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Portfolio optimization using private equity is typically based on one of three indices: listed private equity,
transaction-based private equity, or appraisal value-based private equity indices. However, we show that
none of these indices is fully suitable for portfolio optimization. We introduce here a new benchmark
index for venture capital and buyouts, which is updated monthly, adjusted for autocorrelation (de-
smoothing), and available contemporaneously. We illustrate how our benchmark enables superior quan-
titative portfolio optimization.
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1. Introduction

Private equity (PE) has played an increasingly important role in
the portfolios of institutional investors such as endowments, pen-
sion funds, insurance companies, and high net worth individuals
(see, e.g., Keuschnigg and Nielsen, 2003; Kanniainen and Keusch-
nigg, 2004; Nahata, 2008; Groh et al., 2010a; Groh et al., 2010b;
and Groh and Liechtenstein, 2011a, 2011b, 2011c). In fact, accord-
ing to the Boston Consulting Group (2009), as of year-end 2009,
approximately US $1 trillion was invested in PE. However, institu-
tional investments in PE are both long-term and illiquid, and it is
thus somewhat difficult to establish optimal portfolio weights, par-
ticularly relative to more liquid asset classes.

The importance of benchmarking PE investments in theory and
in practice cannot be overstated. Recent work by Groh et al. (2012)
focuses on benchmarking PE at a country level. This issue is fol-
lowed closely by institutional investors worldwide,3 who require
representative benchmarks or PE indices in order to determine the
optimal proportion of PE to be allocated to their portfolios
(see, e.g., Woodward and Hall, 2003; Woodward, 2004; Tierney
and Bailey, 1997; and Nesbitt and Reynolds, 1997). Moreover, suit-
able benchmarks are also needed to calculate risk exposures, such
as value-at-risk (VaR) or conditional VaR, and risk capital require-
ments, such as those mandated under Basel III. Without appropriate
benchmarks, institutional investors are at risk of misallocating their
capital to the PE asset class as a whole, as well as among various PE
funds.

Benchmarking, therefore, is fundamental to the entire PE mar-
ket and all firms and stakeholders connected with it. It can be con-
sidered one of the most important aspects of PE research.

This paper addresses several interrelated issues. First, are insti-
tutional investors using the most appropriate PE benchmarks in
portfolio optimization? Second, if not, what are the most appropri-
ate benchmarks? And third, how large are the differences in port-
folio construction for the appropriate versus inappropriate PE
benchmarks?

Institutional investors generally use one of three concepts when
constructing PE indices: (1) listed PE indices, (2) transaction-based
PE indices, and (3) appraisal value-based PE indices. Each index has
advantages and disadvantages for capturing PE risk/return profiles.
In this paper, we show, however, that none of the indices fully cap-
tures appropriately input quantities for portfolio optimization or
for risk models.

For example, listed PE indices contain up-to-date data, but are
insufficient for portfolio optimization because they overestimate
the volatility of the underlying investments, and hence underesti-
mate the optimal percentage of PE to be allocated to a given
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portfolio. Transaction-based indices, on the other hand, use real-
ized cash flows of prior PE transactions, but the time lag of their
data availability is suboptimal, and they may thus misallocate
portfolio weights, particularly during financial crises. Meanwhile,
appraisal value-based PE indices use quarterly evaluations of the
book value of PE portfolio companies, along with changes in actual
cash flow. But they likewise feature a time lag in data availability,
and may also have appraisal-smoothing problems. A mismatch in
data timing and smoothed returns can create spurious portfolio
optimization results.

Thus, none of the three index concepts currently in popular use
is fully capable of capturing the risk/return profile of PE, and none
provides the necessary input quantities for portfolio optimization
or risk models. We elaborate on this point further in the first part
of this paper. We also improve upon these methods by introducing
a new representative benchmark for PE that specifically considers
segments of the PE asset class for venture capital and buyouts as a
means to more appropriately capture the risk/return profile.

Our new benchmark index works as follows. We first calculate
appraisal value-based PE benchmarks using those indices. We re-
scale quarterly returns to monthly returns by using Getmansky
et al.’s (2004) method, which corrects for positive autocorrelation
in returns (see also Koijen et al., 2009). Second, we use capital mar-
ket information in a forecast model that includes listed PE and
macroeconomic variables in order to close the quarterly time gap
and obtain up-to-date performance. In our final step, we calculate
a superior benchmark that features monthly frequency and con-
temporary performance reporting.

We demonstrate that our new benchmark is suitable for use in
portfolio optimization and risk models. Because portfolio optimiza-
tion varies in an economically significant way in relation to index
choice, we find that our new index provides a quantitative
improvement. Furthermore, by using a Monte Carlo simulation
and historical US returns from the January 1999-December 2008
period, we show that the portfolio exhibits statistically signifi-
cantly higher levels of risk when listed PE is used as a proxy than
when our modified appraisal value-based benchmark is used. We
also find lower stated Sharpe ratios when using listed PE than
when we use our modified appraisal value-based benchmark. This
choice could cause disproportionately low levels of new capital in-
flows compared to peers that use the appropriate PE benchmarks
for performance assessment. Overall, our results confirm that our
new index improves risk management for PE limited partners, thus
facilitating the flow of funds into the PE industry.

The remainder of this paper is structured as follows. Section 2
describes the different index concepts. Section 3 introduces our
methodology for constructing the appraisal value-based PE bench-
marks, and presents the results of the forecast model. Section 4
demonstrates the impact of index selection on the resulting
asset allocation. Section 5 concludes, and provides a summary of
our most important findings.

 

 

2. Alternative private equity performance indices

This section describes the various indices used for portfolio
optimization in more detail, as well as the data sources used for
constructing these indices.
4 Because all private equity funds are listed on stock exchanges, they are subject to
certain disclosure requirements. For example, in the US, managers of listed private
equity funds must disclose any material event that would be important to
shareholders or the United States Securities and Exchange Commission in an 8-K
filing, which is available to investors in the EDGAR database.
2.1. Listed private equity indices

Listed PE indices track listed indirect private investment com-
panies (‘‘funds of funds’’), listed direct private capital investment
companies, and listed PE fund managers (Bergmann et al., 2009).
Data on listed PE are available from stock exchanges and from
the Listed Private Equity Association (see Appendix A for more
details).

Listed PE indices have the liquidity advantage of reflecting cur-
rent values because they feature daily trading. However, this
advantage can also be a point of criticism for index construction.
With daily trading comes daily price changes. Because the expecta-
tions of market participants affect pricing, especially during times
of crisis, listed PE indices can be more volatile than actual PE val-
uations. Moreover, listed PE vehicles are not necessarily represen-
tative of the entire PE universe, because the decision to list is not
random, and the type of investors attracted to listed PE differs from
those attracted to, e.g., limited partnership PE vehicles (Cumming
et al., 2011).

In contrast, actual PE valuations are typically carried out on an
annual basis, although a small percentage of funds conducts semi-
annual valuations (Cumming and Walz, 2010). Actual PE valuations
are based not only on realized investments that have been exited
(e.g., by IPO, acquisition, secondary sale, buyback, or liquidation),
but also on unrealized valuations on unexited investments. It typ-
ically takes 3–5 years from the date of first investment to exit an
investment (see Nahata (2008) for venture capital, Hege et al.
(2009), Giot and Schwienbacher (2007), Metrick and Yasuda
(2010b), and Schwienbacher (2008) for venture capital and buy-
outs, and Cao (2011) and Cao and Lerner (2009) for buyouts).

Moreover, private entrepreneurial firms are valued on the basis
of long-run performance expectations, and thus their valuations do
not fluctuate with daily market swings (Metrick and Yasuda,
2010a). Therefore, PE fund managers do not carry out daily valua-
tions. However, non-daily pricing in actual PE investments is not
the same thing as stale pricing. Rather, actual PE valuations change
only when substantial new information exists that would influence
long-run expectations. In the case of entrepreneurial firms, this
substantial change is typically attributable to something that
would not be related to a daily swing in public stock markets but
is a material event that is important to shareholders, such as the
hiring of a key employee or the attainment of a patent or a strategic
alliance (see Anand and Khanna, 2000).4 The correct frequency for
PE pricing therefore reflects actual practice: Typically once or twice
per year, as well as during the period of the announcement of mate-
rial information, fund managers report to their institutional inves-
tors any information that could result in a change in expected
valuationTherefore, listed PE indices are insufficient for portfolio
optimization because the volatility from the underlying stock mar-
ket fluctuations is greater than the more episodic realization of cash
flows from illiquid alternative investments. Listed PE indices would
tend to underestimate the optimal portfolio share for PE due to the
overestimation of risk.
2.2. Transaction-based private equity indices

Cumulative cash flows of portfolio companies from non-listed
PE funds or limited partnerships (as described in Metrick and Yas-
uda, 2010a) are used to determine transaction-based index perfor-
mance. Transaction-based PE indices are available commercially
from organizations such as Cepres (Appendix A). And, because they
are based on realized cash flows, they avoid the problem of risk
overestimation.

The calculation of monthly Ceprex indices is straightforward. As
soon as a portfolio company in any fund is sold (exited), or a distri-
bution is made, the resulting performance is distributed over the
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holding period of the investment.5 The Ceprex method thus enables
the development of the portfolio company to be mapped over time.
Because portfolio company performance is primarily fixed as of the
day of sale, and is distributed over the entire holding period, ex post
changes will arise from the active portfolio companies in the data
record.

However, one concern with transaction-based indices is the po-
tential difficulty of tracking ‘‘living’’ dead investments, or invest-
ments that should or will be written off, but are still being held
by fund managers who do not wish to report them as failures
yet. Empirical research on the Ceprex index has considered this is-
sue, assessing the index’s sensitivity to non-random decisions to
exit investments (Cumming and Walz, 2010).

One of the advantages of the Ceprex index is that it is able to
consider sensitivity to this issue.6 Other indices, such as the Cam-
bridge Associates (CA) Index, have an unknown sensitivity to assess-
ing non-random exit decisions. Moreover, the CA index is based on
US-only samples, while the Ceprex Index uses an international sam-
ple of PE transactions, and is much more internationally known than
any other transaction-based PE index.

The Ceprex index also does not account for valuation-depen-
dent changes in the net asset value of the portfolio companies.
Hence, distortions resulting from valuations or managed pricing
do not occur. In other words, smoothed returns are not a problem
with this index. However, one limitation is the considerable time
lag of two to three quarters in the calculations. This time lag pre-
vents up-to-date portfolio optimizations, as well as contemporane-
ous determinations of risk exposure, which is particularly
problematic during times of crisis when risk capital budgets are
tight.

 

 

2.3. Appraisal value-based private equity indices

Appraisal value-based PE indices are calculated quarterly, based
on evaluation changes in the net asset value (book value) of port-
folio companies, along with cumulative cash flows. Appraisal va-
lue-based (AVB) indices reflect changes in appraisals and in
selling prices. Thomson Reuters’ VentureXpert database is the
leading data provider for this type of index (see Appendix A), fol-
lowed by Cambridge Associates, State Street, and more recently
LPX, with their NAV index family.

The calculation method of AVB PE indices, compared with trans-
action-based indices, features relatively up-to-date (one-quarter
delay) performance determination, achieved by the quarterly
rather than monthly granularity of the observation moments.
However, despite these many advantages, the problem of
smoothed returns may occur as a result of deformation, possibly
through appraisal smoothing (the estimated value method for
determining the NAVs of portfolio companies), quarterly data
availability, and/or stale pricing (e.g., price distortions due to illiq-
uid and less than daily evaluated positions). Statistically, this may
lead to positive autocorrelation.

Such relationships are common for illiquid investments such as
PE, individual hedge fund strategies, and real estate. They typically
arise due to (1) irregular price determination, (2) overly long time
5 Data vendors such as the frequently used Thomson Reuters’ VentureXpert
database provide information that, e.g., an exit took place, but can only note that the
value is ‘‘undisclosed’’, or that it is ‘‘estimated’’ (a rough indicator). In the case of
Cepres, the information provided is much richer, because Cepres is a spin-off from a
fund of private equity funds. As a result, Cepres has access to due diligence reports,
including audited filings of investment firms and precisely dated information about
the cash flows for each financing tranche (see Krohmer et al., 2009). Such information
is needed to calculate a transaction-based index.

6 This sensitivity check requires access to the underlying data, such as that used by,
e.g., Cumming and Walz (2010), which are available from the premium content at
Cepres.
periods between price determination, and (3) the use of book value
instead of market prices (Geltner, 1991; Gompers and Lerner,
1997). The resulting autocorrelation can cause a significant under-
estimation of risk, e.g., volatility.

In summary, as we noted earlier, none of the three commonly
used index concepts can fully capture the risk/return profile of
PE funds, and they are all likely to provide inappropriate portfolio
optimization weights. In the next section, we describe our new
method for calculating a benchmark index for portfolio optimiza-
tion with PE.

3. Data

We use the Thomson Reuters VentureXpert database for the
construction of our AVB PE benchmark. In Section 4, we will calcu-
late AVB indices (US venture capital and US buyouts); we will then
use these indices to compute the AVB benchmarks for venture cap-
ital and buyouts. To bridge the one-quarter gap, we use the follow-
ing explanatory variables in the regression: the LPX Venture
Capital Index and LPX Buyout Index to proxy for listed PE; US
industrial production as an indicator of economic activity; gross
domestic product as a gauge of a country’s economy health; US
Treasury 1- and 10-Year Yields to proxy for the yield curve; the
US consumer price index to identify periods of inflation or defla-
tion; the Nasdaq Composite Price Index and the NYSE Composite
Price Index to proxy for the condition of the exit channel for tech-
nology and (more) mature companies; and liquidity, measured by
the average bid-ask spread for all Nasdaq and NYSE companies (see
also Table 5 for the regression results, as well as Appendix A).

In Section 5, where we contrast the portfolio weights resulting
from the optimizations with the AVB benchmark, index, or listed
PE, we use the following indices as the investors’ choice sets: stock
markets (NIKKEI 500, S&P 500, DJ STOXX 600), bond markets (JPM
Japan Government Bond Index, JPM United States Government
Bond Index, JPM Europe Government Bond Index, JPM UK Govern-
ment Bond Index), alternative investments (FTSE EPRA/NAREIT for
real estate, S&P GSCI Commodity Total Return for commodities,
and HFRI Funds of Funds for hedge funds), and money market (Lon-
don Interbank Offered Rate, see Table 7 for descriptive statistics).
All time series in this study are on a monthly basis, except for
the AVB indices, which are quarterly before transformation, and
US gross domestic product, which is also quarterly.7 The inception
date is January 1995, because all indices report data from this date
onward, and the end date is December 2008. Although the previ-
ously described indices are the most common for their asset classes,
other indices exist for different asset classes.

4. Construction of adequate appraisal value-based private
equity benchmarks

In light of the advantages of the AVB PE indices noted in Sec-
tion 2, we believe they are the most suitable starting point from
which to begin our determination of PE benchmarks. We can calcu-
late the AVB PE subindices very straightforwardly by using the
Thomson Reuters VentureXpert database for US buyouts and ven-
ture capital (henceforth referred to as VC). We focus on both seg-
ments because they constitute the largest PE market segments
and have the highest capitalizations (see, e.g., Credit Suisse, 2012):

AVBRt ¼
NAVt þ Cash Outflowt � Cash Inflowt

NAVt�1 þ Cash Outflowt�1 � Cash Inflowt�1
� 1;with

¼ 1; . . . ; T; ð1Þ
7 To transform quarterly US gross domestic product growth into monthly
observations, we distribute growth rates equally over the three months of the quarter.



Table 1
Autocorrelation structure of the appraisal value-based private equity indices.

Lag 1 Lag 2 Lag 3 Lag 4

US buyout 0.3355 0.3005 0.2314 0.1508
US venture capital 0.6153 0.4998 0.3905 0.0450
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where AVBRt (appraisal value-based return) stands for the return in
quarter t, and NAV represents the book value of portfolio companies,
as well as the payments and dividends. In order to calculate the in-
dex properly, we must connect the quarter returns (AVBRt), as
follows:

 

 

This table shows the autocorrelation coefficient of the quarterly distribution of
returns for our appraisal value-based PE indices (US buyout and venture capital)
from January 1995–December 2008 for lags 1–4. Values in boldface are significant
to at least a 95% level.
AVBIT ¼ 100 �PT
t¼1ð1þ AVBRtÞ: ð2Þ

Due to the evaluation impacts (appraisal smoothing, stale pric-
ing, managed pricing), all returns are smoothed, and show up as
positive autocorrelation. If we test the AVB PE indices for signifi-
cant positive autocorrelation, we find that the first two lags are sig-
nificant for both PE substrategies, as shown in Table 1, and based
on data in Section 3 and Appendix A. This implies that, because
of the smoothed returns, the risks may be underestimated without
separate consideration of this autocorrelation structure. A correc-
tion must thus be made.

For this correction, we use Getmansky et al.’s (2004) method,
and ‘‘calculate’’ the autocorrelation out of the returns. This is the
equivalent of ‘‘desmoothing’’ the time series. More specifically,
we apply the following three-step procedure to construct our time
series. First, we evenly distribute each quarterly return over three
monthly returns. Second, we determine the underlying autocorre-
lation structure, which follows a moving average process, via max-
imum likelihood estimation. Third, we use the estimated
parameters to obtain the ‘‘desmoothed’’ time series.8

Table 2 gives the descriptive statistics for each AVB PE index, as
well as the desmoothed and rescaled AVB PE subindex and the LPX
indices (for listed PE). The risk profile measured by all risk indica-
tors increases remarkably throughout the desmoothing and rescal-
ing. Furthermore, we can now compare the differences between
the risk/return profiles of listed PE and PE, because the individual
subindex returns have the same frequency and their smoothing ef-
fects are corrected.

Note that the listed PE indices exhibit considerably higher risk
for all values, while the comparison between the maximum draw-
downs of the AVB subindices and the LPX indices exhibit dramat-
ically different results. The LPX buyout has reached a maximum
drawdown of about 80% in the past, but that of the AVB buyout in-
dex has only increased to 25%. Thus, the risk level of PE is consid-
erably overestimated, and the optimal percentage with listed PE as
a benchmark is generally underestimated.

The higher moments of the listed PE indices exhibit negative
skewness, as well as positive excess kurtosis. Thus, the ‘‘ex-
treme’’ return realisations in the listed PE indices are found on
the loss side, and the risk measures exhibit much higher risk
levels, especially maximum drawdown. We note that, among
other things, this illustrates how listed PE is an insufficient
proxy for the PE asset class, because the risk profiles of stock
market investments do not sufficiently proxy for the risk profiles
of PE investments.

After desmoothing and rescaling the AVB PE indices, we must
bridge the 3-month time delay (the one-quarter gap). To accom-
plish this, we use a forecasting model for listed PE and macroeco-
nomic variables that contains, e.g., market expectations about the
future of PE. We include the following factors in the forecast model
(see Appendix A and Section 3 for the data sources):
8 Getmansky, Lo, and Makarov (2004) argue that, in general, two conditions of their
desmoothing technique must be satisfied: (1) the maximum likelihood estimation
must converge and (2) the smoothing parameters must have a positive sign. We
performed tests that suggest both conditions hold (the tables are available from the
authors upon request). Furthermore, Getmansky, Lo, and Makarov (2004) show
theoretically that their desmoothing technique does not change the mean of the time
series. We therefore adjust the mean of the desmoothed time series so that it matches
the mean of the original series (for additional details, see Busack et al., 2011).
1. Listed private equity (LPX): Listed PE is evaluated on a daily basis,
so expectations about its future prospects for the PE industry
(as measured by the AVB indices) are included in the price
determination. The LPX buyout and the LPX VC are considered
proxies for listed PE.

2. Economic activity (EA, GDP): When industry growth is strong, we
expect to see a higher number of attractive investment oppor-
tunities for entrepreneurs. We also expect to see an increase
in business activity and the number of start-ups, which are
associated with an increase in financing needs and PE demand.
We expect economic activity to have a positive influence on PE
performance (Gompers and Lerner, 1998; Jeng and Wells, 2000).
The proxies for economic activity include the US industrial pro-
duction index, and US GDP.

3. Interest (Interestshort, Interestlong): Interest rates are positively
correlated with PE financing. Thus, an increase in the interest
rate is associated with an increase in the demand-side effect
of the attractiveness of VC versus bank financing for entrepre-
neurs (Gompers and Lerner, 1998; Bonini, 2012). (For highly
leveraged buyouts, however, we may observe a negative rela-
tionship due to the higher cost of debt.) As proxies, we include
the US Treasury 1-Year and 10-Year yields.

4. Price level (CPI): Given sticky prices (e.g., when nominal costs
grow faster than output prices; see Fama, 1981, and Schwert,
1981), we expect the price level to have a negative impact on
PE investments. As a proxy, we use the US consumer price
index.

5. Exit channel (Nasdaq, NYSE): We expect that the performance of
PE investments and the existence of a well-functioning exit
channel will be highly interrelated. PE investment success
implies higher rates of return, which in turn results in more
IPO activity. Thus, the variables should show similar patterns.
Higher stock market activity also implies higher PE returns
(Black and Gilson, 1998; Rajan and Zingales, 2003). We use
the Nasdaq as our proxy index for VC exit conditions, and the
NYSE as the proxy index for buyout exit conditions.

6. Information asymmetry (Liquidity): We expect that during high
levels of asymmetric information, PE experts may be better able
to use their knowledge to generate higher returns. We use the
average bid-ask spread for all Nasdaq and all NYSE shares,
respectively, to proxy for the level of asymmetric information
most relevant for VC and buyout investments.

Our forecast model is based on the following regression
equation:

AVBRs ¼aþ b1 � LPX Venture CapitalðVCÞ
s þ b2 � LPX BuyoutðBOÞ

s

þ b3 � EAs þ b4 � GDPs þ b5 � Interestshort;s þ b6 � Interestlong;s

þ b7 � CPIs þ b8 � NasdaqðVCÞ
s þ b9 � NYSEðBOÞ

s

þ b10 � LiquidityðNasdaqÞðVCÞ
s

þ b11 � LiquidityðNYSEÞðBOÞ
s þ es;with s ¼ 1; . . . ; T; ð3Þ

where AVBRs represents the desmoothed and rescaled return of the
AVB PE subindex in month s, bi represents the slope coefficient, and



Table 2
Descriptive statistics of the monthly return distributions for all private equity indices.

US buyout US buyout
(desmoothed)

LPX Buyout US Venture
Capital

US venture capital
(desmoothed)

LPX Venture
Capital

Mean 0.72% 0.72% 0.58% 1.14% 1.14% 0.16%
Standard deviation 1.42% 2.73% 6.09% 2.99% 5.72% 8.48%
Skewness �0.65 �1.14 �3.70 1.64 1.51 �0.32
Kurtosis 3.31 7.68 23.05 8.86 19.88 4.28
LPM 0.30% 0.62% 1.63% 0.53% 1.12% 3.17%
CVaR (a = 95%) �2.73% �7.32% �18.00% �3.83% �11.10% �19.32%
Maximum drawdown 23.34% 25.69% 79.96% 52.65% 57.17% 89.07%

Jarque–Bera 1 1 0 1 1 0

A Jarque–Bera value of 1 means that the assumption of normal distribution at a 5% level can be rejected.
This table shows the mean, monthly standard deviation, skewness, kurtosis, square root of lower partial moment 2 with threshold 0 (LPM), conditional value at risk (CVaR) at
a 95% confidence coefficient, and maximum drawdown of the monthly return distributions for the appraisal value-based PE indices (US buyout and venture capital), as well as
the de-smoothed and rescaled appraisal value-based PE indices and listed PE (LPX Buyout and LPX Venture Capital) for the January 1995–December 2008 period. All discrete
returns are converted into logarithmic returns. Because the appraisal value-based indices are calculated on a quarterly basis, they are converted into monthly data via the
Getmansky et al.’s (2004) method. The significance of the autocorrelation up to lag 4 was also desmoothed using this method. Finally, we test for the assumption of a normally
distributed return distribution via the Jarque and Bera (1980) tests. 1 indicates a rejection at the 1% level of the null hypothesis that the return distribution follows a normal
distribution.
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es is the error term. All returns are calculated in US dollars. T shows
the last month of the observation period that is 3 months prior to
the current date (the one-quarter gap). The correlations of the
explanatory variables are in Table 3. We find statistically significant
correlations between some explanatory variables, which may lead
to multicollinearity in the regression. We account for this by calcu-
lating variance inflation factors.

In order to obtain meaningful results, all variables must be sta-
tionary. Therefore, we perform augmented Dickey-Fuller tests up
to lag 6 to check for unit roots. Table 4 gives the resulting test
statistics.

For all variables except interest rates and liquidity, we can re-
ject the hypothesis of a unit root. For interest rates and liquidity,
we find that they are integrated of order 1, i.e., they become sta-
tionary after first-differencing.

Table 5 gives an overview of the regression results where inter-
est rates and liquidity have been first-differenced. The slope coef-
ficients have the expected signs, except for inflation and NYSE
liquidity. Economic activity, the short-term interest rate, and the
exit channel are statistically and economically significant for US
buyouts. The LPX, economic activity, and the short-term interest
rate are statistically and economically significant for US venture
capital.

As discussed previously, we compute variance inflation factors
(VIFs) to check for multicollinearity (Table 6). All VIFs are smaller
than 5, so we conclude there is no multicollinearity (see Belsley
Table 3
Correlation matrix for the explanatory variables.

LPX
Buyout

LPX Venture
Capital

EA GDP Interest
(short)

LPX Buyout 1.00
LPX Venture

Capital
0.60 1.00

EA 0.16 0.09 1.00
GDP 0.46 0.35 0.48 1.00
Interest (short) 0.24 0.22 0.24 0.42 1.00
Interest (long) 0.08 0.15 0.21 0.30 0.67
Inflation 0.32 0.08 0.10 0.33 0.14
Nasdaq 0.52 0.72 0.04 0.33 0.11
NYSE 0.70 0.59 0.04 0.36 0.09
Nasdaq Liquidity �0.48 �0.47 �0.14 �0.22 �0.26
NYSE Liquidity �0.20 �0.18 0.03 �0.07 �0.03

This table shows the correlations between the explanatory variables of regression mod
sources are in Appendix A, Table A-I. Values in boldface are significantly different from
et al., 1980; Kutner et al., 2004). As a robustness check, we calcu-
late all of the following results with a more parsimonious model
using exogenous variables that show statistical significance at least
at the 5% level. The results remain qualitatively the same. Tables
and figures are available from the authors upon request.

In a last step, we calculate the three missing returns (point esti-
mator) for months T + 1, T + 2, and T + 3 via the forecasting model,
as follows:

dAVBRs ¼ âþ b̂1 � LPX Venture CapitalðVCÞ
s þ b̂2 � LPX BuyoutðBOÞ

s

þ b̂3 � EAs þ b̂4 � GDPs þ b̂5 � Interestshort;s

þ b̂6 � Interestlong;s þ b̂7 � CPIs þ b̂8 � NasdaqðVCÞ
s

þ b̂9 � NYSEðBOÞ
s þ b̂10 � LiquidityðNasdaqÞðVCÞ

s

þ b̂11 � LiquidityðNYSEÞðBOÞ
s ;

with s ¼ T þ 1; T þ 2; T þ 3: ð4Þ

It is now possible to determine the appraisal value-based
benchmark (AVBB) for both PE segments:

AVBBTþ3 ¼ 100 �PTþ3
s¼1ð1þ AVBRsÞ: ð5Þ

The AVBBs are applicable to the risk/return profiles of the vari-
ous PE segments, because the returns are monthly, desmoothed,
and contemporaneous. They can thus be used as input quantities
for portfolio optimization and risk allocation models.
Interest
(long)

Inflation Nasdaq NYSE Nasdaq
Liquidity

NYSE
Liquidity

1.00
0.14 1.00
0.07 0.05 1.00
�0.05 0.15 0.70 1.00
�0.25 �0.11 �0.44 �0.44 1.00
�0.09 �0.12 �0.18 �0.13 0.46 1.00

el (3) for the January 1995–December 2008 period. Variable definitions and data
zero at the 1% level.



Table 4
Augmented dickey-fuller test statistics for the explanatory variables.

ADF(1) ADF(2) ADF(3) ADF(4) ADF(5) ADF(6)

LPX Buyout �6.95 �4.90 �2.93 �1.97 �1.86 �1.34
LPX Venture

Capital
�7.30 �5.85 �5.47 �4.40 �4.14 �3.83

EA �5.70 �3.24 �2.06 �1.17 �0.61 �0.88
GDP �3.03 �3.41 �0.82 �0.86 �0.76 �0.46
Interest (short) �0.78 �0.82 �0.92 �0.69 �0.75 �1.07
Interest (long) �1.36 �1.20 �1.00 �0.76 �0.71 �0.80
Inflation �7.81 �5.42 �5.29 �5.73 �4.35 �4.43
Nasdaq �8.35 �7.03 �5.93 �5.37 �4.14 �3.98
NYSE �8.74 �7.04 �5.17 �4.11 �3.79 �3.10
Liquidity (Nasdaq) �2.15 �2.08 �2.02 �1.98 �1.96 �1.90
Liquidity (NYSE) �1.57 �1.45 �1.26 �1.20 �1.23 �1.20

This table shows the augmented Dickey–Fuller test statistics for the explanatory
variables of regression model (3) for the January 1995–December 2008 period.
Variable definitions and data sources are in Appendix A, Table A-I and Section 3. For
values in boldface, the hypothesis of a unit root can be rejected at the 5% level.

Table 5
Regression results for the forecast model.

US buyout beta US venture capital beta

Constant 0.0045** 0.006*

LPX Buyout 0.0204
LPX Venture Capital 0.113**

EA 0.4623** 0.733*

GDP 0.6511 2.070
Interest (short) 1.2993* 2.929*

Interest (long) 0.0017 �1.026
Inflation 0.2797 0.180
Nasdaq 0.055
NYSE 0.1076**

NYSE liquidity �0.3196
Nasdaq liquidity 1.204
Nobs 167 167
F-test 15.00** 11.68**

Adj. R2 40.28% 33.99%

This table shows the slope coefficients, the number of observations (nobs), the F-
statistic, and the adjusted R2 for the forecast model for the appraisal value-based PE
subindex for US buyout and venture capital. The forecast model is based on the
following regression equation:

AVBRs ¼ aþ b1 � LPX Venture CapitalðVCÞ
s þ b2 � LPX BuyoutðBOÞ

s þ b3 � EAs þ b4 � GDPs

þ b5 � Interestshort;s

þb6 � Interestlong;s þ b7 � CPIs þ b8 � NasdaqðVCÞ
s þ b9 � NYSEðBOÞ

s ð3Þ
þb10 � LiquidityðNasdaqÞðVCÞ

s þ b11 � LiquidityðNYSEÞðBOÞ
s þ es;with s ¼ 1; . . . ;T

where AVBRs represents the desmoothed and rescaled return of the appraisal value-
based PE subindex in month s, bi represents the slope coefficient, and es is the error
term. All returns are calculated in US dollars. T shows the last month of the
observation period that is three months prior to the current date for the January
1995–December 2008 estimation period. Variable definitions and data sources are
in Section 3 and Appendix A, Table A-I.

* Statistical significance at the 5% level.
** Statistical significance at the 1% level.
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However, the forecasts of the missing 3 months are not predict-
able with absolute certainty. We show results only within the 2.5%
(down) and 97.5% (up) confidence bands, meaning that the returns
will lie within these bands for 95% of the expected future
Table 6
Variance inflation factors for the explanatory variables.

LPX
Buyout

LPX
Venture
Capital

EA GDP Interest
(short)

US buyout 2.35 1.31 1.12 1.99
US venture capital 2.28 1.31 1.13 1.91

This table shows the variance inflation factors for the explanatory variables of regression
sources are in Appendix A, Table A-I.
realisations. These confidence bands can also be used as input
quantities in the portfolio optimization or the risk models in order
to simulate the worst and best case scenarios (Fig. 1).

Fig. 1 illustrates the ex post realized development of the AVB PE
indices in order to provide a first impression of forecasting quality.
Note that the realized values are above the up-confidence band,
which we would not a priori expect. For that reason, we test the
prediction precision of the forecasting model using a 4-year esti-
mation period for the slope coefficients, and we compare the fore-
casted and ex post realized returns. We distinguish between
whether the regression parameter is estimated on a monthly (1-
month forecast) or quarterly (3-month forecast) basis. Fig. 2 shows
that we can forecast the realized returns for the AVBBs accurately,
especially during times of lower volatility.

To summarize, the precision (the ratio of accurate forecasts
within the 95% confidence interval, divided by all forecasts) is
93% for US buyouts and 92% for US VC. To evaluate the perfor-
mance of our forecast model, we next calculate the mean squared
error of our forecast. We obtain a value of 0.0001 for US buyouts
and 0.0009 for US VC. When we use simple historic values to fore-
cast, we obtain mean squared errors of 0.0002 for US buyouts and
0.0012 for US VC. The differences between the mean squared errors
for US buyouts and US VC are statistically significant at the 1% le-
vel, according to the Diebold and Mariano (1995) test. Therefore,
our forecast model can predict future values with significantly
lower mean squared errors than we would obtain by naively using
historical values. This implies that our forecast model is indeed
superior to the naïve use of historical values.
5. Portfolio optimization with appraisal value-based
benchmarks

In this section, we use the AVBBs calculated above for US VC and
buyouts for multi-asset portfolio optimization. We then compare
our results to those obtained from using the PE asset class that
we proxy for with listed PE (LPX indices) or AVB indices. Because
of the non-normal return distributions (Table 2), we must consider
higher moments in the portfolio optimization. Failure to do so
would increase the probability of maintaining biased and subopti-
mal weight estimations, as well as underestimating tail losses.

We use three different risk measures (RM): (1) variance (Marko-
witz, 1952), (2) lower partial moments (Harlow, 1991), and (3)
conditional value-at-risk (Rockafellar and Uryasev, 2000, 2002).
The extra two measures are used to capture potential tail risks.
Higher moments are implicitly considered in the optimization,
which is important when return distributions are characterized
by negative skewness and positive excess kurtosis.

In addition to PE, other investment opportunities in the portfo-
lio optimization include equity and bond markets, alternative
investments, and money market (see Section 3 for a complete
description of considered asset classes). Table 7 provides a detailed
summary of the descriptive statistics for the proxy indices.

We show the results for the efficient multi-asset portfolios for
our alternative risk measures (RM), and considering (1) AVBBs
(US VC/buyouts), (2) AVB index (US VC/buyouts), and (3) listed
Interest
(long)

Inflation Nasdaq NYSE Nasdaq
liquidity

NYSE
liquidity

1.91 1.12 2.11 1.07
1.87 1.10 2.24 1.40

model (3) for the January 1995–December 2008 period. Variable definitions and data



Table 7
Descriptive statistics for the monthly return distributions of all asset classes.

NIKKEI 500 S&P 500 DJ EURO STOXX JPM EUROPE JPM US JPM UK JPM Japan NAREIT S&P GSCI HFRI LIBOR

Mean 0.01% �0.12% 0.06% 0.51% 0.52% 0.32% 0.37% 0.55% 0.59% 0.47% 0.41%
Standard deviation 6.19% 4.65% 5.54% 3.05% 1.46% 2.79% 2.88% 7.44% 7.55% 1.80% 0.07%
Skewness 0.12 �0.90 �1.09 0.21 �0.05 �0.42 �0.07 �1.85 �1.05 �0.51 �0.06
Kurtosis 2.87 5.04 5.56 3.65 5.04 4.82 2.98 18.55 6.06 6.59 1.90
LPM 2.44% 1.80% 2.02% 0.92% 0.34% 0.90% 0.95% 1.98% 2.64% 0.45% 0.00%
CVaR (a = 95%) �11.39% �11.43% �14.58% �5.43% �2.67% �6.01% �5.59% �18.55% �17.35% �3.86% 0.29%
Maximum drawdown 70.02% 48.29% 57.24% 23.62% 4.95% 22.14% 21.50% 73.83% 67.03% 21.03% 0.00%

Jarque–Bera 0 1 1 1 1 1 0 1 1 1 0

A Jarque–Bera value of 1 means that the assumption of a normal distribution at a 1% level can be rejected.
This table shows the mean, monthly standard deviation, skewness, kurtosis, square root of lower partial moment 2 with threshold 0 (LPM), conditional value at risk (CVaR) at
a 95% confidence coefficient, and the maximum drawdown of the monthly return distributions for the equity markets (NIKKEI 500, S&P 500, DJ STOXX 500), bond markets
(JPM Japan Government Bond Index, JPM United States Government Bond Index, JPM Europe Government Bond Index, JPM UK Government Bond Index), alternative
investments (FTSE EPRA/NAREIT, S&P GSCI Commodity Index, HFRI Fund of Funds Composite Index), and the money market (London Interbank Offered Rate – LIBOR) for the
January 1999–December 2008 period. All indices are total return indices or retained earnings. All non-US dollar-based indices have been converted into US dollars, and all
discrete returns are converted into logarithmic returns. Finally, the assumption of a normally distributed return distribution is proven via Jarque and Bera (1980) tests.

Fig. 1. US buyout and venture capital appraisal value-based private equity benchmarks. This figure shows two appraisal value-based PE benchmarks for the January 2007-
December 2008 period. To calculate the benchmarks, we (1) scaled the quarterly data of the appraisal value-based PE Indices into monthly data and (2) corrected for stale
pricing and appraisal smoothing, both by using Getmansky et al.’s (2004) method, in order to counteract potential distortions. As a last step, we (3) used the January 2009–
March 2009 (one-quarter gap) period for the forecasting model. Here, the point estimator describes the 3-month forecast from the regression analysis, e.g., 2.5% down the
confidence band, and 97.5% up the confidence band. The ‘‘realized’’ dot denotes the ex post realized index return. For all indices, January 1995 = 100.
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PE index (LPX VC/buyouts). For the AVB index (US VC), we use the
original Thomson Reuter VentureXpert index; for the AVBB (US VC/
buyouts), we use our benchmark, including desmoothing and fore-
casts. In the portfolio optimization, we calculate the multi-asset
portfolio with the minimal possible risk (for all risk measures sep-
arately) for a given expected portfolio return E½rp�. We can thus
write the optimization problem as follows:
min
x

RMð~rÞ;

subject to E½rp� ¼ r; x1 þ . . .þ xn ¼ 1 and xi 6 20%

8i ¼ 1; . . . ;n:

ð6Þ

where xi represents the fraction of asset class i in the portfolio. In
this optimization, we impose some standard assumptions, such as
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Fig. 2. Precision of the forecasting model for US buyout and venture capital appraisal value-based private equity benchmarks. This figure shows the monthly return
realizations for both appraisal value-based PE benchmarks (US buyout and US venture capital) for the January 1999–December 2008 period. The estimation period for the
forecasting model is 5 years. Here, the point estimator describes the 1-month forecast from the regression analysis, e.g., 2.5% down the confidence band, 97.5% up the
confidence band, and where ‘‘realized’’ equals the ex post return.

3522 D. Cumming et al. / Journal of Banking & Finance 37 (2013) 3515–3528 
 

 

a budget constraint and short-selling restrictions. Mathematically,
this means that the portfolio weights must sum to 1 and cannot
be negative. Furthermore, we impose a 20% minimum diversifica-
tion constraint for all proxy indices. The aim of this restriction is
to avoid having the portfolio dominated by a single asset class.
Moreover, when imposing the minimum diversification restriction,
the results are not as prone to corner solutions as they would other-
wise be, because optimal portfolio weights do not rely in a compa-
rable way on the past performance of respective assets. When we
relax this restriction, however, the results for our PE proxies do
not qualitatively change.

The findings resulting from this optimization are threefold.
First, the efficient frontier using the AVBB is above that obtained
using LPX, but below that obtained using the AVB Index. This find-
ing holds for both US buyouts and VC (see Fig. 3, panels A and B).

Second, listed PE (VC and buyouts) is not included in the opti-
mal portfolios for the chosen time period, while the AVBB and
the AVB index are included up to the maximum weights of 20%.
All results hold for US buyouts and VC (see Fig. 3).

Third, for a given expected return, the portfolio weight of the
AVB index is always equal to or above its respective AVBB counter-
part (one exception is the CVaR optimization for VC, where the
portfolio weight for AVBB for expected returns ranging from 5.6%
to 5.9% p.a. is slightly higher than that for the AVB Index).

Against this backdrop, we can consider the role of listed PE in
optimal portfolios as secondary. In contrast, we find that the
optimal percentage of US VC, using the AVBB, increases steadily,
from about 5% to 10% (for low expected portfolio returns), to the
maximum 20% allocation (high expected portfolio returns) for all
risk measures used in the optimizations.

We observe similar behavior for the AVB index, but beginning
instead from about 11%, and reaching the maximum weight con-
straint even for lower expected portfolio returns (except for LPM
optimization, where the AVB index is also always allocated with
the maximum portfolio weight). Furthermore, the AVBB increases
slightly in importance when we focus on downside risk, especially
for the lower partial moment. In this case, the percentage of US VC
in the optimal portfolios with low levels of expected portfolio re-
turns is higher than for the minimum-variance optimization (see
Fig. 3, panel A).

A similar picture is also shown in panel B of Fig. 3 when analyz-
ing US buyouts. The major differences are (1) the maximum 20%
portfolio weight is allocated to the AVB index for low levels of ex-
pected portfolio returns and all considered risk measures, (2) the
optimal percentage of US buyouts, using the AVBB, increases stea-
dily for low expected portfolio returns, from a higher level of 15%
to 18% compared to VC to a maximum allocation of 20% (high ex-
pected portfolio returns) for all risk measures used in the optimiza-
tions, and (3) the portfolio weight of the AVB index is always above
the corresponding AVBB weight (see Fig. 3, panel B).

These results can be explained by examining the higher mo-
ments in Table 2. The AVBB not only exhibit higher past returns,



Fig. 3. Efficient Multi-Asset Portfolios and Optimal Private Equity Portfolio Weights. This figure shows the resulting efficient frontiers and the implied optimal PE portfolio
weights alongside the efficient frontier for three optimization approaches (1) volatility, (2) lower partial moment (the square root of lower partial moment 2 with threshold
0), and (3) conditional value at risk (90% confidence level) in absolute terms. The efficient frontier begins with the minimum-risk portfolio and ends with the maximum
expected return portfolio. The optimization covers the January 1999–December 2008 period. Panel A gives the results for venture capital; panel B gives the results for
buyouts.
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Fig. 3. (continued)
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but also significantly more beneficial (higher) moment characteris-
tics than listed PE indices. Relative to the other index concepts, the
AVB index is included in all efficient portfolios with the highest
portfolio weights and, for the majority of portfolios, with the max-
imum possible allocation of 20%, regardless of the risk measure.
This implies that, if we ignore the risks of the AVB index and use



Table 8
Differences in the risk/return profile for different choices of the private equity proxies.

Portfolio weights for private equity proxies Mean (%) Standard deviation (%) LPM (%) CVaR (%) VaR (%) MaxDD (%) Sharpe ratio

Panel A: Venture Capital
20% LPX Venture Capital 1.99 10.74 0.04 �4.58 �3.16 9.17 �0.11
20% AVBB Venture Capital 4.82** 7.90** 0.02** �3.07** �1.93** 5.73** 0.21**

15% LPX Venture Capital 2.41 9.71 0.03 �4.13 �2.78 8.13 �0.07
15% AVBB Venture Capital 4.54** 7.53** 0.02** �2.99** �1.89** 5.58** 0.19**

10% LPX Venture Capital 2.84 8.74 0.03 �3.70 �2.43 7.16 �0.03
10% AVBB Venture Capital 4.26** 7.26** 0.02** �2.93** �1.85** 5.47** 0.15**

Panel B: Buyout
20% LPX Buyout 3.54 9.11 0.03 �3.98 �2.17 7.38 0.05
20% AVBB Buyout 4.14** 6.51** 0.02** �2.67** �1.64** 4.90** 0.16**

15% LPX Buyout 3.58 8.56 0.03 �3.69 �2.05 6.85 0.05
15% AVBB Buyout 4.03** 6.62** 0.02** �2.71** �1.66** 5.00** 0.14**

10% LPX Buyout 3.62 8.04 0.03 �3.42 �1.94 6.36 0.06
10% AVBB Buyout 3.92** 6.76** 0.02** �2.76** �1.69** 5.13** 0.12**

The mean, standard deviation, square root of lower partial moment 2 with threshold 0 (LPM), CVaR, VaR, and MaxDD for the benchmark portfolio with AVBB Venture Capital
as a PE proxy differ compared to the benchmark portfolio with LPX Venture Capital as a PE proxy and a higher Sharpe ratio.
The mean, standard deviation, square root of lower partial moment 2 with threshold 0 (LPM), CVaR, VaR, and MaxDD for the benchmark portfolio with AVBB Buyout as a PE
proxy differ compared to the benchmark portfolio with LPX Buyout as a PE proxy and a higher Sharpe ratio.
This table gives the mean, standard deviation, square root of lower partial moment 2 with threshold 0 (LPM), conditional value-at-risk (CVaR) with a 90% confidence level,
value at risk (VaR) with a 90% confidence level, maximum drawdown (MaxDD), and the Sharpe ratio (the risk-free rate equals 3.13% (EURIBOR)) for a naively diversified
benchmark portfolio (e.g., the portfolio composition is x% PE and (1 � x)/11% of all other asset classes in Table 7), when we include PE proxies (LPX Venture Capital, LPX
Buyout, AVBB venture capital, or AVBB buyout) with portfolio weights of 20%, 15%, and 10%, and reduce the weights of the former benchmark portfolio accordingly.
Calculations are based on Efron and Tibshirani’s (1994) standard block-bootstrap Monte Carlo simulation for the January 1999–December 2008 period, with five lags and
5,000 runs. For the tests in differences for the mean and risk measures, we use t-values; for the Sharpe ratio, we use the tests proposed by Jobson and Korkie (1981) and Ledoit
and Wolf (2008).
** Statistical significance at the 1% level.
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it naively in an asset allocation, it is likely to significantly overesti-
mate the optimal portfolio weight.

In an untabulated robustness check, we consider three different
time periods, (1) January 1999–September 2007, (2) January 1999–
December 2008, and (3) January 1999–December 2010, in order to
investigate whether the relationships continue to hold. We find
that the relationships among the three indices are comparable
for all three periods. The major difference occurs during period 3
for buyouts, where the AVB index and AVBB always show the max-
imum possible allocation of 20% regardless of the risk measure, and
the corresponding listed PE index has portfolio allocations larger
than zero. Furthermore, we find allocations ranging from zero
(low expected portfolio return) to the 20% maximum (high ex-
pected portfolio return) for the LPX buyout index during the pre-
crisis period (period 1).

To summarize, the approximation of the PE asset class, via listed
PE, results in a biased risk/return profile, where other influencing
factors are also reflected. The risk of PE in general is overestimated
up to a risk level for which the PE asset class cannot be justified, as
shown by quantitative calculations in a multi-asset portfolio. In
contrast, with the AVB index, the optimal PE portfolio weight
equals the upper 20% restriction in the majority of portfolios, be-
cause the true PE risk/return profile is incorrectly reflected. For
these reasons, we can consider the AVBB as a compromise between
listed PE and AVB indices, with the main advantage that it can
properly measure the underlying risk/return profile of the PE asset
class.

Given our analysis of the characteristics of the different index
concepts in the portfolio optimization, we can now explore how
using listed PE Indices or AVBBs as proxies for PE can impact port-
folio risk. We add PE (based on listed PE) and AVBB to a naïvely
diversified portfolio, and evaluate portfolio risk using a Monte Car-
lo simulation. We use optimized (minimum-risk portfolios and
randomly selected efficient portfolios) instead of naively diversi-
fied portfolios, and find that our results remain qualitatively stable
(tables and figures are available from the authors upon request).
We use historical returns from January 1999 through December
2008 to generate 5,000 time series of returns following the
block-bootstrap Monte Carlo approach of Efron and Tibshirani
(1994).

Table 8 clearly shows that all risk measures indicate a statisti-
cally significantly higher risk level in the portfolio when using
listed PE as a proxy compared to using the AVBB. Furthermore,
the resulting Sharpe ratio for the portfolio is significantly lower
when using listed PE as a proxy for PE. This means that, for exam-
ple, VaR levels may be unnecessarily high, which could induce
reductions in risk positions, such as those triggered by the require-
ments of Basel II and III for some institutional investors. This effect
would not be observed when using an appropriate PE benchmark,
however. Fig. 4 gives a graphic depiction of the distribution of the
risk measure for the example of CVaR.

It is important to note that the choice of index can cause dispropor-
tionately low levels of new capital inflows compared to using appro-
priate PE benchmarks for performance assessment. In other
markets, such as that for mutual funds, research (e.g., Choi and Kahan,
2007) has shown a similar result, that the presence of misinformed
investors is likely to result in inappropriate capital allocations. In the
case of PE, however, the problem may be much more pronounced if
the misallocation of capital is attributable to the lack of a benchmark
index, and therefore affects the entire industry.

6. Extensions

This paper introduces a new PE benchmark concept for portfolio
optimization. We used popular indices to represent other asset
classes in order to demonstrate how our new index improves port-
folio optimization for PE allocation. A natural extension of this
work would be to consider not only indices but the different sub-
index types for various fund styles and specific other alternative
investments.

The use of indices has several advantages over individual assets
(single PE or hedge funds, or hedge fund styles/different commod-
ities). First, it is not necessary to account for differences in liquid-
ity. Furthermore, trading costs at the index level are comparable.
Portfolio allocation models at an individual asset level are not com-
parable across different types of alternative investments, and



Fig. 4. Downside risk distribution for various private equity proxies. This figure shows the distribution of the risk measure conditional value-at-risk (CVaR), based on annual
portfolio returns, with a 90% confidence level for a naively diversified benchmark portfolio (portfolio composition is x% PE, and (1 � x)/11% of all other asset classes in Table 5),
when we include PE proxies (LPX 50, AVBB venture capital, or AVBB buyout) with portfolio weights of 20%, 15%, and 10%. The distribution is based on Efron and Tibshirani’s
(1994) standard block-bootstrap Monte Carlo simulation for the January 1999–December 2008 period, with five lags and 5,000 runs.

3526 D. Cumming et al. / Journal of Banking & Finance 37 (2013) 3515–3528 
 

 

would thus need to account for liquidity and trading costs. Second,
the indices are calculated net of fees and taxes. Portfolio allocation
based on specific underlying assets, by contrast, requires account-
ing for differential fees, transaction costs, and tax structures spe-
cific to the particular asset (Best and Hlouskova, 2005; DeMiguel
et al., 2009).
Despite the additional complexity when using individual assets
in our approach, there are some promising advantages. For exam-
ple, there are many styles of hedge funds (and, to a lesser extent,
types of PE funds), with differing strategies and risk/return profiles.
There are also many different commodities featuring different risk/
return profiles. Using aggregated indices for these asset classes



Table A-I
Variable description.

Private equity indices

Type Data provider Data source Time period

Listed Private Equity LPX Group http://www.lpx-group.com January 1995–December 2008
Transaction-Based Private Equity Ceprex Indices http://www.cepres.com January 1995–December 2008
Appraisal Value-Based Private

Equity
Thomson Reuters VentureXpert http://www.thomsonreuters.com January 1995–December 2008

Explanatory variables
Variable name Description Data provider Time period

LPX Venture Capital LPX Venture Capital Index LPX Group January 1995– December
2008

LPX Buyout LPX Buyout Index LPX Group January 1995– December
2008

EA US Industrial Production Thomson Reuters Datastream January 1995– December
2008

GDP Gross Domestic Product Thomson Reuters Datastream January 1995– December
2008

Interest (short) US Treasury Bill Rate Thomson Reuters Datastream January 1995– December
2008

Interest (long) Government Bond Yield 10Y Thomson Reuters Datastream January 1995– December
2008

CPI US Consumer Price Index Thomson Reuters Datastream January 1999– December
2008

Nasdaq Nasdaq Composite Price Index Thomson Reuters Datastream January 1995– December
2008

NYSE NYSE Composite Price Index Thomson Reuters Datastream January 1995– December
2008

Liquidity (NYSE) Average bid-ask spread for all NYSE companies CRSP (Center for Research in Security
Prices)

January 1995– December
2008

Liquidity (Nasdaq) Average bid-ask spread for all Nasdaq
companies

CRSP (Center for Research in Security
Prices)

January 1995– December
2008

This table provides the type, data provider, data source, and time period for the PE indices, as well as the variable name, description, data provider, and time period for the
explanatory variables in the regression in Eq. (3).
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means losing the ability to combine individual assets to achieve
the best investor-specific risk/return profile. This is especially
problematic when we consider that individual assets in alternative
investments exhibit higher moments, which can be used in our
suggested approach to achieve superior portfolio diversification.
This is also true for derivative securities, which may be worthwhile
considering in future extensions of our approach.

Another promising extension would be to differentiate between
listed and non-listed private equity deals in order to analyze any
differences in results. We know from Klein and Zur (2009) and
Mietzner et al. (2011) that listed and non-listed private equity funds
acquire minority and majority stakes in listed and private compa-
nies, and that sometimes PE companies themselves may change
status. Consider, for example, the case of Blackstone (a private com-
pany), which acquired a 4.5% stake in Deutsche Telecom (a public
company) at the end of April 2006. On March 22, 2007, Blackstone
filed with the SEC to raise $4 billion in an initial public offering
and became public. Considering this example, it would be interest-
ing and useful to explore how and whether a change in status of a
portfolio company impacts our results or the risk/return profile.9

Another promising avenue for extension is the introduction of
dynamics in our approach. This seems like a potentially useful
way to incorporate higher moments into dynamic asset allocation
models, in addition to using a dynamic objective function.
7. Conclusion

Portfolio optimization with PE in practice has been based on
one of three indices: listed PE, transaction-based PE, or appraisal
value-based PE. This paper explains why these indices are insuffi-
cient for portfolio optimization. We also illustrate how we can cal-
9 We are thankful to an anonymous referee for highlighting this important avenue
for further research.
culate adequate benchmarks for different PE segments by using
appraisal value-based PE Indices. Our benchmarks, in comparison
to the three indices commonly used now, have the advantages of
being (1) available on a monthly basis, (2) desmoothed for autocor-
relation, and 93) up-to-date. To close the one-quarter gap, we used
a forecasting model (e.g., a point estimator), flanked by an up and
down confidence band, in order to estimate the best and worst case
developments meaningfully and conservatively. Our benchmarks
meet all the demands necessary to serve as adequate input quan-
tities in portfolio optimization or for risk models.

We further show that the choice of PE proxy has a major impact
on portfolio performance and risk/return profile. The index we de-
velop here would yield more accurate financial reporting and port-
folio optimization than those currently in use. This accuracy would
in turn facilitate the development of PE markets and appropriate
institutional risk management for PE limited partners. The empir-
ical methods we develop can be applied in future work to PE, as
well as to other illiquid alternative investment markets, such as
art, real estate, and timber, among others.
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See Table A-I.
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