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How to Objectively Rate Investment Experts in
Absence of Full Disclosure? An Approach based
on a Near Perfect Discrimination Model
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Abstract

The result of this investigation is an operational modet ttem be used to ac-
curately identify real stock market time series. In otherdgo if we are presented
with a collection of blinded time series (real-life time issrand simulated Random-
Walks) then the proposed model will allow us to discriminb&ween both cate-
gories. In addition, it is shown that the type Il error of tmedel quickly converges
to zero as the time series length increases. The most reblafieature of this model
is its simplicity: a (bias-reduced) logistic regressioithm single exogenous variable
(the kurtosis p-value) based on the Quasi Random-Walk nibdetelates returns of
equity and the entire market in times of large market retufimés model can be used
as an objective rating benchmark for the models that arelmgsbddge funds to iden-
tify the stocks that should be used in a market neutral adpitistrategy of long and
short positions. In addition, it allows independent auditto objectively evaluate
the added value of statistical and technical analysis iqols that are often used in
investment decisions. A rating mechanism that is basedeprbposed benchmark,
provides valuable information about the investment sgsatven in absence of full
disclosure.

1 Introduction

My main argument in this paper is that real stock market tierges exhibit fundamen-
tal, testable differences when compared to Random-Walkss#rat are - by definition -
Fama-efficient. The discrimination between both typesmétseries is based on a simple
logistic regression model with the p-value of the small skeriuirtosis as exogenous vari-
able. The discrimination quality of the model is extraoedinwhich makes the model an
effective benchmark (and challenge) for any discriminmatizodel that is used by hedge
funds in a market neutral investment approach.

To provide empirical evidence for this statement | follovheee step procedure. First,
a theoretical introduction and formal definition of an ait#ive model for the efficient
market hypothesis (the so-called Quasi Random-Walk maglpipvided. Second, a com-
prehensive dataset is collected, and complemented withlaied Random-Walk time
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series that represent the efficient market hypothesis. Al gtep involves the develop-
ment of a very simple (bias reduced) logistic regressionehtidt discriminates between
both types of time series. It is shown that the discrimimatioality is near perfect (in
terms of type | and type Il errors) when the time series unalestigation has more than
500 observations.

All computations that are presented in this paper were paed with the R language
(R Core Team, 2007).

2 Themodd

2.1 Introduction

The application of the Quasi Random-Walk (QRW) model in foemwas proposed by
Airoldi (2001) based on previous research and the followobgervation of Cizeau et
al. (2001): "Empirical evidence shows that for large manattirns almost 90% of the
equities have the same sign as that of the market...”.

Airoldi formulates his model for N equitieS; for i = 1,2, ..., N that exhibit move-
mentsoS; = +s following a Quasi Random-Walk with "hopping probabilitieB,s, that
may depend on previous market returns Airoldi (2001). Sthedependence is associ-
ated with periods of turmoil we can introduce two separadtestof the market:

(t)
+57g (MO=2) 2.1)

N[

h=1: Pasi (M(t_At)) = %
h=0: Pasi (M(t_At)) = %

with M=) = L5 08Ty <,

Obviously, ifh = 0 then Pys, behaves like an ordinary Random-Walk and does not
depend on market movements. In this case, the probabiliéy aficrease (or a decrease)
is exactly% and does not depend on anything else. This implies that there way to
predict the outcome of future returns & 0 corresponds to the efficient market). As a
consequence, the time series of equity returns is not aurtdated whem = 0. This
automatically leads to the conclusion (based on the celtné theorem) that equity
returns must be normally distributed (as longhas 0).

On the other handPs, in (2.1) depends on the previous market movemerits+f1.
As pointed out before, in times of large market returns thera high probability that
the sign of equity returns is the same as that of the markedrefbre an additional term
that describes the dependence on past market returns usl@tcin the equation. As a
consequence, the time series of equity returns (for penddses = 1) is autocorrelated
and fat-tailed instead of normally distributed.

The QRW model does not explain when, how, or why large maseirms occur. It
also does not describe the exact specification of the fumgtjo that relates large market
returns to the returns of equities. This however is not alpraldor the development of a
discrimination model as will be explained in the followingcsions.
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2.2 Biasreduced logistic regression model

| expand on Airoldi s idea, and introduce a simple logisttationshipf = % where
Ph=1)= 1+f and whereX represents a “discriminating statistic” that is used to alod

the states of the market. Parameter estimatésare obtained with the Bias Reduced
Logistic Regression method introduced by Firth (1992) Wwhields adequate variance
estimates in cases of near perfect discrimination - unlikénary logistic regression esti-
mation (Firth (1993), and Heinze et al. (2002)).

The key to discriminate betweén= 1 andh = 0 is provided by the observation that
the sign of large market returns can be associated with gimeo$iequity returns (Cizeau et
al., 2001). Moreover, it has been well established in erogliresearch that large market
returns are more likely to occur than what we could expecffioient markets. Hence, if
market returns exhibit fat tails then we should expect ex&estosis (as compared to the
normal distribution).

In addition, the QRW model predicts that autocorrelatiomsuges are bad predictors
for a discrimination model. The reason is simply due to tloe flaat the observations of a
QRW is a mixture of two different states where only state 1 displays any meaningful
autocorrelation pattern. Any attempt to measure this patequires the investigator to
filter the time series to exclude the randomness in gtate).

In this study we employ the following (sample) measure otdsis (Borghers et al.,
2006a) for the equitieS; = {z1, o, ...z, } Withi = 1,2, ..., N;

o (n—1)n =7 _ 3(n —2)°
KZ‘<<n—2><n—3><n—4>Z< ; )) w-w-1n P

Jj=2

n

. 1
with s = | -1 22 )* andr; = 7 Inz; and7; = — >

The kurt08|s measurKi in (2.2) can be used for large and small samples. The stan-
dard error ofkK; is

o — \/4 ((n — 1)2 — 1) s2 2.3)

(n—4)(n+4)

with s2 = % The test statistic is = £+ — N (0,1).

Based on the research of Van der Vorst (2005), | use the pwalu; as the only
discriminating statisticX in the logistic regression. This means that (given a pojmiat
kurtosis ofk;) the type | errorP (K; # 0 | Hy : k; = 0) is transformed into a probability
of the state of the marke® (h = 1). In order to be able to make clear-cut decisions a
threshold-based rule must be introduced to identify Quasid@m-Walk Stock Market
Returns.

The thresholdv is chosen such that the type | errorR{P (h=1) >w | h=10) <
0.05. Obviously, the type Il error is hoped to be small enough tovalfor practical
applications.
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2.3 Applications

It is well known that a large proportion of hedge funds emplayso-called “market neu-
tral” investment strategy. This particular strategy issafemployed because it theoreti-
cally promises to yield positive returns that are indepahdéthe market trend. Basically,
this is achieved by holding simultaneous long and shorttjpos in different subsets of
a (pre-specified) universe of stocks or other assets. Iimghsoch strategies allows the
hedge fund to generate positive investment returns thainaeppendent of the overall
market trend.

The underlying decision process of this type of hedge furithised on some sort of
discrimination model or methodology. For obvious reasdms,will be kept secret from
the outside world, making the hedge fund resemble a blackitwaixcan only be rated
indirectly, through the analysis of historical performanc

Non disclosure of the actual discrimination model or metilogy is problematic for
the hedge funds and their clients. The hedge fund managermsnable to adequately
demonstrate the qualities of their investment approachtlaadalients have no informa-
tion about the risk they are actually taking by using the leeflond investment vehicle.
Therefore there is an obvious need for an objective ratinthaumlogy that can be used
by clients to assess and compare hedge fund investmerdggsémiwithout the need to
disclose any secret information about the underlying disoation model.

How can the proposed model be used to rate hedge funds thabyempmarket
neutral” investment strategy?

At first, it is important to identify the fundamental problehat the hedge fund man-
ager is facing in the market neutral strategy. To put thinggply, the manager faces the
following list of decisions:

¢ define a universe of tradable items (for instance all lag@stock in the U.S.A.)
e determine the investment horizon (often this ranges fro8@days)

e create a discrimination model that classifies the stockhrieet piles (long, short,
and neutral)

The fundamental (most difficult) problem is to approprigtelentify the stocks that
have to be attributed to the short, long, and neutral cayeddre hedge fund’s portfolio
consists of a combination of simultaneous long positioran{fthe long pile stocks), and
short positions (from the short pile stocks) during the gtagent horizon. The hedge fund
manager hopes to achieve an arbitrage profit that is causedibg prices of long pile
stocks and decreasing prices of short pile stocks.

Unfortunately, the hedge fund manager is unable to disdldeemation about the
discrimination model or methodology that is used becaus®iild otherwise lose its
competitive advantage. At the same time, the manager idloateal (due to legal restric-
tions) to advertise the quality of the investment strategy.

In second instance, one could look at the decision problemh@fmanager of an
“ordinary” fund. Here, the investment strategy is subjectitany restrictions that are
imposed by law and senior management. Many funds will maadupesket of assets that
contains cash, bonds, and a portfolio of stocks that is amtd a market index. From
time to time, these managers will decide to change the commosf the basket or stock
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portfolio. These changes are typically small and “cautioliterefore the stock-picking
problem is not as acute as in the case with hedge funds. NMeless, many financial
institutions and institutional investors often base thleicisions on the analysis of experts
such as: technical analysts, econometricians, and funaaim@nalysts. Even though
there is a legal requirement to be transparent to the outsadiel, the details of such
analysis and resulting decisions are not readily disclosed

In both cases there is no full disclosure. This is probleciagicause clients have no
way to assess the risk that is associated with their invegsndn addition, there are
seems to be a growing concern about the black-box natureedhedge fund industry
which explains why some are now openly calling for more ragiah.

If the proposed model in (2.1) turns out to be true and if thggested exogenous
factor proves to be effective in discriminating between stetes of the market,(= 1
andh = 0) then it is possible to create fast algorithms that make sgbeetion of equities
(from the universe of all equities under consideration) #h@w a high logistic regression
probability thath = 1. This is of particular importance for hedge funds, emplgytine
market-neutral investment strategy.

Furthermore, any model that selects equity from the unévarsd assigns them to
either a long or short position portfolio, must have a statié$ discrimination quality that
is at least as good as the quality of the proposed model. ler otbrds, the power of
the proposed logistic regression is a benchmark for anyteqalection algorithm when
feeded with simulated and true stock market time seriess dllows us to create a rating
mechanism that allows us to compare ratings from differeatige) funds even if they
operate in different markets or circumstances. The loghirukthis is that the rating
of the fund depends on its ability to discriminate betweend®en-Walk and real Stock
Market time series relative to the discrimination qualifytiee benchmark model. If the
model’s performance is not too sensitive with respect taglar time then the relative
rating promises to be fair. In any case the fund’s perforraaimuld be at least as good
as the performance of the proposed benchmark.

3 Dataset

| collected 66 index time series from Yahoo! Finance (200@Qu various important
markets and made them available in an on-line archive (spe¢-iL and Statistical Com-
putations at FreeStatistics.org (2007)). Each time seoesists of daily closing prices
ranging from the first trading day in 1995 (earliest date)luhé last trading day of De-
cember 2006. The lengths of the time series vary due to obvieasons.

The data collection represents a variety of important ntarikeluding:

e several important stock exchanges of the U.S.A.
e U.S.A. bonds, notes, and treasury bills
e gold and silver

¢ several well-known stock exchanges in Europe and Asia
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Figure 1. Descriptive statistics - dataset
http://lwww.freestatistics.org/blog/date/2007/OctZ@ptxvit3arzpz1192711431.htm

Figure 1 shows the histograms about various statisticsetdy returns of all ob-
served time series (denoted QRW). It can be observed that seaies contain more than
2500 trading days, and only a small minority of series hage taan 1000 observations
(variable "length”). The descriptive statistics aboutrerte values (c.q. range, mini-
mum, maximum, and interquartile range) have highly skewsttidutions. In addition,
the variation about these statistics is substantial, ataig that the sample of index series
exhibits a variety in terms of extreme returns.

For every time series | simulated 20 Random-Walks (denot&(l tRat are - by def-
inition - known to satisfy the criteria of weak form-efficien Each of the 20 simulated
series has the same mean, and standard deviation as theabtigie series. More pre-
cisely, the formal definition of the symmetric Random-WadKi — B)inY; = e; with
BY; =Y.

This definition contains a logarithmic transformation hesmit allows the simulated
stock market prices to have the property that local votgiiticreases with the local mean.
This property is realistic as can be easily verified by theafdhe Standard Deviation-
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Mean Plot (Borghers et al., 2006b). In addition, it shouldnbéed - as pointed out by
Larry Weldon - that the definition of the RW is symmetric. Thieans that the probability
of an increase or decrease of stock market prices is exa@¥y. Shis comment makes
sense because a weak drift (c.g. a constant term) might bedaddthe definition to
account for the long term trend on the stock markets. In thisstigation the constant
term is assumed to be zero because of the following reasons:

e the drift component in a simulated RW of a maximum of 500 dalygervations is
negligible

o if the drift component is tested in real stock market timaesefc.q. QRW) it is
almost never significant

e if a drift component would be included in the simulation itmd result in a skewed
distribution and non-zero autocorrelation of the log nesu a property that would
be easily detected by a discrimination model

Figure 1 shows that the variation of the deviation of extrefn@inimum or maximum)
between the simulated and original time series convergtdgeaesxtreme is closer to zero.
The interquartile range (IQR) of simulated and observee tg@ries however are highly
correlated, even if the variation of the observed time sdasdarge. In other words, the
RW and QRW series are similar when only the mid 50% of obsiEmatare considered.
The differences between both types of series are clearbtédcin the tails of the log
return distribution.

4 Analysis

4.1 Introduction

In applied research it is common to use market time serieaibf ceturns that are rel-
atively short (between 6 months and 2 years). The underlggsymption is that only
the recent history contains any information of interestr ths reason, we analyze time
series that are obtained by introducing a minimuy, and a maximum number of ob-
servationsy,,... The methodological approach outlined below however, rsege and
can be reproduced for any set of integer values with, < 7,4

The maximum number of subsets,,,... is defined by the following relationshif, ... =

floor m”(length(sl)’le""th(s2)""’l”‘gth(sN”) wherefloor(z) returns the nearest integer value

that is equal to or smaller than andlength(sS;) returns the number of observations of
the time series.

The actual subsets (for every equitgnd actual lengtl) are defined by the following
relationshiph;; = floor (M) fori=1,2,....Nandj = nyin, Nomin + L, v, Nnaz-

The p-valueg;;, of the previously defined kurtosis measurgs, were computed for
the log returns;;, of every actual subseries;, = {z;—1)+1, Zj(g—1)+2, - Tj(g-1)+; }
fori = 1,2,..., N andj = npin, min + 1, ..., e andg = 1,2, ..., M;;. Due to the
large number of subseries the computational effort is gsutiestantial. It is therefore
not feasible to use many more than 20 Random-Walks per aiéime series. Several
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Figure 2: Type Il errors depend on the time series length given a fixed tyerror of 5%.

experiments applied to a subset of the data with 50 RandotksWastead of 20 yielded
results that were very similar to those portrayed below.

In order to be able to create a model that discriminates letWefficient) Random-
Walks and true financial time series (Quasi Random-Walkktimosis p-valuep;jq were
computed based on the subseries of 20 simulated log retygwsith the same mean and
standard error as the original time serigs

For every lengthy = 1,50, nin + 1, ..., tmae @ bias reduced logistic regression was
computed where the binary status variable 0 or h = 1 is explained by the correspond-
ing p-values of the kurtos';sfijq andp;;,. For obvious reasons, the degrees of freedom of
every regression depends on the number of subsets that caedied of each length
All bias reduced logistic regressions however, have highgyificantd parameters (t-stat
between -15.9 and -27.5).

42 Typel & |l errors

From the results presented below it can be concluded thatifceimination quality of
the logistic regressions strongly depends on the lengthedtiine serieg = n,,in, min +
1, ..., Npae With n,,,;,, = 100 andn,,..., = 500. The relationship between the type | error
(alpha), type Il error (beta), and the time series length)(ig shown in Figure 2.

The type | error is 5% up to a rounding-off error: the exactiealrange from 4.5%-
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Figure5: Type Il error of kurtosis-based discrimination model iratgnship with type |
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5.5%. The pattern that emerges from the sequence of typerkesrcaused by the varying
lengths of the original data. The same applies to the wiggtiepn in the sequence of type
Il errors. More importantly, there is a clear (non-lineagpative relationship between the
length of the time series ("length”) and the type Il errorgta”). Also note that there is a
very sharp reduction in type Il error (from a maximum of 60.8£8.44%) with increasing
length. The shortest time series in this investigation H&@ observations. For obvious
reasons we should not expect the kurtosis to be significdiftgrent from zero in every
single instance. If a type | error of 5% is maintained, théistiaal power is expected to
be rather low. Figure 3 shows the relationship between tlosatype | error (alpha),
its corresponding critical value (c.g. threshalg and the type Il error. The power of the
statistical test is only 39.2% when a 5% type | error is selkketthis is inadequate for
practical applications.

With increasing number of observations, the power of theisemproved. For exam-
ple, a time series length gf = 200 yields a power of 61.6%. The result for= 300 is
shown in Figure 4 - the power is 75.9%. The trade-off betwgpe t & Il errors is much
smaller than before (c.g. the type Il error curve is muchdtattFinally, Figure 5 shows
the relationship between the chosen type | error, its cparding critical value, and the
type Il error for time series with a length of 500 observasi@e maximum length in this
investigation). Now there is virtually no trade-off betwetype | & Il error. In addition,
the statistical power is 91.6% and could be increased fulthe@sing time series that are
longer than 500 observations.

The type Il error is much less sensitive to changes in itgativaluew than with short
time series. Increasing the length of the time series umdestigation has a tremendous
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and favorable effect on the model’s prediction quality.sTikinot the case for other criteria
- such as autocorrelation measures - that are traditionafig in empirical research. For
example, one might consider an autocorrelation-basedidigs@ting statistic based on
Xijg =01 o (Vina, Vinz, )| fort = (g —1)+1,j(q—1)+2,...5 (g — 1) +7,
i=1,2,..,N, j = Nnin, Mmin + 1, ..., Nnaz, aNdg = 1,2, ..., M;;. This discriminating
statistic yields a power between 8.8% (for 100) and 22.73% (fo = 500) when used
in the logistic regression instead of the kurtosis p-valtee power slowly improves with
increasing length, but is not suited for any real-life application.

This observation may - at least in part - explain why the erogliresearch literature
about financial market efficiency has not come to an unambigfinal conclusion. The
argument here is that autocorrelation-based criteria reefficient measures of market
inefficiency because they cannot capture the dynamicalkptieg of the financial market
in a parsimonious way. Traditional (c.q. non-robust) aatoelation statistics are ill-
suited measures of inefficiency in the presence of largengiloutliers).

On the other hand, there is strong empirical evidence - imthdilly supported by the
Quasi Random Walk theory - that the kurtosis p-value is a-pedect discriminating
factor with type Il errors that quickly converge towardsae&ith increasing length. It
also explains the phenomenon that was observed in Figugelddviation of extremes
(minimum and maximum) between the simulated Random Walkthedriginal series
diverge in the tails of the log return distribution.
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4.3 Simplenonlinear models

Assuming a fixed Type-I error of 5% throughout, the relattopdetween the Type-lI

error B; and the length; of the time series can be described with a simple nonlinear

modelj = a1 + BAB;) With j = Ny, nin + 1, oy Mg and with A(B;) = 27

(for A # 0) andA(B;) = log(B;) (when\ = 0). Figure 6 shows that the Maximum
Likelihood estimate foi ~ 0, hence the loglinear model specification is the optimal Box-
Cox transformatior (.) that linearizes the relationship between both variabléstefest.
In addition, the least squares fit is quite highif. R* = 0.9798) and the parameters =
—10.657 and 3, = —216.244 highly significant. This loglinear model is an operational
eguation that computes the time series length that is redjfor any desired Type-Il error
B*: j* = —10.657 — 216.244 log(B*). Suppose that the desired Type-Il eridt = 15%
then it is easy to obtain the required length= 400 (rounded to the nearest integer).
Another simple nonlinear model can be used to relate thenetjtime series length
to the optimal threshold value;* = «a, + GA(j). Figure 7 illustrates the Maximum
Likelihood optimum forA ~ —0.66. Least Squares Estimation yields highly significant
parameters and goodness of fitdj. R* = 0.969). The operational equation is;* =
—3.50777 + 2.50951]'7_0;2671 for j = Min, Nmin + 1, -y Nmaz- 1f We require a time series
length of 400 observations theny,* ~ 0.22.
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Figure 7: Relationship between threshold)(and length (criterion: Kurtosis p-value).

The relationship displayed in Figure 6 can be recomputedHerautocorrelation-
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based discriminating statistic - the results are shown guié 8. It is interesting to

compare the discrimination performance of both statistidssimple extrapolation of

the model displayed in Figure 8 yields a required time sdeiegth of 1998 observations
to obtain a desired Type Il error level of 15% - this is about®es the length that would
be required when we would use the kurtosis p-value.
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Figure 8. Relationship between length and Type Il error (criteriontt@correlation).

5 Conclusion

The proposed benchmark model is remarkable because it jdesand promises to pre-
dict well across geographical regions and time. Therefbre possible to compare a
(hedge) fund’s ability to discriminate between Random#/ald real Stock Market time
series (that are presented in a blinded experiment) wittbémehmark model’s perfor-
mance. The objective rating of the (hedge) fund is expressetthe degree by which
it outperforms the benchmark. This definition effectivelipas us to compare (hedge)
funds from different regions, and working under differemtemstances. The applica-
bility of this rating methodology is obviously limited toeglcases where the fund under
investigation is using some sort of discrimination modeit thelps them in some sort of
stock-picking decisions.

Based on the evidence presented in this paper it is my behavsuch a rating mecha-
nism could be fairly easily implemented to systematicatiyyide comparative, scientific
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ratings about a fund’s ability to make adequate (stockipgkinvestment decisions with-
out the need to disclose any sensitive information to thadies.
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