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Abstract

The current paper aims at answering whether swigral portfolios build out of value and
growth equity / mutual funds are delivering berseiiit terms of returns and diversification or
whether they result in costly benchmark trackingdoicts. We analyze style-neutral
portfolios by building synthetic funds of funds @) out of both value- and growth-oriented
equity funds and contrast their properties withdpelicable benchmark and with style FoFs.
While a beneficial effect with respect to diversdiion and a resulting reduction in return
dispersion can be seen, the simulated FoFs do ebved a general risk-adjusted
outperformance against the benchmark or the bettéorming style of a period. The variety
of results is indicating that FoFs may indeed biefreim investing in a style-neutral portfolio
of growth and value funds, but only given that FoBnagers are able to select the well-
performing funds of the respective styles. In additwe find that being able to shift between

styles over time may lead to better results thakitg in FoFs at being style neutral.
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1. Introduction

Style neutral portfolios are built by investing etjy in opposing styles, the objective being
to generate risk-adjusted returns that are suptrittose obtained from investing with a tilt
towards one or the other style. While there areynmossible style classifications, we focus
on a pair of the most important and widely acceptgté classifications, namely “value” and
“growth”. Generally, the definition of “value” angrowth” stocks are as follows: Shares of
companies classified as value stocks are sharesHigh the price-to-book ratio is low and
those classified as growth stocks have a high fadsook ratio. Value managers therefore
are investors who expect upside potential in congsawith a low price-to-book ratio, as
those seem to be undervalued by the market.

The style of value investing has its origin in Gaahand Dodd (1934, 1949) which
had a tremendous influence on investment theory prattice, although the focus
increasingly turned on price-to-earnings rathernthmice-to-book. In contrast to value
investors, growth managers focus on capital apatiea with companies mainly reinvesting
their earnings and with good prospects for furtlkeegpansion. The value and growth
classifications are not directly defined as muguatkclusive counterparts based on a single
measure. The term growth at a reasonable priceRf&Afurther relates the price and
expansion potential characteristics to each other.

Being defined that way, the value versus growthirtiton has found its way into the
three-factor model by Fama and French (1992 and®)198ith Fama and French (1998)
providing evidence concerning value and growth stivg. In the extension of the Capital
Asset Pricing Model (CAPM), the factor “high-minlesy” with respect to the book-to-

market ratio is used to control managers’ perforceaagainst the benchmark for their growth



or value style. The other factor being used to aargrthe CAPM is the excess return of small
capitalisation stocks over large capitalisatiortlsso(“small-minus-big™)

The discussion surrounding style investing hastte@xtensive research regarding
timing styles and employing neutral approachesb&e(1994), Fan (1995), Sorensen and
Lazzara (1995), Ahmedt al (2002), and Amenet al, (2003), for example, focus on style
timing, mainly implemented in a market-neutral feamork.

In this paper, we do not analyze value versus dra@tgle investing within a market-
neutral approach, but investigate the propertiestglie-neutral portfolios including both
value and growth strategies. We analyze style-akptirtfolios by building synthetic funds
of funds (FoFs) out of both value- and growth-ot@ehequity funds. This is also interesting
in the light of two contrary notions regarding FpRamely, the view that style-neutral FoFs
may deliver the best of both worlds against thewtieat they will result in costly benchmark
replicators. The latter argument was brought fodaar Connelly (1997) for FoFs in general
and may be amplified in the case of style-based fportfolio building. Connelly’s view
implies that the countering of styles results inagting a FoF that has countered and erased
most or all active bets of the target fund manageesulting in so-called portfolio
deadweight.

Because the analysis in our paper is performeduiods rather than for individual
common stocks has several implications. Firstjdkatification problem of value and growth
is more complicated, as not only fund managers muggierly identify the respective stocks
but FOF managers must also carefully select tlzeget fund managers. This may cause a
dampening of effects and a diluted result. Secardneed to take into account an extra layer
of fees because FOF managers charge their owh fees

Using a five-year sample of 25 value-oriented afdgBowth-oriented equity funds

that focus on U.S. equities and are listed andsifled in the Morningstar database and



eligible in Germany, we build style-neutral FoFsdacompare them with their most
representative benchmark, the S&P 500. As the aisaBims at finding an answer to the
guestion of whether style-neutral FoFs investingoth value and growth strategies could be
beneficial, we use a rolling window approach inesrtb see the time-changing properties of
the style-neutral fund portfolios. To get insighta the sources of the results obtained, the
respective value- and growth-style portfolios diswe been analyzed.

We find that diversification benefits in terms oéturn dispersion occur when
investing in at least six to eight funds, a findimdpich is in line with earlier studies.
However, the first four moments of the simulated~$@nd the benchmark did not yield a
conclusive picture of the benefits and disadvargagfehe style-neutral FoFs. Whether they
are well-diversified portfolios of use to investars resulting in costly portfolios that are
merely the result of portfolio deadweight was theme investigated by using the R ratio
which is a tail-dependent reward-to-risk measure.

The analysis shows that investing in more fund€esgively improves the R ratio in
the style FoFs as well as in the style-neutral Féfesvever, the building of style neutral
FoFs results in an averaging process with time-oggeat differences. This points at the
notion that on average it is not a priori benefit¢@build style neutral FoFs , only when
being able to select the best performing fund$iefrespective classes.

The paper is organized as follows: In Section 2digeuss the theoretical aspects of
diversification and deadweight as well as our appinoto measure style-neutral FoFs against
the benchmark. Section 3 is devoted to the presentand discussion of the empirical

findings. Our conclusions are summarized in Section

2. Diversification and Deadweight



In this section, we briefly contrast the opposingws related to the general benefits and
caveats of FoFs before discussing those in theegbndf style-neutral FoFs. While
proponents claim the ability of FoFs’ benefit frativersification effects and from picking
the best managers and strategies, critics stresgatiger of countering styles or inefficiencies
due to the double layer of fees.

A general question related to FoF building is thee @oncerning the number of
investments, as one may reduce both volatility dliercourse of time and terminal wealth
dispersion by increasing the number of target fu@dleal (1997) shows that for growth
equity funds, four funds may be sufficient to desee most of the uncertainty concerning the
FoF returns, whereas L’habitant and Learned (20fa2) example, find the number to be
between five and 10 for hedge fund portfolios. Efects of different fund portfolio sizes
were also examined by Park and Staum (1998), Brand<Gallagher (2005), and Gallagher
and Gardner (2006) among others.

Apart from the general possibility of diversificati benefits delivered by FoFs, the
danger of countering styles or the correlationasfjét managers’ styles has led to work by
diBartolomeo (1999) and Gallagher and Gardner (RO®@o demonstrate that while
providing diversification, fund portfolios may rdsin resembling the benchmark and an
inability to outperform the index. Their resultsean line with the theoretical arguments
mentioned in Connelly (1997), who stresses the elaofjcountering the active bets of target
fund managers. Connelly defines the measure ofghordeadweight in a fund as the sum of
the minima of each company’'s share in either thecheark or the fund under
consideratio! Therefore, funds which have large off-benchmarldings would have the
lowest deadweight score.

Connelly (1997) in his critique of FoFs states thgtinvesting in funds that have

different styles and therefore bets against thechwark, a FOF may end up as a costly



benchmark product. Labelling this problem as Em of unintended indexingConnelly
proposes the use of a benchmark tracking produtiduture overlay. While this argument
is generally appealing, we reject this proposalun analysis of FoFs because we assume the
FoF managers invest only in funds.

In the light of style-neutral FoFs, we find it odnpicular interest to analyze whether a
fund portfolio that is balanced between value ar@wh target funds is delivering superior
performance than the benchmark and/or fund poogolocussing on one of the respective
styles. As target fund managers select the stotklser investment universe that best suit
their style and for which they expect the bestqnfince, it may be possible to benefit from
their selection abilities through fund investmerBy. combining several managers with
different styles, one could expect both diverstima benefits and a superior benchmark-
relative performance. On the other hand, correlatioetween stocks in the target markets as
well as the countering of styles may result in ithdexing schemes introduced above and a

costly benchmark replication product.

3. Data and Methodology

To examine the opposing effects and structuresusssd in the preceding section, we focus
on the return patterns of the funds in the analgses to the limitation that fund holdings are
available only from time to time, and often forfdiing dates. While the top positions in a
mutual fund are usually reported on a monthly hasisnplete fund compositions can be
observed only once or twice a year in most regdl&ted markets (with different reporting

deadlines for different fund business years), mgldarholding structure analysis impossible

or at least highly complicated.



We used Morningstar’s database for selection p@gpdsat includes solely funds that
are permitted for distribution in Germany, withadal of about 15.000 funds. As we need to
base our analysis on comparisons with a sensilder@presentative benchmark, we have
chosen to do the analysis for equity funds witlh@$ on the United States. This stems from
the fact that for this group the number of funds\wagest and is not broken down into sub-
regions as it can be seen for European focused f(iid-15, EU-27, Eurozone or Europe-ex-
UK are examples). Using U.S. dollar-denominateddfuis straightforward with the chosen
country focus and rules out conversion or hedgistpdions. We used the S&P 500 as the
benchmark. Accordingly, we restricted the sampleghkr to large capitalization focused
funds, ruling out any biases stemming from sizéetasf fund managers. This was done by
using Morningstar’s 3-by-3 fund classification nmatrwhich indicates whether a fund is
focussing on small, mid or large capitalizationck® and whether the fund management is
pursuing a value, blend or growth investment apgrodhe Morningstar fund classifications
resulted in 47 value and 84 growth funds.

Our approach is sensible in the way that we cas outt any distortions and biases
due to legal or regulatory constraints, have noernay conversion issues, and can rule out
any size effects, home or foreign bia¥es.

We considered a time span of five years to be @afft for the analysis, and have
therefore chosen the sample time from July 1, 200Rine 30, 2008. Because data were not
available for the 47 plus 84 funds for the entivedyear perio] our sample was reduced to
25 value and 56 growth funds that were in existgma® to the commencement of the study
period.

Using total return data from DataStream Financlamson in weekly frequency, we
have 261 weeks of performance data as our basesu3d of weekly data is beneficial as the

results are not cursed by accounting discrepan€iaeis. means that the funds’ return series



and therefore those of the synthetic FoFs can bgaced more easily to the benchmark as
there need not be done any time shifts inducedrtyng difference¥. The latter problem
would be even further complicated as we use funadtshave their investment focus in a time-
zone other than the fund domicile’s time-zone.

Checking how style-neutral FoFs performed agamstienchmark was done by using
synthetic style-neutral FoFs and the S&P 500 Cointgpdadex. Although not all funds
included in the analysis have the S&P 500 as tféoial benchmark, the index serves as the
most important benchmark in evaluating fund mareg#fith respect to the used sample, it is
straightforward to use the index representing tB@ B®.S. companies with the largest
capitalization to serve as orientation for FoFshvdtlarge set of U.S. focused target equity
funds.

To gain insight into the behaviour of the synthétaFs, we perform a time-varying
analysis. With the 261 weekly fund and benchmatlrnes, the analyses were done by rolling
209 spans of 52 weekly returns through the saniptecomparing the characteristics of the
style neutral FoFs and the benchmark over timedhables us to carefully assess pros and
cons of the style neutral FoF investments.

As we want to analyze style-neutral FoFs we haves® even numbers of funds
included in the portfolios. Furthermore, becauseréhare only 25 value funds, we cannot
compare the neutral FoFs to style FoFs containimgenthan 25 funds for an unbiased
picture. These limitations have led to the bounfi2 cand 24 funds for the simulated
portfolios. Consisting of 1 to 12 funds for eacliastment style, we build style-neutral funds
by assigning 50% weight to each investment stydesclAccordingly, we have built synthetic
style neutral FoFs and style FoFs of the same &iegegeen 2 and 24 funds for the sake of

comparison.



Using this approach, we rule out the possibility sbfort selling and fulfill the
constraint of full investment, as those constragts most representative for real- world
investment bounds. We generate 10.000 synthetifopos for each of the 3 FoF types, 209
time periods and 12 portfolio sizes. Afterwards tieturn series of the synthetic FoFs are
generated and compared with the benchmark. Thdsng to see how style-neutral funds in
all varieties of compositions and sizes behaveomgarison with the used benchmark and
the style based FoFs. Analyzing windows of obs@atthat are rolled through the sample
enables us to see whether the findings are robukfferent market periods.

The comparison of the simulated FoFs with the berachk is done in various ways.

As the stated arguments both in favour and ag&oBs in general and style neutral FoFs in
particular are related to the diversification argunnas well as performance considerations,
we use not only dispersion measures for the patimhd benchmark returns, but employ
more sophisticated measures to examine the nafttine simulated FoFs.
Focussing on the tails and extreme returns is dynesing the Rachev ratio (R ratio). For
extensive discussions and applications concernimg R ratio and related risk and
performance measures see Bigl@taal (2004), Racheet al (2005), Okuyama and Francis
(2007), Racheet al, (2008) and Farinelkt al, (2009).

To understand the R ratio, it is necessary to cemdirst the measure of expected tail
loss (ETL, equivalent to the conditional value igky CVaR, for continuous distributions),
which accounts for the concentration in the tallghe distribution. While the traditional
value at risk (VaR) measure only indicates the ealtithe distribution at the threshold and
therefore the maximum loss not to be exceeded avithrtain confidence, the ETL measures

the expected loss in the case of a tail event.

1) ETL, , (r,) = E(ma{- r, 0)- 1, >VaR,, (r,))
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Therefore,ETL,_,(r,) is the expected tail loss with tail probabilitfor portfolio returnsr , .

Common choices for are 1% or 5% in accordance with common choiceth®f99% and
95% confidence levels used for VaR measures. Ofseptihe ETL for any given probability
or confidence is always higher than the respectia®. In the R ratio, the ETL of the
difference of any portfolio’s returns in compariseith the benchmark is serving as the
denominator, giving a term for the severity of pard underperformance against the
benchmark. By choosing the measure in that way, does obtain a benchmark relative
portfolio risk measure.

While the ETL based measure is used for the downsiccorresponding measure for
the additional gains versus the benchmark is adedled. The ETL of the difference between
the benchmark returns and the portfolio returnsefioee serves as a relative gain measure
and represents the nominator of the R ratio. Thegefthe R ratio may be interpreted as a
benchmark relative reward to risk measure. BelogvRhratio is expressed with confidence

levels a and b for the two measures on the lower and upper thithe performance

differences between FoFs and the benchmark:

CETLL(5- 1)
“ETLL, )

(2) R(r,)

As we will analyze the portfolios versus the benabrknr ; andr, denote the

corresponding return series. With the R ratio weeheavery flexible performance measure at
our disposal, which is free from distributional @sptions or comparable flaws. Sensible
percentages foa are, for example, 30% to 40% to adequately medberextra portfolio

gain while 6 could be chosen to be 1% or 5% to control forsdneerity of

underperformances against the benchifiark

4. Simulated Style (Neutral) Funds of Funds Analysis
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In this Section we present the empirical resultshef analysis of the synthetic FoFs
against the benchmark and against their style-fEt#®F counterparts. Starting with the first
four statistical moments of the respective retuistrithutions, i.e. the mean, the standard
deviation, the skewness and the kurtosis we comgp@é&oFs over time and with differing
portfolio sizes. Following the first statistical axinations, we used the R ratio to deliver a
conclusive picture of the benefits and disadvargdigenm building style neutral FoFs.

Figure 1 shows the difference of the average aisethlgeometric mean return
between the style neutral FoFs and the S&P 500. 3yshetic FoFs seem to be
outperforming and underperforming against the berask, depending on the time period
analyzed, although FoF underperformance seems fouroenore often, and the
underperformance periods are more severe than rbatp@ance periods. As the average of
the geometric mean returns represents a crosssactaverage of the first moment, the
straight line for 2 to 24 funds for any period &tural and shows that a reasonable number of
simulations was chosen. Looking at the respectiyle $oFs in Figures 1a and 1b ( i.e. the
value and growth FoFs), we can see that therdaiga difference in the performances of the
two styles over time, as expected. While the partorce against the benchmark of the value
FoFs is much centered around zero until the latex periods, the growth funds exhibit more
pronounced periods of better or worse performalmterestingly, during the sub-prime crisis
beginning in 2007, the growth funds performed mbetter against the benchmark while the
value funds have underperformed, indicating that ¥alue funds had more exposure to
companies being related with the financial markisicand the following credit crunch.

- Figures 1 about here -
However, the fact that the style-neutral FoFs tesulhe picture we see in Figure 1,

seems to show the effect of style countering thay e beneficial or disadvantageous
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depending on the time interval. While the generdfece of more pronounced
underperformance may be due to a general inalolitund managers to beat the benchmark,
the comparison between the style FoFs and the segdé&al FoFs is showing that combining
the two styles is resulting in a general procesavaraging. In addition, the extra layer of
fees induced by FoFs would lead to an even lowep&dormance against the S&P 500.

By analyzing the minimum and maximum geometric mestarns, i.e. the worst and best
style neutral FoFs and the respective style cla$s n Figures Al in the appendix, we can
see again that the value funds are more stable wwver when being compared to the
benchmark than their growth counterparts.

The next important step when analyzing the syntHeti€és over time and sizes is to
take into account the resulting standard deviatiiothe FoFs and the benchmark, represented
in Figure 2. As most of the reduction in the stadddeviation is obtained with six to eight
funds in the synthetic portfolios, this is roughiyline with other empirical findings. The
synthetic FoOFs seem to provide a reduction in ¢ern dispersion against the benchmark in
most time intervals.

- Figures 2 about here -

What is striking in this analysis is that the mtastourable reduction in the returns’
dispersion is obtained during the sub-prime meltd@nd the following credit crunch. Two
possible explanations for this observation are riksly: First, during pronounced downturn
phases and crashes, fund managers tend to holdaashehan during other phases. Second,
the credit crisis was hitting most the companied &nancial intermediaries that were
exposed to the mortgage market, were highly le\estagy were related with the real estate
market and fund managers could have reduced thlimgs in these companies and sectors.

Again, looking at the style FoFs in Figures 2a &bdreveals further insight, as the

value FoFs are always less volatile than the beadknwhile the growth FoFs seem to be
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more or less dispersed in their returns comparetthéobenchmark depending on the time
interval under consideration.

Analyzing the minimum and maximum annualized statidfeviations, i.e. the best
diversifying and worst diversifying style neutradfs and the respective style counterparts in
Figures A2 in the appendix, we obtain the usuatupéc of more stable value and more
dynamic growth funds versus the benchmark.

Having analyzed the first and second moments of syr@hetic FoFs versus the
benchmark, we can state the following intermedriatailts: The average return of the fund
portfolios against the benchmark shows that oved- inder-performance change during the
course of time and under-performance versus thehoeark appears to be first, more likely
and second, more severe. The more dynamic and #&pendent nature of the growth funds
is partially offset by the value funds, which hotdse for both the mean returns as well as the
returns’ dispersion. For the measure of dispergi@n the standard deviation), we find that
building style-neutral fund portfolios is indeedluveing the volatility of returns when being
compared to the S&P 500. The clear reduction howesenerely the result of the fact that

the value funds are less volatile than the indednmost all periods.

Considering only the first two moments of the partf and benchmark returns does
not yield a satisfactorily clear picture of whetlestyle-neutral FOF may be advantageous
over a benchmark investment or style FoFs and wenhdtie benefits of diversification are
more powerful than the disadvantages caused byteong styles and the so-called portfolio
deadweight. A deeper insight is possible by takimg account higher moments of the

returns and the tail behaviour.

Looking at the skewness differences in Figuresr#h3b, we can see that in contrast
to the mean and standard deviation graphs, the\aad growth parts that constitute the style
neutral FoFs are more similar to each other witbpeet to the behaviour against the

14



benchmark over time. In addition, we see that thiédimg of style neutral fund portfolios

does not result in a significant smoothing of teaums skewness. This may stem from the
fact that the skewness of the funds is a more chaatic and time-dependent measure than
a style or skill dependent measure for asset ret(although more variation is seen in the

growth sub parts again).

- Figures 3 about here -

The difference in kurtosis for the FoFs and theb-parts are shown in Figures 4a and
4b. Although we can see a similarity to the skewndifference plots above with the two
styles not differing as largely as when being iigaded via the first two statistical moments,
we see that the kurtosis is not reduced againdbeéhehmark returns’ kurtosis. This result is
puzzling due to the following reasons: As one migkpect that the building of style-neutral
FoFs should result in a reduction in the tail coniaion and a return distribution more
centered around the mean, the expected resultekutiosis is ambiguous. The technical
fact that the kurtosis measure is increasing fagdatail concentration as well as for higher
probability around the mean does not allow fomalficonclusion concerning the style neutral
FoF behaviour, as the two expected effects haveswpg influences on the value of the

kurtosis.

- Figures 4 about here -
As for the mean and standard deviation plots, wee higft the minimum and
maximum plots in the Appendix, where in Figures #&®& the skewness differences, and in

Figures A4 the kurtosis plots are found.

The fact that the amplitude of all results is grefdethe growth sub FoFs may be the
result of either the fact that the growth funds laathrger variation against the benchmark

over time and portfolio sizes or because of the flaat the sample size consisted of more
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growth than value funds (making the possible ratggger although restricting single
portfolio sizes to 24) or a combination of bothsBies delivering interesting insights, having
analyzed the first four moments separately did yielid a final conclusion concerning the
appropriateness and usefulness of building stylgrakeFoFs. We therefore take the analysis
to the field of performance and risk measures. éscdbed in Section 2, the R ratio serves as
a measure that takes into account both reward e#d while not being flawed by any
assumptions and restrictions, like many classisél and reward measures. Furthermore, the
behaviour of FoFs against the benchmark is adelguaseked by this reward to risk ratio, a
feature that is highly desirable when consideriqgity markets in general and especially

when recalling the somehow puzzling results fromktrtosis plots.

For the analysis of the R ratio over time, we hekesen to use 40% and 1% as the
percentages for the reward (or outperformance) tench the risk (or underperformance)
measures that constitute the R ratio. In the emptiiinterpretation, the ratio serves as a
measure that is putting the “average” excess retuagainst the risk of severe
underperformances on the weekly horizon. Put anethg, it is the average excess returns in
the nominator controlled for misplaced aggressiets bof fund managers that lead to

underperformance as measured by the denominator.

The R ratio in this context is informative on whetlvge can expect that building
style-neutral FoFs is resulting in a controlledpauformance of the benchmark. As there is
no pre-defined number indicating whether the retibigh or low, we can compare the ratios
of value, growth and neutral FoFs with each ottierreby getting a glance at the differences
in the benchmark-relative performance. FiguresoSadt depict the R ratio over time. We can
see the direct comparison in Figure 5b, where tyle-seutral FoFs are covered by the dark
value and growth FoF R ratios. Only in periods wehtée light-gray surface is above the dark
coverings, the style neutral FoFs have outperforbwt types of style FoFs with the same

16



number of funds included. As we can see, this seldlappens, pointing towards the notion

of a countering of styles and therefore a mediaurdure of both investment styles.

- Figures 5 about here -

While it comes as no surprise that the mixture fedng styles results in an
averaging out of characteristics, we can statettie@tbest of both worlds” may perhaps be
obtained, but seemingly not with a 50/50 allocatiorthe two opposing strategies. As the
differing styles are resulting in largely differingturn and risk schemes in the various
periods, we expect a FoF shifting between styldsetsuperior to a FoF locked in at 50/50 -
given the ability to identify the best time to $hibf course. This result is related to the
findings from the geometric mean analysis, whersirailar pattern of time-depending
performance differences was observed and pointegnaaveraging process that may be

beneficial or harmful, depending on the time peaodlyzed.

The implication of an averaging process caused eyrtixture of both styles in equal
proportion is further strengthened when building #tverage for all statistics over all 209
periods. Getting rid of the time-dependent effeats, present in Tables Al, A2 and A3 the
average of the mean, minimum and maximum of thergei/e statistics and the R ratio for

the 10.000 simulated portfolios of each class.

We can see that there is no a priori benefit oldng style-neutral FoFs when
analyzing the mean returns, the returns’ standawitons and the R ratios that are obtained
on average, as seen in Table Al. While both claseesn to underperform against the
benchmark, the neutral FoFs do so too, of course.aMeraging process and the effects of
diversification nevertheless reduce the volatitifythe returns, but to a moderate degree only.
Regarding the R ratio, we can state that the psosekeading to a result that again implies

that style-neutrality is not generally beneficialrtsk adjusted returns, although we need to
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take into account that the average values areefiotg the whole story concerning the risk-
adjusted performance measure. Therefore, the régpecinimum and maximum values for

the respective statistics for the 10.000 FoFslaflasses are shown in Tables A2 and A3.

A large dispersion of results is obtained, implyih@t it greatly depends on which
funds were selected by the random number genertdratiime time spans. For the R ratio as
an example, the measure is becoming very low fervtbrst FoFs, while the highest ratios
are more than twice the average. While this is s&glgnin contrast to the implied notion of
countering styles and cancelling out of active batdarget fund managers as discussed
above, one may not interpret these results as esgdagainst those notions. This is because
the average values for minimum and maximum achieesdlts are very unlikely to be
obtained in practice, as it is most unlikely thauad selection process would result in the
minimum or maximum attainable of the respectivaidia all of the time In addition, the
fact that the neutral FoFs maximum R ratios arédrighan those for their style counterparts,
but the minimum R ratios are lower, points in tlrection that the extrema are merely based
on the respective FoF mixture, rather than due gereeral effect. However, the extreme
values averages over time show how dispersed thdtsemay be, owing to the large

differences in the fund sample selected.

5. Conclusion
By building simulated FoFs for the classes of valg®wth and style-neutral, we analyze
whether those fund portfolios are able to outpenfdine benchmark and how they compare
with each other. Choosing a simulation size of @0.Qortfolios for any of the 3 types of
FoFs, 209 windows of 52 weeks and 12 fund sizesfinseseparately analysed the mean,

standard deviation, skewness and kurtosis of thdtreg synthetic portfolios.
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While one could conclude that the average meanrretin comparison to the
benchmark, is very time-dependent and differingveen the style FoFs, the style-neutral
FoFs seem to average out these characteristicdrhiining effect is more beneficial when
looking at the standard deviation, as the standgrdation of the style-neutral FoFs is
reduced versus the benchmark. However, this effestrongly influenced by the generally
lower dispersion of returns in the value sector.

As the skewness and kurtosis effects are not gsteqsdge as the first two moments,
and since the kurtosis results are especiallyatilifito interpret, we focused on the tails of the
synthetic FOF benchmark relative return distriboagiousing the R ratio. Being informative on
the average outperformance distribution of a pbafeersus the benchmark and controlling
for severe underperformances, the R ratio showshthi&ding style- neutral FoFs do indeed
result indeed in an averaging process, i.e. tHe sgutral FoFs are merely composites of two
opposing styles. This indicates that a mixture afséhis not yielding a structure of style-
neutral FoFs outperformingpth styles in a period.

We can therefore conclude that building style-reduioFs is reducing uncertainty
and the amplitude of various return and risk measubut a distinctive “best of all worlds”
effect is not obtained. For a FoF manager williagthieve a mediocre and stable pattern of
returns, the style neutral approach may serve thpaggse, but for strong and risk-adjusted
outperformance — and this has to be the aim formaagager — a shifting between the styles
could yield more favourable results if the timirggright. However, as most combinations
analyzed in the study already underperform the lh@ack, there is no need to dig into fee
discussions or any survivorship bias effects.

Further research could be done in the field oftsigfbetween styles in FoFs, or put
another way, how to find the optimal proportiontioé style and growth allocation in a FoF

that is investing in both styles and is not lockedt 50/50. In addition, the ongoing financial
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market crisis and the credit crunch with severavdmvns in global equity markets have
surely had their impact on the results, which wiagaus in the mid and late 2007 periods as
well as in the beginning of 2008. While the fundnagers could, of course, have chosen to
hold more cash and to reduce the holdings of corapamost affected, the crisis had its
impact not only through the raw performances bubugh the changing of valuations of
companies and therefore a changing picture of fiadeook ratios. While the rapid decline in
prices of stock led to a decline in this ratio, gamies may have become more of the value
type in general until depreciations are made arak values change or the markets recover.
This makes the identification of value and growthrencomplicated and the shifting in the
funds’ compositions would be highly interestingcase of data availability.

However, the general results found and conclusmade are fairly stable over time and are
not the result of the particular stage of timeha tredit crisis. The fact that the style-neutral
FoFs are protecting from the worst, but make thst beattainable, holds throughout the time

span analyzed, only with changing levels.
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FoFs versus Benchmark
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Figure 1: Difference in average annualized geometric mean return for style neutral FoFs against the

benchmark

Number of Funds

Number of Funds

Figure la: Difference in average annualized Figure 1b: Difference in average annualized
geometric mean return for value FoFs against the geometric mean return for growth FoFs against

benchmark the benchmark
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Figure 2: Difference in average annualized standard deviation for style neutral FoFs against the

benchmark
Figure 2a: Difference in average annualized Figure 2b: Difference in average annualized
standard deviation for value FoFs against the standard deviation for growth FoFs against the
benchmark benchmark
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Figure 3: Difference in average skewness for style neutral FoFs against the benchmark

Figure 3a: Difference in average skewness for Figure 3b: Difference in average skewness for

value FoFs against the benchmark growth FoFs against the benchmark
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Figure 4: Difference in average kurtosis for style neutral FoFs against the benchmark

Figure 4a: Difference in average kurtosis for value Figure 4b: Difference in average kurtosis for

FoFs against the benchmark growth FoFs against the benchmark
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Figure 5a: Average R ratio of the style-neutral funds Figure 5b: Average R ratio of the style-neutral

of funds. funds of funds and the sub funds of funds

Figure 5¢c: Average R ratio of the value sub funds of  Figure 5d: Average R ratio of the growth sub funds

funds. of funds.
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Appendix

Number Mean Mean Mean Standard Standard Standard R ratio R ratio R ratio
Funds Return Return Return Deviation  Deviation Deviation
Neutral Value Growth Neutral Value Growth Neutral Value Growth
2 -1,14% -0,84% -1,39% 0,02% -0,56% 0,75% 0,36 0,38 0,35
4 -1,10% -0,81% -1,34% -0,30% -0,82% 0,39% 0,36 0,38 0,36
6 -1,08% -0,80% -1,32% -0,40% -0,91% 0,26% 0,36 0,39 0,36
8 -1,08% -0,79% -1,31% -0,46% -0,95% 0,20% 0,36 0,39 0,36
10 -1,07% -0,79% -1,31% -0,49% -0,98% 0,16% 0,36 0,39 0,36
12 -1,07% -0,79% -1,31% -0,52% -1,00% 0,13% 0,36 0,39 0,36
14 -1,07% -0,79% -1,30% -0,53% -1,01% 0,12% 0,36 0,39 0,36
16 -1,07% -0,79% -1,30% -0,54% -1,02% 0,10% 0,36 0,40 0,36
18 -1,07% -0,78% -1,30% -0,55% -1,03% 0,09% 0,36 0,40 0,36
20 -1,06% -0,78% -1,30% -0,56% -1,03% 0,08% 0,36 0,40 0,36
22 -1,06% -0,78% -1,30% -0,57% -1,04% 0,08% 0,36 0,40 0,36
24 -1,06% -0,78% -1,30% -0,57% -1,04% 0,07% 0,36 0,38 0,36
Table Al: Average statistics for FoFs versus the S&P 500 over all 209 time periods of the average of
the respective statistic for 10.000 simulated portfolios for value, growth and neutral FoFs
Number Mean Mean Mean Standard Standard Standard R ratio R ratio R ratio
Funds Return Return Return Deviation Deviation Deviation
Neutral Value Growth Neutral Value Growth Neutral Value Growth

2 -11,56% -8,51% -12,60% -2,57% -2,29% -2,48% 0,12 170, 0,13
4 -9,47% -6,99% -10,13% -2,44% -2,22% -2,25% 0,11 70,1 0,14
6 -7,99% -5,82% -8,47% -2,22% -2,07% -1,94% 0,14 0,20 0,16
8 -6,98% -4,99% -7,42% -2,06% -1,93% -1,73% 0,16 0,23 0,18
10 -6,28% -4,33% -6,70% -1,92% -1,83% -1,56% 0,18 0,25 0,20
12 -5,79% -3,81% -6,15% -1,81% -1,73% -1,41% 0,19 0,27 0,21
14 -5,37% -3,36% -5,68% -1,73% -1,65% -1,31% 0,20 0,29 0,22
16 -5,01% -2,96% -5,32% -1,66% -1,57% -1,20% 0,21 0,31 0,23
18 -4,75% -2,57% -4,98% -1,59% -1,50% -1,11% 0,22 0,32 0,24
20 -4,49% -2,18% -4.71% -1,54% -1,41% -1,03% 0,23 0,34 0,25
22 -4.27% -1,72% -4,45% -1,49% -1,30% -0,96% 0,24 0,36 0,26
24 -4,09% -1,14% -4,23% -1,44% -1,15% -0,90% 0,24 0,38 0,26

Table A2: Average statistics for FoFs versus the S&P 500 over all 209 time periods of the minimum of

the respective statistic for 10.000 simulated portfolios for value, growth and neutral FoFs
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Number Mean Mean Mean Standard Standard Standard R ratio R ratio R ratio
Funds Return Return Return Deviation  Deviation Deviation
Neutral Value Growth Neutral Value Growth Neutral Value Growth

2 10,45% 7,01% 11,70% 4,29% 2,21% 5,55% 0,77 0,68 40,7
4 8,22% 5,60% 8,44% 2,92% 1,35% 3,99% 0,80 0,70 0,73
6 6,40% 4,42% 6,49% 2,13% 0,78% 3,10% 0,72 0,63 0,67
8 5,31% 3,54% 5,28% 1,67% 0,40% 2,58% 0,67 0,59 0,63
10 4,52% 2,86% 4,44% 1,35% 0,11% 2,22% 0,63 0,56 0,59
12 3,91% 2,33% 3,82% 1,11% -0,11% 1,95% 0,60 0,53 0,57
14 3,47% 1,86% 3,34% 0,94% -0,28% 1,75% 0,58 0,52 0,55
16 3,09% 1,43% 2,92% 0,80% -0,42% 1,60% 0,56 0,50 0,53
18 2,79% 1,05% 2,55% 0,68% -0,56% 1,43% 0,54 0,48 0,52
20 2,53% 0,64% 2,22% 0,58% -0,68% 1,32% 0,53 0,47 0,51
22 2,28% 0,20% 1,98% 0,48% -0,81% 1,21% 0,52 0,45 0,50
24 2,05% -0,41% 1,73% 0,42% -0,96% 1,12% 0,51 0,42 90,4

Table A3: Average statistics for FoFs versus the S&P 500 over all 209 time periods of the maximum

of the respective statistic for 10.000 simulated portfolios for value, growth and neutral FoFs
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Figure Ala: Difference in lowest annualized geometric mean return Figure Alb: Difference in lowest annualized geometric mean return Figure Alc: Difference in lowest annualized geometric mean return

for style neutral FoFs against the benchmark for value sub FoFs against the benchmark for growth sub FoFs against the benchmark
Figure Ald: Difference in highest annualized geometric mean return Figure Ale: Difference in highest annualized geometric mean return Figure Alf: Difference in highest annualized geometric mean return
for style neutral FoFs against the benchmark for value sub FoFs against the benchmark for growth sub FoFs against the benchmark

31



Figure A2a: Difference in lowest annualized standard deviation for Figure A2b: Difference in lowest annualized standard deviation for Figure A2c: Difference in lowest annualized standard deviation for

style neutral FoFs against the benchmark value sub FoFs against the benchmark growth sub FoFs against the benchmark
Figure A2d: Difference in highest annualized standard deviation for Figure A2e: Difference in highest annualized standard deviation for Figure A2f: Difference in highest annualized standard deviation for
style neutral FoFs against the benchmark value sub FoFs against the benchmark growth sub FoFs against the benchmark
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Figure A3a: Difference in lowest skewness for style neutral FoFs Figure A3b: Difference in lowest skewness for value sub FoFs Figure A3c: Difference in lowest skewness for growth sub FoFs

against the benchmark against the benchmark against the benchmark
Figure A3d: Difference in highest skewness for style neutral FoFs Figure A3e: Difference in highest skewness for value sub FoFs Figure A3f: Difference in highest skewness for growth sub FoFs
against the benchmark against the benchmark against the benchmark

33



Figure Ada: Difference in lowest kurtosis for style neutral FoFs Figure Adb: Difference in lowest kurtosis for value sub FoFs against Figure Adc: Difference in lowest kurtosis for growth sub FoFs against

against the benchmark the benchmark the benchmark
Figure A4dd: Difference in highest kurtosis for style neutral FoFs Figure Ade: Difference in highest kurtosis for value sub FoFs against ~ Figure A4f: Difference in highest kurtosis for growth sub FoFs against
against the benchmark funds the benchmark the benchmark
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' Another popular extension is provided by the fiaator model of Carhart (1997) who augmented tredyais

with a momentum factor. See Haugen and Baker (188&) discussion of 50 possibly influencing fastor
" See Browret al (2004) for a discussion of fees on fees in FoFs.

I Connelly acknowledges that this measure is obtiafrem a presentation by William Jacques at a aenfee

on active versus passive investment managemensspazhby the Institute for International Research.
" See Chan et al. (2005) for an examination of marsdoreign and domestic biases.

Y According to information from Morningstar, 3 valamd 13 growth funds were obsolete from the dataset
chosen. The aim of the study is on the effect yiesteutrality however, such that the survivorsinifuence is

not crucial.

¥ While some funds report prices end of the dayerstheport prices for the day before. The lattethoe being

called forward-pricing aims at preventing specukatrading against the fund.

Vi Other possibilities include setting the upper wler percentage to equal values in order to gatmametric
reward-to-risk measure rather than one that canfanl large underperformances that serve as risksoves in

the denominator.
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