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Abstract

We consider the global portfolio of privatized state asfseta 1985 to 2012 in the non-parametric
decision-making context of Stochastic Dominance Efficierfioy broad classes of investor
preferences. We estimate all possible portfolios in thetext of Strategic vs non-Strategic and
Cyclical vs non-Cyclical asset allocations that dominate rtizgket benchmark and provide a
complete efficiency ranking. The optimal solutions are contputging linear and mixed integer
programming formulations. Dominant portfolios tend to ovegleinon-Cyclical and non-Strategic
assets, while rotation may take place across business cdgssian investment style return
attribution analysis, based on Monte Carlo Integration, sugtiegt&rowth drives returns during the
first business cycle, rotating to a balanced mix ofestylith Size and Debt Leverage during the
second business cycle and finally to Size during the last busipess Value is found to be the least

influential style in all periods.
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1. Introduction

Portfolio optimality and performance lie at the cemtf@asset management, yet model risk congsnue
to play a central role in preventing practical applicatioihguantitative approaches. We examine for
the first time in the literature the robustness of optimalitd performance attribution of privatized
state asset portfolios, through a new interdisciplinaryaggh, with applications to a unique global
data set. In particular, our work adopts a new decision mdikingework in the context of Stochastic
Dominance Efficiency, allowing non-parametric analysis foradrolasses of utility functions, which
are optimized through mixed-integer and linear programgmiwhile performance attribution is
developed in the context of a robust Bayesian approachgthrislonte Carlo Integration methods.
Moreover, as massive data requirements prevent the applicafi@mametric portfolio optimization
to privatized state asseteur choice to apply non-parametric methods is unique in thed@a
literature, where we have collected the most comprehensibalglata set on an asset universe that

constitutes a global policy issue since early 1980s.

State assets constitute a major asset universe. The afrigfiete participation in various sectors of the
economy sets its historical roots in the periodic politicaiicpptions for the protection of public
interests, the offer of public goods and the substitution of maalketds. Shleifer (1998) provides a
comprehensive account of state versus private ownership. As secbpserve state ownership
primarily in infrastructure assets, networks, utilities, ngnienergy, gaming as well as real estate and
much less in manufacturing. The process of privatisation gadein early 1980s and was langel
motivated by the presence of inefficient management e stssets in the form of higher running
costs and moral hazards, contributing to the exacerbatigavarnment budget deficits. Shleifer and
Vishny (1994), and Boycko et al (1996) provide clear conditions undethvghigatizations are an
optimal choice and La Porta et al (2002) and Faccio (2006) prihedessociated empirical evidence.
The portfolio of state assets naturally incorporates lomgn tnterests of the society, thus
professionally run privatization transactions constitute comgieocesses, trading-off political,
economic, financial, legal, regulatory and geopolitdiemensions. The presence of state ownership in
an asset is long term and signifies political interests on behadlfe society for the protection of
public interest. As a result, the two most fundamental claaifins of state assets distinguish
between Strategic versus non-Strategic and Cyclical versasCyclical assetsThe former
classification concerns assets which require expertisdndin management, thus a privatization
process in this case usually focuses on long-term investors drigiriedm the same industry and

excludes purely financial investors( see OECD 2010). For exaample,matter of policy, a state has



natural remaining interests in assets involving public infrastreidturthe provision of public goods,
such as airports, ports and networks, and invites specialist mamcfal investors (often called
Strategic) e.g. for a concession agreement, see for exaOg@rmy et al. (2014). The latter is a
fundamental risk classification for asset managers whiamapiliy concerns infrastructure assets,
often in the form of companies holding concession agreementise dinancial sector, versus other
conventional assets (see J.P.Morgan 20I2 distinction of Cyclical vs non-Cyclical assets reflects
the most fundamental value driver from the point of view twrg-term investor, as privatization is
by construction a long-term investment commitment. It is indicatiaé most investment banks and
asset managers follow closely the developments in these el laisset classes, see for example
Morningstar (2011), Lebovitz et al (2016).

The literature contributes a plethora of theoretical andr@appapers on privatization. However, to
the best of our knowledge, there is no comprehensive study focusing optithality properties of
global privatization portfolio selection and the respectivefoperance attribution to asset
management style properties. Although the privatization @& stasets constitutes a major global
policy choice over the last three decades and the literaturedm®rged regarding its general
positive effects on the economy, the available empiricabrebBefocuses primarily on its impact to
the efficiency of individual assets. The literature is verytéthon the behaviour of privatized assets
from a portfolio perspective, thus failing to inform governmaniatization planning and active asset
managementoffering a relatively recent and small number of studldset al (2011) provide
empirical evidence from China documenting that, the listhgew shares in the market requires a
form of compensation from holders of non-tradable shares to bodfldradable shares, the size o
which is related to the gain in risk sharing as well asptite impact of new shares in the market.
Dewenter and Malatesta (1997) report evidence on the determiofaptivatization initial returns,
which are shown to be significantly higher in less developgdatanarkets and for companies in
regulated industries. Moreover, Megginson et al (2000) examine thetbree; and five-year buy-
and-hold returns, earned by investors in share issue paitiatiz for 33 countries from 1981 to 1997,
and compare with domestic market portfolio, global marketfgios and S&P 500 returns. Their
evidence suggests that privatization investors earn higher rehiamghose who invest in the local,
US or world market portfolios. In a recent study, Borisama Cowan (2012) examine the investor
returns in 1984 transactions which took place from 1984 to 2009 in 123iesuritheir findings
suggest that privatization through asset trade sales to donmestigrivatized investors yields high
returns in less developed countries under a civil law systehadeft-wing government. Moreover,
post bail-out state assets tend to yield higher returns when oesnpa all other state sell-offs.

Finally, a number of papers study the value of a controBiladte in a privatized firm. Dyck and



Zingales (2004) study 393 controlling blocks sales in 39 countries and eepaverage value of
control 14%, ranging from -4% to +65%, where higher values apeiatsd with immature capital
markets, concentrated ownership and privately negotiated tremsacAtanasov (2005) presents
more extreme evidence from the Bulgarian stock market whethe absence of legal constraints,
majority owners tend to extract more than 85% of firnugas private benefits of control.

In this paper, we consider the perspective of a long-term emsseiger making choices in the global
universe of exchange-traded privatised state assets withisdquential periods, from the emergence
of privatizations in 1985 to 2012. We address two questiornst, Kihat is the set of asset allocation
decisions on Strategic vs. non-Strategic and Cyclical vs. nohe@l asset classes that first- or
second-degree stochastically dominate a benchmark portfolioxamating the market?. Second, if
such a finite set of portfolios exists, is it possible tolaite their performance to implied investment
management styles and how such attributions evolve along the setinadbportfolios?. To answer
the first question, we estimate the complete set of pardfdhat are first- and second-degree
stochastically dominant versus the benchmark using modified aptiom techniques developed by
Scaillet and Topaloglou (2010). For the first degree stochdgtitnance efficiency, we solve mixed
integer optimization programs. For the second degree stoclimstimance efficiency, we solve
linear optimization programs. Thus, we apply for first timehe literature the concept of Stochastic
Dominance Efficiency on a global scale portfolio optimimatproblem. Our choice to apply such
methods to privatisation portfolios is unique in the finantardiure. Subsequently, to answer the
second question for the finite set of estimated portfoliss perform robust Bayesian estimation of
their exposure to investment management styles captured by fadtoicking portfolios
approximating Value Growth Size and Debt Leverage. This is performed using Monte Carlo
Integration along the lines of Kloek and van Dijk (1978) asud Rijk and Kloek (1980) in the context
of Sharpe (1992)

Our evidence reveals a significant number of portfolios wfirstr and second-degree stochastically
dominate the market benchmark, typically smooth and stableweigiting non-Cyclical and non-
Strategic asset¥Ve also observe rotation of portfolio weights across businessscyaflecting better
performance of small size companies and large privatizatimsactions signalling less state control.
Moreover, Growth style frequently drives portfolio retuthsing the first business cycle from 1985
to 1994 which is in contrast with the international evidecebnventional equity portfoligsvhich
then rotates to Growth and a balanced mix of the remabstylgs driving returns during the cycle
from 1995 to 2003. Size style leads returns during the last busirdesfoym 2004 to 2012, a result

in agreement with the international evidence, see Rgué@ns and Timmermann (2000). Finally,



Value appears as the least important style in all periodgsalt in contrast with the broader
international evidence on conventional equity portfolios bosistent with more recent evidence.

The plan of the paper is as follows. In Section 2 we prozieef review of the literature over the
last two decades, in Section 3 we outline our stochastic doneirmgticnization procedures, our data
set and the respective portfolio selection results. In &ecti we outline our robust Bayesian
performance attribution methods, the construction of investmgatfattor mimicking portfolios and
the associated empirical results. In section 5 we offer slisnassion and concluding remarks.

2. Stochastic Dominance Efficiency in the Global Privatization Brtfolio

The Markowitz (1952) mean-variance approach is a seminalilmatidn to portfolio selection,

however it is based on a number of restrictive assumptions iegjdéineé data and investor preferences
and presents error-maximising properties leading to extreohetions. Moreover, variance is a
popular risk measure but it is associated with a restrictesk cbf preferences and probability
distributions and is not robust to outliers (extreme deviations aalgrover-weighted and small

deviations are relatively neglected). This is a fundamensdlgmm in the mean-variance approach and
it is also the reason why this approach, unlike most decisiaridbe does not have a natural

preference foundation.

Young (1998) uses the minimum historical return as a measurekofarsl generates optimal
portfolios that minimize the maximum loss over all past obsiens for a given level of return.
Yamazaki and Konno, (1991) propose the mean absolute deviation asarenef risk, resulting in
optimal portfolios as a solution of linear optimization probleni®ockafellar and Uryasev (2000)
propose the Conditional-Valu-Risk (CvaR), which is the conditional expectation of losses
exceeding the ValuatRisk (VaR), as an alternative risk measure for podfetlection. Alexander
and Baptista (2004) compare the performance of VaR and CvpBrifolio selection with the Mean-
Variance model. A complete review of risk measures is auedain the paper by Frittelli and
Rosazza Giannin (2002).

It is well known that asset returns cannot be described by ar@hwariance alone. For example, the
monthly returns of many stocks exhibit positive skewness and ekaoessis. Also, a wealth of
psychological research on decision-making under uncertainty suggestiskhaannot be described
by variance. Especially the phenomena of skewness preference aaddsssn have attracted much
attention among financial economists. This provides a ratidioaleeplacing the MV and other

currently used parametric risk-return criteria with a engeneral efficiency criterion that accounts for



higher-order central moments (such as skewness and kurtosis)aldégento do so by employing a
stochastic dominance (SD) methodology.

Stochastic dominance introduced by Quirk and Saposnik (1964uehdr developed by Hadar and
Russell (1969), Hanoch and Levy (1969), Rothschild and Stiglitz (18nd)Whitmore (1970), is a
useful concept for analyzing risky decision making when partiaimation regarding the decision
maker’s risk preferences is available. The theoretical attractiveness of SD lies in its nonparametric
nature. SD criteria do not require a full parametric $jpation of the preferences of the decision
maker and the statistical distribution of the choice alteresitbut rather they rely on a set of general
assumptions. The first order stochastic dominance criterionsptacéhe form of the utility function
no restriction beyond the usual requirement that it is noredsitrg, i.e., investors prefer more to
less. (Bawa, 1975). Thus, this criterion is appropriate for iskhaverters and risk lovers since the
utility function may contain concave as well as convex segnméwing to its generality, the first
order stochastic dominance permits a preliminary screerfirigvestment alternatives eliminating
those, which no rational investor will ever choose. Therst@oder stochastic dominance criterion

adds the assumption of global risk aversion.

Optimization of investment portfolios is an interesting apfplica area for SD because, first,
economic theory does not provide us with strong predictions about inyesferences and asset
return distributions, and second, nonparametric analysis caerefit from large data sets that are
now available. Still, the focus of the research in this dn@s predominantly been on mean-variance
approach (MV). Unfortunately, MV is consistent with expdaility theory only in the case where
investor preferences and return distributions obey highly regericonditions (see, e.g., Hanoch and
Levy 1969, Levy 1992). The main disadvantage of the mean-varianceaappsothat it allows for

violations of first-order stochastic dominance, since ibisrabust to outliers.

An important reason why SD has not been applied befotteei construction of optimal portfolios is
the restriction that until recently, stochastic dominammedcconly be tested pair-wise. Thus, we could
only compare the return distribution of asset A over asset B, refpect to the SD criteria. Barret
and Donald (2003) proposed a consistent bootstrap test, foretialsgase of independent prospects,
and showed that it has an asymptotically exact size on thddgasable points in the null hypothesis.
Linton, Maasoumi, and Whang (2005) provide a comprehensive theorferdrioe for a class of test
statistics for the standard pairwise comparison of prospectst mull hypothesis is of stochastic
maximality in a finite set, i.e., that there is atdeone prospect that weakly stochastically dominated
some of the others. The alternative is two-sided and the nuohb@ospects considered is finite.

Because this only involved pairwise comparison it is not appropiistéhe situation where an



investor may combine a set of basis assets into a portfolior Sihéests has been suggested in the
literature; see e.g. Anderson (1996), Beach and Davidson (198@dsbDa and Duclos (2000).
However these tests rely on pairwise comparisons made at anfixauler of arbitrary chosen points.
This is not a desirable feature since it introduces the padtssifitest inconsistency.

The portfolio problem is especially difficult, because va@éhto consider infinitely many portfolios,
while the standard SD rules rely on pairwise comparison ohthieidual alternatives. Recently, there
has been signifficant progress on computational and statiststeds that have advanced the position
of the stochastic dominance method, introducing the notionosh&stic Dominance Efficiency. This
notion is a direct extension of stochastic dominance to thewdaee full diversification is allowed.
This means that we can now compare the return distribution gb@ntfplio that can be constructed

from a set of assets, with another portfolio.

Post (2003) and Post and Versijp (2007), propose tests of thehgpotbesis and provide a method
of inference based on a duality representation of the investor’s expected utility maximization problem.
Their procedure relies on ranked observations in an frednework. Kuosmanen (2004) develop
linear programming tests for SD efficiency that do actdomdiversification possibilities. Although
these tests provide an important step in the evolution ofRh@&hodology, they rely intrinsically on
using ranked observations under iid assumption on the asset retumigarZ to the initial

observations, ranked observations, i.e., order statistesoalonger iid.

Scaillet and Topaloglou (2010) develop consistent tests for SByairder for time-dependent data.
Serial correlation is known to pollute financial, and terlbften severely, the size and power of
testing procedures when neglected. They rely on Kolmogorov-8miype tests inspired by the
consistent procedures developed by Barrett and Donald (28688hgtfor SD. They develop general
SD efficiency tests that compare a given portfolio wittoptimal diversified portfolio formed from a
given finite set of assets. They build on the general distributidnitiei of SD in contrast to the

traditional expected utility framework.

The concept is used in numerous empirical studies and pidafitiancial applications; see for
example, Lozano and Gutierrez (2008), Dupacova and Kopa (2012), Wizgank Ruszczynski
(2012). Kopa and Post (2013) represent the general N-th orderri®bon by using general

picewise-polynomial functions that are linear in the parammeter

In spite of these attractive features of SD Efficiency verswse traditional portfolio selection
technigues, one might still question our choice on the basis sfrtbmess of the dominance criterion

applying to all utility functions in a given class, even tosththat describe extreme preferences which



rarely represent investor behaviour and violate SD predicticshino and Levy (2002) established
the concept of Almost Stochastic Dominance (ASD), fornmgisules which exhibit a preference
structure for most decision makers, but not for all of théms allowing for accommodation of a
number of perspectives. Tzeng et al (2013) show a counterexaonile main results of Leshno and
Levy and provide a new definition of Almost Second-Degree Stdchastminance which is shown

to be necessary and sufficient condition to rank asset refigtributions for all decision makers
excluding extreme preferences. Although both Leshno and Levyl zemy approaches contribute a
breakthrough in the stochastic dominance literature, Xu (2013) sthavéhe former exhibits the

hierarchy property but not the expected-utility maximizatwhile the latter exhibits the expected-
utility maximization but not the hierarchy property. Unforately, empirical applications of ASD,

such as estimation of portfolios or portfolios that dominatebenchmark portfolio, are

computationally prohibitive because of the structure of the ASMDcept, see Lizyayev and
Ruszczynski (2012).

The above papers test for weaker versions of the aforementioriedsnot stochastic dominance.
More specifically, they allow a portfolio A to be FSDS[S) efficient if and only if it is not dominated
by any other portfolio constructed from a set of assets. Tgarplio A is efficient, if and only if
there exists an increasing (concave) utility function thibmalizes the optimal choice of A over any

other portfolio.

In this paper we develop a stochastic dominance methodology to mhetemmether asset allocation
decisions on Strategic vs. non-Strategic and Cyclical vs. nolic@lyasset clags improve the
feasible choices for non-satiable and risk-averse decision makemsutHnitial portfolio selection we
opt for stochastic dominance procedures as proposed by Saadi&topaloglou (2010) who use SD
Efficiency techniques that can compare a given benchmatkolmrwith an optimal diversified

portfolio constructed from a set of assets.

In contrast, Scaillet and Topaloglou (2010) use a stronger versfoahmastic dominance efficiency.
In this paper, we adopt the SDE definition of Scaillet angaloglou (2010), where a portfolio is
defined to be SD efficient when it stochastically domisait other portfolios for any given SDE
criterion under consideration. If a portfolio dominates #iko portfolios then it is not dominated by
any other portfolio, thus it is SD efficient. The Slediand Topaloglou (2010) SDE methodology is
more general than the previous SDE methodologies in that it doesswoine that asset returns are

independent and identically distributed.

We use the Scaillet Topaloglou test, motivated by the assuntptbian investor being uncertain of

the exact form of her utility function, needs to have a teswlufther a given portfolio can be



considered as an optimal choice for any given utility functidmus, we test for global optimality
rather than using first-order conditions.

We test whether we can construct optimal portfolios of &ratvs. non-Strategic and Cyclical vs.
non-Cyclical assets that dominate the benchmark portfolio vegipect to the first and second

stochastic dominance criteria.
2.1 Stochastic Dominance Efficiency

We consider a proces¥'{ t in Z} taking values in R The observations consist of a realization6f {
;t=1,..,T} These data correspond to observed returigedifferent investment alternatives (that
is, Strategic and non-Strategic, or Cyclical and non-Cgchsset returns). We denote by)Fthe
continuous cdf o =(Y1,Y2) ' at pointy=(y1,y2) ".

Let us consider a portfolid in L, where L = § in R2: €' A=1} with e being a vector of units. This

means that short sales are not allowed and that the porfeights sum to one.

Let us denote by G@F) the cumulative density function (cdf) of the portfolio raetuty at point z
given by

G(zMF) = QI(/ & £ 2)dF (u) (1)

R"

where I( ) denotes the indicator function taking the valukeibf'u = z and 0 otherwise.
Further, define

J.(z4; F):= A z24; B,

z z 2
3,(24;Fi= [ Qui; Bdu= [ J wi; Fd (2

2.2 Portfolio construction under stochastic dominance efficieritgyria

In this section, we describe the two SDE criteria we emptbgjr respective mathematical
programming formulations and the way we apply the Scaitidt Topaloglou (2010) statistical test to

construct optimal portfolios.
2.2.1 Mathematical Formulation for FSDE

The distribution of portfolid. dominates the distribution of the benchmark portfelistochastically
at first-order (FSD) if, for any argument z(zk;F) > J3(z\F). If the portfolioA dominates the



benchmarkes at first order, then the returnstrare always lower that, so thath is preferable. Figure
1 displays the first stochastic dominance of portfblmver the market portfolio.

Figure 1. First-degree stochastic dominance efficiefigpfolio A over the market portfolio 7.

0.9
0.8
0.7

0.6

=—G(z,T;F)

= G(z,AF)

0.5

0.4

rr———— T AT 0T

0.3

0.2

0.1

Return

The objective function that we use is the following:

Max, ,[X(z7; F)- G z4; B] 3)

The above maximization specification results in the optimatffgim A constructed from the set of
alternative investment assets that reach the highest retumn dgoren probability. The first order
stochastic dominance criterion places on the form of thigyutiinction no restriction beyond the
usual requirement that it is non-decreasing monotonic funcfian ice., when U' (z 0, in which
case investors prefer more to less. Thus, this criterion is afdeofor both risk averters and risk
lovers since the utility function may contain concave as wagllconvex segments. Owing to its
generality, the first order stochastic dominance permits elinpnary screening of investment

alternatives eliminating those which no rational investor evilr choose.

To solve the problem described by equation (3), we discréteedriable z and we solve smaller
problems P(r) in which z is fixed to a given retur(see Scaillet and Topaloglou 2010 for the proof

and the derivation of the optimization problem). Then, we the value forz that yields the
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maximum distance in equation (3). Hence, the problem boils dowtmetfollowing MIP minimization
problem.

m/inéT_Wt
t=1
s.t.
MW, -DEr- ¥ £EMW, (4)
el =1,
/30,
w1{0,1,"t¢

The model is a mixed integer program minimizing the sumlddiaary variables W According to
the first set of inequalitiedV; equals 1 for each scenario t for which k'Y:, and O otherwise. The
following equation defines the sum of all weights to be unity, wihite last inequality disallows
negative weights. For the optimal solution, which involves 60 dnire2ger optimisation programs, it
takes less than thirty minutes. These linear problems haegsafeasible solutions. The problems are
optimized with Gurobi solver on an iMac with 4*2.93 GHz Powi#, GB of RAM. The Gurobi
solver uses the branch and bound technique. The optimizatiolempsolare modeled using GAMS

(General Algebraic Modeling System).
FSD is a sufficient but not a necessary condition for second-statshastic dominance (SSD).
2.2.2 Mathematical Formulation for SSDE

For SSD the objective function that we use is the following:
Max,,[ [ G(uz; Fydu- [ G uz; B dl (5)

Figure 2. Secondegree stochastic dominance efficiency of portfolio A over the market portfolio .
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The second order stochastic dominance criterion adds the agsuofgglobal risk aversion, in which
case the utility function is non-decreasing monotonic and concaetidn of z, i.e., U' (z¢ 0, and

U" (2) < 0. This criterion is based on a stronger assumption and theriéfioeemits a more sensible
selection of investments. The model for second order stockastimance efficiency is formulated in
terms of standard linear programming. Numerical implemiemtat first order stochastic dominance

efficiency is much more difficult since we need to devetiped integer programming formulations.

Again, according to Scaillet and Topaloglou 2010, we trasfmodel (5) into the following linear

program, which is very easy to solve:

MinéT.Wt
t=1
S.t.
w3r-1o,"t (6)
e =1,
/30
w30/t

According to the first set of inequalitied/; equals r 1'Y: for each scenario t for whicherd'Y:, and
0 otherwise. The following equation defines the sum of all weightbe unity, while the last

inequality disallows negative weights.

12



For the optimal solution, which involves 60 linear optimizationgpams, it takes less than one
minute. These linear problems have always feasible solutidms.pfoblems are optimized with
Gurobi solver again. Fabian et al (2011) suggest algorithmic impeawsrfor stochastic optimization
problems with second stochastic dominance constraints based orfiodualations. Robustness
analysis of dominance relationships traditionally focuses ordula¢ formulation; see for example,
Dentcheva and Ruszczynski (2010), and Liu and Xu (2013).

2.3 The Global Privatization Portfolio

We consider the total number of privatisations deals acrosgltie that is available in the SDC
Merger and Acquisition database. Our initial sample covedeals of the period from 1985 to 2012,
for which the database reports a total number of abo@062privatization transactions on listed
assets. Privatization transactions that take placet@fk- exchange, through “trade-sales”, are less
transparent and their data are more difficult to collduis they are not included in our sample.
However, at this point we need to clarify that the chofcgrivatization method does not relate to the
quality of the deal, but rather reflects a plethora of patara that a policy maker has to take into
account. For example, current market conditions may ndavmirable for asset sales through the
stock market, or the government policy requires the exclusidinasfcial investors and attraction of
specialist investors within asset’s industry sector. To be included in our sample we require
information on announcement date, transaction value ar@ ghices to be available. This filtration
left us with a sample of 7855 deals across the globe for 67 caynttiech concerns the majority of
the listed privatized assets across countries. Subsequeatlised Datastream to collect information
on share prices and other variables for each target compangllass the corresponding national
market benchmark from the date of privatization transa¢tid2012. We characterise the companies
in our sample by their countries of origin and sectorsadgml collect information on the sector of the
acquirer firm. Using this information, we classify theadat two ways. First, when a target company
belongs to the same sector as the acquirer company wetehiaethis as a strategic investment, so
we have a distinction between Strategic versus non-Strategstiments, see OECD (2010), Czerny
et al. (2014). Second, we use the Datastream classificatiderttify companies belonging to cyclical
sectors, so we have a second distinction of Cyclical versus nomc&yabsets, see Morningstar
(2011), J.P.Morgan (2012), and Lebovitz et al (2016). Thus, oursaimdonstruct our basic dataset
so that we obtain for each country aggregate fundnetfor Strategic vs. non-Strategic and Cyclical

vs. non-Cyclical transactions.

Due to the long horizon of privatization investments, we considary-and-hold strategy of a global

investor who invests in country privatization funds versus the mhdmehmark. For each country,

13



we measure the return of each asset from the privatizaingatction date to the end of a predefined
sample sub-period, which is an evémdate return as in Spiess and Aflek-Graves (1995) and
Cochrane (2005). Then we aggregate the annualised returssets svithin each country fund for the
respective sub-period of the full sample 1985-2012. For Strategiosv@on-Strategic investments
the four sub-samples are defined as 1985-1995, 1996-1998, 1999-2003 and 2004-2012Fperiods.
Cyclical versus non-Cycla@d investments our sub-periods correspond to 1985-1994, 1995-1998,
1999-2003 and 2004-2012 respectively. The setting of sub-periods differgydtigtween the two
classification schemes because of the relatively low frequehtnansactions for some countries in
the 1980°s and our requirement that at least one transaction is available for each country in each sub-
period. Moreover, this condition also forced us to aggregate oves penipheral countries, thus
eliminating the effects of possible idiosyncratic factdnsparticular, for the Strategic versus non-
Strategic classification we combine in three cases, nabBsthnia, Ukraine and Kazakhstan; Jordan,
Oman and United Arab Emirates; and Thailand and Vietn@his aggregation leads to a sample of
62 countries. Similarly, for the Cyclical versus non-Cydlidassification we combine in six cases,
namely Czech Republic and Hungary; Estonia, Ukraine and Katzak Ghana and Nigeria; India
and Sri Lanka; Jordan, Oman and United Arab Emirated;Morocco and Tunisia. Thus, for the
latter classification we are left with 59 countries withmplete data We observe that the chosen
country aggregations do not fully coincide for our Cyclisaik Cyclical and the Strategic-non
Strategic allocations, while sample sub-periods are also of unleqg#h. These choices have been
dictated by the limitations of the database and the needlfibtiie requirement that at least one
transaction should fall within each country-period gkthwever, our sample sub-periods tend to
agree with the different phases of the global business cydtw fa€ estimated by Kose et al (2012).
In particular, the period from 1985 to 2012 covers roughly tfukecycles, where our first sub-
sample corresponds roughly to a full cycle, our second sub-samphkspmands to a period of
moderate expansion, our third sub-sample corresponds to a recessidinafly our fourth sub-
sample corresponds roughly to a full cycle. Due to largebenrof privatization transactions that took
place since 1995 and for the subsequent years, we have beansilethe second cycle in two sub-

periods.

In the following we provide some details explaining how the agdeagturns are calculated over the
respective sub-periods. For each transaction we assume aghpégiod from its inception until the
end of the sample sub-period. Any transactions that took pladeg the first (second) half of a

particular year are considered as if they took pladkeeabeginning (end) of the year. As an example,

* The full list of countries participating in our two alternattlassifications is available to the reader upon
request.
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suppose that for a given country the sample sub-period ceniterm 1993 to 1998, over which we
observed four privatisation transactions (1993, 1995, 1997 and 1998}y athtook place at the
beginning of the respective year. We calculate the annualeech rfor each transaction over the
respective holding period; that is, from 1993 to 1998 for the fiastsaction, from 1995 to 1998 for
the second transaction, from 1997 to 1998 for the third transautirirom the beginning until the
end of 1998 for the last transaction.

Annualizing the returns allow us to compare returns across diffgreriods. Subsequently, we
aggregate annualised returns across transactions within ceactry fund using three different
weighting schemes: equal weighting, asset market value \ivgjggahd transaction value weighting.
This choice results in three different portfolios, eacheotihg a different emphasis on asset
characteristics: the relative size of the asset in th&kenathe relative size of the privatization
transaction or no distinction between assets. We use the ggreaeh to compute benchmark
returns, for each country in the respective time periatigre equally weighted aggregation now
takes place across all assets that participate in the country’s general index. We present the properties
of the empirical distributionsf our return data in Figures 3.1-3.3 in the Appendix, showing clearly
non-normality of the data as well as substantial differerimsween asset classes, which further

justifies our choices for the study of particular asset classethamusef non-parametric methods.
2.4 Empirical Results

In Tables 1 and 2 we present the average estimation resutisrfowelve Cyclical vs. non-Cyclical
and the twelve Strategic vs. non-Strategic portfolio atlonacases. The lines exhibit the optimal
portfolios by the method of calculating country fund returnsjeathe columns exhibit the optimal
portfolios by period. The results suggest strongly that in generatameconstruct portfolios of
Cyclical versus non-Cyclical funds or Strategic versus non-Strategis filnad dominate the market

benchmark.

Table 1 presents results for Cyclical vs. non-Cyclical funds, wiverebserve that for seven out of
twelve allocations it is possible to construct portfolios Hwih first- and second-degree stochastically
dominate (FSD, SSD) the market benchmark, in two cases #&xét portfolios that only FSD the
market benchmark, while in three cases there is ho donpnizatization portfolio. In particular, the
market benchmark dominates market value-weighted returatigation portfolios in the period
1995-1998, which is a period of economic expansion over which greater expodarge market
value assets cannot outperform the market. Moreover, the nisekehmark dominates both market
value-weighted and transaction value-weighted returnafization portfolios in the period 2004-

2012, which is a period covering a full business cycle over which ovesasepto large assets and
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large transactions cannot outperform the market. In two casesbserve only FSD portfolios, in
1995-1998 for equally-weighted returns and in 1999-2003 for markee-vadighted returns,
showing that in these cases the market benchmark portfolidissfiSient.

Table 1. Cyclical vs.am-Cyclical Portfolio Allocations

1985-1994 1995-1998 1999-2003 2004-2012
FSD SSD FSD SSD FSD SSD FSD SsD
o) Dominant Portfolios 14 27 26 Benchmark 59 59 41 45
§ Cyclical Weight 0.09 0.07 0.84 - 0.51 0.53 0.11 0.19
E Non-Cyclical Weight 0.91 0.93 0.16 - 0.49 0.47 0.89 0.1
Dominant Portfolios 52 46 Benchmark 21 Benchmark Benchmark
§ g Cyclical Weight ~ 0.02  0.02 - 004 -
al:: Non-Cyclical Weight 0.98 0.98 - 0.96 -
Dominant Portfolios 50 59 50 11 59 59 Benchmark
E % Cyclical Weight 0.09 0.10 0.97 0.99 0.22 0.40 -
T Non-Cyclical Weight 0.91 0.90 0.03 0.01 0.78 0.60 -

Note: The table presents the number of dominant portfolidstlaeir average weights. EW,
MVW and TVW denote Equally Weighted, Market-Value Weightedl Transaction Value-
Weighted respectively. FSD and SSD denote the first- ambnsl-degree stochastically
dominant privatization portfolios respectively over the market benchmark. “Benchmark™ means

that there is no privatization dominance at any order.

Table 1 also presents the average weights of FSD and SSD ipsytfohile Figures 4-6 present
graphically the detailed evolution of weights for all estigdaportfolios ranked from most efficient to
least efficient. The general picture reveals strong overwegghif non-Cyclical versus Cyclical
privatization funds for all periods except 1995-1998 for which ersighis placed on Cyclical assets,
suggesting that over the full course of a business cycle (1985-1994, 2004-20l12sdun
recessionary periods (1999-2003) it is possible to construct patiatiphasising non-Cyclical assets
to outperform the market. However, during economic expansion (1998) portfolios have to

overweight Cyclical assets to be able to outperform thé&ehar

The rotation of portfolio weights exhibits different chaeaisttics across different country fund types.
In particular, during the first business cycle all countrydfiypes exhibit non-Cyclical dominant
portfolios, of which equally-weighted and transaction galkeighted portfolios subsequently switch

to Cyclical assets to benefit from the booming period of the hesiness cycle. This switch is
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optimal for FSD but not SSD, except of transaction valegted funds, showing that large
privatizations tend to exhibit higher return and lower witkaieading to outperformance. This result
is consistent with evidence suggested by Dyck and Zingales (20048 waratrolling block sales of
state assets generate superior results. These results asedewesr expected, during the recession
phase of the second business cycle but to a different degrddéféoent country fund types. During
the third business cycle, we observe dominance of the marketrbaric portfolio for size-driven
country funds, pointing that the reappearance of non-€faliominant portfolios in equally-weighted
country funds is primarily attributed to the performanterall companies.

Reviewing the evolution of portfolio weights in Figures 4-6, wesolxs a number of convergence and
divergence patterns between FSD- and SSD-efficient posfadi® well as a remarkable stability of
SSD portfolios over FSD to maintain dominance over thekebdyenchmark. For equally-weighted
return portfolios in the periods 1985-1994 and 2004-2012, which coveristemtdbusiness cycles,
we observe that FSD and SSD portfolios converge for higlsl@fedominance and start diverging
for lower levels, as FSD captures higher returns per unit offastkr than SSD which penalises for
risk. A different picture is revealed in the period 1999-2003, avhégher efficiency portfolios start
with divergence and then tend to converge for lower levels antseetlee weighting scheme. Given
the stability of the weighting schemes for market value-weighiedl transaction value-weighted
returns, which emphasise the effects of size, it is likiedy this weighting scheme reversal reflects

strong return characteristics effects from smaller companies.

Table 2 presents results for Strategic versus non-Strategic funelse we observe that in seven out
of twelve allocations it is possible to construct portfoliogttioth first- and second-degree
stochastically dominate (FSD, SSD) the market benchmarite W the rest five cases there is no
dominant privatization portfolio. In particular, the marketndtemark is dominant during the
expansion period of 1996-1998 both equally-weighted and market-wadighted return privatization
portfolios, and is outperformed by FSD and SSD portfotiofy in the case of portfolio returns
emphasising large privatization transactions. Moreover, as bleTh the market benchmark
dominates both market value-weighted and transaction valigdwed return privatization portfolios
in the period 2004-2012, so overexposure to large assets and laggetians cannot outperform the
market. Finally, the market benchmark dominates all masdete-weighted privatization portfolios,
with the exception of the recession period 1999-2003, which provides amprivatization

portfolios for all return type

Table 2. Strategic vs. Non-Strategic Portfolio Allocations

17



1985-1995 1996-1998 1999-2003 2004-2012

FSD SSD FSD SSD FSD SSD FSD SSD

@ Dominant Portfolios 58 62 Benchmark 62 62 17 12
§ Strategic Weight 0.10 0.19 - 0.27 0.17 0.88 0.78
E Non-Strategic Weight 0.90 0.81 - 0.74 083 0.12 0.22
Dominant Portfolios Benchmark Benchmark 18 62 Benchmark
E g Strategic Weight - - 0.02 0.20 -
=c Non-Strategic Weight - - 0.98 0.80 -
Dominant Portfolios 59 62 41 61 62 62 Benchmark
E % Strategic Weight 0.32 090 0.05 0.08 0.4 0.4 -
4

Non-Strategic Weight 0.68 0.10 0.95 0.92 0.6 0.6 -

Note: The table presents the number of dominant portfohdstlaeir average weights. EW,
MVW and TVW denote Equally Weighted, Market-Value Weightedi Transaction Value-
Weighted respectively. FSD and SSD denote the first- ambnsl-degree stochastically
dominant privatization portfolios respectively over the market benchmark. “Benchmark™ means

that there is no privatization dominance at any order.

As in the previous case, Table 2 also presents the average wéigld and SSD portfolios, while
Figures 7-9 present graphically the detailed evolution of weifgitall estimated portfolios ranked
from most to least efficient. The general picture reveatmgtoverweighting of non-Strategic versus
Strategic privatization funds, irrespective of cycle peraod return definition. Strategic assets are
overweighed only in periods 2004-2012 for equally weighted returnsfydignthe effect of small
companies as in the case of Cyclical versus non-Cyclicalatitbes, as well as in the case of period
1985-1995 for transaction value-weighted returns. The latterdmgdops a disagreement between
FSD and SSD results, where FSD is captured by aggressive piaracteristics irrespective of risk

and is lead to weighting scheme reversal to maintain doggnaver the market benchmark.

The rotation of portfolio weights exhibits known but simpler pateacross different country fund
types as compared @yclical vs. non-Cyclical allocations. In particular, we eh& a stable presence
of non-Strategic dominant portfolios for equally-weighted aransaction value-weighted country
funds during the first two business cycles. Moreover, we observeolorifeights of equally-
weighted country funds switching towards Strategic portfoliotnd the third business cycle, a result
attributed to the performance of small companies as in tee o& Cyclical vs. non-Cyclical

allocations. Finally, our evidence suggests that the effderge privatizations is also present in this
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type of allocations, allowing for the selection of dominanttfpbbios over the market benchmark

signalling higher performance of assets with less state control

Our cross-sectional evidence suggests clearly the existencerttdlips that beat the benchmark

under very unrestrictive conditions. To verify our initial findingwe also pursue in-sample

performance evaluatidnanalysis through Sharpe Ratio and U-P Ratio statisticsodo average

dominant asset allocations of Table 1 and 2, subject to traomsaosts. Our findings are presented in

Table 3 and Table 4 and are fully consistent with our evidena@®minant portfolios, suggesting the

superiority of our portfolio choice over the benchmark.

Table 3. Sharpe Ratio for Asset Allocations (p-values iemiheses)

1985-1995 1996-1998 1999-2003 2004-2012
FSD SSD FSD SSD FSD SSD FSD SSD
Strategic vs  0.205 0.185 i i 0.323 0.305 -0.037 -0.069
" non-Strategic (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000)
c
*qjj Cyclical vs  0.328 0.326 0.092 0.238 0.236 -0.180 -0.183
g non-Cyclical (0.000) (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000)
w
benchmark -1.781 -1.781 -0.895  -0.895 -3.082 -3.082 -0.507 -0.507
Strategicvs i i ) 0.013 -0.007 ) )
4] non-Strategic (0.000) (0.000)
5
E Cyclical vs  0.220 0.221 i ) ) 0.006 ) )
% non-Cyclical (0.000) (0.000) (0.000)
= benchmark -2.102  -2.102 -1.005  -1.005 -3.233 -3.233 -0.530 -0.530
Strategicvs 0.164 0.179 0.011 -0.010 0.794 0.791 ) )
@ non-Strategic (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
5
E Cyclical vs  0.637 0.631 0.134 0.142 0.693 0.723 i i
% non-Cyclical ).000) (0.000) (0.000) (0.000) (0.000) (0.000)
. benchmark -1.754 -1.754 -0.886  -0.886 -3.041 -3.041 -0.503 -0.503
Table 4. U-P Ratio for Asset Allocations (p-values in preses)
1985-1995 1996-1998 1999-2003 2004-2012

5 Out-of-sample performance analysis would require the constrnuatitrading rules and the use of substantial
time series data which are unavailable in the confgutiatization portfolios.
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FSD SSD FSD SSD FSD SSD FSD SSD

Strategic vs non- 0.830 0.761 i ) 1.855 2.040 -0.065 -0.124
@ Strategic (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000)
% Cyclical vs non- 1.910 1.902 -0.281 ) 1.026 1.007 -0.253 -0.267
; Cyclical (0.000) (0.000) (0.000) (0.000)  (0.000) (0.000) (0.000)
w
benchmark -1.960 -1.960 -1.276 -1.276 -4.136 -4.136 -0.964 -0.964
Strategic vs non- i i ) 0.027 -0.009 ) )
o Strategic (0.000)  (0.000)
5
E Cyclical vs non- 1.040 1.044 i ) ) 0.013 ) )
E Cyclical (0.000) (0.000) (0.000)
= benchmark -2.018 -2.018 -1.369 -1.369 -4.302 -4.302 -0.914 -0.914
Strategic vs non- 0.280 0.480 0.027 -0.011 3.710 3.711 ) )
© Strategic (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
5
E Cyclical vs non- 2.001 1.985 0.256 0.274 2.346 3.057 ) )
E Cyclical ).000) (0.000) (0.000) (0.000) (0.000) (0.000)
. benchmark -1.929 -1.929 -1.260 -1.260 -4.086 -4.086 -0.960 -0.960

3 Global Privatization Investment Styles

Asset funds are typically characterized by their investmeamagement style. In this section we
examine the point of view of a global asset manager and apiplist procedures to determine the
mixture of his/her investment styles. We perform return attobuginalysis of our FSD and SSD
privatization portfolios along the seminal work of Sharfi888, 1992), who attributes portfolio
returns on a finite set of factors capturing investment mamaigiestyles. The analysis effectively
offers a breakdown of our initial asset allocations of Cytlisanon-Cyclical assets and Strategic vs.
non-Strategic assets into investment style sub-portfolios ctiesissed by debt leveragsize value
and growth features. This follows Fama and French (1992, 1983jntroduce value and size but
also expands to characteristics capturing leverage and gr&wtle. investing was analysed in a
decision making behavioural context by Barberis and Shleifer (20B83)introduced the “positive
feedback effect” where an asset may start following an investment style once nomiclabgified as a
follower of that style. Style analysis constitutes a popularcagi to empirical portfolio performance
measurement as applied by Brown and Goetzmann (1997), Kein adttha (1997), Mass and
Zhang (2009), Teo and Woo (2004), Boyer (2011) and Wahal and Yavuz (J0i3)atter three

studies present evidence in agreement with the Barberis Bif@iS{2003) predictions.

3.1 Bayesian Sharpe Style Analysis
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Sharpe Style Analysis attributes portfolio retugnen a finite set of factors X capturing investment
management styles, such that

y=Xf+u
st (7
1'f=1and =0

wherey is a vector of N returns, X a matrix of N observationskatyle factor returnsf is a vector

of K style factor betas] is a vector of units and the random variale N{(0,c%I). The non-

negativity constraint is useful, as it allows the beta caeffis to be interpreted as a vector of weights
on investable indexes. However, the presence of inequality coisti@in style factor beta
coefficients introduces difficulties for least squares-basethasdn in that the distributional
properties of the estimates are not known. For this reason wehgeabove model from a Bayesian
perspective and impose the parameter constraints in tmediomformation encapsulated anprior
distribution. Then, using the derived posterior distribution one camagst moments and other
functions of the style parameters by means of Monte Carlorhiten, introduced by Kloek and van
Dijk (1978) and van Dijk and Kloek (1980).

We can impose the equality constraint by restating the ahodel in terms of deviations from one of

the style factors, say the k-th, so that

y* = X*B* +u
st (8)
pr=0

where the i-th elements of the restated variablew;are v; — xp; and x;; = x;; — x,; foralll = k.
The new vectof* has K-1 elements and the K-th beta can be obtained frormgwséd constraint

1-1'B. To be able to impose the inequality constraints we shit & as a random variable in

population for which we have prior information in the foofinequality constraints, while we shall

assume that all style factors Xi are independent of each other anden* and o. Applying Bayes

law, the joint posterior density ¢ and a2 can be written as
Posterior(f*, o2|y*,X*) = Likelihood (8*. o°|y*,X*) x Prior(*, o%) 9)

The specification of the prior distribution will have an impEopininformative component abcmt

and an informative one aboyf#* capturing the inequality constraint. Then, under normality

assumption aboui®, we can obtain an analytical form for the posteristrihution and generate
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random draws for the vect@*. We shall follow the Monte Carlo Integration approach afédd and

van Dijk (1978) and van Dijk and Kloek (1980) to calculatertimenents of style beta coefficienfis.

Following van Dijk and Kloek (1980) our prior distribution catsiof (a) an improper uninformative

component fors> and (b) an informative component f@" which captures our prior knowledge

embedded in the constrait > 0. Then, by independence we have

Prior (ﬁ'*,az)z ot q(ﬂ*) (10)

where

Under the assumption of multivariate normality for Judge et al (1985) show that the posterior

density is a multivariate-t of the form

1
. C o o ~>(A+K-1)
. * * * _b IXI X - b 2 *
Posterlor(ﬂ ‘y » X ):c[/u (f =D) 2 p )} xq(/} ) (11)
where
i
Azr [%{,1 +K-1)]
“TTEI 2 ; 1
T 2 F[E]det(c?‘(X“*X*}‘l}:

A denotes the degrees of freedo!ﬁ( . ) is the gamma function, is the OLS
estimator of #~ and . The above equation is now of use in Monte Carlo

Integration to calculate the posterior momeritg80 as introduced by Kloek and van Dijk (1978) and
van Dijk and Kloek (1980). Assuming an Importance Function @ehi)(/)’*) which proxies the

posterior density, then for any functia( . ) and T random drawg; , 8, ..., 8; from I(ﬁ'*), it can

be shown that

im Tlil: g(ﬂf)POSIt?;?)f(/’?\y*X*): E(g(g)|y x’) (12)

Too
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which holds apart from a normalizing constant that carahmilated separately. This result suggests
that we could use multivariate-t distribution as our Ingrace Functionl (,[3) to proxy the posterior

distribution. Then our Monte Carlo Integration Estimator reduo

=Y ols)als)) (13)

In implementing the above procedure we generate multivardiséributed vectorgs” following a

standard procedure and set the number of replications teqL0s.

3.2 Construction of Factor Mimicking Portfolios

We approximate the true and unobservable investment style fatiebtdeverage, size, value and
growth by computing portfolios that mimic their behaviour. Ther fFactor Mimicking Portfolios
(FMPs) are constructed for each country in our sample 1886 to 2012. To construct each
country’s FMPs, we use all companies included in the market portfolio index, which pgaxy for the
country’s universe of assets. In each year for a given country, we compute company returns and rank
them using each specific factor values, from largest toleshaaccording to the factor definitions as

described below:

Table 5.

Factor Definition

Toral Debt per Share,

Debt Leverage, Book Value per Share,
Size, In(Share Price,=Share Number,,
Value, _DP.+EP, +51_E’I+HPI+ CP,
5
Growth, @
Variable Definition
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DP, Dividend,
Share Price,

EP, Earnings per Share,
Share Price,
5B, Net Sales per Share,

Share Price,

BP, Book Value per Share,

Share Price,

CP, Cash Flow per Share,
Share Price,
RE, Earnings per Share,

Book Value per Share

EG, 3 Book Value per Share,
" Book Talue per Share_,

We then construct each FMP, as an equally weighted heddeliponthich is long the top quarter of
the ranked returns and short the bottom quarter of the raekachs of the corresponding factor
Then, for each style factor, we compute FMPs correspondingetdotir periods (i.e. 1985-1995,
1996-1998, 1999-2003 and 2004-2012) in the same way as we constructed theabepaintfolios.

We use the same method to construct FMPs for all countries sample.
3.3 Empirical Results

In our empirical analysis we estimate the four style weifditghe full set of efficient portfolios
estimated in section 3 for Strategic vs. non-Strategic aiaticdl vs. non-Cyclical allocations. These
include 613FSDand 736 SSD portfoliosrdered from best to worst in terms of dominance strength
As our investment style allocations are estimated for a kaege number of portfolios, we present
arithmetic results in Table 6 only for the average of efficportfolios in each of our 24 cases and opt
to present the full set of style weights graphically in Fégut0-12 and 13-15 so that the reader can
observe the evolution of style allocations for all portfolioskesihfrom best to worst. Figures 10-12
and 13-15 present investment style allocations for dominantofiostfselected on Cyclical versus

non-Cyclical assets and Strategic versus non-Strategic assgestivelyIn each figure, the first row
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corresponds to aggregate portfolio returns that have tzemated in each country-period grid as an
equally-weighted average of annualised returns of the tramsadéélling in that grid, the second row
corresponds to portfolios based on market value-weightednsetind the third row corresponds to
portfolios based on transaction value-weighted returns. 8igilthe columns of graphs correspond
to the selected time periods. Our first inspection of Tébileveals that all investment styles matter
and their weights typically vary from 15% to 70%, they tendotate over time where a different
dominant style appears in each time period and
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Table 6. Posterior Moments of Investment Style Weights

Posterior DL SZ VL GR DL SZ VL GR DL SZ VL GR DL Sz VL GR

1985-1994 1995-1998 1999-2003 2004-2012
FSD Mean 0.09 0.11 0.10 0.71 - - - - 0.22 013 0.04 061 024 050 0.12 0.13
Equally Std. Dev. 0.07 0.11 0.10 0.19 - - - - 0.12 0.09 0.03 0.10 0.08 0.13 0.10 0.03
Weighted ) Mean 009 0.11 010 070 051 0.19 010 0.19 022 013 0.04 061 024 049 012 0.14

Std. Dev. 0.08 0.09 0.09 0.16 0.21 0.15 009 0.14 012 009 0.03 0.10 0.08 0.13 0.10 0.03

o]
3 é Market pgp Mean - - - - - - - - - - - - - - - -
g 4 8) Value Std. Dev. - - - - - - - - - - - - - - - -
8 < _ csp  Mean - - - - - - - - 020 028 022 030 - ; ; ;
z  Weighted Std. Dev. - - - - - - - - 006 014 015 019 - . . .
Transaction pgp  Mean 019 021 018 042 027 018 025 030 024 026 024 025 - : : :
Vale Std. Dev. 0.14 017 015 021 017 011 015 018 018 019 0.18 0.19 - ; ; ;
_ osp Mean 018 021 018 042 024 026 021 029 025 026 024 025 - ; ; ;
Weighted Std. Dev. 0.14 0.16 0.16 021 0.19 021 0.17 018 019 019 0.18 019 - . . .
1985-1995 1996-1998 1999-2003 2004-2012

Fsp Mean 012 019 011 058 - - - - 038 0.18 004 040 026 042 012 020

Equally Std. Dev. 0.08 0.12 0.10 0.13 - - - - 0.18 0.3 0.04 0.13 009 013 010 0.03

Weighted ~ oo~ Mean 011 020 011 058 - - - - 0.38 0.19 004 038 027 041 012 0.20

g Std. Dev. 0.07 012 0.10 0.13 - - - - 0.18 0.13 004 013 009 0.13 010 0.03
:,’, 2 Market pgp  Mean - - - - - - - - 029 031 021 020 - - - -
g ¢ Vale Std. Der. - - - - - - - - 020 023 018 017 - ; ; ;
73 < _ osp  Mean - - - - - - - - 0.32 028 019 021 - ; ; ;
z  Weighted Std. Dev. - - - - - - - - 021 020 016 016 - - - -

Transaction pgp Mean 013 011 027 048 023 019 021 036 021 020 018 040 - - - -
Std. Dev. 0.09 0.15 020 029 0.17 016 018 023 018 017 016 023 - - - -
Mean 023 027 026 024 018 022 025 035 023 024 023 030 - - - -
Std. Dev. 0.16 0.19 0.18 017 016 017 016 022 020 016 019 020 - - - -

Value
Weighted SSD

Note: Table 6 presents the first two posterior moments of imegdtstyle weight coefficients for the average efficiemtfplios. FSD denotes first-
degree stochastic dominance, SSD denotes second-degree wtacmistance, DL, SZ, VL, and GR denote debt-leverage, \&hge and growth
styles respectively
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in some cases for different return definition, while stylecaitions of FSD and SSD portfolios are in
agreement. It is striking that Growth appears more frequastthe dominant investment style, while
Value appears as the least important always accounting®foto 15% of portfolio return, a result
which appears in contrast with the typical internationadevte on equity portfolios, see Rau (2012).
Figures 10-12 and 13-15 suggest that investment styles in general texkitith relatively stable
patterns across efficient portfolios, among which portfadibocations for equally-weighted
privatization returns tend to exhibit the most clear andesttlle profile.

In more detail, for Cyclical vs. non-Cyclical portfolidiocations, and equally-weighted privatization
portfolios which signify that the investor is equally exposeddch transaction of the respective
country-period gridwe observe that investment styles tend to rotate across gewbdre Growth
accounts for 70% of portfolio return in the period 1985-1994, Dekierage accounts for 50% in the
period 1995-1998, Growth reverts in the subsequent period of 1999-200htimgdor 60% and
finally Size accounts for 50% in the last period of 2004-2012alRéhat in periods covering a full
business cycle or a recession, such as 1985-1994 and 1999-2003, bottdFSEDasverweight non-
Cyclical assets, of which growth characteristics tendapture more than 60% of the selected
portfolio return. It is striking that the investment style praoféenains stable for the full set of efficient
FSD and SSD portfolios in 1999-2003 despite the weight revers@lyolical versus non-Cyclical
funds, thus allowing growth characteristics to support the evolofigrortfolio composition There
are two notable exceptions: first, the expansion period 1995-19%hich the FSD allocation
overweights Cyclical assets which are shown to exhibit afisigni Debt Leverage investment style
and second, the full cycle period 2004-2012 in which both FSDS&1l overweight non-Cyclical
assets which exhibit Size investment style, the latter also sedpoytthe absence of FSD and SSD
portfolios when country fund returns are defined as marketevadnd transaction value-weighted
returns. The high relevance of Size during this period - wimicludes the global credit crisis - is
consistent with the findings of Perez-Quiros and Timmerma@aqQ) that attribute the high required
investor premium to the asymmetric impact of collateral atpanon small companies. Growth
reappears in the same periods consistently, for portfolios lbasedrket value-weighted returns, but
in a much smaller scale where the rest three styles alg@plapgraded role. Finally, for portfolios
based on transaction value-weighted returns, we observeng ptesence of Growth style in the first
full cycle period 1985-1994, which evolves into a more balancedstimant style during the next
cycle 1995-2003 and the market benchmark during the third cycleZi®-

Turning our attention to Strategic vs. non-Strategiccations, we observe that portfolios based on
equally-weighted privatization returns are characterisadapily by Growth investment style in the
full cycle period 1985-1995, jointly by Growth and Debt Leverimgiae recession period 1999-2003
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and jointly by Debt Leverage and Size in the last full cpadod 2004-2012. Recall that both FSD
and SSD overweight non-Strategic funds except of the last garigtlich characteristics other than
Growth dominate, particularly Size and Debt Leveragehéntivo remaining cases of allocations on
funds based on market value- and transaction value-weighteths, we observe a much more
balanced investment style profile in all periods with a@dé FSD and SSD portfolios, which
overweight non-Strategic assets, with one notable exceptiparticular, recall that for allocations of
funds based on transaction value-weighted returns in theyitlé period 1985-1995, FSD and SSD
are in disagreement. SSD portfolios stably overweight Stcateggets, while FSD portfolios agree
with SSD for high levels of efficiency and then exhibiteaarsal overweighting non-Strategic assets.
This picture is also reflected in the investment style aliocatharacteristics, where SSD portfolios
show a rather balanced and stable profile, while FSDgtiog are characterised primarily by Growth
style which is diminished as asset allocation transits to n@te8ic asset overweighting and lower

efficiency.

Overall our evidence suggests that, in contrast with the intena&evidence for conventional equity
portfolios, Growth style plays a protagonist role in drivingrigteirn of both FSD and SSD portfolios
from 1985 to 1994, while Size tends to lead portfolio returns from BO@D12, the latter being in
agreement with the international evidence for conventieqaity portfolios, see Perez-Quiros and
Timmermann (2000)inally, Growth and a smaller but balanced participatibthe remaining styles
are found to lead returns from 1995 to 2003. In contrast witlewfteence on conventional equity

portfolios, see Rau (2012), our results show that Vialtlee least important style in all periods.
4 Concluding Remarks

In this paper we contribute an interdisciplinary approtxtexamine the robustness of portfolio
optimality and performance attribution empirically, wipplications to a unique global data set on
privatized state assets. Given the major impact of pratidiz policies globally, this papes i

motivated by the lack of evidence on the behaviour of jiziedtassets from a portfolio perspective
and the resulting poor contribution to government privatizag@anning and active asset

management.

Thus we consider the global privatization portfolio of exchangded assets from 1985 to 2012 in
the context of first- and second-degree stochastic dominaficierefy (FSD, SSD). For a buy-and-

hold strategy of a global asset manager, we employ optiomnizarocedures proposed by Scailett and
Topaloglou (2010) to estimate all possible portfolios in thwatext of Strategic vs non-Strategic and
Cyclical vs non-Cyclical asset allocations that domirthie benchmark portfolio and provide a

complete efficiency ranking in sequential sub-periods cogefill or part of the business cycle and
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for different definitions of country fund returns. Our evide reveals a significant number of
portfolios which first- and second-degree stochastically domitiee market benchmark. For asset
allocations on Cyclical vs. Non-Cyclical country funds wentify both FSD and SSD dominant
portfolios which are shown to overweight Non-Cyclical assetmast cases. Moreover, for asset
allocations on Strategic vs. Non-Strategic assets we alstiffdenoth FSD and SSD dominant
portfolios which are now shown to overweight Non-Strategic asset®sh cases. For the majority of
cases, the sequence of efficiency-ranked dominant posf@ishown to be smooth and stable, while
in a significant number of cases FSD and SSD allocatem$to agree. For equally-weighted returns,
where within each country fund the exposure to each indivighindtization transaction is the same,
our evidence reveals the existence of both FSD and SSD pasftiolall periods for Cyclical vs. Non-
Cyclical allocations. However, this is not the case forkeiavalue-weighted and transaction value-
weighted returns, which exhibit size characteristics whitdrfiere with the business cycle. The above
picture is weakened for Strategic vs. Non-Strategic allmestiln our view, the observed rotation of
portfolio weights across business cycles reflects the superiormparioe of small size companies and

large privatization transactions signalling less state control

Given our asset allocation results, we proceed to portfetiarm attribution analysis using robust
Bayesian procedures along the liméKloek and van Dijk (1978) and van Dijk and Kloek (1980) in
the context of Sharpe (1992) style asset management. We conatitact rhimicking portfolios to
proxy the latent investment styles of Debt-Leverage, Siziievand Growth. Our evidence suggests
that Growth style tends to drive more frequently the netifiboth FSD and SSD portfolios during the
first business cycle in our sample, from 1985 to 1994, which itrastnwith the international
evidence for conventional equity portfolios. Moreover, Sizeestghds to drive portfolio returns
during the last business cycle, from 2004 to 2012, a result in agreevitanthe international
evidence for conventional equity portfolios. We identify pritgarGrowth and a balanced
participation of the remaining styles driving returns duringcywde from 1995 to 2003. Finally, our
evidence suggests that Value appears as the least influestgiagn all periods, a result also in
contrast with the broader international evidence on conventaopaty portfolios but consistent with

recent findings of Fama and French (2015).

We have employed for the first time SD methodologies to uncovénalpportfolio selection and
asset management style properties, irrespective of investfargnces, for the global privatization
portfolio of listed assets from 1985 to 2012, covering approximatetde thusiness cycles. To the best
of our knowledge this is the first comprehensive analysis of thig $oalprivatization assets. We

believe it provides useful evidence for portfolio investment abaggbolicy analysis.
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Figure 31

Equally Weighted Returns
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Figure 4

Portfolio Weights, Cyclical vs Non-Cyclical Assets, Equally Weighted Returns
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Note: Figure 4 presents investment weights for all the effigiertfolios ordered from best to worst. FSD

denotes first-degree stochastic dominance, SSD denotes secoed-gteghastic dominance.

Figure 5
Portfolio Weights, Cyclical vs Non-Cyclical Assets, Market Value Weighted Returns
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Note: Figure 5 presents investment weights for all the eftigiertfolios ordered from best to worst. FSD

denotes first-degree stochastic dominance, SSD denotes secoed-steghastic dominance
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Figure 6

Portfolio Weights, Cyclical vs Non-Cyclical Assets, Transaction Value Weighted Returns
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Note: Figure 6 presents investment weights for all the aftigertfolios ordered from best to worst. FSD

denotes first-degree stochastic dominance, SSD denotes secoee-steghastic dominance

Figure 7

Portfolio Weights, Strategic vs Non-Strategic Assets, Equally Weighted Returns
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Note: Figure 7 presents investment weights for all the dffigiertfolios ordered from best to worst. FSD

denotes first-degree stochastic dominance, SSD denotes secoed-gteghastic dominance.
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Figure 8
Portfolio Weights, Strategic vs Non-Strategic Assets, Market Value Weighted Returns
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Note: Figure 8 presents investment weights for all the efigertfolios ordered from best to worst. FSD

denotes first-degree stochastic dominance, SSD denotes secoee-gteghastic dominance.

Figure 9

Portfolio Weights, Strategic vs Non-Strategic Assets, Transaction Value Weighted Returns
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Note: Figure 9 presents investment weights for all the eftig@rtfolios ordered from best to worst. BS

denotes first-degree stochastic dominance, SSD denotes secoed-gteghastic dominance.
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Figure 10

Style Beta

Style Betas of Cyclical vs Non-Cyclical Portfolio Allocations, Equally Weighted Returns
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Note: Figure 10 presents investment style beta coefficie@tlftre efficient portfolios ordered from best to

worst. FSD denotes first-degree stochastic dominance, SSBedamoond-degree stochastic dominance,

DL, SZ, VL, and GR denote debt-leverage, size, value andtlgivies respectively.

Figure 11
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Note: Figure 11 presents investment style beta coefficiemtlfthre efficient portfolios ordered from
best to worst. FSD denotes first-degree stochastic dominanbejes®tes second-degree stochastic
dominance, DL, SZ, VL, and GR denote debt-leverage, size, aatligrowth styles respectively.
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Figure 12

Style Betas of Cyclical vs Non-Cyclical Portfolio Allocations, Transaction Value Weighted Returns
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Note: Figure 12 presents investment style beta coefficieslfdre efficient portfolios ordered from
best to worst. FSD denotes first-degree stochastic dominanbejes®dtes second-degree stochastic
dominance, DL, SZ, VL, and GR denote debt-leverage, size, aathgrowth styles respectively.

Figure 13

Style Betas of Strategic vs Non-Strategic Portfolio Allocations, Equally Weighted Returns
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Note: Figure 13 presents investment style beta coefficieatlftre efficient portfolios ordered from
best to worst. FSD denotes first-degree stochastic dominanbejes®tes second-degree stochastic
dominance, DL, SZ, VL, and GR denote debt-leverage, sizee wald growth styles respectively.
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Figure 14

Style Betas of Strategic vs Non-Strategic Portfolio Allocations, Market Value Weighted Returns
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Note: Figure 14 presents investment style beta coefficie@tlftre efficient portfolios ordered from
best to worst. FSD denotes first-degree stochastic dominanbejes®tes second-degree stochastic
dominance, DL, SZ, VL, and GR denote debt-leverage, size, aatligrowth styles respectively.

Figure 15

Style Betas of Strategic vs Non-Strategic Portfolio Allocations, Transaction Value Weighted Returns
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Note: Figure 15 presents investment style beta coefficieatlftre efficient portfolios ordered from
best to worst. FSD denotes first-degree stochastic dominanbejes®tes second-degree stochastic
dominance, DL, SZ, VL, and GR denote debt-leverage, size, aatligrowth styles respectively.
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