for each vintage.

However, our investigation extends to examining whether LP persistence retains its pre-
dictive power amidst the occurrence of multiple follow-on funds. The authors suggest two
potential scenarios regarding the evolution of return persistence under the LP persistence
assumption. First, if GPs types are constant over time, persistence should eventually
diminish for sufficiently high fund sequence numbers. This reduction is attributed to
the accumulation of hard information, such as audited returns, allowing outside LPs to
eventually deduce the GP’s type accurately. Secondly, if GP types do not exhibit perfect
positive correlation over time —indicating potential variations in partner teams and di-
verse dynamics across a VC firm’s funds — some degree of persistence may endure even
for high fund sequence numbers. In such instances, incumbent LPs maintain an informa-
tional advantage over external LPs by receiving soft information about the evolving team
dynamics.

In theory, LP persistence may retain its predictive power when analyzing multiple follow-
on funds, particularly under the assumption that GP type is not perfectly correlated over
time—a hypothesis we find plausible.

To measure LP persistence, we identify the number of LPs that invest in consecutive
pairs of funds, indicating the presence of these same LPs in both the previous and current
funds managed by a given GP. Furthermore, to assess whether specific LPs may convey
superior information to external LPs, we employed network theory, as detailed in the next
subsection 2.2.3. In panel B of Table A4, we examine the summary statistics for all LPs
reinvesting and persistent LPs (top central LPs) in funds for each vintage.
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2.2.3 Identifying persistent LPs using network theory

In addition to analyzing all investors who reinvest from previous to current funds with
the same GP, we also identify specific LPs that may convey superior information, rather
than relying on all reinvesting LPs. To achieve this, we use network theory21 to capture
persistent LPs—those with strong, consistent relationships with GPs—which may signal
better information as they are more exposed to potentially successful GPs. The focus of
this analysis is at the LP level, specifically examining the evolving relationships between
LPs and GPs. Network Theory, a widely employed tool in various disciplines such as logis-
tics, ecology, and social sciences, proves instrumental in identifying key aspects like lead
investors, connectors, and persistent investors—essentially shedding light on influential
LPs and their centrality levels.

In the context of this paper, networks consist of nodes and edges, where nodes represent
LPs and edges signify co-investments between two LPs within the same fund, thereby
sharing exposure to the same GPs. These edges can be categorized as either directed or
undirected, and for the purposes of this paper, all edges will be considered undirected.
This approach allows us to capture not only potential patterns of persistent investment
among LPs but also the evolution of their relationships with GPs.

In accordance with Jackson et al. (2008), centrality involves four distinct measures: De-
gree, Betweenness, Closeness, and Neighbor Characteristics. Each measure serves specific
purposes and captures different aspects of centrality. For this paper, the Neighbor Charac-
teristics measure, specifically Eigenvector, is deemed most suitable. Eigenvector centrality
identifies vertices with the greatest influence in the network, emphasizing connections with
other influential nodes (Bonacich, 1972,8; Bonacich and Lloyd, 2001). This measure has
found application in various studies, particularly those focused on information transmis-
sion (Di Maggio et al., 2019; Hochberg et al., 2007; Nanda et al., 2020).

The construction of networks, aimed at extracting LPs’ centrality measures, follows an
ex-ante strategy, similar to the approach outlined by Hochberg et al. (2007). Recognizing
the dynamic nature of investor relationships due to market entries and exits over the years,
a connection network is built for each year of analysis. Given that the paper spans from
1991 to 2015, encompassing 25 years, a total of 25 networks are constructed. Notably, for
the creation of networks in a specific period (t), the preceding 5 years of that period (t)
are considered. For instance, to analyze the ex-ante network of 2015, information from
the years 2010-2014 is utilized.

21For an in-depth exploration of network theory and analysis, refer to Easley et al. (2010), Jackson
et al. (2008), and Jackson (2011).
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Since the LP network represents our main source of variation, and following a similar
approach as Di Maggio et al. (2019)22, we limit noise by focusing on LPs that are more
relevant in our context. Specifically, we restrict our networks to LPs with 5 or more
investments in VC, excluding less committed and focused LPs from the sample. Despite
this restriction, the remaining LPs still account for over 90% of all investments in the full
dataset.

Finally, for each of the 25 networks generated, we categorized the LPs into quartiles based
on their eigenvector measures. LPs falling within the 1st quartile represent investors with
the highest eigenvector centrality measures, showcasing significant persistence within the
network. Conversely, LPs placed in the 4th quartile are those with the lowest eigenvector
measures, indicating comparatively lower persistence. It is noteworthy that LPs may
experience varying classifications throughout the analyzed period, reflecting changes in
their centrality within the networks over time.

Why is it compelling to analyze persistent LPs? For at least two key reasons: First,
we believe that assuming all LPs have the same ability to evaluate GP skills and the
financial capacity for reinvestment is a strong assumption. LPs exhibit large variations
in skills, prestige, liquidity for new or reinvestments, geographical locations, investment
strategies/timing, and other factors. Studies such as Lerner et al. (2007) and Cavagnaro
et al. (2019) shows the considerable diversity among LPs in terms of returns. As we
analyze the forthcoming sections, it becomes evident that while incorporating all LPs
yields interesting outputs, the strength of the analysis is notably enhanced when focusing
solely on persistent LPs.

The second reason is the connection between LP persistence and various theories that
focus on fund performance persistence—a well-documented phenomenon in PE (Chung,
2012; Harris et al., 2023; Kaplan and Schoar, 2005; Korteweg and Sorensen, 2017; Phalip-
pou, 2010; Robinson and Sensoy, 2016). Theories proposed by Hochberg et al. (2014);
Lerner and Schoar (2004); Maurin et al. (2023) emphasize the significance and strong cor-
relation between LP persistence and fund performance persistence. This indicates that
GPs with successful performance tend to have LPs that consistently reinvest with them.
Using network theory to identify these persistent, privileged, and consistent reinvesting
LPs may yield better insights than analyzing all reinvesting LPs.

According to Hochberg et al. (2014), LP persistence refers to the tendency of LPs who
invested in a previous fund to reinvest in a GP’s current fund, driven by their superior

22This paper focuses on the network between brokers and institutional investors. They faced a sim-
ilar challenge to ours, where potentially noisy data could affect their results. To mitigate this, they
implemented a screening process, reducing their dataset by 20%.
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ability to evaluate GP skills, especially in the information-asymmetric VC environment.
This persistence is significant because it can signal confidence to other investors and
allow incumbent LPs to negotiate better terms with GPs. Theories by Lerner and Schoar
(2004) and Maurin et al. (2023) further support this concept, suggesting that successful
GPs prefer LPs who are tolerant of illiquidity, increasing the likelihood of reinvestment
and reinforcing the persistence of LPs. This dynamic helps GPs secure continued funding
from select LPs, ensuring stable returns despite potential liquidity challenges.
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2.3 Methodology and main empirical results

2.3.1 LP persistence and theory

Some theories suggest that GPs with superior-performing funds tend to have LPs who
consistently reinvest in their subsequent funds (Hochberg et al., 2014; Lerner and Schoar,
2004; Maurin et al., 2023). In this section, we investigate this pattern by comparing
the performance of funds with LP reinvestment (LP persistence) to those without LP
reinvestment. The basic empirical specification is as follows:

FundPerfit =β0 +
∑
k

α1,kDummyQuantityLPPersistenceit + α2fundsizeit (6)

+ α3Sequenceit + FE + εit

Our approach incorporates essential elements such as control variables (Ln of fund size
and Ln of fund sequence), fixed effect (vintage year), and cluster (GP). We employ the
methodology introduced by Kaplan and Schoar (2005), which analyzes fund performance
persistence; however, the key difference is the substitution of the classical previous fund
performance variable with a dummy variable that captures whether LPs reinvest or not.
The dummy variable is set to 1 if the fund has a specific number of LPs reinvesting and
0 otherwise (for funds with no LPs reinvesting). As we analyze relative performance, the
omitted dummy variable refers to funds with no LPs reinvesting.

Table A5 illustrates the results of LP persistence and performance, particularly when
compared to funds no with reinvestments. In panel A, the results encompass all LPs that
reinvest, whereas panel B specifically focuses on persistent LPs that reinvest, as identified
by Network Theory (as explained in section 2.2.3). This separation is important for
understanding the importance of signaling disparities among LPs.

In columns 1 to 6 of Table A5 from Panel A, we only begin to observe a statistically
performance advantage for funds with a high number of LPs reinvesting when compared
to those with no or very low LP reinvestment. However, even then, the significance is not
very strong or in some sub-periods non-existent. When examining Panel B, specifically
columns 11 and 14, which analyze reinvestments only from LPs classified as persistent, our
results diverge significantly. We observe not only a significant difference in the magnitude
of performance between funds with no persistent LPs reinvestments and those with a low
number of LPs reinvestments, but also a difference in the significance of the results. This
indicates that focusing on the reinvestment decisions of persistent LPs provides a better
signal of performance compared to analyzing all LPs that reinvest.

In the context of predictive analysis, it’s crucial to note that the findings from panel A
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don’t dismiss the significance of considering all reinvestors as predictors, as evidenced
by the contrary observation in column 4. Rather, it suggests that a larger pool of LP
reinvestors is necessary to effectively capture their signal for enhancing fund performance.
Conversely, in panel B, when we focus on selecting the persistent LPs as predictors,
their signal for improved fund quality is not only statistically stronger but also of greater
magnitude. This implies that only a handful of persistent LPs are needed to indicate
fund quality (or serve as a proxy for GP quality), thereby making this approach a more
straightforward predictive variable in practical terms.

The empirical findings from Table A5 panel B are strongly in line with the theoretical
framework proposed by Hochberg et al. (2014); Lerner and Schoar (2004); Maurin et al.
(2023) regarding LP persistence in the venture capital fund persistence theory. While
panel A correctly specifies from the theory that all LPs should be considered when an-
alyzing LP persistence, it becomes evident in a empirical setting that not all LPs fulfill
the underlying assumption of the theory effectively. In summary, we find indications that
utilizing Network theory to distinguish persistent LPs (as observed in panel B), helps us
to distinguish signal from noise, directing our attention towards LPs that may possess
superior information.

2.3.2 LP persistence and theory - some robustness checks

We conducted some robustness checks by dividing the sample into two vintage periods,
as Harris et al. (2023): (1) Pre-2001 and (2) Post-2000 funds. The corresponding results
are presented in columns 2, 3, 5, 6, 12, 13, 15, and 16 of Table A5, reaffirming our earlier
conclusions.

Additionally, we sought to assess the significance of reinvestment signals alongside the
most renowned predictive variable in VC fund performance: Previous fund performance.
Fund performance persistence in VC is widely acknowledged, with numerous research
papers exploring the topic and yielding ample evidence (Chung, 2012; Harris et al., 2023;
Kaplan and Schoar, 2005; Korteweg and Sorensen, 2017; Phalippou, 2010; Robinson and
Sensoy, 2016). In our case, we wanted to address the following question: How effectively
will our LP persistence variables perform when we include this widely known variable in
our equation?

In Table A5, panel A, specifically in columns 8, 9, and 10, we observe a considerable reduc-
tion in the significance of our explanatory variable when considering all LPs reinvesting.
In fact, in some instances, the significance even disappears entirely. On the other hand,
in panel B, specifically columns 18 and 20, when analyzing performance with persistent
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LPs, the significance generally holds. However, in column 19, we observe a notable loss of
significance, particularly for a high quantity of LPs reinvesting, which suggests a possible
issue due to the low number of these funds in the sample. Conversely, for lower numbers,
the results remain robust and significant.

2.3.3 LP persistence and performance

While the findings from the previous section 2.3.1 primarily highlight the relative per-
formance between funds with LP persistence and those lacking persistence, it prompts
the question: What conclusions can be drawn about returns in relation to the absolute
number of LPs reinvesting?

To address this question, we employ OLS regressions on our pooled cross-sectional data
to analyze the relationship between performance and the number of LPs reinvesting. Our
main empirical specification is as follows:

FundPerfit =β0 + α1QuantityLPsReinvestingit + α2QuantityLPsReinvesting2it (7)

+ α3Fundsizeit + α4Fundsize2it + α5Sequenceit + α6Sequence
2
it + FE + εit

The dependent variable is the performance metric (Net IRR%) and the main explanatory
variable is the quantity of LPs that are reinvesting from the previous to the current fund
(our LP persistence variable). We also include some control variables as natural logarithm
of the fund size (in millions) and sequences, with the inclusion of vintage years fixed effects
and clusters at the GP level. Additionally, we incorporated the quadratic form for each
explanatory variable to capture any non-linear relationship.

In Table A6, we present our findings regarding the relationship between performance
and the number of LPs reinvesting. Column 1 presents the classical fund performance
persistence equation, following the methodology outlined by Kaplan and Schoar (2005),
serving as a benchmark for comparing results with our LP persistence hypothesis.

In columns 2, 3, and 4, focusing on all the LPs that reinvested, we observe predictive power
for our LP persistence variable. Furthermore, the relationship appears to be slightly
concave, with the square variable for the quantity of reinvestors displaying a negative
and statistically significant coefficient. The concave relationship suggests that the best-
performing funds tend to have a smaller quantity of reinvestors. This observation aligns
with our understanding, as GPs may allocate the best funds to a smaller, privileged group
of LPs.

Columns 5, 6, and 7, with the predictive variable being the reinvestment of persistent
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LPs (those classified in the 1st quartile based on their centrality measure), exhibit greater
predictive strength. Furthermore, we also observe a concave relationship. Employing
persistent LPs enhances the significance of performance prediction. Interestingly, in prac-
tice, it may be more feasible to identify persistent LPs who reinvest, given their smaller
number, rather than encompassing all LPs investing in a particular fund. Furthermore,
the regression fit (Adjusted R-squared) is notably better when using only reinvesting LPs
as predictive variables compared to including all LPs.

In summary, our findings suggest that utilizing reinvestor LPs as predictive variables
yields significant insights on performance of funds. Moreover, employing Network Theory
to identify persistent LPs enhances the robustness of the predictive results observed.

2.3.4 LP Persistence and performance - some robustness tests

In Table A7, we conduct several robustness tests concerning LP persistence and perfor-
mance. First, in Panel A, we investigate whether funds with zero reinvestors introduce
any biases that could skew the regression results. Consequently, we limit our analysis to
funds with one or more LPs reinvesting, excluding those with zero reinvestors from the
sample. The results show that the coefficients remain consistently positive, significant,
and of comparable magnitude. This indicates that funds with zero reinvestors do not
exert any notable distortions on the conclusions drawn.

In panel B - table A7, we separate the regressions from columns 6 and 7 of Table A6 into
two subperiods: pre-2001 and post-2000, following the subsample division used by Harris
et al. (2023). The results show that in either subperiod, we consistently observe significant
results for our main explanatory variables, particularly during the second subperiod.

2.3.5 Proportion of LPs Reinvesting in a Fund and Its Impact on Perfor-
mance

In this subsection, we investigate whether the proportion of LPs reinvesting in a fund
serves as a more effective predictor of performance. The hypothesis is that higher pro-
portion of LP reinvestors in a fund might signal the quality of a fund.

To investigate this question we employ the following empirical specification:

FundPerfit =β0 + α1Prop.LpsReinvestingit + α2Fundsizeit + α5Sequenceit + FE + εit

(8)

The dependent variable is the performance metric (Net IRR%) and the main explanatory
variable is the proportion of LPs that are reinvestors in relation to the total number of
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LPs of a fund. We also include some control variables as natural logarithm of the fund size
(in millions) and sequences, with the inclusion of vintage years fixed effects and clusters
at the GP level.

In Table A8, we observe that proportions are significant only when analyzing persistent
LPs. Examining fund proportions for all LPs reinvestors does not yield a noteworthy pre-
dictive variable. This suggests that a higher proportion of persistent investors correlates
with enhanced performance, particularly evident when analyzing more recent subperiods
(2000-2015).

As an additional robustness check, we rerun equation 8, substituting the main explanatory
variable—proportion of LPs investing—with dummy variables representing specific levels
of LP reinvestment proportions. For example, in Table A9, Regression 1 uses a dummy
variable that equals 1 if the proportion of LPs reinvesting is above 10% and 0 otherwise. In
Regression 2, the dummy variable equals 1 if the proportion exceeds 20% and 0 otherwise.
Our findings continue to show that a higher proportion of reinvestors has positive and
strong predictive power, but only for persistent LPs.

In Table A10, we use the percentage of LPs reinvesting as the dependent variable, with
independent variables including performance, fund size, and sequence. As the dependent
variable can take values between [0,1] and has positive mass at both 0 and 1, we use
the fractional logit regression. The conclusions remain consistent, with predictive power
observed only in the sample containing persistent LPs, even when analyzing different
subperiods.

2.3.6 LP persistence, fund size and sequence

In this section, we aim to understand the relationship between LP reinvestment, fund
size, and sequence. Do LPs reinvest more frequently in larger or smaller funds? Is
the number of LPs reinvesting higher in funds with lower sequence numbers or in those
with higher sequence numbers?. We use negative binomial regressions to analyze the
relationship between the number of LPs reinvesting, fund size, and sequence, as we model
count data with overdispersion, evidenced by a higher variance of the dependent variable
compared to its mean23. Additionally, the high chi-square value in the goodness-of-fit test
further indicates that the Poisson distribution is not an appropriate choice. Our empirical

23To address concerns that a large number of zeros might influence our results, we also test a Zero-
Inflated Negative Binomial model (Lambert, 1992). However, our conclusions remain consistent with
those derived from the standard negative binomial model.
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specification is as follows:

QuantityLPsReinvestingit =β0 + α1NetIrrit + α2NetIrr2it + α3Fundsizeit+ (9)

+ α4Fundsize2it + α5Sequenceit + α6Sequence
2
it + FE + εit

The dependent variable is the quantity of LPs that are reinvesting from the previous to
the current fund (our LP persistence variable). The explanatory variables include the
performance metric (Net IRR%), fund size (in millions), and fund sequences, with the
inclusion of vintage years fixed effects. Additionally, we incorporated the quadratic form
for each explanatory variable.

Figures 3 and 4 we can see the scatter plot between quantity of reinvestors and per-
formance, fund size and sequence. Visually, we identify a concave relationship between
the number of reinvestors and performance, similar to what we discuss in Section 2.3.3.
On the other side, fund size and sequence has a more positive linear relation. These
characteristics will be captured by the negative binomial regressions.

In Figure 5 and 6, a contour graph is depicted, presenting a 3D spectrum showcasing the
interaction of three primary variables: LP reinvestors, performance and fund size. Visu-
ally, it becomes apparent that the best-performing funds tend to have fewer reinvestors
and are smaller in size. Conversely, larger funds exhibit more LP reinvestors but do not
necessarily demonstrate superior performance, unlike some smaller-sized funds.

In table A11, columns 4 and 10, we observe that the relationship between quantity of
LPs reinvesting and performance is positive but slightly concave (as the coefficient on the
squared variable is negative and significant), for both 1st quartile LPs reinvestors and all
LPs that reinvested. These results are aligned with section 2.3.3. These relationship still
hold when we analyze two subperiods between pre-2001 and post-2000, as indicated by
the negative coefficient in the squared NetIRR varible in columns 5, 6, 11, and 12 of table
A11. However, some of these results lose significance when compared to the results from
the entire period of 1991-2015.

When we analyze the relationship between the number of LPs reinvesting and both fund
size and sequence number, we observe a positive linear trend. Specifically, the regressions
in columns 2, 3, 8, and 9 of Table A11 show a strong positive linear relationship, while
the data do not indicate any non-linear (concave or convex) effects, as evidenced by the
results in columns 4, 5, 6, 10, 11, and 12. As fund size and sequence increase, the number
of reinvesting LPs rises correspondingly, suggesting that LPs reinvest more in larger and
more established funds.
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There might be several reasons why larger and more established funds attract more rein-
vestors in VC. Based on our findings, we understand that GPs with more sequential
funds might signal reliability through their solid track records, which can include prior
strong performance, attracting more LPs to reinvest. This trend can also extend to larger
funds, where LPs expect higher future returns, providing GPs with more capital to in-
vest, given their experience and prior ability to deliver results. However, reinvestments
should consider not only fund size and sequence but also performance. While size and
sequence might exhibit a linear relationship that positively affects the number of reinvest-
ing LPs, performance plays a crucial role with a concave impact—higher performance, in
particular, works in the opposite direction, reducing the number of LPs reinvesting.

2.4 Conclusion

In the realm of Venture Capital, a well-established phenomenon is the presence of fund per-
formance persistence, revealing a positive correlation between the performance of previous
funds and current funds within the same GP. This paper introduces an alternative pre-
dictive measure termed LP Persistence, which quantifies the number of LPs that reinvest
from previous to current funds within the same GP. This variable is based on assumptions
and outcomes from theories by Hochberg et al. (2014); Lerner and Schoar (2004); Maurin
et al. (2023), which aims to explain the persistence observed in fund performance.

Our findings indicate that the total number of LPs reinvesting in a fund carries predictive
capacity, however the strength of these results amplifies when employing Network theory
to identify persistent LPs for prediction purposes. Furthermore, we have observed a
concave relationship between performance and the quantity of LPs reinvesting, suggesting
diminishing returns associated with the addition of new LPs. However, when examining
the proportion of reinvestors in funds, we find a linear relationship, indicating that higher
proportions of persistent LPs reinvesting are associated with better fund performance.
This suggests that top-performing funds are not only correlated with having persistent
LPs reinvesting but also that a high proportion of these reinvestors signals the fund’s
quality in delivering superior returns.

These results have practical implications, allowing market participants to closely moni-
tor LP reinvestors as indicators of quality. By leveraging network theory to distinguish
between different LPs and capitalize on the "follow-the-leader" behavior, the predictive
power of these insights can be further enhanced—provided that such strategies can be
effectively implemented.
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Table A3: Descriptive statistics on funds

The table provides descriptive statistics on the sample of VC funds including performance, fund
size and number of LPs invested. The data was sourced from Preqin and covers vintage years
from 1991 to 2015. Panel A provides a summary of all available funds, while Panel B specifically
displays funds with prior fund information, which we utilize for analyzing persistence. The
detailed process to select the funds for panel B can be found in section 2.2.1. The column
"Average IRR%" is the average internal rate of return of funds by vintage year. The "Average
fund size" refers to the average amount of capital committed to funds, provided in millions. The
"Average #LPs" represents the average number of LPs per fund, while "Average #LPs 1Q"
indicates the average number of persistent LPs that invested in funds across the vintage years.
The last column represents the total number of funds in our sample for each vintage year.

Panel A: Venture Capital Funds Panel B: Venture Capital Funds with prior fund information

Average Total Average Total
Vintage Average Fund Average Average Number Vintage Average Fund Average Average Number

Year IRR % Size #LPs #LPs 1Q Funds Year IRR % Size #LPs #LPs 1Q Funds
(U$m) (U$m)

1991 27,99 118,3 10,3 5,5 6 1991 - - - - -
1992 32,54 95,4 6,8 3,7 14 1992 - - - - -
1993 43,60 85,8 6,6 3,3 20 1993 - - - - -
1994 33,63 100,2 7,8 4,0 18 1994 46,50 148,5 9,0 5,0 6
1995 76,96 107,4 7,2 3,6 18 1995 83,94 210,0 13,2 9,2 5
1996 42,54 139,5 8,9 3,2 30 1996 58,01 166,3 11,8 4,8 16
1997 55,67 132,8 8,1 3,9 37 1997 63,12 188,5 12,8 7,3 17
1998 14,31 193,2 10,6 5,6 49 1998 24,37 239,7 13,4 7,8 25
1999 - 3,23 341,6 13,4 6,6 66 1999 - 5,71 330,0 14,3 7,7 37
2000 0,06 362,3 14,5 7,2 93 2000 - 2,04 430,8 18,9 9,9 44
2001 - 0,69 418,2 17,7 10,5 48 2001 1,00 547,4 22,8 14,4 31
2002 6,14 246,9 8,9 4,5 32 2002 4,31 360,4 11,4 7,6 16
2003 3,62 234,6 11,6 5,5 33 2003 4,48 328,9 17,6 9,5 15
2004 3,40 211,7 11,0 5,7 38 2004 2,71 273,9 14,2 8,5 20
2005 4,68 245,5 11,7 6,1 52 2005 0,20 304,4 13,6 7,9 25
2006 1,60 378,2 12,9 6,3 64 2006 1,52 482,0 14,9 8,4 39
2007 10,25 262,8 10,3 5,1 73 2007 12,54 302,3 13,3 6,8 40
2008 9,91 320,2 10,1 5,4 58 2008 7,77 428,1 12,3 7,2 38
2009 11,97 330,3 13,4 6,7 22 2009 15,24 422,2 15,8 8,4 15
2010 18,88 229,2 9,2 4,9 29 2010 17,06 283,5 11,6 6,4 18
2011 14,49 283,2 8,9 4,3 44 2011 15,21 353,7 10,7 5,9 23
2012 16,99 267,4 8,4 4,3 41 2012 16,56 340,9 10,1 5,3 22
2013 19,84 259,0 7,1 3,6 40 2013 15,82 276,0 8,0 4,8 22
2014 39,70 264,8 7,1 3,8 44 2014 18,50 308,2 8,1 4,2 27
2015 20,00 315,7 6,8 3,2 52 2015 20,93 355,4 7,7 4,0 35

Overall 14,81 270,9 10,6 5,4 1.021 Overall 12,91 348,5 13,4 7,5 536Sample Sample
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Table A4: Summary statistics on reinvested LPs

This table presents summary statistics on LPs that reinvested from previous to a follow-on (cur-
rent) fund. The first column indicates the total number of funds identified that possess both
previous and current fund information (refer to Table A3 for further details). The columns "av-
erage" (representing the average number of reinvested LPs in funds by vintage year), "median",
"Sd. Dev." (denoting the standard deviation of reinvested LPs), and "Max" (maximum) provide
statistics regarding the LPs that reinvested in sequential funds across vintage years. Panel A
encompasses all the LPs that reinvested in sequential funds, whereas Panel B specifically focuses
on the 1st quartile (persistent) LPs who made those reinvestments.

Panel A: LPs All reinvestments Panel B: LPs 1Q reinvestments

Total Total
Vintage Number Average Median Sd. Dev. Max. Vintage Number Average Median Sd. Dev. Max.

Year Funds Year Funds

1991 - - - - - 1991 - - - - -
1992 - - - - - 1992 - - - - -
1993 - - - - - 1993 - - - - -
1994 6 4,3 4,0 3,1 9 1994 6 2,8 2,5 2,5 6
1995 5 6,4 3,0 7,7 20 1995 5 4,0 2,0 4,1 11
1996 16 5,1 3,0 4,2 14 1996 16 2,5 1,5 2,5 8
1997 17 4,5 4,0 3,4 12 1997 17 2,8 1,0 2,9 10
1998 25 6,7 3,0 7,1 31 1998 25 3,7 2,0 5,2 22
1999 37 6,2 5,0 5,3 21 1999 37 3,2 1,0 4,2 15
2000 44 8,7 8,0 5,7 24 2000 44 4,5 3,0 5,0 19
2001 31 10,7 7,0 11,0 45 2001 31 6,7 3,0 8,4 30
2002 16 5,1 2,5 5,7 18 2002 16 3,8 1,5 4,9 14
2003 15 9,5 6,0 12,5 41 2003 15 5,1 3,0 7,6 30
2004 20 5,7 3,5 5,1 22 2004 20 3,1 2,0 4,2 19
2005 25 6,6 6,0 5,9 23 2005 25 4,1 2,0 5,6 22
2006 39 7,1 4,0 7,7 30 2006 39 4,8 2,0 7,0 27
2007 40 5,6 4,0 5,0 27 2007 40 2,9 2,0 4,2 26
2008 38 6,1 4,0 5,1 20 2008 38 3,4 2,0 3,9 16
2009 15 7,0 4,0 7,5 26 2009 15 3,4 2,0 4,7 19
2010 18 4,6 3,5 4,0 15 2010 18 2,3 1,0 3,1 11
2011 23 5,6 5,0 5,0 21 2011 23 3,1 1,0 4,5 17
2012 22 5,0 2,0 7,1 32 2012 22 3,0 1,0 5,7 24
2013 22 4,3 3,0 3,7 14 2013 22 2,6 2,0 3,7 14
2014 27 4,7 3,0 4,3 14 2014 27 3,0 1,0 4,1 13
2015 35 4,4 3,0 6,4 35 2015 35 2,5 1,0 4,6 25

Overall 536 6,3 4,0 6,5 45,0 Overall 536 3,6 2,0 5,1 30,0Sample Sample
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Table A5: LP Persistence Regressions - relative performance between funds with reinvestors and
non-reinvestors

This table shows regressions of LPs reinvestments performance for the full 1991-2015 sample
period and two subsample periods from pre-2001 and post-2000. The dependent variable in all
columns is fund performance, captured by the net internal rate of return (IRR%). A set of
indicator variables are used to identify funds with different quantity of reinvested LPs. Each
indicator variable takes on the value of one for observations consisting of a specific number (or a
pair) of LPs that reinvested from previous to current fund, and zero otherwise. For example, if a
specific fund has 4 LPs that reinvested, the dummy variable D4 LPs Reinvest. will be assigned
a value of one. Funds with 0 LPs reinvestments (or 0-1 pair) are the omitted reference group in
the regressions. Ln fund size is the natural logarithm of the fund´s size in millions of dollars. Ln
Sequence is the natural logarithm of the fund´s sequence for each GP. NetIRR (t-1) represents
the net internal rate of return (IRR%) of the prior fund of the current fund. Panel A reports
results considering all LPs that reinvested from prior to the current fund. In contrast, Panel B
reports results considering only LPs classified as persistent according to the Network theory (for
more information see section 2.2.3). "***" "**" and "*" indicate significance levels at 1%, 5%,
and 10%, respectively.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Panel A: All LPs Reinvst. 91-15 pre-01 post-00 91-15 pre-01 post-00 91-15 91-15 pre-01 post-00

D_5+LPs Reinvst 6.520 20.573** 2.007 D_15+LPs Reinvst 6.348* -0.304 7.878** D_15+LPs Reinvst 4.498 -0.554 6.906**
(1.497) (2.234) (0.498) (1.678) (-0.032) (2.527) (1.260) (-0.061) (2.310)

D_4 LPs Reinvst -0.871 19.134* -4.490 D_10-14 LPs Reinvst 6.962* 6.128 5.528* D_10-14 LPs Reinvst 5.158 4.987 5.385*
(-0.190) (1.754) (-1.080) (1.828) (0.694) (1.907) (1.501) (0.618) (1.950)

D_3 LPs Reinvst 2.823 20.808* -1.282 D_8-9 LPs Reinvst 8.285** 14.182 4.463 D_8-9 LPs Reinvst 6.777* 12.051 3.252
(0.551) (1.798) (-0.284) (2.019) (1.410) (1.635) (1.762) (1.253) (1.211)

D_2 LPs Reinvst -0.922 3.199 0.210 D_6-7 LPs Reinvst 6.217 5.316 4.674 D_6-7 LPs Reinvst 6.692* 8.355 4.679*
(-0.215) (0.376) (0.050) (1.555) (0.582) (1.648) (1.717) (0.943) (1.778)

D_1 LPs Reinvst -1.243 10.134 -2.334 D_4-5 LPs Reinvst 3.629 18.936* -0.775 D_4-5 LPs Reinvst 2.936 18.156* -1.249
(-0.294) (1.107) (-0.566) (1.041) (1.705) (-0.312) (0.920) (1.794) (-0.530)

D_0 LPs Reinvst - - - D_2-3 LPs Reinvst 1.439 2.292 1.586 D_2-3 LPs Reinvst 1.217 3.456 1.104
(Omttd) (0.525) (0.291) (0.710) (0.439) (0.440) (0.503)

D_0-1 LPs Reinvst - - - D_0-1 LPs Reinvst - - -
(Omttd) (Omttd)

NetIRR_(t-1) 0.260*** 0.258*** 0.231*** 0.198***
(4.084) (4.174) (3.356) (4.131)

Ln Fund Size -0.406 -1.647 0.778 -0.032 2.908 0.294 1.089 -0.013 2.418 0.268
(-0.355) (-0.636) (0.845) (-0.028) (0.933) (0.306) (1.290) (-0.012) (0.823) (0.300)

Ln Fund Sequence 2.389 11.383** -0.794 2.381 13.629** -1.746 3.647** 2.914 12.813** -1.007
(1.211) (1.993) (-0.546) (1.122) (2.254) (-1.141) (2.050) (1.542) (2.316) (-0.717)

Constant 7.881 -9.575 5.591 5.138 -27.104 7.229 -2.865 1.101 -29.585 5.247
(1.281) (-0.729) (0.955) (0.908) (-1.467) (1.474) (-0.681) (0.199) (-1.616) (1.108)

Observations 536 181 430 536 181 430 536 536 181 430
R-squared 0.387 0.457 0.295 0.382 0.456 0.298 0.422 0.428 0.491 0.343
Year FE YES YES YES YES YES YES YES YES YES YES
Cluster GP GP GP GP GP GP GP GP GP GP
Adjusted R-squared 0.353 0.412 0.257 0.347 0.406 0.258 0.395 0.394 0.441 0.304
F test 2.552 2.001 2.474 1.971 1.616 2.522 8.351 4.417 2.416 4.504

(11) (12) (13) (14) (15) (16) (17) (18) (19) (20)
Panel B: 1Q LPs Reinvst. 91-15 pre-01 post-00 91-15 pre-01 post-00 91-15 91-15 pre-01 post-00

D_5+LPs Reinvst 14.343*** 21.534** 8.149*** D_15+LPs Reinvst 13.192*** 14.923* 10.882*** D_15+LPs Reinvst 11.273*** 12.763 9.797***
(3.496) (2.108) (3.225) (3.805) (1.781) (3.996) (3.510) (1.641) (3.902)

D_4 LPs Reinvst 11.571*** 15.291* 9.301*** D_10-14 LPs Reinvst 11.058*** 11.773 9.700** D_10-14 LPs Reinvst 7.279* 4.542 9.121**
(3.190) (1.858) (3.385) (2.807) (1.530) (2.506) (1.889) (0.626) (2.384)

D_3 LPs Reinvst 13.864*** 42.040*** 3.118 D_8-9 LPs Reinvst 12.179*** 13.991** 8.912*** D_8-9 LPs Reinvst 9.129*** 9.486 6.707**
(3.000) (3.456) (1.170) (4.043) (2.011) (3.130) (2.708) (1.362) (2.387)

D_2 LPs Reinvst 5.316** 4.870 4.739* D_6-7 LPs Reinvst 17.675** 30.369* 5.782* D_6-7 LPs Reinvst 15.614** 27.395 5.572*
(2.018) (0.955) (1.967) (2.072) (1.665) (1.856) (2.002) (1.622) (1.882)

D_1 LPs Reinvst -0.248 -5.114 1.989 D_4-5 LPs Reinvst 12.477*** 19.618* 6.681*** D_4-5 LPs Reinvst 11.265*** 18.456** 6.324***
(-0.100) (-0.869) (0.974) (3.219) (1.965) (3.388) (3.168) (2.034) (3.534)

D_0 LPs Reinvst - - - D_2-3 LPs Reinvst 8.928*** 20.107*** 3.313* D_2-3 LPs Reinvst 8.742*** 19.244*** 3.498**
(Omttd) (3.553) (3.373) (1.849) (3.731) (3.354) (2.066)

D_0-1 LPs Reinvst - - - D_0-1 LPs Reinvst - - - -
(Omttd) (Omttd)

NetIRR_(t-1) 0.260*** 0.248*** 0.235*** 0.189***
(4.084) (4.036) (3.002) (4.143)

Ln Fund Size -2.539** -3.545 -0.496 -2.144* -2.292 -0.717 1.089 -1.844* -2.016 -0.634
(-2.013) (-1.145) (-0.504) (-1.813) (-0.777) (-0.715) (1.290) (-1.738) (-0.742) (-0.671)

Ln Fund Sequence 0.766 2.623 -1.443 1.281 7.621 -1.943 3.647** 1.997 7.922 -1.061
(0.386) (0.425) (-1.014) (0.612) (1.240) (-1.324) (2.050) (1.046) (1.419) (-0.788)

Constant 18.619*** 19.449 9.736** 15.875*** 4.612 12.340** -2.865 10.290* -2.079 9.386*
(3.136) (1.111) (2.022) (2.753) (0.290) (2.425) (-0.681) (1.868) (-0.135) (1.926)

Observations 536 181 430 536 181 430 536 536 181 430
R-squared 0.411 0.516 0.306 0.407 0.483 0.307 0.422 0.449 0.519 0.348
Year FE YES YES YES YES YES YES YES YES YES YES
Cluster GP GP GP GP GP GP GP GP GP GP
Adjusted R-squared 0.378 0.475 0.268 0.373 0.435 0.268 0.395 0.416 0.472 0.309
F test 4.154 3.593 3.155 5.119 3.141 3.704 8.351 8.735 4.620 5.443
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Table A6: LP Persistence Regressions - LPs Predictive Power

This table shows fund performance on several explanatory variables for the period between 1991-
2015. The dependent variable in all columns is fund performance, captured by the internal rate
of return (IRR%) winsorized at 1%. NetIRR (t-1) represents the internal rate of return (IRR%)
of the prior fund of the current fund, representing the classical fund performance persistence
equation (Kaplan and Schoar, 2005). Quant. All Reinvestors LPs is the total quantity of LPs
that reinvested in the fund. If there were no LPs reinvesting, the total quantity of LPs that
reinvested was given 0 (zero). Quant. 1Q Reinvestors LPs is the total quantity of LPs classified
in the top quartile centrality measure that reinvested in the fund. The square variables terms
are to capture any non-linear relation of the principal explanatory variable. Ln fund size is
the natural logarithm of the funds size in millions of dollars. The Ln Sequence is the natural
logarithm of the funds sequence. We used fixed effects of vintage years and standard errors
clustered by GP. The data was collected from Preqin with database of 2022. "***" "**" and "*"
indicate significance levels at 1%, 5%, and 10%, respectively.

Dep. Variable: Net IRR winsored 1% (1) (2) (3) (4) (5) (6) (7)

Net IRR (t-1) 0.260***
(4.084)

Quant. All Reinvestors LPs 0.315** 0.765** 0.793**
(2.224) (2.178) (2.231)

(Quant. All Reinvestors LPs)2 -0.015 -0.015*
(-1.592) (-1.652)

Quant. 1Q Reinvestors LPs 0.534*** 2.094*** 2.119***
(2.801) (3.854) (3.844)

(Quant. 1Q Reinvestors LPs)2 -0.069*** -0.068***
(-3.422) (-3.414)

Ln Fund Size 1.089 0.259 -0.092 10.846 -0.295 -1.508 10.460
(1.290) (0.236) (-0.081) (1.268) (-0.273) (-1.317) (1.326)

Ln Fund Sequence 3.647** 2.371 2.105 -9.882 2.118 1.182 -10.104
(2.050) (1.149) (1.020) (-1.137) (1.005) (0.576) (-1.163)

(Ln Fund Size)2 -1.035 -1.135
(-1.291) (-1.547)

(Ln Fund Sequence)2 4.231 3.983
(1.382) (1.285)

Constant -2.865 5.314 6.005 -14.945 8.768 13.805** -10.098
(-0.681) (1.019) (1.146) (-0.678) (1.578) (2.412) (-0.494)

Observations 536 536 536 536 536 536 536
R-squared 0.422 0.378 0.380 0.382 0.380 0.392 0.394
Year FE YES YES YES YES YES YES YES
Cluster GP GP GP GP GP GP GP
Adjusted R-squared 0.395 0.349 0.350 0.350 0.351 0.362 0.362
F test 8.351 5.501 4.398 3.045 6.722 6.200 4.156
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Table A7: LP Persistence Regressions - Robustness Tests

This table shows some robustness test regarding the findings in table A6. Panel A, funds that
had 0(zero) LPs reinvesting were excluded from regressions (1) and (2). Panel B regression (3) is
exactly the same as in table A6 regression (6), however it serves as comparisons for columns (4)
and (5) with different sample windows. In column (4) only funds with vintage between 1991-2001
(pre-01) and column (5) only for periods between 2000-2015 (post-00). The dependent variable
in all columns is fund performance, captured by the internal rate of return (IRR%) winsorized
at 1%. Quant. All Reinvestors LPs is the total quantity of LPs that reinvested in the fund.
Quant. 1Q Reinvestors LPs is the total quantity of LPs classified in the top quartile centrality
measure that reinvested in the fund. The square variables terms are to capture any non-linear
relation of the principal explanatory variable. Ln fund size is the natural logarithm of the funds
size in millions of dollars. The Ln Sequence is the natural logarithm of the funds sequence. We
used fixed effects of vintage years and standard errors clustered by GP. The data was collected
from Preqin with database of March 2022.

Panel A Panel B
(1) (2) (3) (4) (5)

Dep. Variable: Net IRR winsored 1% 91-15 91-15 91-15 pre-01 post-00

Quant. 1Q Reinvestors LPs 1.630*** 2.094*** 2.501* 1.195***
(2.626) (3.854) (1.863) (3.310)

(Quant. 1Q Reinvestors LPs)2 -0.057** -0.069*** -0.096* -0.029**
(-2.569) (-3.422) (-1.898) (-2.447)

Quant. All Reinvestors LPs 0.788**
(2.142)

(Quant. All Reinvestors LPs)2 -0.015
(-1.580)

Ln Fund Size -0.727 -0.224 -1.508 -0.920 -0.656
(-0.518) (-0.192) (-1.317) (-0.333) (-0.652)

Ln Fund Sequence 3.137 2.198 1.182 9.383 -1.952
(1.281) (1.042) (0.576) (1.504) (-1.316)

Constant 7.869 6.305 13.805** -0.190 12.126**
(1.056) (1.174) (2.412) (-0.012) (2.360)

Observations 407 515 536 181 430
R-squared 0.412 0.383 0.392 0.445 0.301
Year FE YES YES YES YES YES
Cluster GP GP GP GP GP
Adjusted R-squared 0.373 0.352 0.362 0.409 0.269
F test 3.747 4.202 6.200 3.291 6.383
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Table A8: LP persistence proportions and Performance

The table presents the relationship between performance and the proportion of reinvestors in
the current fund. The dependent variable Net Irr is the funds net internal rate of return, which
has been winsorized at 1%. Porc. (%) All Reinvestors represents the proportion of all LPs
that reinvested from prior to current fund divided by the total number of LPs in the current
fund. Porc. (%) 1Q Reinvestors represents the proportion of only 1Q LPs that reinvested from
prior to current fund divided by the total number of LPs in the current fund. Ln fund size is
the natural logarithm of the funds size in millions of dollars. The Ln Sequence is the natural
logarithm of the funds sequence. "***" "**" and "*" indicate significance levels at 1%, 5%, and
10%, respectively.

(1) (2) (3) (4) (5) (6) (7) (8)
Dep. Variable: NetIRR(%) 1991-2015 1991-2015 pre-01 post-00 1991-2015 1991-2015 pre-01 post-00

Porc.(%) All Reinvestors 0.038 0.020 -0.034 0.031
(0.890) (0.476) (-0.307) (0.966)

Porc.(%) 1Q Reinvestors 0.185*** 0.166*** 0.281 0.118***
(3.811) (3.059) (1.619) (3.143)

Ln Fund Size 1.331 1.721 1.427* -0.076 0.503 0.408
(1.378) (0.752) (1.666) (-0.077) (0.231) (0.478)

Ln Fund Sequence 3.326* 13.935*** -0.548 2.386 10.137* -0.975
(1.694) (2.664) (-0.384) (1.201) (1.740) (-0.690)

Constant 10.295*** -0.866 -13.789 0.361 7.753*** 5.250 -9.306 5.249
(5.262) (-0.178) (-1.044) (0.084) (6.340) (1.156) (-0.850) (1.267)

Observations 536 536 181 430 536 536 181 430
R-squared 0.367 0.375 0.435 0.279 0.386 0.388 0.446 0.299
Year FE YES YES YES YES YES YES YES YES
Cluster GP GP GP GP GP GP GP GP
Adjusted R-squared 0.340 0.346 0.401 0.248 0.360 0.359 0.414 0.268
F test 0.792 3.723 4.263 1.386 14.52 5.818 3.843 4.525
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Figure 3: Relationship between Quantity of All Reinvestors LPs and Performance & fund size
& fund sequence
The first graph represents the relationship between quantity of All LPs that are reinvesting in
a given fund and the performance captured by the Net IRR (%). The second graph shows the
relation between all LPs reinvesting and natural logarithm of the fund size and, the last graph,
the relationship with the natural logarithm of the funds sequence.
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Table A9: Performance and proportion of LPs reinvestments

The table shows OLS regressions of current fund performance, as measured by Net IRR (%),
on the proportion of reinvested LPs relative to the total number of LPs in the current fund.
The regression analyses encompass data from the period of 1991 to 2015. Dummies are included
to capture the difference in performance relative to the proportion of LPs reinvestments. For
example, the dummy D10%-100% of fund LPs are Re-investors will equal 1 if the proportion of
reinvestor LPs is between 10% and 90% of the total LPs of the current fund, and zero otherwise.
On the other side, the dummy D0%-10% of fund LPs are Re-investors representing those funds
with less than 10% of reinvested LPs will be the omitted variable. These simulation happens for
the pairs [0-10% and 10%-100%], [0-20% and 20%-100%], [0-30% and 30%-100%], and [0-40%
and 40%-100%]."***" "**" and "*" indicate significance levels at 1%, 5%, and 10%, respectively.

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

Net IRR (%) Panel A: All LPs that are Re-investors Panel B: Just 1Q LPs as Re-investors

D_10%-100% of fund LPs are Re-investors 3.434 4.863**
(0.888) (2.564)

D_0%-10% of fund LPs are Re-investors (Omttd) - -

D_20%-100% of fund LPs are Re-investors 0.606 6.235***
(0.184) (3.112)

D_0%-20% of fund LPs are Re-investors (Omttd) - -

D_30%-100% of fund LPs are Re-investors 2.639 7.252***
(1.297) (3.005)

D_0%-30% of fund LPs are Re-investors (Omttd) - -

D_40%-100% of fund LPs are Re-investors -0.611 5.621*
(-0.298) (1.762)

D_0%-40% of fund LPs are Re-investors (Omttd) - -

Ln Fund Size 1.283 1.329 1.278 1.350 0.439 0.423 0.165 0.699
(1.334) (1.379) (1.316) (1.406) (0.436) (0.427) (0.174) (0.750)

Ln Sequence 3.276 3.411* 3.086 3.572* 2.919 2.319 2.631 2.686
(1.648) (1.688) (1.547) (1.783) (1.493) (1.163) (1.308) (1.337)

Constant -2.870 -0.590 -1.303 -0.031 2.180 3.220 4.939 3.190
(-0.517) (-0.119) (-0.282) (-0.007) (0.478) (0.706) (1.107) (0.714)

Observations 536 536 536 536 536 536 536 536
R-squared 0.376 0.375 0.377 0.375 0.381 0.386 0.389 0.382
Year FE YES YES YES YES YES YES YES YES
Cluster GP GP GP GP GP GP GP GP
Adjusted R-squared 0.346 0.346 0.347 0.346 0.352 0.358 0.360 0.352
F test 3.730 3.655 3.861 3.894 5.403 5.931 6.058 4.226
Robust t-statistics in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Table A10: Proportion of LPs Reinvestment Decision

The table presents the fractional logit regression results, with the dependent variable being the
proportion of LPs reinvesting relative to the total number of LPs in the current fund. This
variable can take values between [0,1] and has positive mass at both 0 and 1. The variable
Net Irr is the funds net internal rate of return, which has been winsorized at 1%. Ln fund
size is the natural logarithm of the funds size in millions of dollars. The Ln Sequence is the
natural logarithm of the funds sequence. In Panel A, the results encompass the sample including
all LPs that reinvested, while Panel B exclusively focuses on LPs classified as sophisticated or
privileged."***" "**" and "*" indicate significance levels at 1%, 5%, and 10%, respectively.

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

1991-2015 1991-2015 pre-2001 post-2015 1991-2015 1991-2015 pre-2001 post-2015

Panel A: Dependent Variable - % of All LPs Reinvesting Panel B: Dependent Variable - % of 1Q LPs Reinvesting

Net IRR (%) 0.00184 0.00095 -0.00066 0.00383 0.00951*** 0.00697*** 0.00409** 0.01486***
(0.99261) (0.51156) (-0.31568) (0.99980) (5.18640) (3.54888) (1.96097) (3.14506)

Ln Fund Size 0.02633 -0.06761 0.02332 0.50575*** 0.26322** 0.51658***
(0.46340) (-0.69558) (0.38337) (7.09177) (2.03464) (6.66446)

Ln Sequence 0.29405*** 0.44479*** 0.27373*** 0.32951*** 0.71388*** 0.27719**
(3.30526) (2.80901) (2.88663) (3.03526) (3.38876) (2.40162)

Constant -0.01858 -0.51863 -0.19556 -0.63858* -1.60709*** -4.47895*** -3.68240*** -4.65958***
(-0.04153) (-0.98432) (-0.28772) (-1.89954) (-5.09432) (-11.46070) (-6.14818) (-10.02464)

Observations 536 536 181 430 536 536 181 430
Pseudo R2 0.0047 0.0093 0.0090 0.0088 0.0124 0.0522 0.0394 0.0552
Year FE YES YES YES YES YES YES YES YES

Figure 4: Relationship between Quantity of 1Q LPs and fund size & fund sequence
The first graph represents the relationship between quantity 1Q (first quartile) LPs that are
reinvesting in a given fund and the performance captured by the Net IRR (%). The information
on how we identified the 1Q LPs, those with the highest centrality measure, please see section
2.2.3.
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Table A11: LP Persistence Negative Binomial Regressions

The table presents the negative binomial regression results, with the dependent variable being
the number of LPs reinvesting in the current fund. The variable Net Irr is the funds net internal
rate of return, which has been winsorized at 1%. Ln fund size is the natural logarithm of the
funds size in millions of dollars. The Ln Sequence is the natural logarithm of the funds sequence.
In Panel A, the results encompass the sample including all LPs that reinvested, while Panel B
exclusively focuses on LPs classified as sophisticated or privileged."***" "**" and "*" indicate
significance levels at 1%, 5%, and 10%, respectively.

Panel A 1991-2015 1991-2015 1991-2015 1991-2015 pre-01 post-00

Dep. Variable: # All LPs Reinvesting (1) (2) (3) (4) (5) (6)

Net IRR 0.007*** 0.003** 0.008*** 0.00809*** 0.00572* 0.01234***
(4.239) (2.312) (3.619) (3.54470) (1.74628) (3.83279)

(Net IRR)2 -0.000*** -0.00005*** -0.00003 -0.00022**
(-3.017) (-2.87656) (-1.58671) (-2.31510)

Ln Fund Size 0.525*** 0.514*** 0.01318 0.19124 -0.04875
(11.939) (11.796) (0.04440) (0.37484) (-0.16463)

Ln (Fund Size)2 0.04406 0.03477 0.04748*
(1.63270) (0.78072) (1.76567)

Ln Sequence 0.507*** 0.513*** 0.27549 0.03726 0.08042
(7.142) (7.290) (0.85260) (0.05765) (0.23517)

Ln (Sequence)2 0.07633 0.19414 0.12966
(0.70923) (0.83654) (1.15245)

Constant 1.031*** -2.115*** -2.125*** -0.55796 -1.07801 0.35749
(4.671) (-10.142) (-10.014) (-0.74023) (-0.75783) (0.48898)

Observations 536 536 536 536 181 430
Year FE YES YES YES YES YES YES

Panel B
Dep. Variable: # 1Q LPs Reinvesting (7) (8) (9) (10) (11) (12)

Net IRR 0.012*** 0.006*** 0.013*** 0.01313*** 0.01057* 0.01832***
(5.328) (3.632) (3.872) (3.87464) (1.95386) (3.91297)

(Net IRR)2 -0.000*** -0.00006*** -0.00005 -0.00019
(-2.800) (-2.80794) (-1.53551) (-1.32033)

Ln Fund Size 0.942*** 0.928*** 1.43229** 0.19259 1.40449**
(14.874) (14.845) (2.28274) (0.23261) (2.04926)

Ln (Fund Size)2 -0.04352 0.06190 -0.04193
(-0.82609) (0.85835) (-0.73744)

Ln Sequence 0.580*** 0.584*** 0.43345 1.17488 0.08286
(6.268) (6.380) (0.91166) (1.17539) (0.16451)

Ln (Sequence)2 0.05206 -0.07062 0.14416
(0.34444) (-0.21331) (0.90468)

Constant 0.338 -4.985*** -5.026*** -6.35343*** -3.55327 -5.88715***
(1.066) (-15.721) (-16.253) (-3.76913) (-1.45513) (-3.11486)

Observations 536 536 536 536 181 430
Year FE YES YES YES YES YES YES
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Figure 5: Contour graph with the relation LPs, IRR and Fund size represented
The contour graph with a 3D spectrum helps identify the relationship between three important
variables: quantity of 1Q Lps reinvestors, performance (IRR) and funds size. The "z" axis
represents the fund sizes in different colors, where red means large fund sizes and blue means
small funds.

Figure 6: Contour graph and relationship between LPs reinvestments, IRR and Fund size (No
interpolation).
This graph is similar to figure 5, however it does not have the interpolation. The different colors
represents fund sizes.
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3 Predicting Private Equity Funds’ Success With Ma-

chine Learning Tools

Abstract

In this paper, we apply machine learning (ML) techniques to predict abnormal pri-
vate equity (PE) fund performance, focusing on key drivers during the fundraising
phase. Our approach distinguishes between buyout (BO) and venture capital (VC)
funds, as well as first-time and sequence funds, incorporating variables such as gen-
eral partner (GP) identification, fund characteristics, and macroeconomic factors.
By comparing six models, including Lasso, Ridge, and Random Forest, we demon-
strate that ML models outperform traditional discrete choice econometric methods,
especially for VC funds. Our findings highlight the importance of GP identifiers and
macroeconomic conditions, such as inflation, in predicting PE fund success, offering
a more data-driven strategy for investor decision-making.

Keywords: Machine Learning, Private Equity, Venture Capital, Performance, Lim-
ited Partners
JEL Classification: C55; G11; G23; G24
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3.1 Introduction

From 2020 to mid-2023, private equity assets under management (AUM) increased from
$6.1 trillion to approximately $8.2 trillion, reflecting an annual growth rate of around
8%–10%, driven by a rise in investors’ portfolio allocations (McKinsey&Company, 2024).
As private equity gains more relevance, limited partners (LPs) are spending more time
and effort screening for the best GPs24. Da Rin and Phalippou (2017) emphasizes the
critical role of due diligence in private equity (PE), while David Swensen (Swensen, 2009),
former CIO of the Yale Endowment, notes, "Successful private equity investing requires
identifying and affiliating with superior partners".

In this paper, we aim to improve investors’ decision-making by utilizing various econo-
metric tools, with a focus on machine learning (ML) techniques, to predict abnormal
fund performance in PE during the fundraising phase. We also identify key drivers be-
hind these outcomes, providing deeper insights into the factors that influence PE returns.
These findings have the potential to enhance returns, reduce due diligence time, and
decrease reliance on human judgment.

With the growing availability of detailed datasets on GPs and funds, we can incorporate
more comprehensive information in performance analysis. However, traditional discrete
choice econometric models struggle when the number of variables exceeds the sample size.
To overcome this, we use ML methods capable of handling high-dimensional data. In this
context, we evaluate six models to identify which most effectively predicts the success of
PE funds. These models include traditional approaches like the Linear Probability Model
(LPM), Logit, and Probit, as well as ML techniques such as Lasso, Ridge, and Random
Forest (RF). This comparative analysis helps us identify the most robust method for
forecasting private equity outcomes.

The variables in our models capture six critical aspects from PE literature that are linked
to performance: GP identification, fund characteristics, PE industry, market environment,
macroeconomic conditions, and PE theory. Including GP identification is essential25,
as Hochberg et al. (2007) demonstrate that certain GPs consistently outperform their
peers. Fund-specific factors, particularly fund size, show a concave relationship with
performance (Kaplan and Schoar, 2005), and sectors such as technology and healthcare
are known for superior returns. Additionally, papers by Gompers et al. (2016); Harris et al.

24A recent survey by Private Equity International reports that 69% of LPs dedicate most of their
time to due diligence in search of top general partners (GPs) - https://www.privateequityinternational.com/
lps-put-emphasis-on-due-diligence-as-they-get-selective/

25The GP identification variables are not used in traditional discrete choice econometric models because
the number of variables exceeds the sample size. Only the machine learning methods applied here can
handle this maximization problem.

https://www.privateequityinternational.com/lps-put-emphasis-on-due-diligence-as-they-get-selective/
https://www.privateequityinternational.com/lps-put-emphasis-on-due-diligence-as-they-get-selective/
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(2014); Kaplan and Schoar (2005); Ljungqvist et al. (2020); Robinson and Sensoy (2016)
emphasize the importance of PE industry, market environment, and macro conditions,
with variables like GDP growth and interest rates providing crucial insights into PE
returns. Lastly, PE theory variables relate to how GPs organize funding (Lerner and
Schoar, 2004; Maurin et al., 2023), where the characteristics of LPs play a crucial role
in securing capital across different market states, allowing GPs to capture attractive
investment opportunities.

We also separate our sample into different groups that have underlying differences that
might impact performance. To account for differences in risk-return profiles and invest-
ment strategies, we separate BO and VC funds. BO funds typically target mature com-
panies with stable cash flows, while VC funds focus on early-stage firms with higher
risks and greater potential upsides (Gompers and Lerner, 1999; Kaplan and Stromberg,
2009). Additionally, we divide our sample into first-time and sequential funds, align-
ing with the well-known phenomenon in PE called fund performance persistence—where
prior fund performance predicts future returns for follow-on funds from the same GP
(Harris et al., 2023; Kaplan and Schoar, 2005). This persistence, explained by various
theories (Hochberg et al., 2014; Lerner and Schoar, 2004; Maurin et al., 2023), highlights
the importance of analyzing sequential funds in comparison to first-time funds to better
understand performance.

To the best of our knowledge, this study is the first to predict fund success by separat-
ing VC and BO funds, considering different stages, and incorporating PE theory-based
variables. It also introduces a novel GP identifier to help LPs identify consistently out-
performing GPs. Although the literature includes applications of ML in private equity,
they focus on different aspects. Kruglikov and Forthun (2022) use only one performance
metric and analyze PE funds collectively, without separating venture capital (VC) and
buyout (BO) funds, or distinguishing between first-time and sequence funds. We incor-
porate these distinctions, as numerous empirical and theoretical findings highlight the
underlying differences between them, making it more appropriate to compare assets with
different characteristics. Furthermore, Morales and Tiozzo (2019) analyzes the probability
that a fund’s portfolio company will go public, inferring superior returns for those funds.
In contrast, we use direct fund and GP information to predict success without relying on
indirect measures such as IPOs. Additionally, Fernández Tamayo et al. (2023) employs
textual analysis of fund prospectuses to capture performance, while we use other data
and identification strategies.

The dataset for this study is compiled from multiple sources based on the type of informa-
tion required. PE data is gathered from Preqin©, a specialized platform for alternative
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investments, while public market and macroeconomic data are sourced from FRED (Fed-
eral Reserve Economic Data) and other specialized providers. The sample period covers
the years 2000 to 2017, consisting of 1,267 BO funds and 868 VC funds, totaling 2,135
unique funds. We measure fund performance using two key metrics: Net IRR and implied
PME (public market equivalent). Abnormal performance is defined as funds with a PME
greater than 1 or an IRR above the first tercile threshold, which serve as our dependent
variables in the analysis.

Our results from applying the six models across different sample group combinations26,
are derived using cross-validation. We train each model with 75% of the total data and
test its predictive capacity on the remaining 25%, repeating this process 100 times per
model and sample separation. To ensure robustness, we randomly select the training
and testing samples with replacement. Additionally, to mitigate survivorship bias—since
Preqin’s dataset is self-reported and includes over 70% of funds with a PME greater than
one—we ensure a balanced distribution by structuring the training and testing datasets to
include 50% of funds with PME values above and below one. We apply a similar approach
to the IRR threshold, creating a more realistic environment for analysis.

In analyzing the results from our models, we find that ML techniques generally outper-
formed classical econometric discrete choice models, particularly for VC funds. For ML
models, we observe that the predictive accuracy is largely driven by sequential VC funds,
achieving an average accuracy of approximately 72% in predicting funds with abnormal
returns based on our two performance metrics (Net IRR and Implied PME). In contrast,
for first-time VC funds, the accuracy drops to around 59.8%. For buyout funds, the mod-
els perform less effectively, especially with first-time funds, where the results are nearly
equivalent to random chance. When considering additional metrics such as precision, re-
call, specificity, and the F2 score, the same pattern emerges, with VC funds—particularly
those in sequence—demonstrating stronger model performance across the board.

These prediction results align with Fernández Tamayo et al. (2023), where they correctly
classify 75% of the outperformer funds in the top tercile using prospectus information.
However, textual analysis relies heavily on the quality and completeness of prospectus
documents, which are not always as readily available as the data used in this paper. Over
time, GPs may standardize their approach in response to these findings, reducing the
predictability and effectiveness of such analyses. In contrast, our investigation strategy
uses structured, objective data, enabling more accurate and consistent predictions across
various fund categories.

26We categorize our sample into six distinct groups based on fund type—Buyout or Venture Capi-
tal—and their classification as either first-time, sequence, or all funds: Buyout all, Buyout first-time
funds, Buyout sequence funds, VC all, VC first-time funds, and VC sequence funds.
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ML models have significant potential for uncovering insights in finance, but their "black
box" nature often limits transparency. However, by employing variable selection tech-
niques, we successfully identify key financial indicators driving our model predictions.
Our analysis shows that variables related to GPs, macroeconomic factors, and fund in-
formation consistently hold more relevance across both VC and BO funds, regardless of
the ML model or performance threshold. Among these, GPs stand out as the most influ-
ential predictor. This highlights the critical role of a thorough GP screening process in
determining fund performance. Using ML tools, investors can make data-driven decisions
and efficiently identify high-potential GPs.

We then examine the top 10 most influential variables across all simulations and ob-
serve the dominance of GP-related variables, particularly those linked to specific GP ID
numbers. Additionally, macroeconomic variables such as CPIAUCSL (Consumer Price
Index for All Urban Consumers), FEDFUNDS (Federal Funds Rate), HOUST (Housing
Starts), and PERMIT (New Private Housing Permits) frequently emerge as key drivers.
Interestingly, these variables are often interconnected: FEDFUNDS is typically adjusted
in response to inflation (CPIAUCSL), which in turn influences housing-related indicators
like HOUST and PERMIT.

Analyzing the beta direction for CPIAUCSL, our most relevant macroeconomic vari-
able, reveals a negative correlation, indicating that higher inflation during the fundraising
process is linked to lower fund performance. Inflation has the potential to increase op-
erational costs, complicating efforts to improve efficiency—an essential objective in PE
(Kaplan and Stromberg, 2009). Additionally, higher inflation often triggers rising interest
rates, slowing economic activity and raising the cost of capital, which may depress future
valuations. If GPs plan to exit in such conditions, performance might suffer. While these
are just a few reasons for lower performance during investments in inflationary periods,
the findings highlight the critical role of market timing in PE. This aligns with literature
on timing strategies (Robinson and Sensoy, 2016), with inflation emerging as a key factor
for analysis.

In addition, for BO funds, "median first-day return" frequently appears as a key predictive
variable across several models. This metric, often used to assess the initial performance of
public offerings, seems to serve as a proxy for positive market sentiment (Ritter, 1984), in-
dicating favorable conditions in the broader financial environment. In our Lasso and Ridge
models, its positive coefficients indicate higher returns for BO funds during fundraising
periods marked by positive market sentiment. This aligns with Ljungqvist et al. (2020),
who shows that buyout funds tend to earn higher returns when investment opportunities
improve, competition for deal flow eases, and credit market conditions loosen. These find-
ings highlight the critical role of timing and sentiment in BO investments, emphasizing
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the need to carefully evaluate external market conditions.

Our contributions are fivefold. First, we apply machine learning tools to predict perfor-
mance alpha by separating VC and BO funds, including a further division into first-time
and sequence funds. This unique approach reflects the distinct underlying characteristics
of these funds, which impact performance, and our results demonstrate that this sepa-
ration improves predictive power. Second, we address the effects of unbalanced samples,
which can introduce a typical survivorship bias in PE databases. Third, we incorporate
explanatory variables that capture various dimensions affecting PE performance, both
from empirical and theoretical perspectives. In addition, we include GP identifiers in our
ML models, offering a new strategy for investors to identify specific GPs. This innovative
use of identifiers improves the practicality and applicability of the approach, making it
particularly valuable for real-world decision making. Finally, we highlight the importance
of timing in PE, showing that avoiding investments during periods of high inflation is
essential to achieve superior performance.

The paper is organized as follows. Section II presents the dataset used in the analy-
sis, Section III details the methodology, Sections IV and V address our results, and VI
concludes the paper.

3.2 Data and Summary Statistics

The dataset was compiled from diverse sources, depending on the specific type of informa-
tion required. For the PE data, we used Preqin©, a specialized platform for alternative
investments, while public market and macroeconomic data were sourced from FRED and
other specialized providers. The sample period spans from 2000 to 2017.

Specifically for PE, Preqin was used to collect information on funds, performance, LPs,
and GPs, referencing data from 2022. Funds post-2017 were excluded to allow a five-year
maturation period for performance data, aligning with the approach of Harris et al. (2023).
From table A12, the sample includes 1,267 BO funds and 868 VC funds, totaling 2,135
unique funds. All VC subdivisions available in Preqin were included, while no subdivisions
existed for BO funds in Preqin’s database. In Table A13, we present the global regions and
industries in which the funds operate. Most funds focus on North America and Europe,
consistent with the higher deal values in these regions, which naturally attract more
sophisticated investors (Bain&Company, 2024). Additionally, for BO funds, diversified
industries dominate, while for VC funds, healthcare and IT emerge as the top two targeted
sectors.
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We use two measures of fund performance: Net IRR (net internal rate of return) and
implied PME (public market equivalent). PME (public market equivalent), as defined by
(Kaplan and Schoar, 2005), is the ratio of the sum of discounted fund distributions to
the discounted capital invested (with the S&P 500’s total return as the discount rate).
A PME greater than one indicates that the fund outperformed the S&P 500. However,
Preqin does not report PME for all funds. To address this, we followed the approach of
Sensoy et al. (2014) to derive an implied PME. Essentially, this strategy involves using the
regression coefficients from Harris et al. (2014) to calculate PMEs from Net IRR, hence
the term "implied PME".

Additionally, the performance metrics used in our models were not the original variables.
Instead, we modeled these metrics as binary variables: invest or not invest. For implied
PME, this adjustment is straightforward since an implied PME above 1 represents a good
investment, while below 1 indicates otherwise. For Net IRR, we classified a fund as 1 only
if it was in the top 33% of the entire sample, and as 0 otherwise.

The sample of funds was also separated into first-time funds and sequential funds. First-
time funds are those classified by Preqin as 1 in their fund number series classification.
In other words, these are the first-time funds of a specific series by a given GP, but not
necessarily the GP’s first overall fund. GPs might shift their focus to different regions or
industries, positioning themselves in new ventures and taking on unfamiliar risks. This
lack of prior experience can result in limited information for both GPs and LPs. We aim
to capture this initial exposure through the fund number series classification provided by
Preqin.

For sequential funds, this refers to subsequent funds launched by the same GP. To ac-
curately separate the sequential funds, we followed the methodology described by Harris
et al. (2023). Our initial step involved organizing the database by fund name, GP, vintage
year, and sequence number. To ensure consistency, we excluded funds that did not align
with their subdivision class or primary region of operation, such as those shifting focus
from Europe to Asia. We also excluded funds with different characteristics, like annex
or side funds. After sorting, we reviewed the sequence numbers to identify only adjacent
pairs for analysis.

To examine aspects of private equity theory and empirical findings, we incorporate vari-
ables grounded in network theory. Following the methodology of Abreu Neto and Saito
(2024), who analyze LP-GP interactions, they find that persistent LPs—also referred to
as 1st Quartile LPs—those with strong, consistent reinvestments with GPs, serve as re-
liable indicators of GP quality/performance. This aligns with the theories proposed by
Hochberg et al. (2014); Lerner and Schoar (2004); Maurin et al. (2023), which highlight
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a consistent match between successful GPs and specific LPs through follow-on funds, re-
sulting in superior returns for these LPs. Additionally, we apply centrality measures at
the GP level as a proxy for GP demand by LPs, akin to the oversubscription phenomenon
identified by Kaplan and Schoar (2005), which is associated with higher returns. Similarly,
Abreu Neto and Saito (2024) find that GPs with high centrality in a bipartite network of
LPs and GPs tend to outperform their peers.

3.3 Methodology

The central idea of this article is to use various econometric tools, including new machine
learning techniques capable of handling big data, to predict a fund’s potential success
during the fundraising process. We aim to demonstrate, ex ante to the fund launch,
the likelihood of a fund achieving abnormal performance based on different characteristic
groups. In addition, we seek to identify the main factors that influence PE returns.
Abnormal performance is measured in two ways: PME above 1 or IRR above the first-
tercile threshold (our dependent variables). To predict these binary outcomes, we employ
discrete choice models.

The set of predictors (our independent variables or factors) is detailed in Table A14,
grouped into six categories: GPs, fund information, PE theory and centrality measures,
PE industry, macroeconomic factors, and market conditions/environment. These cate-
gories include 55, 58, and 55 covariates for VC first funds, VC sequence funds, and the
full VC sample, respectively, and 54, 57, and 54 covariates for BO first funds, BO sequence
funds, and the full BO sample, respectively. In VC, there is an additional strategy vari-
able provided by Preqin, which is absent in BO data. Notably, categorical variables are
transformed into dummy variables in the econometric models, significantly increasing the
number of variables on the right-hand side of the equations. Due to the small sample size
and the cross-validation approach used for population stratification, GP variables were
excluded from traditional discrete choice econometric models, as the number of variables
exceeded the sample size. Only the machine learning methods applied here are capable
of handling this maximization issue to estimate the beta coefficients.

We conduct a horse race between six models to determine which has the best accuracy
in predicting the binary events mentioned above. These models include traditional ap-
proaches like the Linear Probability Model (LPM), Logit, and Probit, as well as machine
learning techniques such as Lasso, Ridge, and Random Forest (RF).

There are distinct idiosyncrasies between BO and VC funds, prompting us to conduct
separate experiments for each fund type. BO funds typically target mature companies



90

with stable cash flows, while VC funds focus on early-stage firms with higher risks and
greater potential upsides (Gompers and Lerner, 1999; Kaplan and Stromberg, 2009). In
addition, we divide the experiment into three categories: first-time funds, sequential funds,
and all funds within each type. The rationale is that during the fundraising process
for sequential funds, more information is available and, in a market characterized by
information asymmetry, this should make prediction easier, which is indeed the case.
Moreover, performance persistence, a well-known phenomenon in PE where prior fund
performance predicts future returns for follow-on funds from the same GP (Harris et al.,
2023; Kaplan and Schoar, 2005), further justifies separating the analysis for first-time and
sequential funds. This persistence is explained by several theories (Hochberg et al., 2014;
Lerner and Schoar, 2004; Maurin et al., 2023).

For each group of funds, we implement cross-validation by training the model on 75%
of the total data and testing its predictive capacity on the remaining 25%. This process
is repeated 100 times for each model and each experiment, and we collect the average
results. The training and testing samples are selected randomly, with replacement after
each iteration of the 100 times.

There is ongoing discussion about the presence of survivorship bias in PE market data, as
it is self-reported and privately held. Indeed, over 70% of the funds in our data show PME
greater than one. To create a more realistic environment and mitigate potential survivor-
ship bias, we ensure that both the training and testing samples contain an equal 50/50
split of funds with PME greater than and below one, as well as for the IRR threshold.

In summary, we categorize the funds into six classes (Buyout full, Buyout first funds,
Buyout sequence funds, VC full, VC first funds, VC sequence funds) and aim to predict
two binary events (implied PME and IRR threshold). We compare the performance of six
models (LPM, Logit, Probit, Lasso, Ridge, and Random Forest) using bagging with 100
cross-validation iterations for each experiment, totaling 7,200 prediction exercises. Figure
9 below illustrates our methodology.

3.4 Models

We use six models to predict binary events (0 for below threshold and 1 for above thresh-
old). The first model assumes a simpler relationship between covariates and the depen-
dent variable, with a linear marginal effect. Probit and Logit models introduce non-linear
functions, aiming for a better fit in binary outcomes. Ridge and Lasso models apply reg-
ularization, shrinking coefficients to reduce overfitting. Lastly, the Random Forest (RF)
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model captures complex, non-linear relationships using an ensemble of decision trees in
an unsupervised learning framework.

3.4.1 LPM - Linear Probability Model

LPM applies linear regression to binary outcomes, estimating the probability that the
dependent variable equals 1. It assumes a constant marginal effect of covariates on the
event’s probability, providing a straightforward approach but with potential limitations,
such as predicted probabilities outside the [0,1] range.

P (y = 1|x) = β0 +
N∑
i

βixi (10)

3.4.2 Logit

The Logit model captures non-linear relationships by applying a logistic function, ensuring
predicted probabilities remain between 0 and 1.

P (y = 1|x) = ex
′
β

1 + ex
′β

(11)

3.4.3 Probit

Similarly to Logit, the Probit model uses a normal cumulative distribution function (CDF)
to model binary outcomes.

Φ(x
′
β) =

∫ x
′β

−∞
ϕ(z)dz (12)

3.4.4 Random Forest (RF)

The Random Forest model builds multiple regression trees and using the principles of
Bagging together, where each tree is trained on a random subset of the data. The model
generates predictions by averaging the outputs of these trees, enhancing accuracy and
reducing overfitting. The regression tree can be described as follows:

f(x) = E[P (y = 1|x)] =
M∑

m=1

WmI(x ∈ Rm) =
M∑

m=1

Wmϕ(x;Vm) (13)

Rm represents the tree regions m, Wm the average answer of P(y=1|x) to this region, and
Vm is the variable choice to be divided and the threshold. While x is the set of predictors,
comprising approximately 55 variables across five groups, as detailed in Table A14.



92

A detailed explanation of how the algorithm determines the number of regions M and
selects variables from each bootstrap sample is provided in Medeiros et al. (2021), Fore-
casting Inflation in a Data-Rich Environment: The Benefits of Machine Learning Methods.
This can be found in the appendix of the Journal of Business and Economic Statistics,
Section B8.

3.4.5 Lasso

Lasso introduces L1 regularization, shrinking coefficients and selecting variables by setting
irrelevant ones to zero (Bühlmann and Van De Geer, 2011). This model is useful in high-
dimensional settings to reduce overfitting and improve interpretability.

µ̂(λ), β̂(λ) = argminµ,β(
1

n

n∑
i=1

ρµ,β(Xi, Yi) + λ∥β∥1) (14)

Being Yi|Xi = x Bernoulli(π(x)), ρ(f, y) = ln(1 + exp(−(2y − 1)f) = ln(1 + exp(− yf))

y = 2y − 1 ∈ −1, 1, ln( π(x)
1−π(x)

) = π +
∑p

j=1 βjx
(j) = fµ,β(x).

3.4.6 Ridge

Ridge regression applies L2 regularization, shrinking coefficients without eliminating vari-
ables, making it effective in managing multicollinearity (Bühlmann and Van De Geer,
2011).

µ̂(λ), β̂(λ) = argminµ,β(
1

n

n∑
i=1

ρµ,β(Xi, Yi) + λβ2) (15)

Being Yi|Xi = x Bernoulli(π(x)), ρ(f, y) = ln(1 + exp(−(2y − 1)f) = ln(1 + exp(− yf))

y = 2y − 1 ∈ −1, 1, ln( π(x)
1−π(x)

) = π +
∑p

j=1 βjx
(j) = fµ,β(x).

3.5 Empirical Results

To evaluate the results of our prediction models, we use confusion matrices. These matri-
ces display how well the model’s predictions align with actual outcomes by categorizing
the results into four groups: True Positives (TP), True Negatives (TN), False Positives
(FP), and False Negatives (FN). From this breakdown, we can derive key performance
metrics that help assess the accuracy and effectiveness of each model (Powers, 2020).

We present our results by first separating Buyout and Venture Capital funds. Within
each type of fund, we further divide the analysis into 1st-time, sequence and all funds.
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For each model, the results show that ML techniques consistently outperform classical
discrete choice econometric models in terms of accuracy—the ability to correctly predict
ones and zeros, indicating whether funds exceed or fall below the proposed threshold.

3.5.1 VC results

Panel A of Table A15 presents the accuracy results for VC funds. The first noticeable
pattern is that ML techniques consistently outperform traditional discrete choice models
across all cases. For first-time funds using the PME measure, the results from traditional
models are worse than random chance. The Lasso model emerges as the top performer
in most experiments, only being surpassed by the Ridge model when predicting PME for
first-time funds.

It’s also important to note that the population of VC funds is smaller than BO funds in
all our experiments. However, despite the smaller sample size, the prediction results for
the VC funds are significantly stronger.

When analyzing the confusion matrix in table A16, the results show a high degree of
consistency, with balanced predictions of ones and zeros. Both Type I and Type II
errors27 are closely aligned, which is a promising outcome if these models are intended
for use as decision-making tools by LPs at the investment stage. Achieving 75% accuracy
in predicting a fund’s relative success during the fundraising process would be highly
beneficial in helping LPs decide whether to invest.

The superior performance of ML models, particularly in predicting the success of VC
funds, is evident. Despite potential complexity—such as having more independent vari-
ables than sample size due to the inclusion of GP dummies (as discussed in section 3)—the
models used in this study remain interpretable. In the next section, we explore the most
significant variables for predicting performance, providing further theoretical insights by
dissecting the results.

3.5.2 Buyout results

Panel B of Table A15 presents the models’ accuracy in predicting, out of sample, whether
a BO fund will achieve abnormal performance. It can be observed that the models perform

27A Type I Error or False Positive (FP) in our confusion matrix occurs when the model incorrectly
predicts a positive outcome (e.g., abnormal fund performance) when the actual outcome is negative (e.g.,
the fund underperforms). On the other hand, a Type II Error or False Negative (FN) happens when
the model incorrectly predicts a negative outcome (e.g., underperformance) when the actual outcome is
positive (e.g., the fund outperforms).
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poorly, especially with first-time funds, with results nearly equivalent to random guessing.
Specifically, for the PME measure, the task is to identify which funds underperformed
(PME less than one), despite over 90% of funds having a PME greater than one.

The results improve slightly for sequence funds, with Lasso and LPM achieving 64%
accuracy. This aligns with the theoretical expectation that, over time, some information
becomes more accessible in markets characterized by asymmetric information.

In table A17, which provides the confusion matrices, the results are relatively balanced.
The Lasso model, using the IRR threshold, performs better than the others in predicting
both ones and zeros, supporting its higher accuracy.

Overall, the BO results, particularly with the Lasso model for sequence funds, provide
useful insights for LP decision-makers at the time of investment. However, the more
promising results are found in the VC funds, which will be discussed in the next section.

3.6 Empirical Results - Variable Selection

High-dimensional models have significant potential to uncover important new perspectives
in finance. In this section, by employing variable selection techniques, we were able to
identify key financial indicators that drive our model predictions.

In Tables A18 and A19, we present the main descriptive statistics for each category of
variables used in our ML models. In Lasso and Ridge models, regressions capture the
strength and direction of the linear relationship between variables and outcomes through
beta coefficients (β), while RF evaluates variable importance based on its contribution to
predictive accuracy in non-linear interactions.

To identify key drivers of performance across different modeling approaches, we aim to
compare the absolute values of the beta coefficients for Lasso and Ridge, alongside the
variable importance scores from RF, as detailed in Tables A20 and A21. Additionally,
we refer to the outputs from ML models as "feature significance measures" because they
indicate the relative importance or contribution of each feature (or variable) in making
predictions.

Our results reveal that the categories of GPs, Macro factors, and Fund Information are
consistently more relevant than others for both VC and BO across different ML models
and performance thresholds, with GPs being by far the most influential. This highlights
the importance of a thorough screening process when selecting GPs, as they emerge as a
key predictive variable for fund performance.
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When examining the top 10 most influential variables across all simulations, we find that
GPs, macro, and fund information consistently emerge as the primary groups. This pat-
tern holds true for both BO and VC funds. The dominance of GP-related variables,
particularly those identified by GP ID numbers, is evident. Additionally, CPIAUCSL fre-
quently emerges as a key macroeconomic variable, showing a negative beta direction. This
shows the critical impact of inflation when investing in VC and BO funds. Interestingly,
for BO funds, "median first day return" typically appears as a key predictive variable in
several models. This variable, along with other PE industry variables identified in RF
models, likely serves as a proxy for positive market sentiment, highlighting the importance
of timing when participating in BO funds, particularly for first-time funds.

3.6.1 VC Analysis

Categories/Group Analysis - feature significance measures

In Table A20, we present key statistics for the absolute beta coefficients from Ridge and
Lasso, along with variable importance scores from Random Forest (RF), applied to VC
funds. These models are used to predict PME (Public Market Equivalent) and Net IRR
(Internal Rate of Return) thresholds across different fund samples, including the Full
Sample, First-Time Funds, and Sequence. For each sample, the variables used in the
predictions are categorized into different groups: Fund Information, GPs, Macro, Market
Conditions, PE Industry, and PE Theory & Centrality Measures.

When assessing the main categories, we find that the top three are GPs, Macro, and
Fund Information. However, across various metrics—such as the sum of absolute values,
averages, medians, and maximums— it is clear that GPs consistently have the most
significant impact on both PME and Net IRR models. The GPs category demonstrates
the highest sum of absolute values and strong averages, suggesting a considerable and
consistent influence on performance metrics across various samples, including first-time
and sequence funds. For example, in the full sample, the GPs group shows sum values
of 117.47 (Ridge) and 133.46 (Ridge) for PME and Net IRR models, respectively, which
far exceeds those of other groups. This indicates that the performance of GPs is crucial
across different fund samples, making it the primary focus for decision-making.

The Macro category also plays an important role, especially when considering the maxi-
mum values observed. In certain cases, such as with sequence funds, Macro factors achieve
a maximum value of 7.23 (PME Ridge) and 7.38 (Net IRR Ridge), indicating that while
they may not always have the highest average impact, they can exert substantial influ-
ence under specific conditions/simulations. This variability suggests that macroeconomic
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variables should be closely monitored, particularly in environments with significant eco-
nomic fluctuations. The consistency in the direction of action between PME and Net IRR
models for Macro factors further strengthens this conclusion.

Fund Information, although slightly less impactful than GPs and Macro, still provides
essential insights, particularly in terms of median values, which suggest a steady influence
across models. For example, in first-time funds, the median values of Fund Information
are relatively consistent across both PME and Net IRR models, reinforcing its role as an
interesting source of information.

In summary, GPs are the most influential group in both PME and Net IRR models, across
both first-time and sequence funds, with high sums and averages indicating significant
impact on performance. Macro factors also play an important role, particularly under
certain conditions, as suggested by their maximum values. Fund Information is slightly
less influential but still valuable, particularly for its consistency across models. Other
groups, such as Market Conditions, PE Industry, and PE Theory & Centrality Measures,
are less relevant due to their lower sums and averages. The strategic focus should be
on GPs and Macro, with Fund Information offering additional support, especially for
first-time funds.

3.6.2 Top 10 most influential variables in VC funds

Table A24 shows that the top 10 variables with the highest feature significance measures in
VC funds from our ML models. The analysis reveals that GP-related and Macro variables
are the primary groups influencing performance across different models.

The dominance of GP related variables appears prominently in all models, performance
threshold and fund sample levels. In the Ridge and Lasso models, the most significant
variables often exhibit a negative direction, indicating potential challenges that specific
GPs or their decisions might impose on fund performance.

In addition to GP-related variables, macroeconomic indicators such as CPIAUCSL and
RPI in the Ridge and Lasso models highlight the sensitivity of private equity performance
to broader economic conditions. The negative direction of their betas suggests that higher
inflation correlates with lower fund performance, indicating that VC funds may struggle
to maintain returns in inflationary environments, particularly at the time the fund begins
its operations.

The RF model highlights FEDFUNDS (Federal Funds Rate) along with HOUST (Hous-
ing Starts) and PERMIT (New Private Housing Permits) as key drivers of private equity
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performance. Meanwhile, the Lasso and Ridge models emphasize CPIAUCSL (Consumer
Price Index). These variables are interconnected: FEDFUNDS is often adjusted in re-
sponse to changes in inflation (CPIAUCSL), and this, in turn, affects housing-related
indicators like HOUST and PERMIT.

The inclusion of HOUST and PERMIT in the RF model suggests that the model captures
broader economic conditions, where interest rates influence both inflation and the housing
market. This reinforces the idea that macroeconomic factors—particularly those linked
to inflation, monetary policy, and housing market conditions—are critical in shaping both
relative (PME) and absolute (Net IRR) returns in private equity. The RF model’s focus
on these variables complements the direct emphasis on inflation seen in the Lasso and
Ridge models, providing a more comprehensive view of how economic conditions impact
fund performance.

3.6.3 BO Analysis

Categories/Group Analysis - feature significance measures

In our analysis of BO fund performance (table A21), similar to VC funds, we also found
that the key categories are GPs, Macro factors and Fund Information.

GPs consistently emerge as the most influential category across all samples and thresholds.
For example, in the Full Sample under the PME threshold, the Ridge model shows a sum
of absolute betas of 81.08 with an average of 0.18, median of 0.13, and a maximum
value of 0.85. This strong influence is mirrored under the Net IRR threshold, where
the Ridge model again highlights the GPs’ dominance with a sum of 107.90 and an
average of 0.24. These findings suggest that GP characteristics are crucial across different
performance measures and stages of fund development, indicating that PE firms should
prioritize enhancing the capabilities and track records of their GPs.

Fund Information also proves to be significant, particularly under the Net IRR threshold,
where the Sequence Sample shows a sum of 4.77 with an average of 0.14 and a median
of 0.11 in the Ridge model. This category, however, exhibits less influence compared to
GPs, especially in the First Fund sample, where the sum of absolute betas is only 1.37
in the Ridge model. Despite this, the consistent importance of Fund Information across
all models suggests that maintaining comprehensive and transparent fund-specific data
remains critical, particularly for sequential funds, where this information appears to have
a more pronounced impact on performance.

Macro factors show varying levels of influence depending on the sample and threshold. In
the Sequence Sample under the PME threshold, the Ridge model highlights a significant
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impact with a sum of 4.88 and an average of 0.24. This impact is slightly reduced under
the Net IRR threshold but remains notable, suggesting that macroeconomic conditions
are particularly relevant for sequential funds. The variability in the influence of Macro
factors indicates that while they are important, their relevance may fluctuate depending
on the specific context of the fund, requiring PE firms to stay attuned to broader economic
trends.

When comparing the thresholds (PME and Net IRR), both generally indicate the same
direction of action, particularly highlighting the dominance of GPs and the importance of
Fund Information. However, the PME threshold appears to provide slightly more consis-
tent results across different samples, suggesting it might be a more reliable performance
measure in this context. Additionally, between the First Fund and Sequence Fund sam-
ples, there is a clearer direction and more robust conclusions drawn from the Sequence
Sample, likely due to the accumulated experience and data available from multiple fund
cycles.

3.6.4 Top 10 most influential variables in BO funds

The table A25 reveals that GP-related and Macro variables are also, just like for VC funds,
important categories influencing performance across different models. Especially for our
linear models Ridge and Lasso macro variable CPIAUCSL was the most important.

However, different from VCs funds, in the linear models ridge and lasso the group market
conditions and environment delivers interesting predictive power - being represented by
"median first day return". This happens independent of the performance threshold, and
fund sample.

The "median first day return" is a key predictive variable in Lasso and Ridge models as
it effectively captures overall market sentiment and investor confidence during the time
a fund is launched. This variable serves as a proxy for market conditions and timing
(Ritter, 1984), and its positive direction shows that higher "median first day return"
provides better performance prediction across thresholds and fund samples.

When analyzing the RF model, in the first-time funds sample, many of the variables
identified by the RF model can be seen as capturing sentiments or conditions like those
indicated by the "median first day return." These variables reflect investor confidence,
market conditions, and sectoral or regional attractiveness, which are all factors that could
drive both successful first-day returns in IPOs and the performance of first-time funds.
While these variables may not be identical to the median first-day return, they can serve
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as proxies or are correlated with similar market sentiments, making them relevant in
assessing the performance of first-time funds.

On the other hand, the lack of a similar pattern in sequential funds compared to first-time
funds likely reflects the different nature and drivers of these funds. Sequence funds might
benefit from an established GP track record and investor base, which shifts the focus
away from short-term market sentiment (captured by the "median first day return") to-
wards broader macroeconomic conditions and long-term strategic factors. The RF model,
therefore, emphasizes variables that reflect these more stable and long-term influences,
explaining why "median first day return" and similar sentiment-based variables are less
prominent in the sequence funds sample.

3.7 Conclusions

We demonstrate that recent advances in machine learning methods, combined with the
availability of new, rich datasets, make it possible to improve PE fund performance fore-
casts. Models such as Ridge, Lasso, and Random Forest generate more accurate predic-
tions than traditional discrete choice econometric methods. These results leverage the
value of ML and big data in private equity forecasting.

Our analysis shows that predictions for VC funds yield better outcome projections com-
pared to BO funds, where Lasso models performed better than others. When we separate
the sample into first-time and sequence funds, we find that the improved accuracy pri-
marily comes from sequence funds rather than first-time funds.

Examining the variables selected by the ML models during the fundraising process, we
identify inflation—measured through the CPI index—as a key driver of performance. Its
negative coefficients indicate that inflationary periods challenge GPs to avoid overpaying
and their portfolio companies in operating effectively to deliver superior performance.
However, this finding promotes a deeper investigation into the reason behind the negative
correlation between inflation and performance and creates a promising area for future
research. Timing investments around inflation is crucial to generating alpha.

Although we apply ML techniques, the significance of GPs, as demonstrated by several
other empirical studies on PE performance, remains consistent with the findings using
traditional econometric methods. In other words, this offers an alternative way to capture
the fixed effects of GPs in a big data environment. Also, by identifying individual GPs
throughout the simulations, we can pinpoint the top-performing GPs and show that this
group plays a critical role in improving PE prediction accuracy.
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Table A12

The table provides descriptive statistics for a sample of 1,267 venture capital and 868 buyout funds with vintage years
between 2000 and 2017, categorized by the type of funds used (full sample, first-time funds, and sequential funds). Net
IRR performance data is sourced from Preqin, while the Implied PME was calculated using regression coefficients reported
by Harris et al. (2014), following a similar approach to Sensoy et al. (2014). Vintage year refers to the year the fund begins
its operations. Size indicates the fund’s volume in terms of invested capital. The overall fund sequence number represents
the sequential fund reference number for a specific GP.
Fund Characteristics Full Sample First-time Funds Sequence Funds

N Mean Median SD N Mean Median SD N Mean Median SD

Buyouts funds
Net IRR (%) 1267 17,24 15,80 14,34 177 17,72 16,00 14,49 841 17,57 16,00 13,37
Implied PME 1267 1,44 1,40 0,38 177 1,46 1,42 0,40 841 1,45 1,41 0,36
Vintage Year 1267 2009 2008 5 177 2006 2006 4 841 2010 2010 5
Size (millions of dollars) 1267 1.515,9 602,0 2.487,7 177 435,8 265,0 559,5 841 1.951,8 803,2 2.876,6
Overall fund sequence number 1267 5 3 6 177 2 1 4 841 6 4 6

Venture Capital funds
Net IRR (%) 868 12,18 9,65 31,82 170 11,77 10,15 18,11 479 11,37 9,94 17,09
Implied PME 868 1,37 1,28 1,12 170 1,35 1,31 0,64 479 1,34 1,29 0,60
Vintage Year 868 2008 2007 5 170 2007 2007 5 479 2008 2008 5
Size (millions of dollars) 868 301,3 206,0 358,4 170 134,5 89,5 167,4 479 371,5 275,4 387,3
Overall fund sequence number 868 5 4 6 170 3 1 4 479 5 4 4

Table A13

The table presents characteristics of a sample of 1,267 venture capital and 868 buyout funds raised between 2000 and 2017,
focusing on their primary investment regions and core industries. The statistics are provided for the full sample, as well as
for first-time and sequential funds. The region and core industry classifications were provided by Preqin.

Buyout Funds Venture Capital Funds

Funds Region Focus and Core Industries Full First-time Sequence Full First-time Sequence
Sample Fund Sample Fund Sample Sample Fund Sample Fund Sample

Funds Primary Region Focus
Africa 5 1 1 5 2 2
Americas 25 4 13 8 5 2
Asia 65 11 39 81 28 31
Australasia 37 6 22 9 7 1
Europe 383 52 248 110 35 49
Middle East & Israel 12 3 8 27 5 14
North America 740 100 510 623 87 377
Diversified Multi-Regional - - - 5 1 3
Total 1.267 177 841 868 170 479

Funds Core Industries
Business Services 18 2 15 5 2 3
Business Services, Consumer Discretionary 1 1 - - - -
Business Services, Information Technology 2 - 1 - - -
Consumer Discretionary 79 14 51 14 5 7
Consumer Discretionary, Financial & Insurance Services 1 - 1 - - -
Consumer Discretionary, Raw Materials & Natural Resources 1 - - - - -
Diversified 924 120 626 179 38 82
Energy & Utilities 12 1 7 26 5 14
Energy & Utilities, Real Estate 2 - 2 - - -
Financial & Insurance Services 14 5 6 9 3 3
Healthcare 32 7 19 197 44 121
Healthcare, Information Technology 6 - 4 65 5 41
Industrials 73 13 42 1 1
Information Technology 54 6 35 247 50 136
Information Technology, Telecoms & Media 6 4 2 66 4 40
Others 5 1 2 13 2 6
Raw Materials & Natural Resources 3 - 2 5 1 3
Real Estate 9 1 8 - - -
Telecoms & Media 25 2 18 41 10 23
Total 1.267 177 841 868 170 479
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Table A14: Explanatory Variable description and other information

This table presents all 54 explanatory variables utilized in our prediction models. We have categorized each variable into six
distinct groups based on the original exposure: GPs, Fund Information, PE Theory & Centrality Measures, PE Industry,
Macro and Market Conditions/Market Environment. (1) Only for VC funds, as Preqin does not detail the strategy for BO
funds. The VC strategies are: Early Stage: Seed, Early Stage: Start-up, Early Stage, Venture (General), Expansion / Late
Stage. (2) We separate the regions as: North America, Europe, Asia, Australasia, Middle East & Israel, Americas. (3)
Funds core industries are given/classified by Preqin. (4) For every vintage year, we found eigenvector centrality measure
for GPs using a past 5yr rolling window. (5) For each fund, we calculated the average eigenvector centrality of all LPs
invested in that fund. (6) For each fund, we determined the proportion of LPs classified in the 1st quartile (with the highest
centrality measures) relative to the total number of LPs in the fund. (7) Time variable, where we have funds vintage year
minus 1980 (base year). (8) https://www.policyuncertainty.com/ (9) https://mba.tuck.dartmouth.edu/pages/faculty/
ken.french/data_library.html (10) https://site.warrington.ufl.edu/ritter/ipo-data/

Explanatory Variable Group Classification Type of Variables Source

GPs Firm Identification (ID) GPs Categorical Preqin
Fund Strategy 1 Fund information Categorical Preqin
Fund Primary Region of Focus 2 Fund information Categorical Preqin
Fund Core Industries 3 Fund information Categorical Preqin
GPs Headquarter Location/Country Fund information Categorical Preqin
Fund Size (U$MM) Fund information Numerical Preqin
Fund Number Overall in GP Fund information Numerical Preqin
Eigenvector ex-ante Centrality measure GP 4 PE Theory & Centrality Measures Numerical Preqin & Abreu Saito (2024)
Average LPs Eigenvector Centrality per fund 5 PE Theory & Centrality Measures Numerical Preqin & Abreu Saito (2024)
Proportion of 1Q LPs (ex-ante) per fund 6 PE Theory & Centrality Measures Numerical Preqin & Abreu Saito (2024)
Quantity of LPs per fund PE Theory & Centrality Measures Numerical Preqin & Abreu Saito (2024)
Number of LPs reinvested per fund PE Theory & Centrality Measures Numerical Preqin & Abreu Saito (2024)
Number of 1Q LPs reinvested per fund PE Theory & Centrality Measures Numerical Preqin & Abreu Saito (2024)
Fund Size (U$MM) previous fund from same GP PE Theory & Centrality Measures Numerical Preqin & Abreu Saito (2024)
Industry Dry Powder PE Industry Numerical Preqin
Industry Fund Raising Volume PE Industry Numerical Preqin
Industry Fund Raising Number PE Industry Numerical Preqin
Industry Year 7 PE Industry Numerical Preqin
University Michigan - Consumer Sentiment (UMCSENTx) Macro Numerical FRED
Uncertainty Index (Uncertain) Macro Numerical Baker, Bloom and Davis website 8

Housing Starts: Total New Privately Owned (HOUST) Macro Numerical FRED
New Private Housing Permits (PERMIT) Macro Numerical FRED
Efective Federal Funds Rate (FEDFUNDS) Macro Numerical FRED
1-Year Treasury Const. Minus Fed Funds (T1YFFM) Macro Numerical FRED
5-Year Treasury Const. Minus Fed Funds (T5YFFM) Macro Numerical FRED
10-Year Treasury Const. Minus Fed Funds (T10YFFM) Macro Numerical FRED
Moody’s Seasoned Aaa Corp. Bond Minus Federal Funds Rate (AAAFFM) Macro Numerical FRED
Moody’s Seasoned Baa Corp. Bond Minus Federal Funds Rate (BAAFFM) Macro Numerical FRED
Help-Wanted Index for United States (HWI) Macro Numerical FRED
Ratio of Help Wanted/No. Unemployed (HWI Ratio) Macro Numerical FRED
Unemployment rate (UNRATE) Macro Numerical FRED
Initial Jobless Claims (CLAIMSx) Macro Numerical FRED
Industrial Production (INDPRO) Macro Numerical FRED
Retail Price Index (RPI) Macro Numerical FRED
Capacity Utilization: Manufacturing (CUMFNS) Macro Numerical FRED
Crude Oil, spliced WTI and Cushing Price (OILPRICEx) Macro Numerical FRED
Consumer Price Index for All Urban Consumers: All Items (CPIAUCSL) Macro Numerical FRED
US GDP (last year) Macro Numerical FRED
S&P 500 returns Market Conditions/Environment Numerical FRED
S&P Dividend Yield Market Conditions/Environment Numerical FRED
S&P Price-Earnings Ratio Market Conditions/Environment Numerical FRED
Cleveland Fed’s VIX (VIXCLSx) Market Conditions/Environment Numerical FRED
Risk Premium: Market Return Minus Risk-Free Rate (Mkt_RF) Market Conditions/Environment Numerical Kenneth R. French website 9

Nasdaq returns Market Conditions/Environment Numerical Eikon
Number of IPOs Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter
Average First day Return Proceeds Weighted Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

Median First day Return Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

Money left on the Table Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

Aggregate proceeds Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

Venture Capital (VC) IPOs Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

Buyout IPOs Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

Tech IPOs Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

Venture Capital (VC) backed proceeds Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

Tech proceeds Market Conditions/Environment Numerical IPO Data website - Jay R. Ritter 10

https://www.policyuncertainty.com/
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://site.warrington.ufl.edu/ritter/ipo-data/
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Table A15: Performance Prediction Accuracy - VC and BO funds

The table shows the accuracy of the models for performance prediction. Panel A presents the results for VC funds,
considering different sample types (all funds, first-time funds, and sequence funds) and performance thresholds (PME and
Net IRR). Panel B shows the results for BO funds. Each result represents the average of 100 cross-validation procedures.
The model parameters are trained using 75% of the total available sample, selected randomly while maintaining the original
ratio of ones (funds with PME greater than 1 or above the IRR threshold) and zeros (funds with PME below 1 or below the
IRR threshold). The sample is forced into a 50/50 split between ones and zeros, meaning part of the data is disregarded.
After training, the model is tested out-of-sample on the remaining 25%, also structured with a 50/50 split between ones
and zeros.

Panel A: Venture Capital Funds RF Lasso Ridge LPM Probit Logit

All Funds PME Threshold 0,647 0,704 0,690 0,679 0,668 0,668
IRR Threshold 0,680 0,729 0,716 0,712 0,689 0,689

First-time Funds PME Threshold 0,553 0,537 0,566 0,488 0,493 0,493
IRR Threshold 0,618 0,658 0,657 0,526 0,522 0,522

Sequence Funds PME Threshold 0,677 0,735 0,718 0,661 0,632 0,632
IRR Threshold 0,677 0,748 0,746 0,708 0,679 0,679

Panel B: Buyout Funds

All Funds PME Threshold 0,596 0,570 0,624 0,600 0,590 0,590
IRR Threshold 0,579 0,639 0,603 0,636 0,632 0,632

First-time Funds PME Threshold 0,526 0,519 0,518 0,520 0,523 0,523
IRR Threshold 0,496 0,508 0,511 0,498 0,500 0,500

Sequence Funds PME Threshold 0,579 0,530 0,611 0,554 0,548 0,548
IRR Threshold 0,576 0,640 0,622 0,636 0,629 0,629
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Table A16: Confusion Matrices - Venture Capital Funds

The table presents the average results of each confusion matrix from the 100 cross-validation procedures explained for Venture Capital funds across different performance thresholds.Each
matrix presents the true positive (TP - bottom right corner), true negative (TN - top left corner), false positive (FP - top right corner), and false negative (FN - bottom left corner) rates.
Panels A, B, and C consider different sets of funds included in the analysis. Each panel presents the results based on varying fund types, such as all funds, first-time funds, or sequence funds.
Details on accuracy, precision, recall, specificity, and F-score can be found in Powers (2020).

Venture Capital Funds
Panel A: All Funds RF Lasso Ridge Panel B: First Funds RF Lasso Ridge Panel C: Sequence Funds RF Lasso Ridge

PME Threshold 23,6 13,9 28,9 8,7 27,0 10,5 PME Threshold 4,1 2,4 2,9 3,7 3,7 2,9 PME Threshold 21,9 11,2 25,9 7,1 24,4 8,6
12,6 24,9 13,5 24,0 12,8 24,7 3,4 3,1 2,4 4,2 2,8 3,7 10,2 22,8 10,4 22,6 10,1 22,9

Accuracy 64,7% 70,4% 69,0% Accuracy 55,3% 53,8% 56,7% Accuracy 67,7% 73,5% 71,8%
Precision 64,2% 73,5% 70,2% Precision 56,3% 53,2% 56,6% Precision 67,2% 76,1% 72,8%

Recall 66,4% 63,9% 66,0% Recall 47,4% 63,9% 56,9% Recall 69,1% 68,6% 69,5%
Specificity 63,0% 76,9% 72,0% Specificity 63,1% 43,7% 56,4% Specificity 66,2% 78,5% 74,1%

F-score 65,3% 68,4% 68,0% F-score 51,5% 58,1% 56,8% F-score 68,1% 72,2% 71,1%

IRR Threshold 25,9 13,5 28,2 11,3 28,0 11,4 IRR Threshold 5,2 2,9 4,7 3,3 5,1 3,0 IRR Threshold 22,7 13,3 25,6 10,4 25,7 10,3
11,7 27,7 10,1 29,3 11,0 28,5 3,3 4,7 2,2 5,8 2,5 5,5 10,0 26,0 7,7 28,3 8,0 28,1

Accuracy 68,0% 72,9% 71,6% Accuracy 61,8% 65,8% 65,7% Accuracy 67,7% 74,8% 74,6%
Precision 67,3% 72,2% 71,4% Precision 62,5% 63,9% 64,9% Precision 66,2% 73,1% 73,1%

Recall 70,2% 74,3% 72,2% Recall 59,3% 72,4% 68,3% Recall 72,3% 78,5% 77,9%
Specificity 65,8% 71,5% 71,0% Specificity 64,4% 59,1% 63,1% Specificity 63,1% 71,2% 71,3%

F-score 68,7% 73,3% 71,8% F-score 60,8% 67,9% 66,5% F-score 69,1% 75,7% 75,4%
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Table A17: Confusion Matrices - Buyout Funds

The table presents the average results of each confusion matrix from the 100 cross-validation procedures explained for Buyout funds. Details on accuracy, precision, recall, specificity, and
F-score score can be found in Powers (2020).

Buyout Funds
Panel A: All Funds RF Lasso Ridge Panel B: First Funds RF Lasso Ridge Panel C: Sequence Funds RF Lasso Ridge

PME Threshold 14,5 9,5 14,2 9,8 15,5 8,5 PME Threshold 2,2 1,8 1,4 2,6 1,8 2,2 PME Threshold 8,3 5,8 6,2 7,8 8,1 5,9
9,9 14,1 10,8 13,2 9,5 14,5 2,0 2,0 1,3 2,7 1,6 2,4 6,0 8,0 5,4 8,6 5,0 9,0

Accuracy 59,6% 57,0% 62,4% Accuracy 52,6% 51,9% 51,8% Accuracy 57,9% 53,0% 61,1%
Precision 59,7% 57,3% 62,9% Precision 52,8% 51,4% 51,5% Precision 58,1% 52,6% 60,4%

Recall 58,6% 55,0% 60,3% Recall 49,5% 67,8% 59,5% Recall 56,9% 61,5% 64,5%
Specificity 60,5% 59,1% 64,4% Specificity 55,8% 36,0% 44,0% Specificity 58,9% 44,5% 57,8%

F-score 59,2% 56,1% 61,6% F-score 51,1% 58,5% 55,2% F-score 57,5% 56,7% 62,4%

IRR Threshold 58,6 49,4 67,3 40,7 62,1 45,9 IRR Threshold 8,1 7,4 3,3 12,2 4,2 11,3 IRR Threshold 39,9 34,1 44,8 29,3 43,9 30,1
41,6 66,4 37,4 70,6 39,8 68,2 8,2 7,3 3,1 12,5 3,9 11,6 28,7 45,3 24,0 50,0 25,9 48,1

Accuracy 57,9% 63,9% 60,3% Accuracy 49,6% 50,8% 51,1% Accuracy 57,6% 64,0% 62,2%
Precision 57,3% 63,4% 59,8% Precision 49,6% 50,5% 50,8% Precision 57,1% 63,1% 61,5%

Recall 61,5% 65,4% 63,2% Recall 47,2% 80,3% 74,9% Recall 61,2% 67,6% 64,9%
Specificity 54,2% 62,3% 57,5% Specificity 52,0% 21,2% 27,4% Specificity 53,9% 60,5% 59,4%

F-score 59,3% 64,4% 61,4% F-score 48,3% 62,0% 60,5% F-score 59,1% 65,3% 63,2%
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Table A18: Summary of Feature Importance for Ridge, Lasso, and RF in VC Funds

The table presents the summary statistics of feature significance measures, including beta coefficients for Ridge and Lasso,
and variable importance scores for RF, applied to VC funds. These statistics are calculated across two performance
thresholds: PME and Net IRR. The analysis considers the entire sample of funds, as well as subsets including only first-
time funds and sequential funds. The absolute beta statistics are further categorized by beta types.
Betas Categories/Groups Ridge Lasso RF

N Avg Med Stdev Min Max N Avg Med Stdev Min Max N Avg Med Stdev Min Max

PME Threshold Performance

All funds sample
Fund information 35 0,01 - 0,00 0,17 - 0,35 0,49 35 - 0,01 - 0,14 - 0,67 0,31 6 0,00 0,00 0,00 0,00 0,00
GPs 373 - 0,02 0,09 0,36 - 0,94 0,63 373 0,01 - 0,12 - 0,83 0,38 1 0,08 0,08 - 0,08 0,08
Macro 20 - 0,39 0,00 1,26 - 5,51 0,32 20 - 0,04 - 0,14 - 0,59 0,05 20 0,01 0,00 0,00 0,00 0,01
Market Conditions - Market Environment 16 0,02 - 0,00 0,13 - 0,33 0,28 16 0,01 - 0,02 - 0,00 0,08 16 0,00 0,00 0,00 0,00 0,02
PE Industry 4 0,01 0,00 0,01 0,00 0,03 4 0,04 0,00 0,09 - 0,17 4 0,01 0,00 0,01 0,00 0,02
PE Theory & Centrality Measures 4 0,10 0,04 0,21 - 0,07 0,40 4 0,13 0,00 0,26 - 0,01 0,52 4 0,00 0,00 0,00 0,00 0,00
Total 452 - 0,03 0,00 0,43 - 5,51 0,63 452 0,00 - 0,12 - 0,83 0,52 51 0,01 0,00 0,01 0,00 0,08

First time funds sample
Fund information 35 - 0,01 - 0,02 0,10 - 0,21 0,13 35 0,00 - 0,03 - 0,04 0,09 6 0,02 0,02 0,01 0,01 0,03
GPs 153 0,00 0,07 0,14 - 0,31 0,20 153 0,00 - 0,02 - 0,10 0,10 1 0,36 0,36 - 0,36 0,36
Macro 20 - 0,12 - 0,00 0,44 - 1,94 0,17 20 - 0,07 - 0,24 - 1,05 0,08 20 0,03 0,03 0,01 0,02 0,07
Market Conditions - Market Environment 16 0,02 0,00 0,10 - 0,15 0,24 16 0,02 - 0,07 - 0,01 0,29 16 0,02 0,01 0,01 0,01 0,04
PE Industry 4 0,00 0,00 0,00 - 0,00 0,01 4 0,00 0,00 0,00 - 0,00 0,01 4 0,03 0,02 0,01 0,02 0,04
PE Theory & Centrality Measures 4 - 0,09 - 0,02 0,19 - 0,37 0,04 4 - 0,00 - 0,00 - 0,01 0,00 4 0,01 0,01 0,00 0,01 0,02
Total 232 - 0,01 0,04 0,18 - 1,94 0,24 232 - 0,00 - 0,08 - 1,05 0,29 51 0,03 0,02 0,05 0,01 0,36

Sequence funds sample
Fund information 33 0,00 - 0,01 0,18 - 0,59 0,33 33 - 0,03 - 0,21 - 1,19 0,12 6 0,01 0,01 0,00 0,00 0,01
GPs 259 - 0,00 0,12 0,37 - 1,06 0,67 259 0,01 - 0,19 - 1,41 0,55 1 0,13 0,13 - 0,13 0,13
Macro 20 - 0,58 - 0,00 1,71 - 7,23 0,36 20 - 0,14 - 0,00 0,52 - 2,28 0,01 20 0,01 0,01 0,01 0,01 0,03
Market Conditions - Market Environment 16 0,03 - 0,00 0,19 - 0,51 0,32 16 0,01 - 0,04 - 0,05 0,13 16 0,01 0,01 0,01 0,00 0,05
PE Industry 4 0,01 0,00 0,02 0,00 0,03 4 0,05 0,00 0,11 - 0,22 4 0,02 0,01 0,02 0,00 0,04
PE Theory & Centrality Measures 7 0,05 0,00 0,23 - 0,12 0,55 7 0,16 - 0,43 - 0,01 1,14 7 0,01 0,01 0,00 0,01 0,01
Total 339 - 0,03 0,08 0,54 - 7,23 0,67 339 0,00 - 0,23 - 2,28 1,14 54 0,01 0,01 0,02 0,00 0,13

Net IRR Threshold Performance

All funds sample
Fund information 35 0,02 0,03 0,19 - 0,63 0,47 35 - 0,03 0,00 0,23 - 1,32 0,13 6 0,00 0,00 0,00 0,00 0,00
GPs 373 - 0,03 - 0,14 0,42 - 0,96 1,39 373 - 0,00 - 0,26 - 0,80 1,74 1 0,06 0,06 . 0,06 0,06
Macro 20 - 0,31 - 0,00 1,19 - 5,29 0,29 20 - 0,04 - 0,11 - 0,49 0,00 20 0,01 0,00 0,00 0,00 0,02
Market Conditions - Market Environment 16 - 0,00 - 0,00 0,17 - 0,59 0,19 16 - 0,02 - 0,10 - 0,40 0,01 16 0,00 0,00 0,00 0,00 0,02
PE Industry 4 0,01 0,00 0,02 - 0,00 0,03 4 0,05 0,00 0,10 - 0,00 0,19 4 0,01 0,01 0,01 0,00 0,02
PE Theory & Centrality Measures 4 0,06 0,06 0,08 - 0,02 0,14 4 0,01 0,00 0,02 - 0,00 0,03 4 0,00 0,00 0,00 0,00 0,00
Total 452 - 0,04 - 0,09 0,46 - 5,29 1,39 452 - 0,01 - 0,25 - 1,32 1,74 51 0,01 0,00 0,01 0,00 0,06

First time funds sample
Fund information 35 - 0,00 - 0,01 0,10 - 0,22 0,30 35 0,00 - 0,02 - 0,05 0,10 6 0,01 0,01 0,00 0,01 0,02
GPs 153 0,00 - 0,09 0,17 - 0,23 0,41 153 0,00 - 0,02 - 0,05 0,10 1 0,30 0,30 . 0,30 0,30
Macro 20 - 0,07 - 0,00 0,44 - 1,78 0,69 20 - 0,01 - 0,09 - 0,37 0,10 20 0,02 0,02 0,01 0,01 0,06
Market Conditions - Market Environment 16 0,01 - 0,00 0,11 - 0,25 0,22 16 0,00 - 0,01 - 0,03 0,03 16 0,01 0,01 0,01 0,00 0,04
PE Industry 4 0,00 0,00 0,01 - 0,00 0,01 4 0,01 - 0,02 - 0,04 4 0,02 0,02 0,02 0,01 0,06
PE Theory & Centrality Measures 4 0,17 0,10 0,23 - 0,01 0,50 4 0,03 0,02 0,03 - 0,00 0,07 4 0,01 0,01 0,00 0,00 0,01
Total 232 - 0,00 - 0,06 0,20 - 1,78 0,69 232 0,00 - 0,03 - 0,37 0,10 51 0,02 0,01 0,04 0,00 0,30

Sequence funds sample
Fund information 33 0,07 0,09 0,24 - 0,83 0,46 33 - 0,06 - 0,28 - 1,55 0,10 6 0,00 0,00 0,00 0,00 0,01
GPs 259 - 0,03 - 0,14 0,36 - 0,87 1,17 259 - 0,01 - 0,16 - 0,68 0,95 1 0,12 0,12 . 0,12 0,12
Macro 20 - 0,53 - 0,00 1,70 - 7,38 0,12 20 - 0,20 - 0,69 - 2,97 0,00 20 0,01 0,01 0,01 0,01 0,04
Market Conditions - Market Environment 16 - 0,03 - 0,00 0,27 - 1,01 0,29 16 - 0,01 - 0,12 - 0,40 0,23 16 0,01 0,01 0,01 0,00 0,04
PE Industry 4 0,01 0,00 0,02 - 0,00 0,03 4 0,04 0,00 0,09 - 0,00 0,18 4 0,02 0,02 0,02 0,01 0,04
PE Theory & Centrality Measures 7 0,05 0,00 0,09 - 0,05 0,15 7 0,01 0,00 0,02 - 0,00 0,06 7 0,01 0,01 0,00 0,00 0,01
Total 339 - 0,04 - 0,07 0,54 - 7,38 1,17 339 - 0,03 - 0,24 - 2,97 0,95 54 0,01 0,01 0,02 0,00 0,12
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Table A19: Summary of Feature Importance for Ridge, Lasso, and RF in BO Funds

The table presents the summary statistics of feature significance measures, including beta coefficients for Ridge and Lasso,
and variable importance scores for RF, applied to BO funds. These statistics are calculated across two performance
thresholds: PME and Net IRR. The analysis considers the entire sample of funds, as well as subsets including only first-
time funds and sequential funds. The absolute beta statistics are further categorized by beta types.
Betas Categories/Groups Ridge Lasso RF

N Avg p50 Stdev Min Max N Avg p50 Stdev Min Max N Avg p50 Stdev Min Max

PME Threshold Performance

All funds sample
Fund information 35 - 0,00 0,01 0,24 - 0,53 0,51 35 - 0,02 0,00 0,22 - 0,65 0,59 5 0,01 0,01 0,01 0,01 0,02
GPs 452 0,00 0,09 0,24 - 0,85 0,34 452 - 0,00 0,01 0,06 - 0,71 0,13 1 0,19 0,19 . 0,19 0,19
Macro 20 - 0,06 0,00 0,59 - 2,39 0,88 20 - 0,05 - 0,35 - 1,53 0,20 20 0,02 0,02 0,00 0,02 0,02
Market Conditions - Market Environment 16 0,11 0,00 0,40 - 0,07 1,59 16 0,22 - 0,86 - 0,03 3,42 16 0,02 0,01 0,00 0,01 0,03
PE Industry 4 0,00 - 0,00 0,01 - 0,00 0,01 4 0,00 - 0,00 0,01 - 0,00 0,01 4 0,02 0,02 0,00 0,01 0,02
PE Theory & Centrality Measures 4 0,14 0,16 0,10 0,00 0,23 4 0,11 0,07 0,13 0,00 0,28 4 0,02 0,02 0,00 0,01 0,02
Total 531 0,00 0,08 0,27 - 2,39 1,59 531 0,00 0,01 0,18 - 1,53 3,42 50 0,02 0,02 0,03 0,01 0,19

First time funds sample
Fund information 28 - 0,00 0,00 0,05 - 0,10 0,08 28 0,00 - 0,03 - 0,08 0,13 5 0,04 0,04 0,02 0,01 0,06
GPs 171 0,00 0,01 0,03 - 0,15 0,03 171 0,00 - 0,01 - 0,11 0,04 1 1,00 1,00 . 1,00 1,00
Macro 20 0,07 0,00 0,24 - 0,07 1,07 20 0,13 - 0,54 - 0,03 2,41 20 0,04 0,03 0,02 0,02 0,11
Market Conditions - Market Environment 16 0,04 0,00 0,20 - 0,06 0,80 16 0,17 0,00 0,69 - 0,00 2,76 16 0,05 0,04 0,04 0,01 0,15
PE Industry 4 0,00 - 0,00 0,00 - 0,00 0,00 4 - 0,00 - 0,00 0,00 - 0,00 0,00 4 0,06 0,06 0,02 0,04 0,09
PE Theory & Centrality Measures 4 - 0,37 0,02 0,82 - 1,59 0,08 4 - 0,23 0,01 0,54 - 1,04 0,08 4 0,03 0,04 0,02 - 0,04
Total 243 0,00 0,01 0,14 - 1,59 1,07 243 0,02 - 0,25 - 1,04 2,76 50 0,06 0,04 0,14 - 1,00

Sequence funds sample
Fund information 33 - 0,02 0,00 0,16 - 0,35 0,31 33 - 0,00 - 0,07 - 0,26 0,19 5 0,02 0,02 0,01 0,01 0,03
GPs 373 0,00 0,04 0,13 - 0,45 0,16 373 - 0,00 - 0,02 - 0,13 0,04 1 0,32 0,32 . 0,32 0,32
Macro 20 - 0,12 0,00 0,62 - 2,16 0,81 20 - 0,04 - 0,18 - 0,68 0,18 20 0,03 0,02 0,01 0,02 0,04
Market Conditions - Market Environment 16 0,06 0,00 0,19 - 0,04 0,76 16 0,04 0,00 0,16 - 0,01 0,64 16 0,02 0,02 0,01 0,01 0,05
PE Industry 4 0,00 0,00 0,00 - 0,00 0,01 4 0,00 0,00 0,00 - 0,00 0,01 4 0,02 0,02 0,01 0,02 0,03
PE Theory & Centrality Measures 7 0,05 0,00 0,10 - 0,07 0,18 7 0,02 0,00 0,05 - 0,04 0,12 7 0,03 0,03 0,00 0,02 0,03
Total 453 - 0,00 0,03 0,18 - 2,16 0,81 453 - 0,00 - 0,05 - 0,68 0,64 53 0,03 0,02 0,04 0,01 0,32

Net IRR Threshold Performance

All funds sample
Fund information 35 0,01 - 0,00 0,19 - 0,38 0,41 35 - 0,03 - 0,23 - 0,96 0,47 5 0,00 0,00 0,00 0,00 0,00
GPs 452 - 0,02 - 0,01 0,27 - 0,48 0,57 452 0,01 - 0,00 0,20 - 0,53 0,96 1 0,02 0,02 . 0,02 0,02
Macro 20 - 0,10 0,00 0,63 - 2,72 0,54 20 0,07 - 0,50 - 0,97 1,92 20 0,00 0,00 0,00 0,00 0,00
Market Conditions - Market Environment 16 0,06 - 0,00 0,29 - 0,08 1,16 16 0,19 - 0,81 - 0,13 3,22 16 0,00 0,00 0,00 0,00 0,00
PE Industry 4 0,00 0,00 0,00 - 0,00 0,01 4 0,00 - 0,00 - 0,00 0,00 4 0,00 0,00 0,00 0,00 0,00
PE Theory & Centrality Measures 4 - 0,05 - 0,06 0,05 - 0,10 - 0,00 4 - 0,04 - 0,04 0,04 - 0,07 - 0,00 4 0,00 0,00 0,00 0,00 0,00
Total 531 - 0,02 - 0,00 0,29 - 2,72 1,16 531 0,01 - 0,00 0,26 - 0,97 3,22 50 0,00 0,00 0,00 0,00 0,02

First time funds sample
Fund information 28 - 0,00 - 0,00 0,07 - 0,13 0,12 28 0,00 - 0,05 - 0,13 0,20 5 0,02 0,02 0,01 0,01 0,03
GPs 171 - 0,00 - 0,05 0,09 - 0,13 0,17 171 0,00 - 0,01 - 0,02 0,06 1 0,69 0,69 . 0,69 0,69
Macro 20 0,02 0,00 0,14 - 0,22 0,57 20 0,02 - 0,13 - 0,15 0,56 20 0,01 0,01 0,01 0,00 0,03
Market Conditions - Market Environment 16 0,01 0,00 0,06 - 0,05 0,23 16 0,01 - 0,04 - 0,00 0,14 16 0,01 0,01 0,01 0,00 0,02
PE Industry 4 - 0,00 - 0,00 0,00 - 0,00 - 0,00 4 - 0,00 - 0,00 0,00 - 0,00 - 4 0,04 0,04 0,00 0,04 0,04
PE Theory & Centrality Measures 4 - 0,03 - 0,04 0,03 - 0,06 - 0,00 4 - 0,01 - 0,01 0,01 - 0,03 - 4 0,03 0,03 0,01 0,01 0,04
Total 243 0,00 - 0,03 0,09 - 0,22 0,57 243 0,00 - 0,04 - 0,15 0,56 50 0,03 0,01 0,10 0,00 0,69

Sequence funds sample
Fund information 33 0,00 - 0,20 - 0,45 0,39 33 - 0,03 - 0,25 - 1,16 0,34 5 0,00 0,00 0,00 0,00 0,00
GPs 373 - 0,01 - 0,06 0,26 - 0,56 0,61 373 - 0,00 - 0,00 0,15 - 0,52 0,80 1 0,04 0,04 . 0,04 0,04
Macro 20 - 0,15 0,00 0,74 - 3,27 0,29 20 0,01 - 0,23 - 0,66 0,73 20 0,00 0,00 0,00 0,00 0,01
Market Conditions - Market Environment 16 0,09 - 0,00 0,41 - 0,12 1,61 16 0,23 - 0,98 - 0,19 3,89 15 0,00 0,00 0,00 0,00 0,00
PE Industry 4 0,00 0,00 0,01 0,00 0,01 4 0,01 0,00 0,01 - 0,03 4 0,00 0,00 0,00 0,00 0,00
PE Theory & Centrality Measures 7 - 0,01 - 0,01 0,02 - 0,05 0,01 7 - 0,01 - 0,00 0,01 - 0,02 - 7 0,00 0,00 0,00 0,00 0,00
Total 453 - 0,01 - 0,00 0,30 - 3,27 1,61 453 0,00 - 0,24 - 1,16 3,89 52 0,00 0,00 0,00 0,00 0,04
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Table A20: Summary of Absolute Betas and Variable Importance for Ridge, Lasso, and RF in
VC Funds

The table provides key statistics of the absolute betas for Ridge and Lasso, along with variable importance scores for
Random Forest, applied to VC funds. These statistics are calculated across two performance thresholds: PME and Net
IRR. The analysis considers the entire sample of funds, as well as subsets including only first-time funds and sequential
funds. The absolute beta statistics are further categorized by beta types.

Ridge Lasso Randon Forest (RF)

Sum Sum Sum
Betas Categories/Groups N Abs. Avg. Median Max. Min. N Abs. Avg. Median Max. Min. N Abs. Avg. Median Max. Min.

Values Values Values

PME Threshold Performance

All funds Sample
Fund information 35 3,87 0,111 0,060 0,49 0,00004 35 1,89 0,054 0,007 0,67 - 6 0,01 0,002 0,002 0,004 0,001
GPs 373 117,47 0,315 0,279 0,94 - 373 21,57 0,058 0,004 0,83 - 1 0,08 0,076 0,076 0,076 0,076
Macro 20 8,56 0,428 0,010 5,51 0,00012 20 0,92 0,046 0,000 0,59 - 20 0,12 0,006 0,004 0,015 0,003
Market Conditions - Market Environment 16 1,08 0,068 0,002 0,33 0,00000 16 0,10 0,006 0,000 0,08 - 16 0,05 0,003 0,002 0,018 0,001
PE Industry 4 0,03 0,007 0,001 0,03 0,00017 4 0,17 0,043 0,000 0,17 - 4 0,03 0,008 0,004 0,020 0,002
PE Theory & Centrality Measures 4 0,54 0,135 0,069 0,40 0,00032 4 0,53 0,132 0,006 0,52 - 4 0,01 0,003 0,003 0,004 0,002
Total 452 131,55 0,291 0,260 5,51 - 452 25,18 0,056 0,003 0,83 - 51 0,30 0,006 0,003 0,076 0,001

First Fund Sample
Fund information 35 2,72 0,078 0,063 0,21 0,00003 35 0,42 0,012 0,001 0,09 - 6 0,12 0,020 0,019 0,033 0,007
GPs 153 18,33 0,120 0,092 0,31 0,00705 153 1,03 0,007 - 0,10 - 1 0,36 0,359 0,359 0,359 0,359
Macro 20 2,97 0,149 0,015 1,94 0,00006 20 1,55 0,077 0,001 1,05 - 20 0,68 0,034 0,033 0,066 0,018
Market Conditions - Market Environment 16 0,76 0,048 0,001 0,24 0,00000 16 0,39 0,025 0,000 0,29 - 16 0,27 0,017 0,013 0,039 0,009
PE Industry 4 0,01 0,002 0,001 0,01 0,00002 4 0,01 0,002 0,000 0,01 - 4 0,10 0,025 0,021 0,042 0,017
PE Theory & Centrality Measures 4 0,45 0,113 0,037 0,37 0,00817 4 0,01 0,002 0,001 0,01 - 4 0,04 0,010 0,009 0,015 0,007
Total 232 25,24 0,109 0,084 1,94 0,00000 232 3,40 0,015 0,000 1,05 - 51 1,57 0,031 0,021 0,359 0,007

Sequence funds Sample
Fund information 33 4,20 0,127 0,090 0,59 - 33 1,9 0,057 0,006 1,19 - 6 0,03 0,006 0,005 0,012 0,001
GPs 259 79,66 0,308 0,266 1,06 - 259 20,5 0,079 0,005 1,41 - 1 0,13 0,126 0,126 0,126 0,126
Macro 20 12,47 0,624 0,008 7,23 0,00017 20 2,8 0,142 0,000 2,28 - 20 0,26 0,013 0,009 0,030 0,005
Market Conditions - Market Environment 16 1,52 0,095 0,004 0,51 0,00000 16 0,2 0,015 0,000 0,13 - 16 0,14 0,009 0,006 0,047 0,003
PE Industry 4 0,04 0,009 0,001 0,03 0,00022 4 0,22 0,054 0,000 0,22 - 4 0,08 0,019 0,014 0,044 0,005
PE Theory & Centrality Measures 7 0,94 0,135 0,084 0,55 0,00012 7 1,17 0,167 0,003 1,14 - 7 0,06 0,008 0,008 0,011 0,005
Total 339 98,83 0,292 0,238 7,23 - 339 26,84 0,079 0,004 2,28 - 54 0,69 0,013 0,008 0,126 0,001

Net IRR Threshold Performance

All funds Sample
Fund information 35 4,49 0,128 0,096 0,63 0,00002 35 2,12 0,061 0,007 1,32 - 6 0,01 0,002 0,002 0,003 0,001
GPs 373 133,46 0,358 0,328 1,39 - 373 43,94 0,118 0,001 1,74 - 1 0,06 0,055 0,055 0,055 0,055
Macro 20 7,12 0,356 0,015 5,29 0,00022 20 0,79 0,040 0,000 0,49 - 20 0,11 0,006 0,004 0,017 0,003
Market Conditions - Market Environment 16 1,19 0,074 0,002 0,59 0,00000 16 0,41 0,025 0,000 0,40 - 16 0,05 0,003 0,002 0,016 0,001
PE Industry 4 0,03 0,009 0,001 0,03 0,00023 4 0,19 0,048 0,000 0,19 - 4 0,03 0,008 0,008 0,017 0,002
PE Theory & Centrality Measures 4 0,29 0,073 0,074 0,14 0,00456 4 0,04 0,011 0,007 0,03 0,00 4 0,01 0,002 0,002 0,003 0,002
Total 452 146,6 0,324 0,284 5,29 - 452 47,5 0,105 0,001 1,74 - 51 0,27 0,005 0,003 0,055 0,001

First Fund Sample
Fund information 35 2,65 0,076 0,057 0,30 0,00009 35 0,37 0,011 0,001 0,10 - 6 0,09 0,014 0,014 0,018 0,009
GPs 153 24,08 0,157 0,135 0,41 0,06308 153 1,50 0,010 - 0,10 - 1 0,30 0,302 0,302 0,302 0,302
Macro 20 3,36 0,168 0,011 1,78 0,00012 20 0,64 0,032 0,000 0,37 - 20 0,49 0,024 0,021 0,055 0,011
Market Conditions - Market Environment 16 0,91 0,057 0,002 0,25 0,00000 16 0,08 0,005 0,000 0,03 - 16 0,19 0,012 0,008 0,042 0,005
PE Industry 4 0,01 0,003 0,001 0,01 0,00006 4 0,04 0,010 - 0,04 - 4 0,10 0,024 0,016 0,056 0,009
PE Theory & Centrality Measures 4 0,71 0,177 0,100 0,50 0,00648 4 0,11 0,028 0,021 0,07 - 4 0,02 0,006 0,005 0,008 0,005
Total 232 31,7 0,137 0,117 1,78 0,00000 232 2,7 0,012 - 0,37 - 51 1,2 0,023 0,014 0,302 0,005

Sequence funds Sample
Fund information 33 5,84 0,177 0,119 0,83 - 33 2,58 0,078 0,008 1,55 - 6 0,03 0,005 0,005 0,009 0,002
GPs 259 79,32 0,306 0,290 1,17 - 259 17,58 0,068 0,000 0,95 - 1 0,12 0,120 0,120 0,120 0,120
Macro 20 11,17 0,559 0,015 7,38 0,00027 20 4,03 0,201 0,000 2,97 - 20 0,27 0,013 0,010 0,040 0,006
Market Conditions - Market Environment 16 1,68 0,105 0,002 1,01 0,00000 16 0,63 0,040 - 0,40 - 16 0,13 0,008 0,006 0,042 0,004
PE Industry 4 0,04 0,009 0,002 0,03 0,00023 4 0,18 0,044 0,000 0,18 - 4 0,08 0,021 0,019 0,041 0,007
PE Theory & Centrality Measures 7 0,51 0,074 0,053 0,15 0,00011 7 0,10 0,015 0,005 0,06 0,00 7 0,04 0,006 0,006 0,007 0,003
Total 339 98,6 0,291 0,226 7,38 - 339 25,1 0,074 0,000 2,97 - 54 0,7 0,012 0,007 0,120 0,002
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Table A21: Summary of Absolute Betas and Variable Importance for Ridge, Lasso, and RF in
BO Funds

The table provides key statistics of the absolute betas for Ridge and Lasso, along with variable importance scores for
Random Forest, applied to BO funds. These statistics are calculated across two performance thresholds: PME and Net
IRR. The analysis considers the entire sample of funds, as well as subsets including only first-time funds and sequential
funds. The absolute beta statistics are further categorized by beta types.

Ridge Lasso Randon Forest (RF)

Betas Categories/Groups Sum Sum Sum
N Abs. Avg. Median Max. Min. N Abs. Avg. Median Max. Min. N Abs. Avg. Median Max. Min.

Values Values Values

PME Threshold Performance

All funds Sample
Fund information 35 5,87 0,17 0,10 0,53 - 35 3,65 0,10 0,01 0,65 - 5 0,07 0,01 0,01 0,02 0,007
GPs 452 81,08 0,18 0,13 0,85 - 452 14,22 0,03 0,02 0,71 - 1 0,19 0,19 0,19 0,19 0,193
Macro 20 4,39 0,22 0,03 2,39 0,00000 20 2,13 0,11 0,00 1,53 - 20 0,39 0,02 0,02 0,02 0,016
Market Conditions - Market Environment 16 1,94 0,12 0,00 1,59 0,00000 16 3,52 0,22 0,00 3,42 - 16 0,25 0,02 0,01 0,03 0,010
PE Industry 4 0,01 0,00 0,00 0,01 0,00002 4 0,01 0,00 0,00 0,01 0,00 4 0,07 0,02 0,02 0,02 0,014
PE Theory & Centrality Measures 4 0,56 0,14 0,16 0,23 0,00278 4 0,42 0,11 0,07 0,28 0,00 4 0,07 0,02 0,02 0,02 0,013
Total 531 93,86 0,18 0,12 2,39 - 531 23,95 0,05 0,01 3,42 - 50 1,04 0,02 0,02 0,19 0,007

First Fund Sample
Fund information 28 1,06 0,04 0,04 0,10 - 28 0,42 0,01 0,00 0,13 - 5 0,21 0,04 0,04 0,06 0,013
GPs 171 3,26 0,02 0,01 0,15 - 171 0,82 0,00 - 0,11 - 1 1,00 1,00 1,00 1,00 1,000
Macro 20 1,51 0,08 0,00 1,07 0,00001 20 2,65 0,13 0,00 2,41 - 20 0,71 0,04 0,03 0,11 0,016
Market Conditions - Market Environment 16 0,96 0,06 0,00 0,80 0,00000 16 2,78 0,17 0,00 2,76 - 16 0,81 0,05 0,04 0,15 0,010
PE Industry 4 0,00 0,00 0,00 0,00 0,00011 4 0,00 0,00 0,00 0,00 - 4 0,25 0,06 0,06 0,09 0,037
PE Theory & Centrality Measures 4 1,71 0,43 0,06 1,59 0,00293 4 1,15 0,29 0,05 1,04 0,00 4 0,11 0,03 0,04 0,04 -
Total 243 8,49 0,03 0,01 1,59 - 243 7,82 0,03 - 2,76 - 50 3,08 0,06 0,04 1,00 -

Sequence funds Sample
Fund information 33 3,87 0,12 0,08 0,35 - 33 1,13 0,03 0,00 0,26 - 5 0,10 0,02 0,02 0,03 0,013
GPs 373 30,27 0,08 0,05 0,45 - 373 2,72 0,01 0,00 0,13 - 1 0,32 0,32 0,32 0,32 0,318
Macro 20 4,88 0,24 0,02 2,16 0,00001 20 1,34 0,07 0,00 0,68 - 20 0,50 0,03 0,02 0,04 0,017
Market Conditions - Market Environment 16 1,10 0,07 0,00 0,76 0,00000 16 0,72 0,05 0,00 0,64 - 16 0,30 0,02 0,02 0,05 0,011
PE Industry 4 0,01 0,00 0,00 0,01 0,00009 4 0,01 0,00 0,00 0,01 0,00 4 0,09 0,02 0,02 0,03 0,015
PE Theory & Centrality Measures 7 0,58 0,08 0,07 0,18 0,00003 7 0,25 0,04 0,02 0,12 0,00 7 0,18 0,03 0,03 0,03 0,020
Total 453 40,72 0,09 0,05 2,16 - 453 6,17 0,01 0,00 0,68 - 53 1,48 0,03 0,02 0,32 0,011

Net IRR Threshold Performance

All funds Sample
Fund information 35 4,88 0,14 0,12 0,41 - 35 3,36 0,10 0,01 0,96 - 5 0,01 0,00 0,00 0,00 0,001
GPs 452 107,90 0,24 0,23 0,57 - 452 52,36 0,12 0,05 0,96 - 1 0,02 0,02 0,02 0,02 0,021
Macro 20 4,04 0,20 0,03 2,72 0,00003 20 3,33 0,17 0,00 1,92 - 20 0,05 0,00 0,00 0,00 0,002
Market Conditions - Market Environment 16 1,39 0,09 0,00 1,16 0,00000 16 3,41 0,21 0,00 3,22 - 16 0,03 0,00 0,00 0,00 0,001
PE Industry 4 0,01 0,00 0,00 0,01 0,00002 4 0,01 0,00 0,00 0,00 - 4 0,01 0,00 0,00 0,00 0,002
PE Theory & Centrality Measures 4 0,21 0,05 0,06 0,10 0,00109 4 0,15 0,04 0,04 0,07 0,00 4 0,01 0,00 0,00 0,00 0,002
Total 531 118,43 0,22 0,21 2,72 - 531 62,62 0,12 0,04 3,22 - 50 0,12 0,00 0,00 0,02 0,001

First Fund Sample
Fund information 28 1,37 0,05 0,03 0,13 - 28 0,54 0,02 0,00 0,20 - 5 0,08 0,02 0,02 0,03 0,006
GPs 171 14,24 0,08 0,08 0,17 - 171 0,93 0,01 0,00 0,06 - 1 0,69 0,69 0,69 0,69 0,693
Macro 20 1,01 0,05 0,00 0,57 0,00000 20 0,73 0,04 - 0,56 - 20 0,27 0,01 0,01 0,03 0,005
Market Conditions - Market Environment 16 0,35 0,02 0,00 0,23 0,00000 16 0,14 0,01 - 0,14 - 16 0,17 0,01 0,01 0,02 0,001
PE Industry 4 0,00 0,00 0,00 0,00 0,00012 4 0,00 0,00 0,00 0,00 - 4 0,17 0,04 0,04 0,04 0,041
PE Theory & Centrality Measures 4 0,13 0,03 0,04 0,06 0,00049 4 0,05 0,01 0,01 0,03 - 4 0,10 0,03 0,03 0,04 0,011
Total 243 17,09 0,07 0,07 0,57 - 243 2,40 0,01 0,00 0,56 - 50 1,49 0,03 0,01 0,69 0,001

Sequence funds Sample
Fund information 33 4,77 0,14 0,11 0,45 - 33 3,46 0,10 0,01 1,16 - 5 0,01 0,00 0,00 0,00 0,001
GPs 373 85,73 0,23 0,23 0,61 - 373 28,30 0,08 0,02 0,80 - 1 0,04 0,04 0,04 0,04 0,036
Macro 20 4,32 0,22 0,03 3,27 0,00004 20 1,88 0,09 0,00 0,73 - 20 0,09 0,00 0,00 0,01 0,003
Market Conditions - Market Environment 16 1,93 0,12 0,00 1,61 0,00000 16 4,13 0,26 0,00 3,89 - 15 0,04 0,00 0,00 0,00 0,002
PE Industry 4 0,01 0,00 0,00 0,01 0,00000 4 0,03 0,01 0,00 0,03 - 4 0,01 0,00 0,00 0,00 0,003
PE Theory & Centrality Measures 7 0,12 0,02 0,01 0,05 0,00000 7 0,04 0,01 0,00 0,02 - 7 0,03 0,00 0,00 0,00 0,003
Total 453 96,88 0,21 0,20 3,27 - 453 37,84 0,08 0,02 3,89 - 52 0,22 0,00 0,00 0,04 0,001
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Table A22: Category Importance for Ridge, Lasso, and RF in VC Funds

The table presents the proportion of absolute betas for Ridge and Lasso, along with the proportion of variable importance
scores for Random Forest, applied to VC funds across each category/group. These statistics are calculated across two
performance thresholds: PME and Net IRR. The analysis considers the entire sample of funds, as well as subsets including
only first-time funds and sequential funds.

PME Threshold IRR Treshold

All Funds Ridge Lasso RF All Funds Ridge Lasso RF
GPs 89,3% 85,6% 25,1% GPs 91,0% 92,5% 20,3%
Fund information 2,9% 7,5% 4,5% Fund information 3,1% 4,5% 4,9%
PE Theory & Centrality Measures 0,4% 2,1% 4,4% PE Theory & Centrality Measures 0,2% 0,1% 3,4%
PE Industry 0,0% 0,7% 10,2% PE Industry 0,0% 0,4% 12,5%
Macro 6,5% 3,6% 38,2% Macro 4,9% 1,7% 40,8%
Market Conditions - Market Environment 0,8% 0,4% 17,7% Market Conditions - Market Environment 0,8% 0,9% 18,1%
Total 100% 100% 100% Total 100% 100% 100%

1st Funds Ridge Lasso RF 1st Funds Ridge Lasso RF
GPs 72,6% 30,1% 22,8% GPs 75,9% 54,6% 25,4%
Fund information 10,8% 12,3% 7,6% Fund information 8,4% 13,5% 7,2%
PE Theory & Centrality Measures 1,8% 0,2% 2,6% PE Theory & Centrality Measures 2,2% 4,1% 2,0%
PE Industry 0,0% 0,2% 6,4% PE Industry 0,0% 1,5% 8,2%
Macro 11,8% 45,5% 43,1% Macro 10,6% 23,5% 41,0%
Market Conditions - Market Environment 3,0% 11,6% 17,5% Market Conditions - Market Environment 2,9% 3,0% 16,2%
Total 100% 100% 100% Total 100% 100% 100%

Sequence Ridge Lasso RF Sequence Ridge Lasso RF
GPs 80,6% 76,3% 18,2% GPs 80,5% 70,0% 17,9%
Fund information 4,3% 7,0% 4,9% Fund information 5,9% 10,3% 4,4%
PE Theory & Centrality Measures 1,0% 4,3% 8,1% PE Theory & Centrality Measures 0,5% 0,4% 5,9%
PE Industry 0,0% 0,8% 10,9% PE Industry 0,0% 0,7% 12,6%
Macro 12,6% 10,6% 37,1% Macro 11,3% 16,0% 39,9%
Market Conditions - Market Environment 1,5% 0,9% 20,8% Market Conditions - Market Environment 1,7% 2,5% 19,3%
Total 100% 100% 100% Total 100% 100% 100%

Figure 7: Proportion of Category Importance for Ridge, Lasso, and RF in VC Funds
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Table A23: Category Importance for Ridge, Lasso, and RF in BO Funds

The table presents the proportion of absolute betas for Ridge and Lasso, along with the proportion of variable importance
scores for Random Forest, applied to BO funds across each category/group. These statistics are calculated across two
performance thresholds: PME and Net IRR. The analysis considers the entire sample of funds, as well as subsets including
only first-time funds and sequential funds.

PME Threshold IRR Treshold

All Funds Ridge Lasso RF All funds Ridge Lasso RF
GPs 86,4% 59,4% 18,5% GPs 91,1% 83,6% 17,2%
Fund information 6,3% 15,2% 6,3% Fund information 4,1% 5,4% 6,8%
PE Theory & Centrality Measures 0,6% 1,8% 7,0% PE Theory & Centrality Measures 0,2% 0,2% 7,4%
PE Industry 0,0% 0,1% 6,7% PE Industry 0,0% 0,0% 7,1%
Macro 4,7% 8,9% 37,2% Macro 3,4% 5,3% 40,0%
Market Conditions - Market Environment 2,1% 14,7% 24,3% Market Conditions - Market Environment 1,2% 5,4% 21,6%
Total 100% 100% 100% Total 100% 100% 100%

1st Funds Ridge Lasso RF 1st Funds Ridge Lasso RF
GPs 38,3% 10,5% 32,4% GPs 83,3% 38,9% 46,6%
Fund information 12,5% 5,4% 6,8% Fund information 8,0% 22,4% 5,5%
PE Theory & Centrality Measures 20,1% 14,7% 3,7% PE Theory & Centrality Measures 0,8% 2,1% 6,8%
PE Industry 0,0% 0,0% 8,1% PE Industry 0,0% 0,0% 11,4%
Macro 17,7% 33,9% 23,0% Macro 5,9% 30,6% 18,5%
Market Conditions - Market Environment 11,3% 35,5% 26,1% Market Conditions - Market Environment 2,0% 6,0% 11,2%
Total 100% 100% 100% Total 100% 100% 100%

Sequence Ridge Lasso RF Sequence Ridge Lasso RF
GPs 74,3% 44,2% 21,4% GPs 88,5% 74,8% 16,1%
Fund information 9,5% 18,3% 6,5% Fund information 4,9% 9,1% 6,0%
PE Theory & Centrality Measures 1,4% 4,0% 12,1% PE Theory & Centrality Measures 0,1% 0,1% 11,8%
PE Industry 0,0% 0,1% 6,1% PE Industry 0,0% 0,1% 6,5%
Macro 12,0% 21,7% 33,7% Macro 4,5% 5,0% 39,9%
Market Conditions - Market Environment 2,7% 11,7% 20,3% Market Conditions - Market Environment 2,0% 10,9% 19,8%
Total 100% 100% 100% Total 100% 100% 100%
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Figure 8: Proportion of Category Importance for Ridge, Lasso, and RF in BO Funds

Figure 9: Methodology scheme.
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Table A24: Top 10 variables - Venture Capital funds

The table presents the top 10 variables with the highest absolute betas, considering all ML models (Lasso, Ridge, and RF),
performance thresholds (PME and Net IRR), and samples of VC funds (full sample, first-time, and sequential funds). For
each variable, we identified its group classification as outlined in Table A14, the beta direction (positive or negative), and
the absolute beta value. Note that for RF models, beta direction is not applicable, so we have marked it as "NA" in the
respective column. The variables are ranked from the largest (#1) to the 10th largest absolute beta value. In the variables
column, you can match the names with Table A14 for more details. Variables associated with a number represent the ID
of a specific GP in our dataset. Due to confidentiality, the names of the GPs are not disclosed.

PME Threshold Performance

Ridge Lasso Random Forest (RF)

Group Variable Direction Beta Group Variable Direction Beta Group Variable Direction Beta

Full sample Full sample Full sample
Macro CPIAUCSL - 5,511 GPs 102485 - 0,827 GPs Firm(GP) ID NA 0,076
Macro RPI - 1,336 Fund information Energy & Utilities - 0,667 PE Industry Industry years NA 0,020
GPs 2290 - 0,939 Macro CPIAUCSL - 0,590 Market Cond. & Environ. S&P Dividend Yield NA 0,018
Macro US GDP (last year) - 0,921 GPs 53913 - 0,583 Macro FEDFUNDS NA 0,015
GPs 102485 - 0,817 GPs 72331 - 0,544 Macro HOUST NA 0,014
GPs 53913 - 0,816 PE Theory & Cent. Meas. Eigenv ex-ante GP + 0,516 Macro PERMIT NA 0,012
GPs 49310 - 0,809 GPs 178323 - 0,469 Macro OILPRICEx NA 0,010
GPs 72331 - 0,800 GPs 2290 - 0,423 Macro INDPRO NA 0,007
GPs 4561 - 0,800 GPs 6712 + 0,383 Macro UNRATE NA 0,007
GPs 62315 - 0,788 GPs 247 + 0,372 PE Industry Fund Raising Number NA 0,006

First time fund sample First time fund sample First time fund sample
Macro CPIAUCSL - 1,940 Macro CPIAUCSL - 1,049 GPs Firm(GP) ID NA 0,359
PE Theory & Cent. Meas. Eigenv ex-ante GP - 0,371 Market Cond. & Environ. Mkt_RF + 0,286 Macro CLAIMSx NA 0,066
Macro RPI - 0,361 Macro CLAIMSx - 0,258 Macro FEDFUNDS NA 0,056
GPs 62315 - 0,309 GPs 3798 + 0,100 Macro CPIAUCSL NA 0,046
GPs 18446 - 0,304 GPs 62315 - 0,099 PE Industry Industry years NA 0,042
GPs 102485 - 0,287 Macro HWIURATIO - 0,099 Market Cond. & Environ. S&P Dividend Yield NA 0,039
GPs 838 - 0,271 Market Cond. & Environ. S&P 500 returns + 0,098 Macro Uncertain NA 0,039
GPs 768 - 0,270 Fund information Asia + 0,094 Market Cond. & Environ. Mkt_RF NA 0,036
GPs 2616 - 0,265 Macro UNRATE + 0,080 Macro CUMFNS NA 0,036
GPs 7809 - 0,250 Fund information LOCATION_Asia + 0,073 Macro UNRATE NA 0,036

Sequence funds sample Sequence funds sample Sequence funds sample
Macro CPIAUCSL - 7,234 Macro CPIAUCSL - 2,282 GPs Firm(GP) ID NA 0,126
Macro RPI - 2,263 GPs 178323 - 1,406 Market Cond. & Environ. S&P Dividend Yield NA 0,047
Macro US GDP (last year) - 2,135 Fund information Energy & Utilities - 1,189 PE Industry Industry years NA 0,044
GPs 178323 - 1,059 PE Theory & Cent. Meas. Eigenv ex-ante GP + 1,144 Macro HOUST NA 0,030
GPs 9398 - 0,971 GPs 14527 - 1,076 Macro PERMIT NA 0,028
GPs 14527 - 0,953 GPs 238 - 0,695 Macro FEDFUNDS NA 0,028
GPs 9443 - 0,881 GPs 5462 + 0,549 Macro OILPRICEx NA 0,025
GPs 1697 - 0,837 GPs 6479 - 0,530 Macro INDPRO NA 0,020
GPs 7473 - 0,799 GPs 9398 - 0,518 PE Industry Fund Raising Number NA 0,019
GPs 1986 - 0,768 GPs 553 - 0,507 Market Cond. & Environ. S&P Price-Earnings Ratio NA 0,016

Net IRR Threshold Performance

Ridge Lasso Random Forest (RF)

Group Variable Direction Beta Group Variable Direction Beta Group Variable Direction Beta

Full sample Full sample Full sample
Macro CPIAUCSL - 5,289 GPs 2280 + 1,737 GPs Firm(GP) ID NA 0,055
GPs 2280 + 1,391 Fund information Energy & Utilities - 1,317 Macro HOUST NA 0,017
GPs 1390 + 1,243 GPs 1390 + 1,251 PE Industry Industry years NA 0,017
GPs 8595 + 1,173 GPs 140 + 1,170 Macro PERMIT NA 0,016
GPs 48370 + 0,990 GPs 48370 + 1,085 Market Cond. & Environ. S&P Dividend Yield NA 0,016
GPs 7379 + 0,971 GPs 381 + 1,055 Macro FEDFUNDS NA 0,012
GPs 9403 - 0,957 GPs 8846 + 1,034 PE Industry Fund Raising Number NA 0,011
GPs 381 + 0,950 GPs 2214 + 0,977 Macro CUMFNS NA 0,006
GPs 11944 + 0,925 GPs 11944 + 0,957 Macro Uncertain NA 0,005
GPs 2214 + 0,917 GPs 7379 + 0,918 Macro OILPRICEx NA 0,005

First time fund sample First time fund sample First time fund sample
Macro CPIAUCSL - 1,779 Macro CPIAUCSL - 0,369 GPs Firm(GP) ID NA 0,302
Macro RPI + 0,689 Macro RPI + 0,102 PE Industry Industry years NA 0,056
PE Theory & Cent. Meas. Eigenv ex-ante GP + 0,501 Fund information Early Stage + 0,099 Macro PERMIT NA 0,055
GPs 1390 + 0,408 GPs 9225 + 0,099 Macro HOUST NA 0,054
GPs 140 + 0,407 GPs 1390 + 0,091 Market Cond. & Environ. S&P Dividend Yield NA 0,042
GPs 3795 + 0,353 GPs 7379 + 0,089 Macro FEDFUNDS NA 0,042
GPs 7379 + 0,351 GPs 65 + 0,087 Macro CUMFNS NA 0,035
GPs 11944 + 0,342 GPs 140 + 0,073 Macro CPIAUCSL NA 0,030
GPs 65 + 0,338 GPs 11944 + 0,072 Macro Uncertain NA 0,029
GPs 8710 + 0,328 GPs 15991 + 0,072 Market Cond. & Environ. S&P 500 returns NA 0,025

Sequence funds sample Sequence funds sample Sequence funds sample
Macro CPIAUCSL - 7,376 Macro CPIAUCSL - 2,967 GPs Firm(GP) ID NA 0,120
Macro RPI - 2,287 Fund information Energy & Utilities - 1,551 Market Cond. & Environ. S&P Dividend Yield NA 0,042
GPs 8595 + 1,168 Macro RPI - 1,037 PE Industry Industry years NA 0,041
Market Cond. & Environ. Med. 1st day Return - 1,012 GPs 8846 + 0,946 Macro PERMIT NA 0,040
GPs 247 + 0,909 GPs 8595 + 0,822 Macro HOUST NA 0,040
Macro US GDP (last year) - 0,907 GPs 140 + 0,727 Macro FEDFUNDS NA 0,029
GPs 664 + 0,896 GPs 247 + 0,700 PE Industry Fund Raising Number NA 0,027
GPs 2017 - 0,865 GPs 2017 - 0,677 Macro Uncertain NA 0,014
Fund information Energy & Utilities - 0,831 GPs 1449 + 0,533 Macro OILPRICEx NA 0,012
GPs 140 + 0,741 GPs 8792 + 0,524 Macro CPIAUCSL NA 0,012



113

Table A25: Top 10 variables - Buyout funds

The table presents the top 10 variables with the highest absolute betas, considering all ML models (Lasso, Ridge, and RF),
performance thresholds (PME and Net IRR), and samples of BO funds (full sample, first-time, and sequential funds). For
each variable, we identified its group classification as outlined in Table A14, the beta direction (positive or negative), and
the absolute beta value. Note that for RF models, beta direction is not applicable, so we have marked it as "NA" in the
respective column. The variables are ranked from the largest (#1) to the 10th largest absolute beta value. In the variables
column, you can match the names with Table A14 for more details. Variables associated with a number represent the ID
of a specific GP in our dataset. Due to confidentiality, the names of the GPs are not disclosed.

PME Threshold Performance

Ridge Lasso Random Forest (RF)

Group Variable Direction Beta Group Variable Direction Beta Group Variable Direction Beta

Full sample Full sample Full sample
Macro CPIAUCSL - 2,386 Market Cond. & Environ. Median First day Return + 3,423 GPs Firm(GP) ID NA 0,193
Market Cond. & Environ. Median First day Return + 1,595 Macro CPIAUCSL - 1,529 Market Cond. & Environ. S&P Price-Earnings Ratio NA 0,029
Macro US GDP (last year) + 0,883 GPs 1390 - 0,708 Macro T5YFFM NA 0,025
GPs 1390 - 0,852 Fund information Africa - 0,655 Macro AAAFFM NA 0,022
GPs 43451 - 0,728 Fund information Americas - 0,639 Macro HWIURATIO NA 0,022
GPs 581 - 0,720 Fund information Australasia + 0,588 Macro T10YFFM NA 0,022
GPs 12067 - 0,693 Fund information Information Technology + 0,524 Macro OILPRICEx NA 0,021
GPs 429 - 0,658 GPs 8837 - 0,341 Fund information Fund Size (U$MM) NA 0,021
GPs 782 - 0,651 GPs 11936 - 0,314 PE Theory & Cent. Meas. Quant_all_lps NA 0,021
GPs 6629 - 0,647 Fund information Latin America & Caribbean - 0,290 Macro CUMFNS NA 0,021

First time fund sample First time fund sample First time fund sample
PE Theory & Cent. Meas. Eigenv_ex_ante_GP - 1,592 Market Cond. & Environ. Median First day Return + 2,765 GPs Firm(GP) ID NA 1,000
Macro RPI + 1,072 Macro RPI + 2,410 Market Cond. & Environ. Median First day Return NA 0,153
Market Cond. & Environ. Median First day Return + 0,799 Fund information LOCATION_Europe + 0,130 Market Cond. & Environ. Tech_proceeds NA 0,112
GPs 1390 - 0,149 Macro HWIURATIO + 0,089 Macro RPI NA 0,107
GPs 6839 - 0,143 PE Theory & Cent. Meas. Proportion 1Q LPs ex ante + 0,084 Market Cond. & Environ. VC backed proceeds NA 0,100
GPs 895 - 0,136 Fund information Europe + 0,071 Market Cond. & Environ. VC IPOs NA 0,089
GPs 25072 - 0,127 Macro HWI + 0,059 PE Industry Fund Raising Volume NA 0,088
GPs 9389 - 0,123 Macro CLAIMSx + 0,040 PE Industry Dry Powder NA 0,069
Macro US GDP (last year) + 0,121 GPs 46046 + 0,038 Fund information GP Headquarter Location NA 0,064
GPs 8734 - 0,110 Fund information Australasia + 0,027 Market Cond. & Environ. Aggregate proceeds NA 0,057

Sequence funds sample Sequence funds sample Sequence funds sample
Macro CPIAUCSL - 2,159 Macro CPIAUCSL - 0,675 GPs Firm(GP) ID NA 0,318
Macro RPI - 1,491 Market Cond. & Environ. Median First day Return + 0,639 Market Cond. & Environ. S&P Price-Earnings Ratio NA 0,048
Macro US GDP (last year) + 0,812 Macro RPI - 0,341 Macro T5YFFM NA 0,041
Market Cond. & Environ. Median First day Return + 0,756 Fund information Americas - 0,262 Macro T10YFFM NA 0,038
GPs 7550 - 0,449 Fund information Australasia + 0,192 Macro FEDFUNDS NA 0,033
GPs 581 - 0,445 Macro US GDP (last year) + 0,183 PE Industry Industry years NA 0,033
GPs 8935 - 0,445 GPs 11936 - 0,132 Macro AAAFFM NA 0,032
GPs 11936 - 0,439 Fund information Information Technology + 0,124 Fund information Fund Size (U$MM) NA 0,031
GPs 429 - 0,432 PE Theory & Cent. Meas. Proportion 1Q LPs ex ante + 0,119 Macro OILPRICEx NA 0,031
GPs 386 - 0,409 GPs 8837 - 0,113 Macro BAAFFM NA 0,031

Net IRR Threshold Performance

Ridge Lasso Random Forest (RF)

Group Variable Direction Beta Group Variable Direction Beta Group Variable Direction Beta

Macro CPIAUCSL - 2,724 Market Cond. & Environ. Median First day Return + 3,221 GPs Firm(GP) ID NA 0,021
Market Cond. & Environ. Median First day Return + 1,164 Macro HWIURATIO + 1,919 Macro HWIURATIO NA 0,003
GPs 6674 + 0,569 Macro CPIAUCSL - 0,971 Macro CUMFNS NA 0,003
GPs 129 + 0,568 Fund information Americas - 0,963 Macro OILPRICEx NA 0,003
GPs 8723 + 0,566 GPs 438 + 0,956 Fund information Fund Size (U$MM) NA 0,003
GPs 939 + 0,562 GPs 4936 + 0,829 Macro AAAFFM NA 0,003
GPs 438 + 0,559 GPs 2317 + 0,820 Macro BAAFFM NA 0,003
Macro RPI + 0,544 GPs 14457 + 0,790 Macro HOUST NA 0,003
GPs 21861 + 0,535 GPs 6674 + 0,714 PE Theory & Cent. Meas. Eigen fund exante 5yr NA 0,003
GPs 2317 + 0,529 GPs 21861 + 0,702 Macro PERMIT NA 0,003

First time fund sample First time fund sample First time fund sample
Macro RPI + 0,567 Macro RPI + 0,559 GPs Firm(GP) ID NA 0,693
Market Cond. & Environ. Median First day Return + 0,234 Fund information Healthcare + 0,196 PE Industry Dry Powder NA 0,043
Macro CPIAUCSL - 0,219 Macro CPIAUCSL - 0,153 PE Industry Industry years NA 0,043
GPs 12952 + 0,175 Market Cond. & Environ. Median First day Return + 0,141 PE Industry Fund Raising Number NA 0,042
GPs 6955 + 0,168 Fund information Australasia - 0,127 PE Industry Fund Raising Volume NA 0,041
GPs 14457 + 0,164 GPs 10177 + 0,061 PE Theory & Cent. Meas. Eigenv_ex_ante_GP NA 0,038
GPs 7995 + 0,156 GPs 46046 + 0,058 Macro OILPRICEx NA 0,033
GPs 14055 + 0,151 Fund information IT, Telecoms & Media - 0,055 PE Theory & Cent. Meas. Eigen fund exante 5yr NA 0,032
GPs 21861 + 0,148 GPs 12952 + 0,052 Fund information Fund Number Overall in GP NA 0,025
GPs 14052 + 0,147 Fund information Industrials + 0,041 Macro AAAFFM NA 0,025

Sequence funds sample Sequence funds sample Sequence funds sample
Macro CPIAUCSL - 3,271 Market Cond. & Environ. Median First day Return + 3,891 GPs Firm(GP) ID NA 0,036
Market Cond. & Environ. Median First day Return + 1,611 Fund information Americas - 1,161 Macro CUMFNS NA 0,006
GPs 438 + 0,605 GPs 438 + 0,797 Macro HWIURATIO NA 0,006
GPs 548 + 0,605 Macro HWIURATIO + 0,732 Macro Uncertain NA 0,005
GPs 2317 + 0,601 GPs 6674 + 0,677 Macro HOUST NA 0,005
GPs 129 + 0,599 Macro CPIAUCSL - 0,664 Macro AAAFFM NA 0,005
GPs 7168 + 0,570 GPs 548 + 0,634 Fund information Fund Size (U$MM) NA 0,005
GPs 455 - 0,564 Fund information LOCATION_Asia - 0,626 Market Cond. & Environ. S&P Price-Earnings Ratio NA 0,005
GPs 718 + 0,561 GPs 4936 + 0,624 Macro T10YFFM NA 0,005
GPs 6674 + 0,545 GPs 2317 + 0,593 Macro BAAFFM NA 0,005
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Conclusion

The convergence of networks, persistence, and machine learning marks a promising ap-
proach to private equity research. These studies demonstrate that superior performance
is a complex interplay of relational dynamics, investor behavior, and data-driven insights.
As the PE landscape evolves, these findings provide a roadmap for navigating its chal-
lenges and achieving long-term success.

Future research can further explore the intersections of these themes, particularly the
evolving dynamics of LP-GP relationships and the integration of advanced ML techniques.
By building on these foundations, private equity will continue to thrive as a field of
innovation and exceptional performance.
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