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A NONLINEAR POLICY FOR TRADING IN
INDEX FUNDS

Luca GhezZi Fernanda StrozZi

1. Introduction

Neoclassical finance rests on tleficient market hypothesis, whereby stock prices
immediately and accurately incorporate any new eiet relevant information owing to the
trading of the most skilful operators. As the reletvinformation comes up at random, the
changes in stock prices, i.e. the rates of retara, almost unpredictable. Moreover, as no
systematic errors are usually made by the aboveiomen operators, both statistical and
financial analyses can’'t end up in excess retufAss.consequence, no stock index can be
outperformed consistently by a trading or investimrlicy that has a higher mean return as
well as the same standard deviation (risk) of theksindex or a lower one.

Some empirical evidence about the efficient mahiygiothesis is outlined in Section 2 along
with its neoclassical and behavioural interpretetiocAccording to Farrell (1997, chapt. 1), a
portfolio manager and lecturer,

« stock markets are not entirely efficient, with deyped stock markets tending to be more

efficient than emerging markets, because they are extensively analysed,;

* some inefficiencies tend to be removed owing tchhbmttive learning and competitive

imitation.
Needless to say, those conditions and developmeatdd be precluded from the lack of
financial analysis, trading, and active managemtig; is an important motivation for further
applied research. As explained by Tobin (1984) atheve-mentionethfor mational efficiency
of stock markets goes along with thenctional efficiency of a financial system, which is
important to households, firms, and governments.

This paper expands on Strozzi and Zaldivar (2005)wall as Strozzi and Zaldivar
Comenges (2006), who focus on trading in foreigmremcies; they develop a family of

nonlinear trading policies and test it successfoltyhigh-frequency data about the exchange
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rates between the US dollar and 18 other currenéiesshown by Strozzet al. (2002), the
underlying and unknown nonlinear dynamical systamessupposed to be intiansient phase;
therefore, use is made of numerical estimates af physical divergences. As explained by
Strozzi and Zaldivar (2005) as well as Strozzi Zalilivar Comenges (2006), this approach has
previously been taken in analyzing ttransient phases of chemical processes, aiming at the
early detection of runaway reactions.

In this paper, the above-mentioned nonlinear pedicare tested on stocks rather foreign
currencies, more precisely on daily data aboutStadard & Poor'ss& P 500 stock index.
Daily data are complemented by other new featUres.data sample spans 15 years rather than
one year. The benchmark is now a passive portfako,the usual choice both in financial
economics and business practice. As a consequpadermance is measured in terms of a
reward to risk ratio, i.e. another usual choiceath financial economics and business practice.
Moreover, the robustness of our numerical resslsarefully checked, as motivated at the end
of Section 3.3. More precisely, as a specific nwdr policy is characterised by a triplet of
parameters, some triplets are shown to be e#figsfactory or unsatisfactory in four data
samples, including the first 5, 10, or 15 yearsvall the years 2006-2010. Indeed, satisfactory
triplets, i.e. satisfactory nonlinear trading pag; outperform the benchmark resulting in a
higher reward (daily mean return and hence finatawlation) and a lower risk (daily standard
deviation).

The paper is organised as follows. Some empirigalesce in favour of or against the
efficient market hypothesis is briefly reviewedSection 2. The data set is presented in Section
3 along with the family of nonlinear trading poési peculiar attention is devoted to the
measurement of their performance. The analysisuof mmerical results is carried out in
Section 4, where the nonlinear trading policiestasted against th&& P 500 stock index, their
forecasting power being contrasted with that of Blwav Theory, as reported by Brovet al.
(1998). Moreover, the nonlinear trading policies also tested against the null hypothesis that
the S&P 500 stock index follows a random walk. Rinatwo promising extensions are

highlighted. Conclusions are given in Section 5.

2. Theefficient market hypothesis

There is a whopping body empirical evidence about the efficient market hypothesis, an
educated summary being provided by the textbooknEdt al. (2010, chapt. 17). Although
many empirical papers are in favour of the hypdtheseveral so calleédnomalies are
documented, including: an inertia of equity poitis] a dissimilar behaviour of growth and

value stocks, a long-term mean reversion in stadices, the tendency displayed by the very
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best and worst equity mutual funds to repeat tremient performance. Such anomalies add to
the empirical properties listed in the review Claddarti et al. (2011) of empirical studies in
Econophysics.

Nonetheless, most actively managadtual funds, be they bond or equity funds, have
underperformed their benchmarks (Elten al, 2010, chapt. 25). However, although the
managers of mutual funds as a whole haven't disptayugh skill to cover their expenses, the
managers ohedge funds have to some extent: as remarked by (Jackson,, 20@pt. 9), the
CSFB Tremont index outperformed the S&P 500 staumlex over the years 1994-2002, its
mean return being higher and its standard devidtiek) lower. Hedge funds are more opaque
and less regulated than mutual funds, their tatab® under management being much lower.
Notably, the management style of a hedge fund cardiscretionary, systematic, or in
between. In other words, it can be based on siNgeptdgement or computer programs (e.g.
aiming atstatistical arbitrage).

Moreover, the 2013 Nobel Prize in Economic Scienses also awarded to Eugene F.
Fama, a neoclassical economist, and Robert Je§hallbehavioural economist. As mentioned
by the Royal Swedish Academy of Sciences (201&)r timpirical researchs have shown that
stock prices, though unpredictable over the sleomji.e. the next year, are predictable over the
medium term, i.e. the next 3-5 years, owing to batipnal and emotional causes. The more
sophisticated study Cochrane (2008) has confirnuett slaims but it has also cast doubts on
their operational relevance. The vector autoregrass Cochrane (2008) is consistent with a
general dividend discount model but it rests ongpecific and questionable assumption that
dividend yields are the only exogeneous variabée #ifects both future dividends and stock
returns.

Shiller (2003) comments on the empirical evidendeergby stock indices may remain
above or below theifundamental values for several years in a row, fundamental values
reflecting the expectations of subsequent dividemdisch are hard to estimate. In his opinion,
the collective behaviour of traders and investsrisdth rational and emotional, being driven by
news and affected by press coverage. Thereforek atarkets are ndtindamentally efficient,
as also maintained by Tobin (1984); in principlbistdoesn’'t prevent them from being
informationally efficient. Shiller (2003) lists some instancesnfotional decisions; moreover,
he distinguishes between more emotional operatmtsnzore rational ones, pointing out some
reasons why the latter, i.e. the most skilful ormeay be unable to counter the former, when
they give wrong buy or sell orders. Such inabititgshes with the statement of the efficient

market hypothesis.
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Such abehavourial interpretation of the empirical evidence completaemneoclassical
interpretation, which claims that stock marketsdtém befundamentally efficient as well, as
the collective risk tolerance varies with time. Maurecisely, it is lower (higher) under more
risky (less risky) circumstances, e.g. in a re@sgiexpansion), thus driving up (down)
dividend yields, i.e. dividend-price ratios.

According to Shiller (2003, p. 96), Haugen (199%amt. 6 and chapt. 24), and references
therein

« portfolios of winning (losing) stocks display thdéawe-mentionedinertia patterns,

tending to repeat their performance over the pgido 12 months in the subsequent 6
months;

e on appreciating (depreciating), those portfoliowtéo reverse their performance over the

subsequent 30 months or so.
Two non mutually exclusive explanations can be mgiabehavioural and aneoclassical one,
whereby

» a slow and gradual reaction to favourable (unfaable) quarterly reports on earnings

and dividends is followed by an overreaction tohaie of good (bad) news, caused by
more emotional operators. Only later, more ratia@drators drive back prices toward
their fundamental values;

« chains of good (bad) news signal that winning (igsistocks have become less (more)

risky with their prices adjusting accordingly.

According to technical analysis, although stock prices reflect all available relatv
information, they take time to do so; as the coNecbeaviour of traders and investors tends to
repeat itself over time, price patterns are recajsie and predictable to an extent that depends
obviously on experience and skill (Stevens, 200#pt. 1; Reuters Ltd., 1999, sect. 1).
Therefore,inertia patterns are considered bgchnical analysis too. Some empirical studies
show that differentechnical trading rules would have outperformed specificktodices over
specific historical periods (Rosillet al, 2013, sect. 2). One of thothnical trading rules is
based on the indicator®Sl (relative strength index) andMACD (moving average
convergence-divergence). When dealing with tradinfgreign currencies, Strozzi and Zaldivar
Comenges (2006) compare their divergence-baseaguoe with theRSI. As documented by
Rosilloet al. (2013, sect. 2), the use of technical analysigdespread among foreign currency
traders.

In the light of this, the forecasting power of thiwergence-based procedure is compared

with that of the Dow Theory, the seminal formte¢hnical analysis, at the end of Section 4.1.
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3. Problem statement

3.1 Data set

The Standard & Poor'S& P 500 is a value-weighted stock index. It is based drasket of
500 large companies, all listed on the NYSE or NASD It was devised in 1957 from a stock
index based on 233 companies, in existence sin2&. 1& numerator is the sum of 500 terms;
nowadays, each term is equal to a stock price tithesnumber of free floating stocks. Its
denominator is occasionally adjusted, e.g. wheanapany is replaced by another one. The net
total return version takes into account the reitmest of net dividends in the corresponding
stocks.

Our analysis rests on the net total return versilaily data from 12/31/1998 to 12/31/2013

were downloaded froBloomberg Finance LP at the beginning of 2014.

3.2 A family of nonlinear trading policies

Let timet be measured idays, SPbe the value of thB& P 500 stock index (net total return
version). Consider amdex fund or anexchange-traded fund that replicates the S&P 500
stock index; for simplicity’'s sake, suppose tB&tis also the price of one share of the index
mutual fund. LetPV be our accumulation, i.e. the value of our portfolvhich is made up of
eithern shares of the index fund or cash; suppose thatlsgd from shares to cash or vice versa
may occur evend days.

Letr be the rate of return on our portfolio over a perf & days, i.e.

P
I+ ries =

SO thatlog(1+ rt+5) is the rate ofogarithmic return over a period of days. We have

PV,,5 =90 a)py with t=k& and k=012,

so that

PV, = e|09(1+r6)+|09(1+r26)+“'+|09(1+rn6) PVo
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Suppose that the latest switch occurred at timeve have

PVi+s _ M SR+5 _ SR4s
Py nSR - SR

PVi+g =NtSR4+s and l+ris =

PV;

for along position, i.e. an investment in stocky, = being the number of shares bought

T

at time T by spending all the money available. We also have

I:’Vt+6
t

=1

PVies =PV and 1+rs=

for ariskless but steady positionPV; being cash, available since time Such an assumption
is conservative, as cash usually earns interest.
Our family of nonlineattrading policies is based on the sign of the second differeﬁ?:vt,

where volumeV; is given by

INSR-InSR_q4 0 0
0 INSR_4 —INSK_ 0
Vi = de R-d R-2d
0 0 - In SR-(e-1)d —INSR_gq

with d denoting thetime delay and e the embedding dimension. As shown in Kantz and
Schreiber (1997), suateconstruction parameters allow one to reconstruct the properties of
the underlying dynamical system by using only oneasurable variable, i.e. a scalar time

series. The meaning of volunmg as well as the link between volume and physicadjence

are explained in Strozzi and Zaldivar (2005, se&.1). More precisely, we have

M for AZVt <0
=4 Sk (1)
0 for A2, 20

so that eithemy shares of the index fund are held fgr>0 or cash is idle fom; =0; recall

that switches may occur evefy days. Some insight into (1) is given by Strozail &aldivar
(2005, sect. 2.4). According to a mechanical angltite divergence-based procedure focuses

onacceleration rather than ospeed in contrast with othetrechnical indicators: a risky position
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is taken if acceleration has decreased, where&sklass position is taken if acceleration has
increased.

All parameters of each tripleéﬁ, d,e) are positive integers with

e=1 and d<9o

the educated choice= Heing in line with some empirical findings (Stroez al, 2002). Each
triplet (6,d,e) is matched by only onérading policy, which results from the following

computations

1) Vs = In( SR J is computed at tim@;
SR-q4

2) Vs = In( Shs J and AV,s are computed at ting ;
SBs-d

3) Vg5, AVgs, and A2V35 are computed at timé&); trading starts, the index fund being
preferred to cash fongs >0, otherwise cash is preferred to the index fund;

4) V5, AV, and A2\/45 are computed at timdd , when the forecast made at tirB&@ proves
either right or wrong. Trading may go on, the infiexd being preferred to cash fogs > 0,
otherwise cash is preferred to the index fund;sodn.

3.3 Perfor mance measur ement

Consider a specific trading policy (1), i.e. a spedriplet (é,d,e); let r be the sample
average of its logarithmic return amd be the sample standard deviation. Both sample mtsme
areannualised; as 252 is the average number of business daygepein our data sample, is
equal to 252 times the sample average per day,eaber is equal tov/252 times the sample

standard deviation per day.
The benchmark is apassive portfolio, i.e. an usual reference in both financial ecomsmi
(Brown et al, 1998) and business practice (Gibson, 2008, ci&)t.More precisely, it is an
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index fund or exchange-traded fund that replicates th&& P 500 stock index; recall that net
dividends are reinvested in the corresponding stotkt rgp be the sample average of its
logarithmic return ando gp be the sample standard deviation; needless tobssly, sample
moments are annualised. As explained in SectiontBe2first forecast can be made only after
33 days; in other words, the start date depend$ @o that bothr gp and o gp depend ond

too.
A specific trading policy (1), its benchmark, aheit performance can be compared in terms

of theirreward torisk ratios

annualiseagneanreturn
RR= : — 2
annualise standar deviatior

Thereward torisk ratio (2) is close in spirit to the Sharpe ratiapther usual reference for
financial economists as well as financial advisdirsancial analysts, and portfolio managers

(Farrell, 1997, chapt. 15). It is readily realigedt whenever >rgp, the final portfolio value

of a specific trading policy (1) exceeds that af tenchmark. However, as investors rask-
averse, a large portfolio value after 15 years is und, if it is too risky. Therefore, a
specific trading policy (1) will outperform the bgwmark, only if bothr and o are
appropriate. Indeed, the reward to risk ratio sétasfactory trading policy (1) is appropriately
larger than that of its benchmark, whereas the mwarisk ratio of arunsatisfactory trading
policy (1) is appropriately smaller than that of ienchmark. As each trading policy (1) also

involves a riskless position, we hawe<ogp by construction. In general, we don’t check
whetherr >rgp and 0 < o gp, Which is the favourite case.

Needless to say, we can claim that the divergease¢ procedure has solfite ecasting
power only if it provesrobust. Accordingly, we will divide outhistorical period into a few
subperiods and check whether there exist specifidimear trading policies (1), i.e. specific

triplets (6,d,e), that aresatisfactory, or unsatisfactory, in all subperiods. The resort to real-

time forecasting, outlined in Section 4.3, shoukpdl doubts more effectively.

Although our modelling is parsimonious, data minifhite, 2000) is a serious risk.
Therefore, we will perform Montecarlo tests (Whi#®00) in Section 4.2. More precisely, the
forecasting power of the divergence-procedure baltested against the null hypothesis that the
S&P 500 stock index follows a random walk, naméilgttits logarithmic returns are a white

noise.
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Keep in mind that such a null hypothesis is jussaal and convenient term of comparison.
Actually, the logarithmic returns on the S&P 50Mcst index are not independent and
identically distributed, the properties of theistdibution changing with time (Chakraboeti al,
2011). Therefore, the mean and standard deviatidhedr distribution are not constant with
time; moreover, as absolute or squared returnsuatieorrelated, large (small) returns tend to
be followed by large (small) returns, of either rsiga phenomenon known amlatility
clustering (Franses and van Dijk, 2000, chapt. 1). A comparisetween the sample moments
of Table 1 and Table 4 is rough but insightful;éed, data samples should begin and end with

similar financial multiples (Bernstein, 1997), esgnilar price-earnings ratios.

4. Numerical results

In the sequel, the nonlinear trading policies () tested against tH#& P 500 stock index.
Both their performance and robustness are carefilipcked. All the numerical results have
been obtained in MATLAB.

4.1 Perfor mance and robustnessin the case of the S& P 500 stock index

In Figure 1, the trading policies (1) and the pasgolicies are compared by plotting their
reward torisk ratiosRRas a function of the paramete¥sandd, which are respectively lower
than or equal to 30 and 25 business days. MoresetgcFigure 1a is based on the first 5 years,
Figure 1b is based on the first 10 years, Figureslisased on the years 1999-2013, i.e. the
whole data sample, and Figure 1d is based on thesy2006-2010; keep in mind that the
outbreak of the % global financial crisis occurred in 2008. All tleove-mentioned four
contour plots display a striking similarity, i.&ely display white areas where the corresponding
trading policies (1) outperform the passive polcia terms ofreward to risk ratio. For
instance, one white area is smaller and approxignatech that10<d<11 and 5<d <6,

whereas another white area is larger and suchl=d <19 and10<d <13.
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Figure 1 — Comparison of reward to risk ratRR;,ging aNd RRy4ssive IN four different

historical periods (a: 1999-2003; b: 1999-2008:999-2013; d: 2006-2010). We have
RRyading > RRpassive in the white regions of the four contour plots &qurading < RRpassivein

the grey regions. Moreover, the nonlinear tradialicy (1) is unfeasible in the upper-left
triangle, which is dark and such thiak d .

In Figure 2 four instances of trading policies &t¢ considered. We hawe=11 andd =6
in Figure 2a,6=18 and d =12 in Figure 2b,6=12 and d =7 in Figure 2c,0 =27 and
d =10 in Figure 2d. All the above-mentioned four diagsacompare a specific trading policy
(1) with the corresponding passive one by portryire time patterns of their portfolio values
over the years 1999-2013, i.e the whole data sarijag#ce that the switches of the nonlinear
trading policies are not very frequent, which cucbenmissions and fees due to trading. Figure
2a and 2b display two instances of veatisfactory trading policies (1), whereas Figure 2c and
2d display two instances of vegnsatisfactory trading policies (1). Remarkably, the final
portfolio values of the two satisfactory tradinglipes are definitely higher than those of the
two corresponding passive policies.

10
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Figure 2 — Nonlinear trading policies (bold linesysus passive policies. Time patterns of their
portfolio values for the years 1999-2013 and faffecent pairs of parametet@ and d.

As reported in Table 1, bosatisfactory trading policies are such that>rgp and 0 <o gp,

whereas botlinsatisfactory trading policies are such thak rgp and againo < o gp.

Table 1 — Nonlinear trading policies versus pasplecies. Reward to risk ratioBRy,ging and

RR,assive fOr the years 1999-2013 and four different pafrparvametersd andd.

d d r Y RRrading fsp Osp RRyassive
11 6 4,84% 17,68% 0,27 3,85% 20,68% 0,19
18 12 6,30% 15,05% 0,42 3,55% 20,70% 0,17
12 7 0,99% 16,79% 0,06 3,67% 20,66% 0,18
27 10 0,39% 18,90% 0,02 3,32% 20,73% 0,16

As reported in Table 2, all three subperiods amglai to the period 1999-2013 of Table 1,

which is a clue to robustness. Indeed, tsattisfactory trading policies are such that>rgp

and 0 <ogp. Although rgp<0 in two subperiods, botkatisfactory policies are such that

r>0.

11
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Table 2 — Nonlinear trading policies versus paspeies. Reward to risk ratios
RRrading @Nd RRy,ssive N three different subperiods (1999-2003; 1999&@GD06-2010)

and for four different pairs of parametérsandd.

o d years r o RRrading r'sp Osp RRyassive ‘
99-03 1,54% 17,78% 0,09 -2,22%  21,20% -0,10

11 6 99-08 1,68% 18,06% 0,09 -2,45%  21,15% -0,12
06-10 4.77% 18,34% 0,26 0,54% 25,41% 0,02
99-03 5,16% | 15,15% | 0,34 -3,09% | 21,27% | -0,15

18 | 12 | 99-08 486% |13,71% | 0,35 -2,87% |21,13% | -0,14
06-10 10,26% | 18,96% | 0,54 0,10% | 25,62% | 0,004
99-03 -8,78% | 17,92% -0,49 -2,21%  21,15% -0,10

12 7 99-08 -4,35% | 15,73% -0,28 -257% 21,15% -0,12
06-10 -8,17% | 23,18% -0,35 0,79% 25,39% 0,03
99-03 -5,02% | 20,41% | -0,25 -3,93% | 21,29% | -0,18

27 |10 | 99-08 -3,89% | 19,39% | -0,20 -2,81% | 20,17% | -0,14
06-10 0,46% | 22,88% | 0,02 0,12% | 25,88% | 0,005

Table 3 reports the proportions of successful fasec As for the twaatisfactory trading
policies, the number of successful bullish foredagireater than the number of failed bullish
forecasts. Unfortunately, the number of success&drish forecasts is not greater than the

number of failed bearish forecasts.

Table 3 — Nonlinear trading policies versus paspilecies. Proportions of successful forecasts
for the years 1999-2013 and four different pairparfameter® andd.

S&Pup S &P down successfulcall

6 d _— # calls _—

callup calldowr call

11 |6 147 _ 5g104 35_ 407 339 147435 _ camy
257 86 33¢

18 |12 | 2% = 62% 24 _ 43e% 206 94+24 _ 5739
151 55 20¢

12 |7 114 5109 30_ 337w 311 114430 _ j5a%
227 89 311

27 |10 61 _ 54 11 se% 136 61+ 11 _ oom
112 24 13€

An insightful term of comparison is provided by Bmo et al. (1998), who test the
forecasting power of the Dow Theory, summarisedRiguters Ltd. (1999, sect. 1). They
examine all editorials published by William Petearrilton, second editor of theé/all Street
Journal who succeeded Charles Henry Dow, founding edifbey assume monthly trading
and compare a trading policy based on such edsonieih a passive policy based on the S&P
500 stock index. The former may call for a longipon in S&P 500 stock index, or a riskless
position that earns interest, or a short positiothie S&P stock index, which is explained in

Section 4.3. The former results in a higher poidfahlue until 1926.

12
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As shown in Table 4, where use is made of logaiithraturns in accordance with our
setting, the former outperforms the latter overybars 1903-1929, displaying a slightly lower
annual mean return and a much lower standard d&viat

Table 4 — Hamilton’s trading policy versus pasgieécy. Reward to risk ratioRR; ;g and
RRyassive fOr the years 1903-1929; estimates based on Betwah (1998, Table II).

‘ r Y RRrading fsp Osp RRpassive ‘
9,18% 8,24% 1,11 9,77% 11,24% 0,87

The number of switches is not reported in Broemal. (1998); as mentioned earlier,
infrequent switches curb commissions and fees dtiading.
The proportions of successful forecasts are

S&Pup:ﬁ: 569%, S&Pdown:36: 66,7%, w:@: 598%

callup 130 calldowr 54 call 184

Notably, the divergence-based procedure displayly efightly better proportions of
successful bullish forecasts and much worse prampsrof successful bearish forecasts; in spite

of this, it results in a better performance, as guch that >rgp ando <o gp.

Brown et al. (1998) also carry out aavent study on the Dow Jones Industrial Average, i.e.
another stock index, drawing the conclusion thamhtan’s trading policy takes advantage of
inertia patterns. More precisely, they consider windows8af days: 40 days before the
publication of each editorial and 40 days afteCalls up are followed by a 1,5% price increase
on average, calls down are followed by 1,74% pdieerease on average, whereas neutral calls
are followed by 0,21% price increase on averagerebleer, bullish forecasts tend to reflect
recent upward trends in the stock index, whereawidie forecasts tend to reflect recent
downward trends.

4.2 Montecarlo tests

The forecasting power of the divergence-procedsireoiv tested against the null hypothesis
that the S&P 500 stock index follows a random wdlfle population moments of the daily
logarithmic returns being constant. To do so, laatorical period 1999-2013 is divided into 15
subperiods, each matching a calendar year. As seqaence, the number of daily logarithmic
returns ranges from 250 to 253 per year.

More specifically,

13
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for each year under examination, the divergenceddasocedure is applied to actual
logarithmic returns. Therefore, different pairs mdrametersd and d are considered,
eventually obtaining a grid of reward to risk ratias in Figure 1. Both S & P %, the
percent weight of white areas, and S & P max, tla&imum reward to risk ratio, are
reported in Table 5, where each value of S & P mamatched by a pair of parametérs
andd,

random logarithmic returns are generated in acemelavith anormal white noise; 200
simulations are run, each spanning a time periodnef year. For each simulation, the
divergence-based procedure is applied to randoarithgnic returns that are matched by
a grid of reward to risk ratios as in Figure 1. Btte percent weight of white areas and
the maximum reward to risk ratio are computed. Adicg to our 200 simulations, the
median of the former indicator is equal to 39,5hereas the median of the latter

indicator is equal to 1,80.

Table 5 — Percent weight of white areas S & P %rmaagimum reward to risk ratio S & P max
for the years 1999-2013. Each value of S & P mawasgched by a pair of parametérsaandd.

| year S&P % S & P max 5 d |
1999 38,05 2,19 25 6
2000 41,10 1,47 29 22
2001 50,23 1,56 26 5
2002 67,71 1,50 23 10
2003 1,52 2,39 10 8
2004 39,27 2,56 22 7
2005 15,53 2,02 13 5
2006 49,62 3,14 25 5
2007 19,48 1,37 27 10
2008 65,45 1,18 18 14
2009 17,35 2,66 30 8
2010 56,62 2,27 26 6
2011 73,06 1,22 11 9
2012 54,79 2,04 29 5
2013 9,74 2,41 29 19

Our preliminary null hypotheses are that

the median of S & P % is different from 39,57;

the median of S & P max is different from 1,80.

The median is not very dependent on extreme valmes$ appropriate for skewed

distributions. LetN = 15be the total number observations aNg,egian b€ the number of

observations lower than either 39,57 or 1,80. Adiey to the non-parametric median test
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(Anderson and Finn, 1997), our preliminary null bghgeses are rejected with a 95% confidence
level if |Nmedian/ N - 05 > 098/+/N .

Notably, when performed by Strozzi and ZaldivarO&0sect. 3.1), the non-parametric
median test results in the rejection of the nulpdthesis of random walk. Unfortunately, both

our preliminary null hypotheses are not rejectadekd, we get

|7/15- 05 = 003< 098/415= 025 and |6/15- 05 = 010< 098/+/15= 025

for the former and latter test, respectively. Passiemedies are listed in Section 5.

4.3  Possible extensions of nonlinear trading policies

Two promising extensions are considered in the ededis both extensions are beyond the
scope of this paper, they are left to future redear

On the one hand, theorecasting power of the divergence-based procedure might be
improved by the use of a threshdld possibly complemented with the allowance for shor
positions. Keep in mind that a short position mak&sse when stock prices are expected to fall;

it can be taken by temporarily lending stocks frarinancial intermediary and selling them on

the open market. Accordingly, fdlsz\/t <-L a bullish forecast is made and a long position is
taken in theS& P 500 stock index, for-L < AZVt < L no forecast is made and cash is idle, and

for L <A2Vt a bearish forecast is made and a short positidakisn in theS& P 500 stock

index.
On the other one, real-time forecasts might be ngdelying on a moving data sample and

performing the following calculations at time

V-35 Vi-25 Vi-5
t-35 t-28 t-o t

1) a satisfactory triple(é, d,e), whered <8, is chosen by using the ratio

annualisedneanreturn
annualise standar deviatior

as the decision criterion and taking a countor it consideration;
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2) Vi_g is computed at timé-29;
3) Vi—o5 and AV;_p5 are computed at time—29;

4) Vi_z5, AVi_z5, and szt_35 are computed at timé—3d; a trading decision is taken, the

index fund being preferred to cash fb?vt_% <0, otherwise cash is preferred to the index
fund;

5) the time step is updated and made equd &o that both a subsequent forecast can be made
and a subsequent trading decision can be takeiteNibiat the time step is not constant with
time.

Real-time forecasting is both theoretically soundad more likely to be operationally

useful.

5. Conclusions

The efficient stock market hypothesis is common sense to some extent, as it states that
earning a lot of money is very hard. Indeed, beognai skilful trader or investor is very hard, as
striking a balance between greed for quick prédér of a serious loss, and regret about missed
opportunities is a real challenge. In additiontistizal analysis is not helpful for free ridingei
the resort to professional traders and investocsually, too long a data sample is needed to
check with a 95% confidence level whether a goafiopmance and its persistence are due to
skill or luck. Nonetheless, informational ineffinides can be removed only by the action of
skilful traders and investors, which is a motivatfor applied research.

This work has focused on the trading on the S&P &@@k index. More precisely, it has
expanded on Strozzi and Zaldivar (2005) as weBteszzi and Zaldivar Comenges (2006), who
developed a divergence-based procedure for tradindoreign currencies and tested it
successfully on high-frequency data about the exghaates between the US dollar and 18
other currencies. In this work, daily data havelaegpd high-frequency data, the data sample
spanning 15 years rather than one year. Moreokerperformance of the nonlinear trading
policies has been measured in terms of a rewatidk@atio and the robustness of our numerical
results has also been checked in a few subperiath features are important in financial
economics as well as business practice.

According to our numerical results, a careful sibecof reconstruction parameters results in
a promising performance. The nonlinear tradinggaedi outperform their benchmarks, i.e. some

passive portfolios, displaying higher annualisecameeturns, i.e. higher final portfolio values,
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as well as lower annualised standard deviationsaNy they don’t require a high number of
switches.

Unfortunately, Montecarlo tests have been failedantrast with Strozzi and Zaldivar (2005,
sect. 3.1). Notably, bootstrapping tests are attmgein favour of the Dow Theory (Browet
al., 1998, sect. 3). However, the present implementatif the divergence-based procedure
doesn’t allow for a short position in the S&P stankex, as in the case of the Dow Theory
(Brown et al, 1998). Moreover, our assumption that cash doesarh interest could be too
conservative. Finally, alternative null hypothetmsMontecarlo or bootstrapping tests could be
taken into account. Therefore, additional and ®in@search is required. At any rate, the present
off-line implementation of the divergence-basedcprure is not suited for an operational use;
however, an on-line extension is feasible and le examined in detail. Needless to say, a
portfolio manager should base his/her trading dmesson a battery of indicators rather than on
a single indicator, includingundamental indicators (about companies, industries, and
economies) as well dschnical indicators. A case in point is the quantitativpra@ch sketched
in Haugen (1997, chapt. 6). Actually, considerathlmbers of traders and investors make use of
bothfundamental andtechnical analysis Reuters Ltd. (1999, sect. 1).

More generally, additional and future research inajko ascertain whether the divergence
based procedure can be applied successfully to bitfancial time series. Keep in mind that a
deeper understanding of financial time series &ed properties may come in useful when it
comes to the regulation of financial markets, esigcby taxation, or possibly by restricted

access to qualified traders and investors, suchatered financial analysts.
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Sommario

Si applica un procedimento, fondato sulla divergeratla negoziazione dell'indice azionario
S&P 500. Tale procedimento € stato precedentenagmicato con successo alla negoziazione
di valute estere. La prestazione viene confrortataun portafoglio di riferimento, vale a dire
un portafoglio passivo che replica l'indice azidgnaB&P 500; la sua robustezza €& pure
verificata in alcuni sottointervalli temporali. Sewlo la nostra evidenza numerica, si possono
ottenere, in tutti i sottointervalli temporali, nggri rendimenti logaritmici medi, ossia
maggiori montanti finali, e minori deviazioni stard. Tuttavia, elementari test Montecarlo
non vengono superati. Si considera pure la possiegtensione in linea della presente
applicazione fuori linea, in quanto essa é piutadaun impiego operativo.

Abstract

A divergence-based procedure is applied to tradinghe S&P 500 stock index. Such a
procedure has previously and successfully beeniegppb trading in foreign currencies.
Performance is tested against a benchmark, i.asaiye portfolio replicating the S&P 500
stock index; its robustness is also checked inwadgbperiods. According to our numerical
evidence, higher annualised mean returns, i.e.ehifjhal portfolio values, as well as lower
annualised standard deviations can be obtained sulaperiods. However, basic Montecarlo
tests are failed. The on-line extension of the gme®ff-line implementation is taken into

consideration, as it is more suited for an openatioise.
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