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Abstract

I investigate whether and how private equity fund managers (GPs) inflate their interim
fund valuations (net asset values, or NAVs) during fundraising periods. Specifically, I
study the extent to which the GPs inflate NAVs by managing valuation assumptions
(e.g., valuation multiples), influencing the financial metrics (e.g., EBITDA and sales)
reported by the private firms in their portfolios, or both. Using a sample of buyout
funds and their portfolio firms in Europe, I find that funds managed by low reputation
GPs show more dramatic forms of NAV inflation by managing upward not only val-
uation multiples but also portfolio firm earnings. The results are robust to a number
of alternative explanations. Low reputation GPs that employ some form of earnings
management show success in fundraising. Overall, I illustrate the mechanisms behind
inflated fund valuations during fundraising periods and provide evidence supporting
the argument that low reputation GPs are more likely to manipulate NAVs than time
fundraising periods.
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1 Introduction

I study whether and how private equity (PE) fund investors (hereafter general partners or

GPs) manipulate their fund performance during fundraising periods. Recent studies (i) have

found abnormally high PE fund valuations during fundraising periods and (ii) have debated

(but have not settled) whether these valuations reflect manipulating the existing funds’ values

(hereafter net asset values or NAVs) or timing their fundraising activities during periods of

peak performance (e.g., Barber and Yasuda, 2017; Brown, Gredil, and Kaplan, 2019; Hüther,

Forthcoming).1 As I elaborate below, a fund’s NAV can be decomposed into (i) valuation

multiples (hereafter multiples or market multiples) and (ii) earnings of the portfolio firms.

I examine the components of the NAVs and provide evidence that funds managed by low

reputation GPs show inflated valuation multiples and inflated financial performance of their

investments during fundraising, which is consistent with the manipulation hypothesis.

To study whether and how GPs inflate their current fund performance during fundraising,

I exploit the fact that a fund’s NAV consists of valuation multiples and portfolio firm earnings.

(See Section 2.2 and Figure 2 for a numerical example of how NAV is calculated using the

multiples approach.) Specifically, because many of the PE investments are private and do not

have quoted market prices, GPs provide fair values using a number of valuation techniques.

One of the most common methods is to apply multiples to their portfolio firm earnings, such

as EBITDA or sales (IPEV, 2018).2 Supporting this recommendation, a survey by Grant

Thornton (2015) of GPs shows that 87.2% of the respondents use the multiples method to

value their investments. The underlying assumption throughout the paper is that PE funds

report their NAVs using this method. Therefore, to increase NAVs through this method,

GPs can either choose to apply higher multiples or to use manage the earnings of their

1For example, Barber and Yasuda (2017) show results consistent with the market timing hypothesis,
whereas Brown et al. (2019) find evidence consistent with the manipulation hypothesis, specifically for under-
performing funds. Overall, the literature is inconclusive on whether PE funds are timing their fundraising
or manipulating fund valuations.

2Indeed, prior studies demonstrate that the NAVs of PE funds are associated with both the fundamentals
of their firms in their portfolios (Ferreira, Kräussl, Landsman, Borysoff, and Pope, 2019) and future cash
flows (Jenkinson, Landsman, Rountree, and Soonawalla, 2020).

1



investments (i.e., actions that temporarily increase firm earnings, but would later reverse;

these are not illegal. See Section 4.2 for a detailed definition.)

I predict that GPs use aggressive multiples, inflate portfolio firm earnings, or both to

manipulate their NAVs during fundraising periods. There are multiple reasons for this pre-

diction. First, theory provides a rationale for performance manipulation for at least a subset

of PE funds (e.g., Brown et al., 2019; Chung, Sensoy, Stern, and Weisbach, 2012). The in-

tuition of these models is that, similar to the results from Stein (1989), low reputation GPs

are ‘forced’ to manage their current fund valuations because without them, low reputation

GPs face even lower chance of raising a subsequent fund. Second, GPs have the ability to

inflate both multiples and portfolio firm earnings. Inflating valuation multiples is possible

because NAVs are calculated using GP’s discretionary assumptions and inputs (Phalippou

and Gottschalg, 2009). Indeed, survey evidence (Grant Thornton, 2015) suggests that ap-

proximately two-thirds of GPs use their internal calculations to report NAVs. GPs can also

manage portfolio firm earnings because they exert significant operational influence on their

investments by (i) investing majority equity stakes in their portfolio firms, (ii) controlling the

boards, and (iii) appointing managers of the portfolio firms (Acharya, Kehoe, and Reyner,

2009).

Yet there are also reasons why GPs might not manage their valuations using the two

strategies mentioned above. First, LPs and regulators try to detect NAV overvaluation.

Second, GPs may use different ways to inflate their performance, such as exiting firms

prematurely or using different valuation methods. Finally, aggressive inflation of portfolio

firm earnings (by using some types of earnings management) can hurt long-term portfolio

firm fundamentals, and therefore reduce the ultimate exit value for the GPs.

A key challenge in testing my hypotheses is that doing so requires financial statement

information of individual portfolio firms, which are private and do not usually disclose finan-

cial statements in the United States. To address this challenge, I use a sample of European
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private firms and buyout funds3 that invest in them. An important advantage of using the

European setting is that I can observe private firm financial statements as many European

countries require limited liability firms above a certain size threshold to disclose financial

statement information. Furthermore, Europe is the second-largest PE market in the world

(McKinsey, 2021). To construct my sample, I match fund-level valuation data from Preqin

with portfolio firm financial statement data from Amadeus. The sample consists of 410

buyout funds and 1,838 portfolio firms.

Testing my main hypotheses requires two steps. First, following the design from Barber

and Yasuda (2017), I partition the samples by GP reputation because prior studies (e.g.,

Barber and Yasuda, 2017; Brown et al., 2019) show that low reputation/low performing

funds have larger incentives to manipulate fund NAVs than do high reputation GPs. The

intuition behind these findings is that the lack of reputation forces these GPs to rely much

more on their interim fund performance for fundraising. Second, I compare the valuation

metrics (either valuation multiple or portfolio firm earnings) of the funds managed by low

reputation GPs to those managed by high reputation GPs.

To test whether valuation multiples increase during fundraising, for each low and high

reputation GP sample, I regress the ratio of NAV/EBITDA (and NAV/Sales) on a dummy

variable that indicates periods with or without fundraising. These ratios serve as proxies

for valuation multiples. The key distinguishing feature of my research design from extant

research is that I focus on the valuation multiples used, instead of the aggregate NAV of the

fund. To control for time-invariant fund-level characteristics and time attributes, I add fund

fixed effects and calendar year-quarter fixed effects, respectively.

To investigate whether portfolio firm earnings abnormally increase during fundraising, I

transition to portfolio firm data and test whether PE investments owned by low versus high

3I use a sample of buyout funds because the effect of manipulation is thought to be greater for these funds
(e.g., Barber and Yasuda, 2017; Hüther, Forthcoming), and because these funds invest in more mature firms.
Therefore financial statement information is viewed to be more informative than venture capital (VC) fund
investments. I follow Preqin’s definition of buyout funds, following prior studies (e.g., Barber and Yasuda,
2017).
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reputation GPs manipulate earnings during fundraising. Specifically, similar to the fund-level

analysis, I regress portfolio firm earnings management (EM) on the fundraising indicator for

funds with a low versus high reputation. To capture EM, I use performance-matched accru-

als earnings management (AEM) and real earnings management (REM). AEM is defined as

managers shifting accruals to temporarily increase firm earnings; REM is defined as man-

agers taking real actions (e.g., building up excess inventory to reduce cost of goods sold,

drastically reducing expenses that could have long-term payoffs, such as R&D expenses) to

also increase earnings in the short-term. I focus on measures of EM instead of conventional

measures of financial performance (e.g., ROA or sales growth) variables, because EM proxies

provide clearer evidence of aggressiveness than do financial performance metrics. To avoid

measurement errors of EM variables noted in Chen, Hribar, and Melessa (2018), I include

both first-step and second-step regressors in the portfolio firm-level regressions, following

their recommendations. For the portfolio firm-level tests, I additionally add portfolio firm

fixed effects and portfolio firm country-industry-year fixed effects to capture time-invariant

portfolio company characteristics and time-varying country and industry attributes, respec-

tively.

An important alternative interpretation of my findings is that higher valuation multiples

or EM could be due to the GPs timing fundraising periods (Barber and Yasuda, 2017). To

rule out this interpretation, for both tests, I conduct entropy balancing and re-weight non-

fundraising quarters to have similar motives to time fundraising with fundraising quarters.

Specifically, I require nonfundraising quarters to have similar first and second moments in

terms of fund age, valuation, fund size, distribution, and fundraising year, and re-estimate

the main regressions. By re-weighting nonfundraising fund-quarters,4 the assumption is that

even the nonfundraising quarters are somewhat motivated to time fundraising. Ultimately,

I can mitigate the alternative hypothesis that GPs are timing their fundraising periods at

4These fund-quarters should have a similar fundraising timeline and motivation with fundraising ones
because of similar PE fundraising market conditions (by matching with calendar year-quarter) and similar
fund age (since funds have a fixed life).
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their performance peak.

The regression results suggest a significant increase in valuation multiples for funds with

low reputation GPs but not for high reputation GPs. In economic terms, EBITDA and sales

multiples increase by 18.2% and 22.7%, respectively, compared to nonfundraising periods.

Entropy-balanced samples also demonstrate similar findings. In contrast, high reputation

GPs reduce their valuation multiples during the same period, which is consistent with Brown

et al. (2019) that show conservative performance for these GPs. Seemingly unrelated regres-

sion (SUR) tests indicate that the difference between the multiples of low and high reputation

GPs are statistically significant. Collectively, the results are consistent with my hypotheses

and prior findings that low reputation GPs have stronger incentives to overstate their NAVs

via an increase in valuation multiples.

Next, the results of the EM regressions indicate that portfolio firms of low reputation

buyout GPs engage in both AEM and REM to inflate their earnings. Specifically, holdings of

low reputation buyout GPs exhibit higher abnormal accruals (3.8% of portfolio firm assets),

abnormal production costs (14.3% of portfolio firm assets),5 which are consistent with my

findings at the fund level. Using entropy-balanced samples exhibit statistically stronger

results than the main sample. On the contrary, investments from high reputation GPs do

not show (if anything, reduces EM) any evidence of EM during their fundraising. SUR tests

confirm that the coefficients are substantially different between low and high reputation GPs.

Next, I conduct a falsification test using a sample of VC transactions and buyout trans-

actions with more than two investors. Because there are multiple investors involved in a

portfolio firm, I anticipate that one investor does not have enough control to influence port-

folio firm to engage in EM, even if the GP is motivated to influence portfolio firms to do so.

I do not find any meaningful results, consistent with the argument that portfolio firms with

multiple investors lower the amount of influence made by one investor.

5While the coefficient is larger compared to previous studies (approximately 5% point in Roychowdhury
(2006) and in Gunny (2010)), my sample consists of European private firms (which are smaller in general
compared to US public firms) and therefore the magnitude can be larger.
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I present additional tests to triangulate my results and address different explanations

of my findings. The first is that stronger abnormal earnings performance is merely a con-

sequence of GPs’ improvements in their investments’ operational efficiency (e.g., Bernstein

and Sheen, 2016; Cohn, Mills, and Towery, 2014; Guo, Hotchkiss, and Song, 2011). To

address this interpretation, I test the effects of PE ownership during non-fundraising peri-

ods. More specifically, I test whether GP ownership is associated with EM by comparing

portfolio firm-years with and without low reputation GP ownership and find no significant

relation with EM. Second, I find that both valuation multiples and EM proxies reverse post

fundraising, reducing the concern that my results are capturing an increase in fund/portfolio

firm efficiency, rather than capturing manipulations by the GPs. By showing the reversals

in multiples and in EM, I also verify that the findings are not attributable to reduced GP

attention to their investments, a possibility raised by Brown et al. (2019).6 Third, I explore

the possibility that the results may be driven by fundraising periods coinciding with portfolio

firms’ exit timing. GPs may be managing the performance of their investments to maximize

the exit values, rather than to raise funds. To alleviate this concern, I remove portfolio

firm-years one or two calendar years before their exits and re-estimate my analyses. The

results remain unchanged.

In my final set of tests, I examine the consequences of the overstated valuation multiples

and the financial performance of the underlying investments. While previous literature

(e.g., Barber and Yasuda, 2017; Brown et al., 2019) has documented NAV management

strategies to be unsuccessful, strategies executed at the portfolio firm level could potentially

increase the chances of low reputation GPs to succeed in fundraising. I test and find that low

reputation GPs that use some forms of EM (specifically AEM) are associated with successful

fundraising, which is in contrast to previous findings. On the other hand, while having higher

valuation multiples during nonfundraising periods is effective for future fundraising, having

them during fundraising periods is not, consistent with findings that the LPs can look

6This is because setting valuation multiples should consume far less time than monitoring fund invest-
ments.
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through these efforts (Brown et al., 2019).

This paper complements the debate whether GPs manipulate their performance by

demonstrating how they achieve manipulation during fundraising (compared to previous

studies that only document whether they manipulate their valuations). My evidence supports

the manipulation hypothesis by showing that GPs can inflate valuation multiples and the

financial performance of their portfolio firms to increase NAVs. In addition, I demonstrate

that some forms of manipulation can increase the GPs’ chances of successful fundraising,

which is in contrast to results from Brown et al. (2019) who find GPs’ efforts to manipulate

fund NAVs are largely unsuccessful. By doing so, this study extends the PE literature with

respect to the fund reporting behavior during fundraising (e.g., Barber and Yasuda, 2017;

Brown et al., 2019; Chakraborty and Ewens, 2018; Gompers, 1996; Hüther, Forthcoming;

Jenkinson, Sousa, and Stucke, 2013).

My findings also contribute to the literature on (i) valuation of illiquid (Level III) assets

and (ii) transparency of private firms. Regarding the valuation of illiquid assets, most of

the research in this area has focused on whether the financial performance of portfolio firms

matter for Level III asset valuation (e.g., Altamuro and Zhang, 2013; Ferreira et al., 2019;

Jenkinson et al., 2020; Lawrence, Siriviriyakul, and Sloan, 2016) and the cross-sectional

determinants of its valuation accuracy (e.g., Berfeld, 2022). The contribution of this paper is

to introduce valuation multiples as a potential determinant of NAVs and managerial motives

(fundraising) and GP reputation as novel sources of determinants of valuation accuracy.

The findings have implications not only for academics but also for the regulators of the

PE industry, who are increasingly interested in this subject (Brown, Carman, and Giaimo,

2018).

With respect to the literature on transparency of private firms, I complement the lit-

erature in three ways. First, by focusing on the effect of PE investors on the EM of their

portfolio firms, I demonstrate a case where long-term institutional shareholders induce EM

by portfolio firms because of their short-term incentives during fundraising periods. Past
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studies (e.g., Agarwal, Vashishtha, and Venkatachalam, 2018; Bushee, 1998; Katz, 2009;

Lisowsky and Minnis, 2020; Zang, 2012) find that, while short-term or transient investors

induce EM, long-term investors suppress it. In this paper, I provide a case where long-term

institutional owners can also prompt EM when these investors face short-term incentives.7

Second, in a PE fund setting, I show that fund managers (i.e., GPs) can inflate valuation

multiples in addition to managing earnings at the portfolio firm level. This is unique com-

pared to public firm settings because public firm (fund) managers are unable to manipulate

the multiples. Finally, these findings contribute to the understanding of EM in private firms,

which is an integral part of the economy and have different ownership structures.8

The paper is organized as follows. Section 2 provides institutional details on PE fundrais-

ing. Section 3 describes my data and sample selection process. Section 4 presents my research

design. Section 5 discusses the findings. Section 6 concludes.

2 Institutional background

2.1 The structure and the life-cycle of PE funds

PE funds are mostly structured as limited partnerships and are typically closed-end, which

means that, once a GP closes the fund (i.e., declares fundraising finished), it will not accept

new capital from investors. Figure 1 Panel A depicts a typical PE fund structure. The

Fund owns a set of portfolio companies. The GP manages the fund and makes the main

investment decisions (e.g., which companies to invest in at what price, when to exit the

fund’s holdings). The GP receives management fees (typically 2% of the NAV) and 20%

of the profit earned. Limited Partners (navy triangle) commit capital to the fund but have

limited rights to interfere with investment decisions made by the GP (Lerner and Schoar,

2004). They are often sophisticated investors, such as pension funds, endowments, and high

7See Roychowdhury, Shroff, and Verdi (2019) for a review on this subject.
8For instance, Invest Europe (2021) report that PE-backed firms comprised approximately 4.3% of the

European workforce as of 2019.

8



net worth individuals (Da Rin and Phalippou, 2017).

A fund normally has a life of approximately 10 to 12 years, with an option to extend its

life for two to three additional years. Figure 1 Panel B presents a simplified timeline of a

typical fund. For the first five to six years after the fund inception, the GP searches for target

firms to invest in (investment phase). As the fund completes its investment transactions,

the GP monitors, manages, and then seeks to divest from the portfolio firms (divestment

phase); this phase generally takes three to seven years, but the length of this phase can vary

according to market conditions (Gompers, Gornall, Kaplan, and Strebulaev, 2020; Gompers,

Kaplan, and Mukharlyamov, 2016). Before the fund expires, GPs seek to raise subsequent

funds and undergo a marketing phase (i.e., fundraising period) for about one year. This

period can begin as early as three to four years after their fundraising initiation (Metrick

and Yasuda, 2010).

For the GP’s ability to raise subsequent funds, the performance of the GP’s existing funds

is important. To window-dress performance, GPs can attempt to either manipulate/inflate

fund valuations or at least time their fundraising periods at their existing funds’ peak per-

formance. For instance, Brown et al. (2019) and Jenkinson et al. (2013) show that at least

of a subset of PE funds seem to have manipulated returns during fundraising. In a VC

setting, Chakraborty and Ewens (2018) similarly show that portfolio firm write-offs double

post fundraising, which is consistent with the manipulation hypothesis. On the other hand,

Barber and Yasuda (2017) posit that GPs time their fundraising periods at their existing

funds’ performance peak.

2.2 PE fund valuation

How are PE funds valued? International Private Equity and Venture Capital Valuation

Guidelines (IPEV) issues valuation guidelines periodically (most recently in 2018), and many

funds follow these guidelines.9 To value firms in the portfolios of funds (most of these firms

9For example, the IPEV board reports that more than 20 national PE associations (including in the
United States, Europe, and China) endorse the guidelines.
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are private), IPEV (2018) suggests using fair values (as opposed to valuing the firms at

cost). Specifically, among an array of fair value estimation methods (e.g., discounted cash

flow, income approach, and replacement cost approach), IPEV shows the valuation multiple

approach (i.e., using market-based valuation multiples, such as EV/EBITDA or price/sales

multiples) as one of the most common and widespread valuation techniques. A survey of

the GPs (Grant Thornton, 2015) also shows that 87.2% of the respondents use the multiple

approach, which is the highest among all the listed valuation methods. For each portfolio

firm a fund holds, the GP reports portfolio firm earnings and its fair value. Summing the

values of the portfolio firms determines the total NAV of a fund. I emphasize that the

key identifying assumption throughout this paper is that most NAVs are calculated using

the multiples approach. While there are other valuation methods available, I argue this

assumption to be reasonable because the method is primarily used across PE practitioners

due to its simplicity.

Figure 2 provides a numerical example of how NAVs are calculated. The name of the

fund is “CVC European Capital Partners V,” a 2008-vintage10 buyout fund managed by

CVC Capital Partners (the GP). The fund invested in portfolio companies, such as Cerved

Group, Virgin Active, and Ahlsell, which had EBITDAs of approximately $150 million, $50

million, and $250 million, respectively. Suppose the GP applied EV/EBITDA multiples of

6x, 8x, and 10x for Cerved, Virgin Active, and Ahlsell, respectively. The valuation for each

company would be 6x × $150m = $900m (Cerved), 8x × $50m = $400m (Virgin Active), and

10x × $250m = $2.5bn (Ahlesll). The NAV of the fund becomes the sum of these valuations,

which is $900m + $400m + $2.5bn = $3.8 billion.

The valuation process described above requires a significant amount of GP discretion and

can lead to abnormal increases in NAV during fundraising. Particularly, there are two non-

mutually exclusive ways for the GPs to manage their NAV valuation: (i) valuation multiples

and (ii) portfolio firm earnings.

10The initiation year of a fund. See Appendix A for a detailed definition.
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Figure B1 provides an example of an actual PE fund report.11 Panel A shows how this

GP calculates its portfolio firm value, and Panel B provides an example of a portfolio firm

valuation (portfolio firm named FRA). In Panel B, both portfolio firm earnings (EBITDA)

and the multiple used to calculate the fair value are reported. Note that the calculated values

differ slightly from the valuation of the reported value because the multiple is a weighted

average of all multiples across the entire portfolio firms in the fund.

3 Data

A challenge in testing my hypotheses is that I require the financial performance of individual

portfolio firms (many of which are private). To address this concern, I use European firms

and funds that invest in them (note that these funds are not confined to Europe. See

Section 3.4 for a more detailed description), where many countries require both public firms

and private limited liability firms over a certain size threshold to disclose their financial

statements. Europe is also the second-largest PE market in the world (McKinsey, 2021).

3.1 Data on PE funds and their valuations/transactions

I use two datasets to create my sample. The first dataset is from Preqin, which offers detailed

information on GPs, PE fund and fundraising characteristics (e.g., fund name, GP, fund size,

fund strategy, and fundraising close date), cash inflow/outflow, valuation (i.e., NAV) of each

fund, and a list of buyout transactions to identify the portfolio firms. Preqin sources its data

either directly from limited partners and GPs or via Freedom of Information Act (FOIA)

requests.12 In addition, Brown et al. (2015) show that US funds are well covered across all

11The report is from Dunedin Enterprise Investment Trust PLC
(https://www.dunedinenterprise.com/investors/reports-and-presentations/2018.aspx).

12Brown, Harris, Jenkinson, Kaplan, and Robinson (2015) report that, as of 2015, approximately 38%
and 59% of the data are from the limited partners and GPs, respectively. A potential concern with high
GP data contribution could be that fund valuations may be overstated and therefore bias the multiples
upward. However, I conjecture that high reputation PE funds would contribute data more so than low
reputation GPs, because of their ample track record and data. This would bias against my results because
high reputation GPs would have more conservative NAVs.
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vintages, whereas non-US fund coverage dramatically improves from vintages in the 1990s.

I do not expect sample selection bias to arise from this issue since my sample begins with

1996 vintages. See Figure IA1 for the distribution of fund vintages; see Brown et al. (2015)

for a more extensive review of Preqin’s data. Preqin also retrieves information from public

filings and annual reports. These sources are commonly used by other commercial datasets

(e.g., Pitchbook and Burgiss) to obtain their data. In addition, Harris, Jenkinson, and

Kaplan (2014) confirm that the performance data from Preqin is qualitatively similar to

other datasets, which reduces the concern that the Preqin dataset may report systematically

higher performance than other datasets.

One important advantage of Preqin’s database over others is that I can directly ob-

serve the names of the fund and GPs that invested in a portfolio firm. For instance, the

Burgiss dataset is known to have more detailed cash flow information, but fund names are

anonymized, and I cannot match the data to individual portfolio firms. In addition, I can

observe data on funds that invest in European companies, due to Preqin’s global coverage.

Within the Preqin dataset, I match individual fund cash flow data to the list of buyout

transactions. Preqin’s buyout transaction data records each fund that invested in a certain

target company and allows me to create a panel with matched portfolio firms for each fund

quarter. Next, to determine each fund’s fundraising periods and fundraising success, I match

the fund’s subsequent fundraising information for each fund.

3.2 Data on portfolio firm financial statement information

The second dataset I use is from Amadeus, a Bureau van Dijk database. Amadeus collects

detailed financial statement information on both public and private companies from Europe,

mainly from prominent national financial statement information compilers (Burgstahler,

Hail, and Leuz, 2006). Since Amadeus only keeps 10 years’ worth of recent financial state-

ments, I combine historical information downloaded in 2012 and 2020, an approach similar

to Breuer (2021). By doing so, I can maximize match quality with the Preqin dataset (since

12



I have more firm-years available) and reduce the survivorship bias of the Amadeus data.13

The combined dataset has more than 162 million observations. For consistent currencies

with Preqin, I convert all financial variables into US dollars, using the exchange rates stored

in Amadeus.

3.3 Matching two datasets and sample creation

I hand match Amadeus to the Preqin master data, using company name. For each portfo-

lio firm identified in the Preqin master dataset, I match financial statements one calendar

year before the reported quarter. I use one-year lagged financials because many portfolio

firms receive annual audits of their financial statements that take multiple months to com-

plete. Breuer (2021) shows that private firms take a maximum of 13 months to disclose

their financial statements in many European countries. This decision is also consistent with

the anecdotal observation that many fund reports use one-year lagged financial statement

information to value their portfolio firms. Also note that the fund-level valuation data is

quarterly, whereas the financial statements are annual. According to conversations with the

practitioners and my examinations of sample valuation reports, valuations are calculated

with the latest annual report (rather than using updated financials every quarter).

The above process yields a panel of fund-level quarterly NAVs matched with portfolio

firm financial information. I then take the following additional steps to refine my sample. I

delete any portfolio firm-year observations that were before the transaction date or after PE

exit, to ensure these firms were owned by the GPs at the reporting date. Following prior

studies, I also delete funds with vintages after 2018, due to the lack of valuation information

from these funds. Finally, I collapse the data to the fund-quarter level, since the fund NAVs

are aggregated each quarter. To do so, I sum all the portfolio firm earnings (i.e., EBITDA,

sales, and total assets) and deflate them by fund size. Both portfolio firm earnings and fund

13Amadeus (and the Bureau van Dijk datasets) drops firms if they are deemed inactive for a number of
years. An old Amadeus dataset would provide firms that would otherwise have been deleted from the new
dataset.
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size are denoted in US dollars and should mitigate concerns arising from different currencies

used in portfolio firms. The sample consists of 8,709 observations.

3.4 Descriptive statistics

Table 1 shows descriptive statistics of the funds and portfolio firms, of which there are 410

funds and 1,838 portfolio companies. Panel A presents GP (first two columns) and portfolio

firm (last two columns) headquarters countries; about 45.1% of the GPs are from the United

States, and 29.5% are from the United Kingdom. Other notable countries include France,

the Netherlands, and Sweden. As discussed in Section 3, the high representation of US funds

is likely because Preqin mainly collects data through FOIA requests to US pension funds.

The last two columns show the number of portfolio firms’ headquarters countries. UK

firms show the highest representation in my sample (637 firms), with France, Sweden, and

Germany following. This is consistent with the statistics reported in Invest Europe (2019)

that the United Kingdom and France are the largest PE markets in Europe.

Panel B reports descriptive statistics of fund characteristics. I summarize fund descriptive

statistics based on fund reputation and for the entire sample. By construction, funds with

low reputation GPs are much smaller in average size ($897.4 million) and fund number (2.56),

compared to high reputation GPs ($3.6 billion in size and 6.4 fund number). Fund vintage is

similar for both types of funds, ranging from 2005 to 2014 (p25 and p75). The reported fund

size and number are qualitatively similar to the statistics reported by Hüther (Forthcoming).

Table 2 presents the descriptive statistics of the full sample (Panel A) as well as sub-

samples partitioned by reputation (Panel B). Variable FundraiseFlag has a mean value of

0.112 for all samples, with little difference between low (0.101) and high (0.116) reputation

GPs. NAV/Sales multiple has a value of 9.488, and high reputation GPs have a higher mean

value (10.550) than that of low reputation GPs (6.557); this is also true for NAV/EBITDA

multiple (low reputation sample mean 26.182, high reputation mean 38.986), although the

difference is smaller than that of NAV/Sales. The means are comparatively higher than Liu,
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Nissim, and Thomas (2002), who study valuation multiples in a public firm setting. The

high mean seems to be driven by observations in the right tail of the distribution, espe-

cially given that the median values are substantially lower than the mean (NAV/Sales and

NAV/EBITDA median 2.213 and 12.441, respectively). I winsorize the multiples at the 5%

level to alleviate the concern (more details in Section 4.1). The mean number of portfolio

firms (ln(# of Portfolio Firms)) in a given quarter is higher for funds with high reputation

GPs (mean 1.720) than for funds with low reputation GPs (mean 1.465). Funds managed by

low reputation GPs are slightly older than those managed by high reputation GPs in terms

of fund age (logged value mean 1.860 versus 1.699) and younger in terms of GP age (logged

value mean 2.703 versus 3.157).

Table 3 reports the descriptive statistics of the portfolio firm-level sample, for the full

sample (Panel A) and for samples partitioned by reputation (Panel B). Portfolio firms owned

by low (high) reputation GPs have 0.001, 0.004, -0.035, and -0.080 (-0.010, -0.145, and 0.108)

mean abnormal accruals, abnormal production costs, and abnormal discretionary expenses,

respectively.14 The portfolio firms of low reputation GPs have higher (lower) production

costs (discretionary expenses) than those of high reputation GPs; this is consistent with

the idea that low reputation GP portfolio firms show more EM (three of four measures

statistically significant at least at the 5% level, as shown in Panel B), consistent with the

results from Wongsunwai (2013), who find EM is stronger for investments backed by lower

quality VC funds.

Consistent with expectations, low reputation GP portfolio firms have stronger EM than

high reputation ones, across all three variables. Low reputation GP portfolio firms are larger

in size, have lower leverage, are less profitable, and have lower growth.

14Prior studies mostly have mean values of zero across all EM variables. The deviation from zero suggests
that PE-backed firms have significantly different levels of EM, consistent with Katz (2009). In untabulated
results, the mean values of EM variables of the entire sample are all zero.
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4 Research design

4.1 Testing abnormal increases in fund valuation multiples

To test my first prediction, I partition my sample by GP reputation and estimate Equa-

tion 1. I choose to divide my sample by reputation because prior studies have emphasized

the importance of reputation in fundraising and how it can lead to myopic decisions dur-

ing fundraising periods. For example, Barber and Yasuda (2017) show that low reputation

GPs time the fundraising period to coincide with their existing fund’s peak performance.

Brown et al. (2019) also show that fund manipulation occurs for low-performing funds be-

cause the payoffs from doing so outweigh the costs from LPs seeing through the embellished

performance.

I base my measure of reputation on the proxy developed in Barber and Yasuda (2017).

Conceptually, reputation is measured using GP’s fund size, age, and performance. They

define low reputation GPs as satisfying the following three conditions, measured at fund

inception:15 funds (i) that do not have top quartile performing funds more than five years

old as of fund inception, (ii) that have raised less than three funds, and (iii) that have

raised less than $1 billion in cumulative capital. I adjust this definition of low reputation

to funds that satisfy ((i) and (ii)) or ((i) and (iii)). The reason for deviating from the

approach of Barber and Yasuda is because low reputation GPs (with their definition) are

under-represented in my setting, which reduces the power of my tests. Specifically, only

27 (out of 410) funds are classified as low reputation using Barber and Yasuda’s definition,

which is only about 6.5% of the funds I have in my sample (contrary to the 40% reported in

their paper). The large difference in composition of high/low reputation GPs in my sample,

compared to Barber and Yasuda’s, is because I use the European setting and I have a longer

period sample. US funds (which comprise 45% of the funds in my sample; see Section 3.4

15Because each fund’s GP reputation is measured at inception, I do not change reputations even if a GP
of a particular fund achieved high reputation status in the middle of the fund’s life. In this case, the change
will only happen after subsequent fundraising.
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for a detailed description) that invest in European firms tend to have high reputation. My

sample consists of fund-quarters from 2000 to 2019, and naturally, there will be more funds

that have had first quartile funds more than five years old than Barber and Yasuda’s sample

(from 2003 to 2012).16

Using the partitioned sample, I estimate the following model:

ln
( NAVi,t∑n

j=1 Performancei,j,t−1

)
= β1FundraiseF lagi,t + γ′Xi,t + αi + αt + εi,t (1)

where ln
(

NAVi,t∑n
j=1 Performancei,j,t−1

)
is the fund-level natural log of net asset value, divided

by sum of portfolio firm EBITDA or sales. FundraiseF lagi,t is a dummy variable that

equals one if a GP j managing fund i is raising its subsequent fund at quarter t and zero

otherwise. A fund is considered to be raising funds zero to four quarters before the subsequent

fund’s closing calendar quarter, which is directly observable from Preqin data.17 I take

this approach, instead of using a post-fundraising indicator as my variable of interest (as

do Barber and Yasuda (2017)), to precisely locate activities during fundraising quarters,

rather than testing for decreases after fundraising quarters. (I graphically show the reversals

in multiples and EM in Figures 3 and 4.) This method also alleviates the concern from

Brown et al. (2019) that lower post-fundraising NAVs may be stemming from GPs’ reduced

attention to interim funds because deciding how high the multiples should be is a relatively

simple process (compared to monitoring individual portfolio firms) and does not require

additional attention from the GPs .18 For funds that do not have subsequent funds, I define

16In Table IA1 of the internet appendix, I re-estimate my analysis using an alternative definition, where
a low reputation GPs are defined as funds that satisfy all three following conditions: funds (i) that do not
have top quartile performing funds more than five years old as of fund inception, (ii) that have raised less
than the median number of funds in my sample, and (iii) that have raised less than $1 billion in cumulative
capital. The results are qualitatively similar.

17Studies have also used subsequent fund’s first observed cash flow date as the fundraising closing date.
While this also is a reasonable assumption, an advantage of my approach is that the close date is directly
observable. In Table IA2, I use the alternative date (i.e., the subsequent fund’s first observed cash flow date)
as the fundraising closing date and find qualitatively similar results.

18Brown et al. (2019) argue that the reversal in NAVs post fundraising can occur because of GPs’ reduced
attention to their existing fund investments.
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a fundraising quarter to be 13 to 28 quarters since inception, following Barber and Yasuda

(2017).19
∑n

j=1 Performancei,j,t−1 is either the sum of EBITDA or the sum of sales. I

use EBITDA instead of net income since EBITDA is known to estimate firm values well in

LBOs (e.g., Kaplan and Ruback, 1995). This is because EBITDA calculates the earnings

before interest expenses, which consume most of the earnings of the portfolio firm (since

LBOs by definition involve high debt levels put on the portfolio firms). Consistent with this

argument, EBITDA is the most commonly used metric in the PE industry (IPEV, 2018).

γ′Xi,t denotes a battery of fund-level control variables I employ in the model and largely

follows the literature on PE fund reporting (e.g., Barber and Yasuda, 2017). The controls

include the natural log of the number of active portfolio firms in a given fund quarter, the

natural log of fund age, and the natural log of GP age. I include the natural log of the number

of portfolio firms to capture new investments/exits in a given fund. The natural log of fund

age controls for the fund’s life-cycle; multiples may be systematically different for funds

that just began investing from funds that are preparing to exit most of their investments.

Finally, the natural log of GP age controls for the GP’s experience and reputation. More

experienced, well-known GPs may have access to better investments and therefore could be

able to justify higher valuation multiples.20 See Table A1 in the appendix for a complete list

of variable definitions. I also include fund (αi) and calendar year-quarter (αt) fixed effects

for time-invariant fund and time attributes, respectively. Standard errors are clustered at

the fund level.

One caveat in this approach is that the measure
∑n

j=1 Performancei,j,t−1 is a simple

sum of all portfolio firms and does not take the actual percentage ownership of the buyout

fund, due to data constraints. (Preqin does not report a specific percentage stake of buyout

transactions.) However, since buyouts typically involve more than 50% stake acquisition in

19To avoid possible measurement errors of the fundraising quarter, in Table IA5 I randomly select fundraise
dates that matches the same distribution with my sample, and re-estimate the regressions 100 times. I do
not find any meaningful results for both fund and portfolio firm tests.

20Barber and Yasuda (2017) use fund size and buyout market fund return as controls; these are controlled
for using fund and year-quarter fixed effects, respectively. Brown et al. (2019) use fund cash inflow/outflow
as controls; controlling for the number of portfolio firms produces a similar effect.
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a target firm, I expect the measurement error to be not too severe. Nevertheless, to cope

with this issue, the variable ln
(

NAVi,t∑n
j=1 Performancei,j,t−1

)
is winsorized at the 5% level; this is

also consistent with Barber and Yasuda (2017), who winsorize the NAV variable at the 5%

level. (Winsorizing at the 1% level yields qualitatively similar results; the results are shown

in Table IA3.) All other continuous variables are winsorized at 1% level.

Note that I consider positive value multiples by computing natural logs of the valuation

multiples. Although this process would not affect the sales multiple (since sales are greater

than zero), it discards negative EBITDA multiples. I find this assumption reasonable because

negative multiples are treated differently than positive ones (Barth, Beaver, and Landsman,

1998; Ferreira et al., 2019; Hayn, 1995).21

4.2 Testing abnormal increases in portfolio firm earnings manage-

ment

In this section, I discuss the research design to test my second hypothesis, whether firms

held by low reputation GPs use EM to inflate their financial performance. To be more

specific, EM can be largely classified into two forms: accruals earnings management and real

earnings management. The former mainly requires taking aggressive accounting policies,

such as recognizing revenues early and expenses late. On the contrary, REM uses real

actions to achieve higher earnings in the short-term. For example, firms can build abnormal

levels of inventory to reduce cost of goods sold per unit (abnormal production costs),22 or

excessively reduce expenses that may help a firm in the long-run, such as R&D expenses

and marketing costs (abnormal discretionary expenses). I test for both accruals and real

EM because GPs can influence their portfolio firms to engage in both methods, by obtaining

strong control over their investments through majority stake ownership, board memberships,

21According to interviews with practitioners, when a fund has negative EBITDA multiples, GPs provide
multiples using alternative multiples (e.g., NAV/Sales) or use different valuation methods (e.g., value the
investment at cost).

22Producing more units spreads fixed overhead costs and reduces fixed costs per unit. Therefore, the total
cost per unit declines (Roychowdhury, 2006).
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and hiring management teams with aligned interests.

Because controlling for firm performance is critical for my research design, I use performance-

matched EM measures developed by Kothari, Leone, and Wasley (2005).23 Specifically, I use

three EM proxies. To measure AEM, I use performance-matched Modified Jones accruals

(with augmented ROA) modeled by Kothari et al. (2005); to capture REM, I use the REM

proxies (again performance-matched) developed by Roychowdhury (2006), (ii) abnormal pro-

duction costs, and (iii) abnormal discretionary expenses,24 which measure overproduction

and excessive cost cuts, respectively. I predict positive, positive, and negative signs for each

measure, respectively. The exact estimation methods and the intuition for the proxies are

described in detail in Appendix C.

Subsequently, I use firm-level data (the sample before I collapse into fund-quarters) and

estimate the following regression:

EMi,j,t−1 = β1FundraiseF lagi,t + γ′Xi,j,t−1 + αi + αt + αj + αc,ind,t−1 + εi,j,t−1 (2)

where EMi,j,t−1 is one of the earnings proxies for portfolio firm j (invested by fund i)

measured at year t − 1;25 FundraiseF lagi,t equals one if a portfolio firm reporting date

is classified as a fundraising period of the fund and zero otherwise; γ′Xi,j,t−1 is a vector

of portfolio firm-level control variables discussed by Dechow, Ge, and Schrand (2010), and

includes firm size (inverse of total assets), leverage, profitability (ROA), and sales growth.

αi, and αt, denote fund fixed effects and calendar year-quarter fixed effects, respectively, and

αj and αc,ind,t−1 denote portfolio firm fixed effects and portfolio firm country-industry-year

fixed effects (SIC Code one-digit), respectively. Standard errors are clustered at the fund

and portfolio firm country-industry-year (two-way) level.

23Table IA4 uses non-performance-matched EM variables and yield qualitatively similar results.
24Note that I use the entire operating expenses to proxy for discretionary expenses because many European

private firms aggregate R&D and marketing expenses into operating expenses.
25Recall that year t−1 is one calendar year before the year of time t, the reporting date at the fund level.

The reason behind is decision is delineated in section 4.1.
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4.3 Using EM variables as the dependent variable

One aspect that is important to discuss is that the EM variables are obtained through a two-

step process. EM variables, as described in Appendix C, obtain residuals from regressing

normal accruals, production costs, or discretionary expenses on a variety of control variables

for each country-industry-year. A caveat with using variables using this procedure as the

dependent variable is that the analysis could yield biased coefficients if not used properly.

Specifically, Chen et al. (2018) have shown that using these variables as dependent variables

could result in both type I and type II errors.

To address this concern, Chen et al. (2018) suggest three solutions. The first and most

widely used solution is to use normal EM rather than the residuals (i.e., abnormal EM)

as dependent variables and estimate a single-step regression. The second solution is to

regress abnormal EM variables on residuals from regressions of the second-step regressors

on first-step regressors. However, these two solutions cannot be used in my setting, because

the first-step residuals are obtained using the entire Amadeus database (i.e., all European

private firms available in the database) but the variables used in my second-step regression is

only available to firms owned by buyout funds, which is extremely small (0.024%) compared

to the entire Amadeus database. In other words, the variable FundraiseFlag is only available

for buyout fund portfolio firms, because non-portfolio firms are not fundraising in a PE

setting. Therefore, I follow the third solution from Chen et al. (2018): I combine variables

used in the first-step as controls in addition to the independent variables used in the second

step. For instance, to test whether abnormal accruals of the portfolio firms increase during

fundraising periods (i.e., Equation 2), I include lagged inverse total assets, property plant

and equipment, changes in sales, and ROA (all scaled by lagged total assets), in addition

to the control variables delineated in Equation 2. Chen et al. confirm that this approach

generates unbiased coefficients and reliable t-statistics.
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4.4 Entropy balancing

The research design discussed so far cannot rule out the alternative explanation that the

results may occur from GPs timing their fundraising periods. This explanation is important

because Barber and Yasuda (2017) show that low reputation GPs also time their fundraising

periods when the performance is at its peak. To address this concern, I conduct entropy

balancing so that the treated quarters (fundraising quarters) have similar fundraising timing

attributes to the control quarters (nonfundraising quarters). Entropy balancing controls for

fundraising timing between fundraising and nonfundraising quarters and helps me distinguish

whether the result is from manipulation or from timing. This method provides an important

advantage over propensity-score matching by generating a higher degree of covariate balance

than propensity-score matching (Hainmueller, 2012).

To match the characteristics between treated and control quarters, for each reputation

sample, I require the control quarters to have similar fund age, NAV, fund size, distribution,

and fundraising year. Specifically, I match the first (mean) and second (variance) moments

of the treated quarters and control quarters using these attributes. Therefore, the control

quarters are quarters that have similar fund age, valuation, fund size, distribution, and time.

As shown in Table IA6 and Table IA7, after entropy balancing, fund-related characteristics

are well matched. With the entropy-balanced sample, I re-estimate equations 1 and 2.

5 Results

5.1 Valuation multiples regression results

Figure 3 depicts the mean valuation multiples before and after fundraising. In Panel A

(Panel B), the X-axis shows quarters, relative to the fundraising close quarter, and the Y-

axis represents levels of the natural log of NAV divided by the sum of EBITDA (sales) for

each quarter. The blue line (red line) shows mean values for low (high) reputation GPs.
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Consistent with my hypothesis and prior research, funds with low reputation GPs exhibit

an increase in valuation multiples immediately before fundraising close and sharp reversals

post fundraising. EBITDA multiples of low reputation GP funds in Panel A show a sharp

peak at the fundraising close quarter (quarter 0), and the multiples begin to quickly erode.

sales multiples for low reputation GP funds (Panel B) maintain the elevated multiples up to

three quarters post fundraising. On the contrary, both multiples are lower before fundraising

close for funds with high reputation GPs, indicating some degrees of conservative reporting.

Table 4 presents the main test results of the first hypothesis. Panel A (Panel B) reports

coefficients using the low reputation GP sample (high reputation GP sample). For both

panels, columns (1) and (2) report results for the main sample, and columns (3) and (4)

report results for the entropy-balanced sample. The research design used in the entropy-

balanced samples should rule out the timing hypothesis by matching fundraising quarters

to nonfundraising quarters with similar fundraising motives. (See Section 4.4 for details.)

Columns (1) and (3) ((2) and (4)) use EBITDA (sales) multiples as the dependent variable.

Coefficients from all columns in Panel A indicate a statistically significant increase in both

EBITDA and sales multiples of low reputation GP funds during fundraising. Economically,

EBITDA (sales) multiples increase by 18.2% (22.7%), compared to nonfundraising periods,

which translates to an increase of approximately 4.77x (1.49x). Similar to the coefficients

from columns (1) and (2), the coefficients are significant for tests using the entropy-balanced

sample. The coefficients are slightly lower, showing 0.157 and 0.170 in columns (1) and (2),

respectively.

On the contrary, in Panel B, I find negative coefficients (statistically significant for

EBITDA multiples) for high reputation GP funds; fundraising is associated with an 11.9%

decrease in EBITDA multiples, which translates to a drop of 4.64x; the results using entropy-

balanced sample (columns (3) and (4)) also demonstrate a significant drop in valuation mul-

tiples. The results are consistent with Brown et al. (2019) who find a more conservative

valuation during fundraising periods for high reputation GPs.

23



In the bottom row of Panel A, I compare coefficients FundraiseFlag for each column in

different Panels (e.g., column (1) of Panel A versus column (1) of Panel B) by conducting

SUR test, which examine the difference of coefficients between low reputation and high

reputation samples. SUR tests using the both main and entropy-balanced samples display

statistically significant χ2 values (6.36 and 5.69, 18.19 and 23.57 respectively; significant at

the 5% and 1% level, respectively). Overall, the results reported in this table support the

argument that the increased multiples are from manipulation rather than timing fundraising

periods.

5.2 EM regression results

Figure 4 shows the levels of EM pre and post-fundraising. Panels A, B, and C report

mean values of abnormal accruals, abnormal production cost, and abnormal discretionary

expenses, respectively. For all panels, the blue line (red line) represents portfolio firms owned

by low reputation (high reputation) GPs. Consistent with my hypothesis, I observe abnormal

levels26 and reversals of EM of portfolio firms before and after fundraising.

Table 5 presents the results of the regressions testing the second hypothesis. Panel

A show the coefficients for firms owned by low reputation GPs, using abnormal accruals,

abnormal production costs, and abnormal discretionary expenses as the dependent variables;

the last three columns reports the results using the entropy-balanced sample. Consistent

with the reputation results shown in Table 4, portfolio firms owned by low reputation GPs

show strong signs of EM across two of the three regressions. In economic terms, portfolio

firms during which their owner GPs are fundraising show 3.8%, and 14.3% increase, and a

7.1% decrease in abnormal accruals, abnormal production costs, and abnormal discretionary

expenses respectively, consistent with my predictions. Considering the normal accruals of my

sample are -0.018 and the changes in accounts receivables is 0.028, the effect is economically

significant. On the other hand, I do not find a statistically significant result using abnormal

26I observe lower abnormal discretionary expenses during fundraising, considered to be indicative of EM.
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discretionary expenses, although the sign of the coefficient is consistent with the prediction.

In contrast, in Panel B, I do not find any statistically meaningful results for firms owned

by high reputation GPs. Similar to Panel A, columns (1), (2), and (3) test using abnor-

mal accruals, abnormal production cost, and abnormal discretionary expenses as dependent

variables for the main sample, respectively, while columns (4), (5), and (6) use the entropy-

balanced sample.

SUR tests reported at the bottom row of Panel A indicate that the low reputation/high

reputation samples have significantly different coefficients at the 10% level. In particular,

when comparing coefficients using the entropy-balanced sample, low reputation and high

reputation GPs have significantly different coefficients for all regressions. Specifically, the

χ2 SUR test values for column (4), (5), and (6) are 5.49 (significant at the 5% level), 21.00

(significant at the 1% level), and 7.15 (significant at the 1% level), respectively. This result

supports the findings of Brown et al. (2019), who find more conservative reported returns

for high reputation GPs. Taken together, the results suggest that low reputation GPs use

EM to inflate portfolio firm earnings.

5.3 Falsification test using portfolio firms with multiple investors

To further support my main results, I exploit the amount of influence an investor can make

on their portfolio firms. More specifically, I explore whether portfolio firms invested by

multiple investors show similar behavior when one of the investors is raising subsequent

funds. I anticipate that one investor would have a much lesser influence on their portfolio

firms if multiple investors are invested in a portfolio firm. Therefore, even if one GP has the

incentive to influence its portfolio firm to engage in EM (due to fundraising), other GPs that

are not fundraising would prevent the motivated GP to do so, because of potential long-term

harmful outcomes that may arise from conducting EM.

To test this idea, I pool low reputation venture capital and buyout investments that have

more than two PE funds as shareholders (i.e., ‘club deals’) and test whether these firms
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manage earnings when one of the GPs is raising funds, by re-estimating Equation 2.27 I

present the results in Table 6; I do not find any statistically meaningful results for these

portfolio firms, which is consistent with the argument that one investor would face a more

difficult time influencing its portfolio firm if other shareholders are involved.

5.4 Effects of PE ownership

An alternative interpretation of my results discussed in Section 5.2 could be that the results

are simply from the effects of buyout fund ownership, specifically that the funds enhance

the financial performance of the firms they invest in. Several studies have shown that buy-

out fund ownership relates to better operational efficiency (e.g., Cohn et al., 2014; Davis,

Haltiwanger, Handley, Jarmin, Lerner, and Miranda, 2014; Guo et al., 2011; Kaplan, 1989).

If this is the case, I would expect to observe similar effects when I compare the effects of

PE ownership. Therefore I test whether EM proxies significantly change PE ownership.

Specifically, I estimate the following regression:

EMi,j,t−1 = β1PEOwni,j,t−1 + γ′Xi,j,t−1 + αi + αt + αj + αc,ind,t−1 + εi,j,t−1 (3)

where the variable of interest PEOwni,j,t−1 is a dummy variable that equals one if the

portfolio firm is under PE ownership and zero otherwise. I remove portfolio firm-years under

fundraising years (under PE ownership) to clearly show the effects of PE ownership without

fundraising motives.

Table 7 reports the regression coefficients. Columns (1)-(3) show results for low repu-

tation GP portfolio firms, and columns (4)-(6) for high reputation GP portfolio firms. In

columns (1)-(3) (portfolio firms owned by low reputation GPs), I do not find any statisti-

cally significant results, mitigating the concern that the results may be simply driven by

PE ownership. Furthermore, results in columns (4)-(6) (high reputation GP portfolio firms)

27For brevity, I present results using the main sample. Results using entropy-balanced sample, reported
in Table IA8 Panel A, are similar.
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demonstrate a decrease in abnormal accruals and an increase in abnormal discretionary

expenses (which suggests lower EM), which do not support the alternative interpretation.

5.5 Reversals post fundraising

Another possible concern is that the abnormal surge in multiples and EM may be an efficient

outcome, given that studies have shown that the fund valuations are often conservative during

nonfundraising times (e.g., Brown et al., 2019; Ferreira et al., 2019; Jenkinson et al., 2013).

In other words, GPs may have reported more conservative multiples/earnings when they are

not fundraising, and may be reporting them at normal levels when fundraising. To address

this argument, I graphically present valuation multiples pre and post-fundraising in Figure 3

(also discussed in Section 5.1). Specifically, Panel A (Panel B) presents the mean natural log

of EBITDA (sales) multiples. If the increase was an efficient outcome, one would expect the

increase would remain persistent even after fundraising. However, I observe a sharp decline

in both EBITDA and sales multiples for funds managed by low reputation GPs one to four

quarters after fundraising. The effect is sharper for EBITDA multiples, which is known to

be the most commonly used metric in the PE industry (Grant Thornton, 2015).

In a similar vein, Figure 4 presents mean values of EM variables pre and post-fundraising.

Panel A, B, and C show mean values for abnormal accruals, abnormal production cost,

and abnormal discretionary expenses, respectively. Across all variables, I observe results

consistent with my prediction. Portfolio firms owned by low reputation GPs exhibit higher

AEM and REM approximately four quarters before fundraising close. Post fundraising close,

I observe a sharp decline in EM, a result consistent with the findings in Figure 3.

In sum, the evidence suggests a sharp reversal post fundraising for both multiples and

EM, because it implies that the GPs are unable to sustain the high multiples and managed

earnings. If the higher multiples and EM were efficient, low reputation GPs should have

maintained them at higher levels even after fundraising, as high reputation GPs do (as seen

in the figures). This stands counter to the argument that the increase during fundraising is
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an efficient outcome.

5.6 Coincidence with portfolio firm exit timing

The third alternative explanation is that fundraising timing may coincide with the portfolio

firm’s exit timing. As Gompers (1996) suggests, GPs may prematurely exit their portfolio

firms to succeed in fundraising, and the results may be driven by portfolio firms with im-

pending exits. In this case, EM may occur, but the primary aim would be to maximize the

exit values, as in the results of Teoh, Wong, and Rao (1998), who show a stronger degree

of EM before IPOs. To alleviate the concern, in Table 8, I drop portfolio firm-years with

less than two years before their exit dates and re-estimate Equation 2 for low reputation GP

portfolio firms.28 The results remain qualitatively similar to the results shown in Table 5.

5.7 Consequences

A remaining important question is whether different embellishing strategies incur different

outcomes. While prior studies (e.g., Barber and Yasuda, 2017; Brown et al., 2019) have

shown that NAV management is looked through by the LPs, it is possible that GPs that use

certain strategies may be able to raise subsequent funds. For instance, one conjecture could

be that managing NAVs through portfolio firm earnings could have a much lower chance of

detection than through increasing fund valuation multiple, because valuation multiples are

much easier to calculate (e.g., by comparing to comparable firms or funds) than backing out

managed earnings of each portfolio firm.

To test whether different performance management strategies yield different fundraising

outcomes, I take the following steps. First, for each sample, I take the mean of valua-

tion multiples (or EM) of a fundraising/nonfundraising period for each fund. There is one

28Table IA8 Panel B displays the results using the entropy-balanced sample. The results are qualitatively
similar.
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observation per fund. Next, I estimate the following regression:

FinalFundi = β1Multiplei(MeanEMi) × FundraiseF lagi + β2Multiplei(EMi)

+ β3FundraiseF lagi + γ′Xi + αc + αv + αy + εi

(4)

where FinalFundi equals one if there is no subsequent fund reported in the Preqin

database, and zero otherwise; Multiplei and EMi are the mean of valuation multiples (i.e.,

ln(NAV/EBITDA) or ln(NAV/Sales)) and the mean of EM proxies, respectively; FundraiseF lagi

equals one if the observation is fundraising period, and zero otherwise; Controlsi include

fund-related characteristics, and include the natural log of fund size, mean of the natural

log of the number of portfolio firms, mean of the natural log of fund age, mean of the nat-

ural log of GP age; αc, αv, αy denote GP country, vintage, and fundraise year fixed effects,

respectively.

Table 9 presents the results. Panel A (Panel B) shows results using valuation multiples

(EM). In Panel A, columns (1) and (2) ((3) and (4)) report regression results for the low

reputation GP (high reputation GP) sample. My coefficient of interest, MeanMultiple ×

FundraiseFlag is positively related to the dependent variable, while the main effect Mean-

Multiple is negative, with similar economic magnitudes. This suggests that while higher

multiples valued during nonfundraising periods are interpreted as a positive sign to poten-

tial investors, having higher multiples during fundraising periods does not necessarily help

fundraising outcomes. This is consistent with prior literature that shows the investors look

through manipulated current fund performance (Brown et al., 2019).

In Panel B, columns (1), (2), and (3) use the low reputation GP sample, and columns (4),

(5), and (6) use the high reputation GP sample. In column (1), coefficient MeanAccruals ×

FundraiseFlag is negatively significant, implying that GPs which use more abnormal accruals

are able to raise subsequent funds to some extent.

Collectively, the findings suggest that the probability of subsequent fundraising for low

reputation GPs differs for each manipulation method. Specifically, GPs that manipulate
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at the portfolio firm-level face a higher probability of raising a next fund, while those who

manage at the fund-level are likely to fail. This implication is somewhat in contrast to

previous findings (e.g., Barber and Yasuda, 2017; Brown et al., 2019) who find fundraising

attempts are always unsuccessful for low reputation GPs who attempt to manage interim

fund valuations.

6 Conclusion

In this paper, I investigate whether and how PE funds inflate their valuations during fundrais-

ing. I find novel evidence that funds managed by low reputation buyout GPs increase their

valuation multiples during fundraising periods as well as portfolio firm earnings through

AEM and REM. The results are consistent with the manipulation hypothesis more than the

fundraising timing hypothesis. My findings are robust to a battery of alternative explana-

tions. I also propose that low reputation GPs conducting some form of EM are somewhat

successful in raising subsequent funds.

My paper contributes to the academic literature in three ways. First, it contributes to

the PE literature by showing the mechanisms behind NAV inflations of PE funds during

fundraising periods. My findings suggest that low reputation GPs manipulate fund returns

via valuation multiples at the fund level and EM at their portfolio companies. Second, I

contribute to the literature that studies the valuation of illiquid assets, by demonstrating that

fundraising and fund managers’ incentives can influence the relationship and the accuracy

of the valuations because the underlying investments lack quoted market prices. Finally,

I contribute to literature on the transparency of private firms by (i) showing private firms

under long-term institutional investors can manage earnings when the investors face myopic

motives, (ii) emphasizing that valuation multiples could be manipulated in PE fund settings,

and (iii) enhancing the understanding of corporate transparency in private firm settings.
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Appendix A Variable definitions

Table A1: Variable definitions

Variable name Definition

Variables used in tests

Abn. Accruals Abnormal accruals which measures accruals earnings manage-
ment. See section Appendix C for detailed derivations.

Abn. Disc Exp Abnormal discretionary expenses (operating expenses in my set-
ting), and measures excessive cost cuts that temporarily increase
earnings but could hurt long-term firm performance. See sec-
tion Appendix C for detailed derivations.

Abn. Prod Cost Abnormal production costs, and measures abnormal production.
It is typically done by over-producing inventory than the demand
forecast, and/or channel-stuffing. See section Appendix C for
detailed derivations.

Chg Sales Changes in sales (Current year sales - lagged year sales), scaled
by lagged total assets.

FinalFund Equals one if the GP was not able to raise a subsequent fund
after the current fund, and zero otherwise.

FundraiseFlag Equals one if a current fund’s reported date is on or one-four
quarters before fundraise close date of the subsequent fund, and
zero otherwise.

FundraiseFlag CF Equals one if a current fund’s reported date is on or one-four
quarters before the first cash flow of the subsequent fund, and
zero otherwise.

FundraiseFlag Rand Randomly generated dummy variable that matches the distribu-
tion of FundraiseFlag variable.

Fund size Fund size, denoted in millions US$.
Fund # Number of funds a GP has raised including the reported fund.
Inverse TA Inverse of portfolio firm lagged total assets.
Leverage Leverage of portfolio firm-year, total liabillities/total assets.
ln(NAV/EBITDA) Natural log of fund NAV divided by sum of portfolio firm

EBITDA reported in a given quarter.
ln(NAV/Sales) Natural log of fund NAV divided by sum of portfolio firm sales

reported in a given quarter.
ln(Fund Age) Natural log of fund age.
ln(GP Age) Natural log of GP Age. Measures GP experience.
ln(# of Portfolio Firms) Natural log of the number of portfolio firms in a given fund-

quarter.
MeanEM Mean of one of three main earnings management proxies (abnor-

mal accruals, abnormal production costs, abnormal discretionary
expenses) for each fund during fundraising periods.
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Table A1 – continued from previous page

Variable name Definition

MeanMultiple Mean of one of two valuation multiple proxies (i.e.,
ln(NAV/EBITDA), ln(NAV/Sales)) for each fund during
fundraising periods.

ROA Portfolio firm net income/total assets.
NAV Valuation of the aggregate portfolio firm value, scaled by fund size.
PEOwn Equals one if a portfolio firm is owned by a PE fund in a given

year, and zero otherwise.
Vintage The inception year of a fund.

Vocabulary related to private equity

Limited Partners (LP) Investors of private equity funds. Typically consist of endowment
funds, pension funds, banks, and high net worth individuals.
See Lerner, Schoar, and Wongsunwai (2007) for a description of
various types of LPs.

General Partners (GP) Private equity firms that manage the PE funds, such as KKR
and Carlyle. GPs receive 2% of assets under management as
management fees, and 20% of realized investment returns.

Buyout A sub-type of private equity fund that engage in leveraged buy-
outs (LBOs). LBOs take majority equity stake in a target firm,
and put increased amount of leverage onto their target firms.

Venture Capital (VC) A sub-type of private equity fund that mainly invests minority
equity stake in private firms.

Net Asset Value (NAV) Typical valuation metric used to report valuations of underlying
investments. In this paper, NAV is assumed to be a product of
portfolio firm performance and applied valuation multiple.
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Appendix B Sample PE fund report

Figure B1: Sample PE fund report - Valuation rules

This figure presents a sample PE fund report, created for the LPs. The figure illustrates the
valuation methods used to value the fund’s portfolio companies, in particular, the earnings multiple
method. The red box in upper left corner confirms their compliance to IPEV guidelines; the box
in bottom right corner explains their valuation methodology using market multiple method.
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Figure B2: Sample PE fund report - Sample valuation

This figure shows the actual valuation of a portfolio company (FRA) of the fund shown in table B1.
Note that, although the value of FRA is computed as the product of EBITDA (£13.3m), percentage
of Dunedin’s share of net assets (15.1%), and the EBITDA multiple (8.2x), the computed value and
the actual valuation show some differences because the EBITDA multiple disclosed in the report is
the average multiple applied to all portfolio companies.

38



Appendix C Proxies of earnings management

In this section, I discuss the measures used to proxy earnings management. In this paper,
I employ both REM and AEM, for two reasons. First, AEM could be used to accelerate
(delay) recognition of revenue (expenses), both important for increasing firm performance.
In addition, AEM may be a less costly way to inflate firm performance because it does not
affect firm fundamentals (Dechow et al., 2010).

Second, GPs can exert pressure to the operational activities of the portfolio firms, and
REM captures these activities well. Gompers et al. (2016)’s survey reveals that GPs consider
“operational improvements” of portfolio firms as one of the most important drivers of fund
returns,29 and that the GPs find “revenue/demand increases” as the most important value-
add which the GPs contribute to the portfolio firms.30

Third, both AEM and REM could occur in portfolio firms because the combination would
be difficult to detect than using only one of the two methods. For instance, Kothari, Mizik,
and Roychowdhury (2016) find that, markets fail to detect earnings management only when
it is backed by REM; Cohen and Zarowin (2010) and Zang (2012) demonstrate that firms
that are under greater scrutiny by auditors engage in REM more than accruals management.
Because most LPs, who invest in PE funds are sophisticated (Acharya, Gottschalg, Hahn,
and Kehoe, 2013; Da Rin and Phalippou, 2017), GPs may prefer ways to use ways that are
more difficult for the sophisticated investors to detect.

C.1 Accrual earnings management

To measure AEM, I use the modified Jones model, by estimating the following modified-
Jones accruals regression for each country, industry (two-digit SIC) and year, using the
entire Amadeus dataset from 2000 to 2017. I require each regression observations to be
larger than ten.

TAcci,t
Ai,t−1

= α0 + α1

( 1

Ai,t−1

)
+ α2

(PPEi,t

Ai,t−1

)
+ α3

(∆Si,t

Ai,t−1

)
+ α4ROAi,t + εi,t (C.1)

where TAcci,t is total accruals of firm i at year t; PPEi,t is property, plant and equipment
of firm i at year t; ROAi,t is ROA of firm i at year t. The measure becomes my variable of
interest, abnormal accruals. Note that, I use the cash method (despite the findings in Hribar
and Collins (2002)) to obtain total accruals because cash flow statement data in Amadeus
is extremely scarce.

C.2 Real earnings management

I use Roychowdhury (2006)’s REM measures (abnormal production costs, abnormal dis-
cretionary expenses) as proxies of REM. To obtain the measures, I estimate the following
equations for each country-industry-year.

2997.1% of the respondents answered operational improvements as an important driver of returns.
3070.3% of the respondents responded that GPs can add value to portfolio firms by increasing revenue or

by improving demand.
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To obtain abnormal discretionary expenses, I regress the following:

Disexpi,t
Ai,t−1

= α0 + α1

( 1

Ai,t−1

)
+ α2

(Si,t−1

Ai,t−1

)
+ ρi,t (C.2)

where
Disexpi,t
Ai,t−1

denotes normal discretionary expenses, which is operating expenses;
Si,t−1

Ai,t−1

indicates lagged sales.31 Both variables are scaled by lagged total assets. ρi,t indicates
the abnormal discretionary expenses after estimating this regression. To obtain abnormal
production costs, I estimate the following:

Prodi,t
Ai,t−1

= α0 + α1

( 1

Ai,t−1

)
+ α2

( Si,t

Ai,t−1

)
+ α3

(∆Si,t

Ai,t−1

)
+ α4

(∆Si,t−1

Ai,t−1

)
+ λi,t (C.3)

where
Prodi,t
Ai,t−1

is normal production costs, which adds cost of good sold and changes in inven-

tory; 1
Ai,t−1

is the inverse of lagged total assets;
Si,t

Ai,t−1
denotes sales;

∆Si,t

Ai,t−1
denotes changes in

sales;
∆Si,t−1

Ai,t−1
is lagged changes in sales. All variables are scaled by lagged total assets. λi,t

denotes the abnormal production costs after estimating this regression.

C.3 Country-industry-year-level regression results

Table C1 presents country-industry-year level regression results. Columns (1), (2), (3), and
(4) present results for regressions obtaining abnormal accruals, discretionary sales, abnor-
mal production costs, and abnormal discretionary expenses, respectively. Columns (1), (2),
(3), and (4) have Mean number of observations per group (country-industry-year) is 1,242,
1,670, 467, and 607, respectively; mean adjusted R-squared is 0.277, 0.189, 0.819, and 0.380,
respectively. The differences in number of observations throughout the estimation model
is due to the heterogeneity of income statement data across different firms. EU firms have
different financial statement disclosure requirements across different size thresholds (e.g.,
Bernard, Burgstahler, and Kaya, 2018; Breuer, 2021).

C.4 Performance-matching

Across all variables, I conduct performance-matching using two steps, following Kothari et al.
(2005). First, for each firm-year i, t, I identify another firm-year j, t within the same country-
industry (SIC two-digit) that has closest ROA with firm-year i, t. Then, I subtract EM of
firm-year j, t from EM of firm i, t. This becomes the final performance-matched measure.

31Roychowdhury (2006) uses lagged sales to estimate abnormal discretionary expenses, because abnormal
discretionary expenses can be unusually low (even if managers do not engage in reducing discretionary
expenses), if managers decide to manage sales upward.
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Table C1: Country-industry-year level regression results

(1) (2) (3)
Accruals Prod Cost Disc. Exp

1/At−1 1,971.8 24,739.854 -180,830.569
(0.01) (0.02) (-0.13)

∆St/At−1 0.058 -0.427
(0.74) (-0.25)

∆St−1/At−1 -0.444
(-0.37)

PPEt/At−1 -0.355*
(-1.86)

NIt/At−1 0.351
(1.60)

Salest/At−1 0.869
(0.69)

Salest−1/At−1 -121.569***
(-1,269.23)

Constant 0.009 0.175 133.630***
(0.15) (1.04) (694.15)

Mean N 1,242 467 603
Mean Adj. R-sq 0.277 0.819 0.380
# of groups 56,524
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Figure 1: PE fund structure and fund life-cycle

This figure presents the structure and the life-cycle of a typical private equity fund. Panel A
presents a typical PE fund structure. “General Partners” (green box) are PE managers (e.g., KKR,
Carlyle), who manage the fund and receive annual management fees (typically 2% of committed
capital) and a performance fee (normally 20% of investment returns); “LPs” provide capital to the
fund, which consists of pension funds (e.g., MIT Endowment fund), insurance companies, and high
net worth individuals. “Fund” (red triangle) denotes the PE fund which the LPs commit capital
to (e.g., Carlyle Partners III L.P.). “Portfolio Companies” (navy box) denote portfolio companies
which the Fund invests in (e.g., Dell, RJR Nabisco and many others). GPs monitor the Portfolio
Companies.

Panel A: PE fund structure

GENERAL PARTNER
ABC GP LLC

FUND
Fund I L.P.

(Limited Partnership)

Management Fees
Carried interest

Portfolio Company 1 Portfolio Company 2 Portfolio Company 3

100%100% 100%

LP 1
e.g. MIT Endowment

LP 2
e.g. CalPERS

Capital Commitment

Fund Mgmt
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Panel B: PE fund life-cycle

Panel B reports a typical PE fund life-cycle. “Fund I” denotes the first fund a GP has raised. “Fund
II” is the second fund the GP has raised. “Year” denotes the relative year since the inception of
the first fund. “Fundraise close” is the final securing of additional funds. “Fundraising” denotes
the fundraising period, whereby GPs meet potential investors of the fund and promotes their new
fund to them. “Investment phase” is defined as the phase where GPs find targets and invests in
portfolio firms. This phase can typically range from 3-5 years since fund close. “Divestment phase”
denotes the period where the GPs are monitoring portfolio companies and exiting them. The box
“Performance Management” (red text) is where NAV inflation is likely to occur, and is the period
defined as FundraiseFlag period in my sample. In this case, since the GPs already own portfolio
firms from Fund I, they have the opportunity to manage earnings and may attempt to do so.
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Figure 2: Valuation numerical example

This figure shows a numerical example of NAV calculation. The red triangle denotes an exemplary
fund named CVC Capital Partners V (“the Fund”); navy boxes represent portfolio firms invested
by the Fund. For each portfolio firm, EBITDA is multiplied by the EV/EBITDA multiple to obtain
each portfolio firm’s valuation. Assuming the Fund’s 100% ownership in these investments, the sum
of the values ($900m + $400m + $2.5bn), $3.8bn, is the NAV of the Fund at a given quarter.

EBITDA: $150m
EV/EBITDA: 6x

Value: $900m

CVC European
Capital Partners V

Cerved Group Virgin Active Ahlsell

EBITDA: $50m
EV/EBITDA: 8x

Value: $400m

EBITDA: $250m
EV/EBITDA: 10x

Value: $2.5bn

NAV = $3.8bn
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Figure 3: Valuation multiples pre-post fundraising

This figure plots mean values of EBITDA (Panel A) and sales (Panel B) multiples before and after
fundraising periods. The X axis shows the quarters relative to fundraise close (quarter 0), and the
Y axis shows the mean values of natural log of NAV divided by sum of EBITDA or sales for each
fund quarter. Blue line (red line) depicts values for low (high) reputation GPs.

Panel A: EBITDA multiple

Panel B: Sales multiple
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Figure 4: Earnings management pre-post fundraising

This figure plots mean values of abnormal accruals (Panel A) and abnormal production costs (Panel
B), and abnormal discretionary expenses (Panel C) before and after fundraising periods. The X
axis shows the quarters relative to fundraise close (quarter 0), and the Y axis shows the mean values
of earnings management variables for each fund quarter. Blue line (red line) reputation values for
low (high) reputation GPs.

Panel A: Abnormal accruals Panel B: Abnormal production cost

Panel C: Abnormal discretionary ex-
penses
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Table 1: Sample countries and characteristics

Panel A shows a list of GP and portfolio firm countries; Panel B shows descriptive statistics of the
funds. See Table A1 for variable definitions.

Panel A: Funds by GP country

Country GP % Portfolio firms %

UK 117 28.5% 637 34.7%
France 18 4.4% 275 15.0%
Netherlands 15 3.7% 12 0.7%
Sweden 13 3.2% 227 12.4%
Finland 8 2.0% 81 4.4%
Italy 5 1.2% 132 7.2%
Germany 3 0.7% 136 7.4%
Spain 3 0.7% 80 4.4%
Denmark 3 0.7% 46 2.5%
US 185 45.1% 0 0%
Other countries 225 54.9% 212 11.5%

Total 410 100.0% 1,838 100.0%

Panel B: Fund characteristics

GP Reputation Stats N Mean SD p25 p50 p75

All funds

Fund Size (US$ m) 410 2,903.772 3,694.071 558.000 1,431.975 3,677.300
Fund # 410 5.420 2.887 3.000 5.000 8.000
Vintage 410 2009.276 5.293 2006 2009 2014

Low reputation

Fund Size (US$ m) 102 897.390 1,071.508 265.150 471.395 1,200.000
Fund # 102 2.559 1.480 2 2 3
Vintage 102 2,007.529 5.464 2005 2007 2012

High reputation

Fund Size (US$ m) 308 3,568.224 4,002.740 828.655 2,060.850 4,837.605
Fund # 308 6.367 2.600 4 6 9
Vintage 308 2009.854 5.114 2006 2011 2014
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Table 2: Fund-level descriptive statistics

Panel A provides summary statistics of the entire fund-level sample; Panel B shows the means and
their differences for funds managed by high and low reputation GPs. Continuous variables are
winsorized at 1% (valuation multiple variables are winsorized at 5%). See Table A1 for variable
definitions. *, **, and *** indicate statistical significance at 10%, 5%, and 1%, respectively.

Panel A: Sample descriptive statistics

Variable N Mean SD p25 p50 p75

FundraiseFlag 8,709 0.112 0.316 0.000 0.000 0.000
NAV/Sales 8,709 9.488 15.011 0.629 2.213 9.240
NAV/EBITDA 8,699 35.576 56.939 2.975 12.441 46.239
ln(NAV/Sales) 8,709 0.879 1.815 (0.464) 0.794 2.224
ln(NAV/EBITDA) 7,800 2.685 1.766 1.626 2.755 4.037
ln(# of Pf Firms) 8,709 1.652 0.759 1.099 1.609 2.197
ln(Fund Age) 8,709 1.742 0.624 1.386 1.792 2.197
ln(GP Age) 8,709 3.036 0.665 2.708 3.178 3.434

Panel B: Mean values by fund’s GP reputation

Low reputation High reputation

Variables N Mean (1) N Mean (2) (1) - (2)

FundraiseFlag 2,317 0.101 6,392 0.116 -0.016**
NAV/Sales 2,317 6.557 6,392 10.550 -3.993***
NAV/EBITDA 2,317 26.182 6,382 38.986 -12.804***
ln(NAV/Sales) 2,317 0.545 6,392 1.001 -0.456***
ln(NAV/EBITDA) 2,018 2.406 5,782 2.783 -0.377***
ln(# of Pf Firms) 2,317 1.465 6,392 1.720 -0.256***
ln(Fund Age) 2,317 1.860 6,392 1.699 0.162***
ln(GP Age) 2,317 2.703 6,392 3.157 -0.454***

48



Table 3: Portfolio firm-level descriptive statistics

Panel A provides summary statistics of the entire portfolio firm-level sample; Panel B shows the
means and their differences for portfolio firms under high and low reputation GPs. All continuous
variables are winsorized at 1%. See Table A1 for variable definitions. *, **, and *** indicate
statistical significance at 10%, 5%, and 1%, respectively.

Panel A: Sample descriptive statistics

Variables N Mean SD p25 p50 p75

Abn. Accruals 18,362 -0.008 0.275 -0.089 0.000 0.063
Abn. Prod Cost 9,683 0.064 1.241 -0.165 0.000 0.321
Abn. Disc Exp 26,328 0.119 0.324 0.000 0.000 0.000
Inverse TA 26,328 0.000 0.000 0.000 0.000 0.000
Leverage 26,328 0.727 0.605 0.488 0.689 0.859
ROA 26,328 0.041 0.232 -0.015 0.040 0.123
Chg Sales 26,328 0.097 0.461 -0.012 0.042 0.194

Panel B: Mean values by fund’s GP reputation

Low reputation High reputation

Variables N Mean (1) N Mean (2) (1) - (2)

Abn. Accruals 3,652 0.001 14,710 -0.010 0.012**
Abn. Prod Cost 1,267 -0.035 4,278 -0.145 0.110***
Abn. Disc Exp 2,263 -0.080 7,420 0.108 -0.188***
FundraiseFlag 4,880 0.110 21,448 0.121 -0.011**
Inverse TA 4,880 0.000 21,448 0.000 -0.000**
Leverage 4,880 0.689 21,448 0.736 -0.047***
ROA 4,880 0.035 21,448 0.042 -0.008**
Chg Sales 4,880 0.070 21,448 0.103 -0.032***
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Table 4: Increases in fund valuation multiples

This table presents estimates of the following regression (Equation 1):

ln
( NAVi,t∑n

j=1 Performancej,t−1

)
= β1FundraiseF lagi,t + γ′Xi,t + αi + αt + εi,t

Panel A (Panel B) presents regression results using low reputation (high reputation) GPs. Columns
(1) and (2) ((3) and (4)) use the entire sample (entropy-balanced sample).See Table A1 for a
complete list of variable definitions. Continuous variables are winsorized at the 1% level (valuation
multiple variables are winsorized at 5%). *,**, and *** indicate statistical significance at the 10%,
5%, and 1% level, respectively.

Panel A: Low reputation GPs

Main sample Entropy-balanced sample

(1) (2) (3) (4)
Dependent var: ln(NAV/EBITDA) ln(NAV/Sales) ln(NAV/EBITDA) ln(NAV/Sales)

FundraiseFlag 0.182* 0.227** 0.157** 0.170*
(1.78) (1.98) (2.06) (1.87)

Controls Y Y Y Y
Fund FE Y Y Y Y
Year-Quarter FE Y Y Y Y
N 2,018 2,317 1,371 1,590
R-sq 0.792 0.761 0.891 0.876
Clustering Fund Fund Fund Fund

SUR Tests
χ2 vs. Panel B 6.36** 5.69** 18.19*** 23.57***
Prob > χ2 0.012 0.017 0.000 0.000

Panel B: High reputation GPs

Main sample Entropy-balanced sample

(1) (2) (3) (4)
Dependent var: ln(NAV/EBITDA) ln(NAV/Sales) ln(NAV/EBITDA) ln(NAV/Sales)

FundraiseFlag -0.119* -0.070 -0.127* -0.115*
(-1.83) (-1.30) (-1.89) (-1.95)

Controls Y Y Y Y
Fund FE Y Y Y Y
Year-Quarter FE Y Y Y Y
N 5,782 6,392 4,804 5,295
R-sq 0.766 0.813 0.825 0.868
Clustering Fund Fund Fund Fund
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Table 5: Portfolio firm-level earnings management

This table presents estimates of the following regression (Equation 2):

EMi,j,t−1 = β1FundraiseF lagi,t + γ′Xi,j,t−1 + αi + αt + αj + αc,ind,t−1 + εi,j,t−1

where coefficient β1 is the coefficient of interest. Panel A (Panel B) presents regression results
using low reputation (high reputation) GPs. Columns (1), (2), and (3) ((4), (5), and (6)) use the
entire sample (entropy-balanced sample). See Table A1 for a complete list of variable definitions.
Continuous variables are winsorized at the 1% level. *,**, and *** indicate statistical significance
at the 10%, 5%, and 1% level, respectively.

Panel A: Low reputation GPs

Main sample Entropy-balanced sample

(1) (2) (3) (4) (5) (6)
Dependent var: Abn. Accruals Prod Cost Disc Exp Accruals Prod Cost Disc Exp

FundraiseFlag 0.038* 0.143* -0.071 0.019 0.142** -0.239*
(1.95) (1.81) (-0.47) (1.57) (2.45) (-1.67)

Controls Y Y Y Y Y Y
Fund FE Y Y Y Y Y Y
Year-Quarter FE Y Y Y Y Y Y
Pf Firm FE Y Y Y Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y Y Y Y
N 3,653 1,267 2,263 2,414 888 1,687
R-sq 0.804 0.843 0.661 0.952 0.950 0.786
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY

SUR Tests
χ2 vs. Panel B 3.50* 2.68 0.00 5.49** 21.00*** 7.15***
Prob > χ2 0.061 0.101 0.947 0.019 0.000 0.008

Panel B: High reputation GPs

Main sample Entropy-balanced sample

(1) (2) (3) (4) (5) (6)
Dependent var: Abn. Accruals Prod Cost Disc Exp Accruals Prod Cost Disc Exp

FundraiseFlag -0.002 -0.021 -0.062 -0.002 -0.047 -0.057
(-0.13) (-0.31) (-1.11) (-0.19) (-1.05) (-0.87)

Controls Y Y Y Y Y Y
Fund FE Y Y Y Y Y Y
Year-Quarter FE Y Y Y Y Y Y
Pf Firm FE Y Y Y Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y Y Y Y
N 14,787 4,293 7,451 12,503 3,707 6,544
R-sq 0.594 0.564 0.498 0.746 0.802 0.624
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY
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Table 6: Falsification test using VC and multiple investors

This table shows the results estimating Equation 2 using a sample of venture capital transactions
and buyout transactions with multiple (more than two) investors. See Table A1 for a complete list
of variable definitions. Continuous variables are winsorized at the 1% level. *,**, and *** indicate
statistical significance at the 10%, 5%, and 1% level, respectively.

(1) (2) (3)
Dependent var: Abn. Accruals Prod Cost Disc Exp

FundraiseFlag -0.078 -0.079 -0.134
(-1.48) (-0.96) (-0.60)

Controls Y Y Y
Fund FE Y Y Y
Year-Quarter FE Y Y Y
Pf Firm FE Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y
N 2,915 930 1,764
R-sq 0.772 0.843 0.741
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY
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Table 7: Effects of PE ownership

This table presents estimates of the following regression (Equation 3):

EMi,j,t−1 = β1PEOwni,j,t−1 + γ′Xi,j,t−1 + αi + αt + αj + αc,ind,t−1 + αi,j,t−1

where coefficient β1 is the coefficient of interest. The table shows results for low reputation (columns
(1)-(3)) and high reputation (columns (4)-(6)) GP portfolio firms. See Table A1 for a complete list
of variable definitions. Continuous variables are winsorized at the 1% level. *,**, and *** indicate
statistical significance at the 10%, 5%, and 1% level, respectively.

Low reputation High reputation

(1) (2) (3) (4) (5) (6)
Dependent var: Abn. Accruals Prod Cost Disc Exp Accruals Prod Cost Disc Exp

PEOwn -0.005 0.107 -0.011 -0.016* -0.084* 0.050
(-0.23) (1.07) (-0.19) (-1.81) (-1.87) (0.84)

Controls Y Y Y Y Y Y
Fund FE Y Y Y Y Y Y
Year-Quarter FE Y Y Y Y Y Y
Pf Firm FE Y Y Y Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y Y Y Y
N 6,167 2,148 3,691 31,986 9,197 16,550
R-sq 0.484 0.517 0.374 0.378 0.425 0.455
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY
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Table 8: Removing firm-years close to exit

This table presents estimates of Equation 2, after removing portfolio firm-years less than two
calendar years apart from the exit year. The table shows results only for low reputation GP
portfolio firms. See Table A1 for a complete list of variable definitions. Continuous variables are
winsorized at the 1% level. *,**, and *** indicate statistical significance at the 10%, 5%, and 1%
level, respectively.

(1) (2) (3)
Dependent var: Abn. Accruals Prod Cost Disc Exp

FundraiseFlag 0.029 0.155** -0.079
(1.44) (2.16) (-0.51)

Controls Y Y Y
Fund FE Y Y Y
Year-Quarter FE Y Y Y
Pf Firm FE Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y
N 3,570 1,230 2,198
R-sq 0.805 0.856 0.670
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY
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Table 9: NAV management strategy and fundraising outcomes

This table tests the fundraising outcomes according to each NAV management strategy (i.e., val-
uation multiples and earnings management). Specifically, for each sample, I keep only fundraising
quarters and take the mean of valuation multiples (Panel A) and earnings management (Panel B),
and conduct the following regression (Equation 4):

Finalfundi = β1MeanMultiplei(MeanEMi) × FundraiseF lagi + β2MeanMultiplei

+ β3FundraiseF lagi + γ′Xi + αc + αv + αy + αi

See Table A1 for complete list of variable definitions. Continuous variables are winsorized at the
1% level (valuation multiple variables are winsorized at 5%). *, **, and *** indicate statistical
significance at the 10%, 5%, and 1% level, respectively.

Panel A: Fund-level sample

Low reputation High reputation

(1) (2) (3) (4)
Dependent var: Finalfund Finalfund Finalfund Finalfund

ln(NAV/EBITDA) × FundraiseFlag 0.052* 0.010
(1.84) (0.94)

ln(NAV/EBITDA) -0.056*** -0.028*
(-2.67) (-1.76)

ln(NAV/Sales) × FundraiseFlag 0.043** 0.014
(1.96) (1.56)

ln(NAV/Sales) -0.047** -0.034**
(-2.49) (-2.01)

FundraiseFlag -0.217*** -0.099* -0.089** -0.063**
(-2.80) (-1.72) (-2.06) (-2.08)

Controls Y Y Y Y
Vintage FE Y Y Y Y
GP Country FE Y Y Y Y
Year FE Y Y Y Y
N 153 162 469 493
R-sq 0.775 0.760 0.394 0.397
Clustering Fund Fund Fund Fund
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Panel B: Portfolio firm-level

Low reputation High reputation

(1) (2) (3) (4) (5) (6)
Dependent var: Finalfund Finalfund Finalfund Finalfund Finalfund Finalfund

Abn. Accruals × FundraiseFlag -0.588* 0.006
(-1.84) (0.05)

Abn. Accruals 0.242 0.099
(1.38) (0.91)

Abn. Prod Cost × FundraiseFlag 0.124 0.033
(0.21) (0.70)

Abn. Prod Cost -0.114 0.001
(-0.50) (0.03)

Abn. Disc Exp × FundraiseFlag 0.016 -0.015
(0.61) (-0.63)

Abn. Disc Exp -0.026 -0.011
(-0.71) (-0.46)

FundraiseFlag -0.087 -0.144 -0.078 -0.074* -0.107 -0.067
(-1.34) (-0.58) (-0.90) (-1.75) (-1.64) (-1.46)

Controls Y Y Y Y Y Y
Vintage FE Y Y Y Y Y Y
GP Country FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y
N 134 64 84 422 266 323
R-sq 0.722 0.960 0.961 0.412 0.444 0.351
Clutering GP GP GP GP GP GP
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Figure IA1: Number of funds by vintage

This figure plots the number of funds by vintage. My sample consists of buyout funds from vintages
1996 to 2018. See Table A1 for a list of variable definitions related to private equity.
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Table IA1: Alternative definitions of fund reputation

This table uses an alternative definition of fund reputation and re-estimates Equation 1 (Panel A)
and Equation 2 (Panel B), where coefficient β1 is the coefficient of interest. In Panel A, columns
(1)-(2) ((3)-(4)) report results for funds owned by low (high) reputation GPs; in Panel B, columns
(1)-(3) ((4)-(6)) report results for portfolio firms owned by low (high) reputation GPs. See Table
A1 for a complete list of variable definitions. Continuous variables are winsorized at the 1% level
(valuation multiple variables are winsorized at 5%). *,**, and *** indicate statistical significance
at the 10%, 5%, and 1% level, respectively.

Panel A: Fund-level tests

GP Type Alt. low reputation Alt. high reputation

(1) (2) (3) (4)
Dependent var: ln(NAV/EBITDA) ln(NAV/Sales) ln(NAV/EBITDA) ln(NAV/Sales)

FundraiseFlag 0.107 0.141 -0.123* -0.057
(1.09) (1.52) (-1.76) (-0.97)

Fund FE Y Y Y Y
Year x Quarter FE Y Y Y Y
N 2,411 2,789 5,389 5,920
R-sq 0.788 0.779 0.764 0.808
Clustering Fund Fund Fund Fund

Panel B: Portfolio firm-level tests

GP Type Alternative low reputation Alternative high reputation

(1) (2) (3) (4) (5) (6)
Dependent var: Abn. Accruals Prod Cost Disc Exp Accruals Prod Cost Disc Exp

FundraiseFlag 0.011 0.262* -0.242 0.002 -0.053 -0.040
(0.39) (1.91) (-1.44) (0.13) (-0.76) (-0.50)

Controls Y Y Y Y Y Y
Fund FE Y Y Y Y Y Y
Year-Quarter FE Y Y Y Y Y Y
Pf Firm FE Y Y Y Y Y Y
Pf Firm Country-Year FE Y Y Y Y Y Y
N 5,076 1,633 2,806 13,364 3,927 6,908
R-sq 0.730 0.746 0.566 0.599 0.575 0.522
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY
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Table IA2: Using cash-flow based fundraise flag

This table uses subsequent fund’s first cash flow date as fundraise close date and re-estimates
Equation 1 (Panel A) and Equation 2 (Panel B). In Panel A, columns (1)-(2) ((3)-(4)) report
results for funds owned by low (high) reputation GPs; in Panel B, columns (1)-(3) ((4)-(6)) report
results for portfolio firms owned by low (high) reputation GPs. See Table A1 for a complete list
of variable definitions. Continuous variables are winsorized at the 1% level (valuation multiple
variables are winsorized at 5%). *,**, and *** indicate statistical significance at the 10%, 5%, and
1% level, respectively.

Panel A: Fund-level tests

Low reputation High reputation

(1) (2) (3) (4)
Dependent var: ln(NAV/EBITDA) ln(NAV/Sales) ln(NAV/EBITDA) ln(NAV/Sales)

FundraiseFlag CF 0.214* 0.335* -0.083 -0.007
(1.74) (1.86) (-0.97) (-0.10)

Fund FE Y Y Y Y
Year-Quarter FE Y Y Y Y
N 2,018 2,317 5,782 6,392
R-sq 0.792 0.761 0.765 0.812
Cluster Fund Fund Fund Fund
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Panel B: Portfolio firm-level tests

Low reputation High reputation

(1) (2) (3) (4) (5) (6)
Dependent var: Abn. Accruals Prod Costs Disc Exp Accruals Prod Costs Disc Exp

FundraiseFlag CF 0.039 0.136 -0.200 -0.008 0.020 -0.010
(1.47) (1.53) (-0.80) (-0.47) (0.21) (-0.13)

Fund FE Y Y Y Y Y Y
Year-Quarter FE Y Y Y Y Y Y
Pf Firm FE Y Y Y Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y Y Y Y
N 3,652 1,267 2,263 14,710 4,278 7,420
R-sq 0.803 0.843 0.643 0.596 0.566 0.520
Clustering Fund, Pf Firm CIY Fund, Pf Firm CIY Fund, Pf Firm CIY Fund, Pf Firm CIY Fund, Pf Firm CIY Fund, Pf Firm CIY
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Table IA3: Winsorization at 1% level

This table uses the dependent variable in Equation 1 winsorizing at the 1% level instead of 5%.
Columns (1)-(2) ((3)-(4)) use low reputation (high reputation) GP samples. See Table A1 for a
complete list of variable definitions. Continuous variables are winsorized at the 1% level (valuation
multiple variables are winsorized at 5%). *,**, and *** indicate statistical significance at the 10%,
5%, and 1% level, respectively.

Low reputation High reputation

(1) (2) (3) (4)
Dependent var: ln(NAV/EBITDA) ln(NAV/Sales) ln(NAV/EBITDA) ln(NAV/Sales)

FundraiseFlag 0.200 0.350 -0.076 -0.099
(1.50) (1.57) (-0.75) (-1.41)

Fund FE Y Y Y Y
Year-Quarter FE Y Y Y Y
N 2,018 2,317 5,782 6,392
R-sq 0.756 0.675 0.762 0.784
Cluster Fund Fund Fund Fund
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Table IA4: Non performance-matched earnings management measures as depen-
dent variable

This table reports regression results using non performance-matched earnings management proxies
as dependent variables and re-estimate Equation 2. The table reports results for portfolio firms
owned by low reputation GPs. See Table A1 for a complete list of variable definitions. Continuous
variables are winsorized at the 1% level. *,**, and *** indicate statistical significance at the 10%,
5%, and 1% level, respectively.

(1) (2) (3)
Dependent variable: Abn. Accruals Prod Cost Disc Exp

FundraiseFlag 0.026* 0.013 -0.073**
(1.73) (0.46) (-2.09)

Controls Y Y Y
Fund FE Y Y Y
Year-Quarter FE Y Y Y
Pf Firm FE Y Y Y
Pf Firm Country-Year FE Y Y Y
N 5,176 2,303 3,119
R-sq 0.637 0.978 0.903
Clustering Fund, Pf firm Fund, Pf firm Fund, Pf firm

6



Table IA5: Random fundraise dates

This table re-estimates Equation 1 (Panel A) and Equation 2 (Panel B) 100 times using randomly
generated fundraise flag dates (variable FundraiseF lag Rand). The reported coefficients and
standard errors are the mean of the 100 iterations, using the low reputation GP sample. Panel A
(Panel B) shows the results for fund-level (portfolio firm-level) sample. The row “<10% sig with
pr. Sign” shows the number of iterations (out of 100 for each column) that produced statistically
significant (<10%) results with the same predicted sign. See Table A1 for a complete list of variable
definitions. Continuous variables are winsorized at the 1% level (valuation multiple variables are
winsorized at 5%). *,**, and *** indicate statistical significance at the 10%, 5%, and 1% level,
respectively.

Panel A: Fund level

(1) (2)
Dependent var: ln(NAV/EBITDA) ln(NAV/Sales)

FundraiseFlag Rand 0.005 -0.004
(0.08) (-0.07)

<10% sig with pr. Sign 6/100 3/100
Controls Y Y
Fund FE Y Y
Year x Quarter FE Y Y
N 2,018 2,317
R-sq 0.791 0.759
Clustering Fund Fund

Panel B: Portfolio-firm level

(1) (2) (3)
Dependent var: Abn. Accruals Prod Cost Disc Exp

FundraiseFlag Rand -0.002 0.003 -0.013
(-0.24) (0.06) (-0.14)

<10% sig with pr. Sign 6/100 9/100 6/100
Controls Y Y Y
Fund FE Y Y Y
Year-Quarter FE Y Y Y
Pf Firm FE Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y
N 3,653 1,267 2,263
R-sq 0.802 0.842 0.661
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY
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Table IA6: Entropy balancing - fund-level

This table presents results for entropy balancing procedure at the fund-level (Regression results from
Table 4). Panel A (Panel B) reports entropy balancing results for low reputation (high reputation)
GP sample. Each reputation sample is matched to have similar first and second moments between
treated (Fundraiseflag=1) and control (FundraiseFlag=0) groups.

Panel A: Low reputation GPs

Before entropy balancing Treat Control

Variables Mean Variance Mean Variance

ln(Fund Age) 1.627 0.127 1.975 0.307
NAV 0.742 0.052 0.494 0.098
ln(Fund size) 6.415 1.040 6.587 0.976
Cum. Distribution 0.303 0.087 0.883 0.495
Fundraise year 2011 12.320 2010 21.560

After entropy balancing Treat Control

Mean Variance Mean Variance

ln(Fund Age) 1.627 0.127 1.627 0.127
NAV 0.742 0.052 0.741 0.052
ln(Fund size) 6.415 1.040 6.414 1.040
Cum. Distribution 0.303 0.087 0.304 0.088
Fundraise year 2011 12.320 2011 12.330

Panel B: High reputation GPs

Before entropy balancing Treat Control

Mean Variance Mean Variance

ln(Fund Age) 1.349 0.238 1.802 0.379
NAV 0.633 0.075 0.537 0.108
ln(Fund size) 7.822 1.337 7.892 1.417
Cum. Distribution 0.196 0.071 0.723 0.519
Fundraise year 2012 27.670 2010 31.860

After entropy balancing Treat Control

Mean Variance Mean Variance

ln(Fund Age) 1.349 0.238 1.349 0.238
NAV 0.633 0.075 0.633 0.075
ln(Fund size) 7.822 1.337 7.822 1.337
Cum. Distribution 0.196 0.071 0.196 0.071
Fundraise year 2012 27.670 2012 27.670
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Table IA7: Entropy balancing - portfolio firm-level)

This table presents results for entropy balancing procedure at the portfolio firm-level (Regression
results from Table 5). Panel A (Panel B) reports entropy balancing results for low reputation
(high reputation) GP sample. Each reputation sample is matched to have similar first and second
moments between treated (Fundraiseflag=1) and control (FundraiseFlag=0) groups.

Panel A: Low reputation GPs

Before entropy balancing Treat Control

Variables Mean Variance Mean Variance

ln(Fund Age) 1.643 0.122 2.044 0.285
NAV 0.729 0.046 0.491 0.121
ln(Fund size) 6.2 1.053 6.537 1.105
Cum. Distribution 2.235 0.470 2.061 0.427
Fundraise year 2012 14.720 2010 27.380

After entropy balancing Treat Control

Variables Mean Variance Mean Variance

ln(Fund Age) 1.643 0.122 1.643 0.122
NAV 0.729 0.046 0.7291 0.046
ln(Fund size) 6.2 1.053 6.2 1.053
Cum. Distribution 2.235 0.470 2.235 0.470
Fundraise year 2012 14.720 2012 14.730

Panel B: High reputation GPs

Before entropy balancing Treat Control

Variables Mean Variance Mean Variance

ln(Fund Age) 1.426 0.200 1.81 0.297
NAV 0.691 0.064 0.595 0.104
ln(Fund size) 7.778 1.468 8.016 1.339
Cum. Distribution 2.621 0.838 2.504 0.778
Fundraise year 2012 22.400 2010 25.320

After entropy balancing Treat Control

Variables Mean Variance Mean Variance

ln(Fund Age) 1.426 0.200 1.426 0.200
NAV 0.6908 0.064 0.691 0.064
ln(Fund size) 7.778 1.468 7.778 1.468
Cum. Distribution 2.621 0.838 2.621 0.838
Fundraise year 2012 22.400 2012 22.400
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Table IA8: Additional tests using entropy-balanced sample

This table reports regression results in Tables 6 (Panel A), and 8 (Panel B), but instead uses
entropy-balanced samples. The table reports results for portfolio firms owned by low reputation
GPs. See Table A1 for a complete list of variable definitions. Continuous variables are winsorized at
the 1% level (valuation multiple variables are winsorized at 5%). *,**, and *** indicate statistical
significance at the 10%, 5%, and 1% level, respectively.

Panel A: Table 6

(1) (2) (3)
Dep var: Abn. Accruals Prod Cost Disc Exp

FundraiseFlag 0.000 0.019 0.156
(0.03) (0.54) (1.05)

Controls Y Y Y
Fund FE Y Y Y
Year-Quarter FE Y Y Y
Pf Firm FE Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y
N 1,405 567 1,014
R-sq 0.959 0.978 0.977
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY

Panel B: Table 8

(1) (2) (3)
Dep var: Abn. Accruals Prod Cost Disc Exp

FundraiseFlag 0.014 0.129** -0.269*
(1.19) (2.45) (-1.95)

Controls Y Y Y
Fund FE Y Y Y
Year-Quarter FE Y Y Y
Pf Firm FE Y Y Y
Pf Firm Country-Ind-Year FE Y Y Y
N 2,370 862 1,637
R-sq 0.955 0.954 0.788
Clustering Fund, Pf CIY Fund, Pf CIY Fund, Pf CIY
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