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Abstract

While it@ nowgenerallyaccepted by academits3and industryprofessional$® alike
that momentum is the premier market anomalthere istypicallyneither rationale nor
defense for thesix or 12monthlookback period®’commonly sedin academic stuigs
measuring momentumNotably, Information Theory! and Detection Theorl} dictate
that the probability of making an excellent investment decisionsfesubsequenperiod
of time will be directly proportional to the signatto-noise ratio®® of the employed
momentum indicator signal. This paper willa) examine how thecrossdisciplinary
sciences oMatched Filter Tieory* and differential signal processifigan be used to
measurably improve thaignalto-noiseratio, (b) show thatdifferent sets of equities
require different momentum filter functions, anft) demonstratethat a momentum

filter with both adaptive shape and duratidmas substantial value



Introduction

Momentum is loosely defined as the tendency of a moving object to continue moving.
However, the term is usedery differently by momentumtraders and trend followers.
Momentumtraderscaredeeply aboutthe underlyingstory, suchasimprovedearnings

or rocketingsales anddefine momentum as(trading volume)times (price changgin
muchthe same wayas physicig define momentumasmass timesvelocity. However,
trendfollowers3 Sy S NI f f &whyRig pridel hagddmidun they simply believe
that the trend is their friend. In that contextAutomated Polymorphic Mmentum is
simplyabout extracting trendsignalsfrom noisy market data in a mannénat is most

predictive ofy SE (i  Y2rjboimkros

In the analysis thatfollowsi KS G SN)Y GaadNF G§S3eé¢ NBEFHaAR G2
areevaluatedby a trend measurement algorithat the end of each month to determine

which one¢ andonly onec of the 12candidaes will be owned during the next month.

The set of 12 candidate funds for each stratéggelected randomly from one of the

three fund sets Fidelity General, Fidelity Sectors, and ETFs2Bé%, as detailed in
Appendices A, B, and (@spectively.Largesets of random strategiesare created and
evaluatedusingthe Strategy Evaluation tool of Appendix D, wherhploys the same

thoroughlyvalidatedstrategy algorithnmengineembedded irboth the SectorSurfer and
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AlphaDroid automated investment advice sendackrst debuting online ir2010. High

quality market data is provided by FastTrack

While momentumin market datahas beernwell studied andyenerallyaccepted as the
premier market anomaly?2its researcher®ften simplydefault to using either aix or
12-month look backperiod®’ without equally considering the methodologyf how
momentum should be measuredhis paper will demonstrate the following:
(a) the SMA125 (simple moving average of 125 market dayss months) andthe
SMA?250 (L2 months)are not optimum measures of momentum,
(b) the set of candidate fundévhich can change over tims)gnificantly affect the
strategy group dynamics arfdbw best to measureelativemomentum, and
(c) the decision of whether to be in or out of the market is difet from deciding

which fund to owrand leads to separate bull and bear market solutions.

Fortunately, the crosslisciplinary science dflatched Filter fieory* and differential
signal processirigcan be employed to measurably improve the probabilityraking
excellent investment decisiongurthermore,momentum filters adjustablein shape
and duration (polymorphig)an be developed to automatically adapt to the candidate

set of funds The first stepof this processsto assesshe scope of the problem.



Which Trend $ YourFriend?

2 KAt S | T dzy RSraply ¥ ghéasuye infdizyrecent trenthe numeroustrend
measurement algorithms (such as SMA, EMA, DER®A, MACDetc.) andwide range

of trend time periods (such as weekionth, quarter, year, etc.) make itclearthat a
deterministic selection method is require@he scope of the problem is illustrateal

Figurel, whichcontraststhe performance of30 strategies, each composed of a set of

12 randomly selectedFidelity Sectors funds (AppendixB). Each ofits seven colored
columns utilize the momentum algorithmspecifiedby itscolumn headeto determine

the annualized return for each strateglhe time constant, in days, follows the standard
SMA, EMA, and DEMd#bbreviatonsT 2 NJ 0§ KS GaAYLIX S Y2@Ay3 |
Y20AYy3 | GBRRHEABES BERR Y Sy jiA INE & YERBOIMAIRSIE @ DN
and SMA250 correspond to the simonth and 12-month look back periods
respectively The highest performingtrategies (funds plus algorithm) have green
backgrounds, while the worst performing have red backgrouAdhough the tables
sortedby the SMA250 columm gerformance the colors in other columns still appear

quite randomlydistributed. Notablythe SMA250 beatsall otheralgorithnms for only six

of 30 strategiesThat is not the character one might expect of the SRS, given its
prominence in momentunresearchpapers.On the other hand, there is no olowus

better choiceg other thandevelopingan adaptivesolution.



First 30 of 200 Strategies of 12 Random Fidelity Sector Funds Annualized Return for 12/31/2005 to 12/31/2015
Strat# | Fnd.1 | Fnd.2 [ Fnd.3 | Fnd.4 | Fnd.5 [ Fnd.6 [ Fnd.7 | Fnd.8 [ Fnd.9 [ Fnd.10] Fnd.11]| Fnd.12 | SMA-63[SMA-12q SMA-250 EMA-63] EMA-12§ DEMA-2]DEMA-12!
1 FSHOX| FSDAX| FSPHX| FSLEX| FCYIX| FSCSY FSTCX| FPHAX| FSHCX FBIOX| FSAIX| FSCGX 6.9 718 | 1434 [ 92 659 | 7.11 7.24
2 FSCPX FSPTX| FSCGX FSLBX| FSRPX FSHCX| FSAvX| FSTCx| FBMPX| FSDPX| FSENX| FBIOX| 1118 | 12.19 | 1429 | 1471 | 1882 | 841 | 1514
3 FSHCX| FSPHX| FSAIX| FSCHX| FSPCX FPHAX| FSRBX| FCYIX| FSDAX| FNARX| FBMPX| FSPTX| 812 | 646 | 1402 | 433 | 7.37 | 804 7.32
4 FSAVX| FsPHX| FDCPX| FSCHX| FBSOX FBIOX| FSMEX| FSLEX| FDFAX| FSCsX FIDSX| FSAIx| 1042 | 7.98 | 1368 | 1402 | 1314 | 9582 | 14.85
5 FSRBX FSNGX| FSDCX| FSPHX| FSAIX| FSLEX| FSRPX FSDPX| FsVLX| FBSOX FCYIX| FSPCX 4.2 6.66 | 1343 | 096 | 199 | 124 | 7.07
6 FBIOX| FSRFX| FWRLX] FDFAX| FSRBX| FSCS. FSUTX| FSHOX| FSPTX| FSAVX| FSAIX| FSLEX| 7.21 6.25 12.42 12.6 12.26 9.21 10.52
7 FIDSX | FBMPX| FSCGX FSTCX| FDCPX FNARX| FDLSX| FSRPX FSVLX| FSENX| FSAIX| FWRLX 802 | 7.79 | 1215 | 871 | 714 | 574 8.38
8 FIDSX | FSMEX| FWRLX| FSPHX| FSVLX| FSELX| FSCGX FDCPX FSCHX| FSRFX| FBMPX| FSESX 392 | 455 | 1112 | 568 | 7.34 | 9.06 7.62
9 FSPHxX| FBIOX| FSMEX| FCYIX| FSDAX| FSCGX FSPTX| FSCHX| FSELX| FSDPX| FSAVX| FSESX| 11.28 | 20.49 | 10.74 | 1517 | 2156 | 1313 | 953
10 | Fsvix| FsesX FsPHX| FsPTx| FDCPX FsSLBX| FSCPX FSHOX| FDFAX| FBSOX| FSTCx| FsPcxX 7.96 | 547 | 1024 | 751 | 7.37 | 812 4.98
11 FSDPX| FSENX| FBIOX| FPHAX| FNARX| FSDCX| FSRBX FSTCX| FBSOX| FSPTX| FSHCX| FSCHX| 11.45 9.18 9.99 12.61 15.72 10.92 12.38
12| FBIOX| Fsaix| FbcPX Fcvix| FSHCX FSRPX FSENX| FSCGX FDLSX| FSDCX| FsPcX FscHx| 869 | 672 | 9.87 | 834 | 974 | 503 | 11.32
13 | FsMEX| FSRBX FDLSX| FSNGX| FSHOX| FPHAX| FNARX| FSVLX| FSDPX| FSENX| FBIOX| FBMPX| 11.68 | 14.28 | 9.47 49 | 1225 | 1078 [ 1145
14 | FsDAX| FBIOX| FSCGX FSCHX| FWRLX FSDCX| FBSOX| FSENX| FSLEX| FSPHX| FSHCX| FSRPX| 10.78 | 1095 | 866 | 1201 | 1363 [ 7.9 12.99
15 | FBsox| FsRFX| FsHOX| FBIOX| FDFAX| FSCSX FSRPX FSHCX| FSAVX| FSDCX| FSENX| FsLBx| 9.34 | 1291 | 865 | 1623 | 1698 | 833 | 1514
16 FSRFX| FDCPX| FSPTX| FSUTX| FSPHX| FSDPX| FSRBX FSMEX| FSDCX FPHAX| FDLSX| FNARX| 13.05 4.41 8.57 9.62 6.64 11.29 6.21
17 | FsesX FBIOX| FSPCX FSRBX| FSDAX| FSPHX| FNARX| FIDSX| FSELX| FSAVX| FSCHX| Fscsx| 11.35 | 1731 [ 811 | 135 | 1894 | 1159 [ 9.3
18 | FBSOxX| FDLSX| FSNGX| FIDSX| FSLBX| FSCPX FSDCX| FSELX| FDCPX FSRPX FDFAX| FWRLX| 836 | 544 | 808 | 598 | 888 | 6.64 1.23
19 FCYIx| FSHCX FSAIX| FsvLx| FSDAX| FSPHx| FscPX FSMEX| FSTCx| FDLSX| FSHOX| FsSLBX| 607 | 943 | 7.86 | 5.21 6 7.42 7.18
20 | FsTcx| FSMEX| FSRPX FsCHX| FSVLX| FSCGX FSUTX| FWRLX| FSAIX| FSDPX| FSRFX| FSHOX| 9.4 | 1141 [ 768 [ 1419 | 1095 [ 95 5.43
21 FIDSX| FPHAX| FDCPX FSMEX| FSCGX FSAVX| FSRPX FSPHX| FSLEX| FSCS FSRBX| FSHCX| 8.87 8.54 7.65 8.95 7.37 12.23 7.7
22 | FsbcX FNARX| FDLSX| FSPTX| FSRPX FSCHX FSAVX| FDCPX| FSAIX| FSCPX FSESX FSHOX| 8.2 714 | 754 | 117 | 857 | 347 7.17
23 | FsPHX| FscPX FsAvX| FBMPX| FDCPX| FSHOX FSAIX| FBSOX| FSNGX| FDLSX| FSCHX| FSDPx| 6.91 | 931 | 683 | 7.91 6.7 3.76 7.74
24 | FsesX FsCHX| FsPHX| FDLSX| FWRLX| FDCPX| FBSOX FIDSX| FNARX| FSMEX| FSDCX| FSELX| 1127 | 651 68 | 11.04 | 987 | 1151 | 282
25 | FNARX| FSCGX FIDSX| FWRLX FSHCX| FSLEX| FSLBX| FSCHX| FSAvX| FBMPX| FDFAX| FSRBX| 1115 | 451 5.8 101 | 418 | 828 6.73
26 FSCHX| FSPHX| FSVLX| FSPCX FSNGX| FDFAX| FSESX FSDPX| FNARX| FDLSX| FSUTX| FSCGX 8.2 5.86 5.24 11.61 6.22 9.09 4.56
27| FsAIx| FDFAX| FscHX FsAvx| FsDPx| FPHAX| FSNGX| FCYIX| FscPX FSHOX| FSDAX| FBMPX| 9.3 | 549 | 517 | 111 | 504 | 7.08 6.56
28 | FNARX| FsVLX| FDLSX| FSAVX| FCYIX| FSELX| FSPCXY FSHCX| FSCPX FSCGX FSLEX| FSESX| 6.02 | 12.04 | 459 | 1124 | 1566 | 11.26 [ 2.76
29 | Fsppx| FBMPX| FSAVX| FSRBX FIDSX| FDCPX| FSDAX| FSCGX FSELX| FCYIX| FsSvLx| FSCHX| 1032 | 367 4.4 9.03 | 955 | 1011 | 1373
30 | FsLBX| FSLEX| FsAvX| FBMPX| FIDSX| FBSOX FSDAX| FSELX| FNARX| FSVLX| FWRLX| FSAIX| 1341 | 7.65 | 401 | 185 | 905 | 1149 [ 817
Figure 1. A performance heat map of 30 random Fidelity sector strategies using s

algorithms sorted by the SM250 algorithm performance

A more detailed understanding of thsoblem is illustrated byhe difference in strategy

performance betweerrigures 2a and 23 he strategy of Figure 2adsmposed of a set

of 12 iShares sector ETMshereas the stategy of Figure 2b momposedf asimilar, but

not identical,set of 12SPDR sector ETEB¥ategy performancavasevaluated using the

SMA, EMA, and DEMA algorithms with time constaptnningb to 75 days. While the

DEMA algorithm (red) perfored better in both, the performance peafor the iShares

strategyoccurredat about 25 daysvhereas the performance pedér the SPDR strategy

occurredat about 50 days.
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Figures 2aand2b. Strategy performance plotted against the trend time constant for t
different sets of ETFs using three different trend algorithms.
Further complicating matters are strategjesich as the one in Figure ®here some
fundsfirst participatemuch later than others. In thistrategy,Fidelity FMAGX, FLCSX,
and FMCSHre initially the only fundsparticipating. In mid 20Q6&he set of candidate
fundsbeginsto includesector ETFSIB, XPH, and X3y 2008 XRT starts participating
and finally BIBoins the packn 201Q In other words, ifa sports teammorphs from a

stodgy running team to an exciting passing teéamsexpectthe speed

| Start: 3/3171994 | | ==SectorSutfer . . | End: 9/16/2014:
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Figures3aand3b. Tuning profile changes when new funds start participating.



of the game to change and different playerdo® handlinghe ball Figure 3b showhat

the January 2006uning profile peakfor the original threedstodgye (well diversified)

Fidelity fundswas approximately 45 days (blue), whergags addition of themore
volatileanddexcitinge sector fundanovedthe tuning profile peako about 22 days (red).

The teanmplayers sethe speed of the game.

Ad2yS aAATS FTAda It ¢ ingidshasGuite@rironiioptimihe asS y G d:
one might expectgiven the very different characters of diversified funds, bond funds,
sector funds, country funds and commodity fun8smply sated, the general answer to

the question- Which trend isyour friend? - isthe onethat most faithfullypredicts which

of the funds will produce better returns next month.

Thus, the full scope of the problem requires a solution that inclutlesdesignand
implementationof an adaptive momentum filter in addition to the application of the
principles ofMatched Filter Fieory and differential signal processihg L 4 Qa | f f
selectively reducing the noise to better reveal the signal. The subsequembrsecif

this paper will focus on developing a composite solution, starting with the theory and

application of differential signal processing.



Differential Signal Processing

Differential signal processing is a method for removing noise that is commopéao af
signals (known as common mode noise) by subtracting the value of one from the other.
This can be appreciated in Figure 4, where some funds have more similarities in daily
price movements than other&sDCPX, FSHCX, FSVLX, FBMPX, and FSFd&ligre
sector funds whosedaily price movementare much more similar to one another than

to either the bond fundFBIDXor the gold miner fundFSAG)XConsequently, an overall
reduction in system noise (and improvement in tegnalto-noise ratio) could be
expected in a strategy utilizing a differential comparison between the sector funds.
However, since the bond fur{@BIDXis relatively flat in comparison to any of the sector
funds, the full complement of thesector fund noisewould remain if differentially

compared to the bond fund. The gold miner fund (FSAGX) actually adds

Line: 8/22/2011 End: 37172012
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Figure4. Common mode noise. Figure5. 1-day vs. 6eday fundcorrelation.



noisein a differential comparisoandthus has a welldeserved reputatioras a strategy

spoiler. higher remnant noise reduces the probability of a good decision.

Figure 5 illustrates the sigront difference betweera dailycorrelation and a 6@lay
average correlation betweerhe Fidelity sector fund$-SVLX (Consumené&ice) and
FSPHX (Healthcare). Whikhe daily correlation(blue) suggests strong similar behavior
between the sectors, whera 603day moving averagélter is applied to the data to
remowve shortterm common mode noisesomethingwholly different emerges The
negative correlation spikggreen circles) arperiods when longeterm fund trends are
opposite one another one fund is increasing while theler is decreasingRemoving
shortterm common mode noisémproves the signatto-noiseratio, better revealshe

trend signal, and improves the probability of a making a better decision.

To appreciate the value of differential signal processing in ariggenvironment, it must

0S O2yUGNFAGSR |3AFAyald danmiearts Mak@agh addétision byINE O
looking only at a single fundn Figure 6aFSHCKidelity Medical Delivejys plotted in

green along with anoney market fundn red Theinvestnent rule is thatFSHCX will be
ownedwheneverthe trend for its daily return is higher than that of the money market

fund: Themoney market funds ownedotherwise.There are 10 little yellow



Figure6a. Solo signhal processing. Figure6b. Differential signal processing

barson the bottom chart, each indicating a trade from one to the othEne results of

these trades are shown on the top chant the yellow lineClearly performance is poqr
primarily because it is too often the victim of wksaw lossesHowever,when FSHCX

and FSELXFidelity Electronicsare played against one anothéBb)to eliminate their
common mode noise from the decision process, the results are completely different.
Now there are only three trade®low whipsaw losses have disappeared and the trade
decision results areomparativelyspectacularinvestingisnotafo2 O2y 4 Sa i > A

racec change horses to stay on the fastest horse.

Theramifications of differential signal processiagticallyimply that the decision to go
to cash during a bear market shoultbt be madeby 12 instances ofsolo signal
procesing similar tothat of Figure 6a.l 2 4 S @S NE 0 GodpaczivEysihpleQ a |

problem, it@ an excellent candidate foptimizationutilizingMatched Filter Tieory.
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Matched Filter Theory

A matched filtet* is the optimal linear filter for maximizing thegnatto-noiseratio in

the presence of additive stochastic noida.simple termsthis means the best filter
shape matches the signal shape. Consider, for example, atle rspectrum signal
(yellow) of Fgure 7ain the frequency domain A matched filtermight be shaped(as
shown in red to match the spectrum of thedesired signalto maximally reduce
extraneoussideband noiseHowever, in the time domaifas required for time series
market data) a matchedllter (Figure 7b)s a bit morecomplex to describe. Consider an
event (purple) and théime domain signa(red) that leadsup to it: If there aremany
such example eventghe preevent correlation signal (green) leading up to the event
can be calculatedn the time domain, a matchefilter has an impulse respon$éblack)

that is the mirror image shapeof the correlation signalAn impulseresponse ishe

TA{t USNRa SEUSYRSR Nbtlikeistikhgabgl2z || aAy 3t S
Frequency Domain Matched Filter Time Series Matched Filter
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Figure7b. Time domain matched filter

Figure 7a.Frequencydomainfilter.
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The problemto be solveal is determiningvhether or notto moveto the safety of cash

next month¢ a bear market strategyThus, the event to be predictedy§6S E (i Y 2 y (i K
market performanceThe &P 500 Indexs usedas aproxy foroverall market health
becausenegative returns are, of coursadicative of poor market healthlhe solution

requires finding be preevent correlatiord St ¢SSy Yy SEG Y2y (i KQ&a NB
from each prior dayn order todeterminethe impulse response ahe optimum trend
extraction filter. The chart of Figure 8 is thatorrelation. The horizontal axis is the
number of days preceding theonth, and the vertical axis is the correlation of theor
datatothed dzo &4 S1j dzSy (i Yiethgsuekr @aio cotdsladtidaNdy days immediately

preceding themonth, and grows to a peak a few months back

Correlation of Past Return to Next Month's Return

ds 50-Day Moving Average Impulse Response
S&P500 1950 to 2010, Month-End Decision
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Figure8. / 2 NNBt I GA2y (2. Figure9. Filter impulse responses.

time. Theideal trend extraction filter wouldthave an impulse response that is the mirror
image of the correlatin function. However, simplifying the task with aeasy to

implementapproximation may be satisfactorlyigure Qllustrates the impulse response
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of threefairly well knowrfilters that are easily evaluatedn greenis a 56day SMAfilter.
Its impulseresponse is flat for 50 days and then goes to aemeaning it will equally
weight all data for the past 50 day red is a 56day EMA¢ quite popular in market
data analysig decining exponentially to its 1/e point at 50 day&nally in blue is a B-
day secondorder EMA 0r DEMA(ilter) with a humped impulse respongbat most

closely resemblethe mirror image of the correlation data

When the correlation datas runthrough these filters with different time constants
Figure 10 confirmshat the DEMA trendilter (blue) outperforms the othersThebear
market strategyfeature (StormGuardYor both SectorSurfer and AlphaDroiges the
50-dayDEMAto decide when it is time to move to cashhe plots of Figure Ishow the

return of multiple operatingSectorSurfer Strategies versus different tinmstants

Matched Filter Performance StormGuard Time Constant vs. Return
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Figurel0. Matched filter performance. Figurell. Actual performance.
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for the filter. Their performance peak at about 50 daysi@ an accidentAlthoughthe

natural human instincts to pull the trigger tanoveto cashmore quickly these results
suggest there is an important balancedonsider Reacting too quicklp a market event
can generatavhipsawlosses when sharp drops often snap bdwkt reacingtoo slowly

only serves to accelerate losség is amajor market collapse.

The marlkt pull back in the summer of 2010 (red circle FiguresdlR)a { G 2 NJY D dzl
FANR@GAYSBEl fGSad & Ahe@8mGuaidindiCarBdhartk Rigld 13

shows StormGuard came close to triggering a move to CASH, but did tiwd.larger
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Figure 12. The 2010 and 2011 pullbacks.  Figurel3. StormGuard: DEMAQOd.

perspective, when compared to serious market downturns, StormGuard made the
appropriate decisionHowever,one year lagr in 2011, the US Debt Downgrade and a
threat of collapse of Gree#lebt scared the market a bit mor@lue circle, Figure 12)

and for just a short time, StormGuard did trigger a move to cash.
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True Sector Rotation

The poficientutilization of bth differential signal processing amdiatched Filter Tieory
leads to astrategymodelcalledTrue Sector Rotatiorgsdiagramed in Figure 14 foine
simplistic case divo funds. Market datis first processed byMatched Filter © extract
the optimum trend signal whichis then compared against the trend sighalf other
candidates to determinavhich onec and only oneg of themto own now While other
sector rotation strategies engage in some degree of over/under weighting of each sector

fund, they rever commit all resources solely to the trend leader.

Low Pass Filter

h |
M . )
Daily o _JL‘I‘ M | m SNPVASS =

Return Low Pass Filter

FSELX | N\ J«\/Lf»
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Figurel4. True Sector Rotation model. Own only the trend leader in a set of func

Own
FSHCX

Difference
Comparator

Own
FSELX

Theprimaryargument made for not committing all resources solely to the trend leader
generally involvesconcern that reduced diversification will produce higher risk.
However, just the opposite is true, as illustratedthe ¢ NHzS { SOU ENESRIER] I G
Sectors strategy of Figure 1®ver the 20.7 year period of the strategy, the Sharpe ratio
of the S&P 500 is 0.34, while the Sharpe ratio of the strategy is THe are three

factors that cause this to occul) single company risk the most significant reason for
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diversification but it is already well diversified within sector fusd(2) shortterm
volatility indeed may be higher(due to lowercomparativediversificatior), but True

Sector Rotatioprovidesi KS o6 Sy STA (A& 2F & &S NR lfuhdsdwdr @S NA
time, but only one at ay giventime), whichinherently reducesmediumterm risk by
avoiding poorly performing funds and (c) the strategy includesthe benefit of
StormGuard red circles), which further reduces risk by moving to cash an@voiding
marketcrashlossesThe yellow dots on the horizontal axis mark the algorithmic process

of forward-walk progressiveuning (FWPT) to improve overalbnfidence.

Figurel5. A True SectoRotation strategy illustrating StormGuard functionality.
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