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Order flows and causality

• Foreign exchange (FX) order flows are “signed” g g ( ) g
transaction volumes.

• They are signed according to the initiator of the trade 
iti f b d d ti f ll d– positive for buy orders and negative for sell orders.

• More FX buying volume than selling volume over a 
period of time indicates a positive pressure on the pe od o t e d cates a pos t e p essu e o t e
price.



Order flows and causality

• The major assumption underlying FX market 
i t t d l i th t h tmicrostructure models is that exchange rate 

movements are driven by order flow.
• Order flow allows the wider market to learn aboutOrder flow allows the wider market to learn about 

dispersed private information -- it represents the 
conduit through which information becomes 
embedded within market prices.



Order flows and causality

• In rational markets, aggregate order flow should 
reflect innovations in dispersed information, rather 
than being the result of “momentum” (or “feedback”) 
trading strategies followed by some FX traderstrading strategies followed by some FX traders.

• Positive (negative) feedback trading is systematic 
buying (selling) in response to price increases, and 
selling (buying) in response to price decreases.



Order flows and causality

• Recent FX market microstructure literature has 
t d th t d fl f lreported that currency order flows are powerful 

determinants and predictors of exchange rate 
returns.returns.

• Note: the linear estimate of the size of price effects 
would be biased if causality runs from price to order 
flow.



Order flows and causality

• Only a select few papers have directly tested the 
causality assumption in FX markets and thecausality assumption in FX markets and the 
evidence is mixed.

• Evans and Lyons (2002) and Killeen et al. (2006) y ( ) ( )
find the assumption appropriate.

• Sager and Taylor (2008), Marsh and O’Rourke 
(2005) B d N d (2006) d(2005), Boyer and van Norden (2006) and 
Gradojevic and Neely (2009) reveal reverse 
causality effects.causality effects.



Order flows and causality

• All of the above papers focus on testing the causalityAll of the above papers focus on testing the causality 
assumption at one particular data frequency 
(typically daily).

• In financial markets, the data generating process 
(DGP) is a complex network of layers with each layer 
corresponding to a particular frequency – need tocorresponding to a particular frequency – need to 
account for intra- and inter-frequency dynamics 
(Dacorogna et al., 2001).



Primary objective…

• By using a test for causality in the frequency domain 
f B it d C d l (2006) thifrom Breitung and Candelon (2006), this paper 
provides a complete inter-frequency characterization 
of the DGP governing the causality relationshipof the DGP governing the causality relationship 
between order flows and the CAD/USD exchange 
rate returns (1994-2005):

• To investigate whether both the existence and 
direction of causality is frequency-dependent.



Secondary objectives…

T i ti t t ti l li k b t• To investigate potential links between reverse 
causality and technical trading activities at various 
frequencies: q

• Is technical trading a type of “irrational” behavior 
that governs feedback trading?g g



Secondary objectives…

• To study the impact of financial versus non-financial 
d fl t h i l t di ti itiorder flows on technical trading activities.

• To use order flows for technical trading rule 
l l ti ( h lik th l ld b d icalculations (much like the volume could be used in 

technical trading; e.g., “on-balance” volume indicator 
in Neely et al 2010) and test the profitability of suchin Neely et al. 2010) and test the profitability of such 
strategies at different time horizons.

• For instance in equity markets high recent volumeFor instance, in equity markets, high recent volume 
and price increases indicate an uptrend – buy signal.

http://stockcharts.com/school/doku.php?id=chart_school:technical_indicators:on_balance_volume


Causality in the frequency domain

• To test the hypothesis that y does not cause x at 
frequency  the following null hypothesis is used:

• The VAR equation for x can be written as

( ) 0y xM  

• The VAR equation for xt can be written as
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• The null hypothesis is equivalent to the linear 
restriction
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Causality in the frequency domain

• Recall that in the complex form xt and yt can be written 
as x =Aeit=A(cos(t)+isin(t)) andas xt=Aeit=A(cos(t)+isin(t)) and
yt=Beit=B(cos(t)+isin(t)), where i is the imaginary 
unit.

• The test statistic is asymptotically distributed as the 2

with two degrees of freedom so the 5% critical value is g
5.99.



Data

• The data is at a daily frequency, from the Bank of 
C d b t O t b 10 1994 d S t bCanada, between October 10, 1994 and September 
30, 2005: 2,798 observations of daily returns and 
order flows.order flows.

• The order flow data are aggregate daily trading flows 
(in Canadian dollars) for eight major Canadian(in Canadian dollars) for eight major Canadian 
commercial banks:

• Commercial client transactions (CC) include allCommercial client transactions (CC) include all 
transactions with resident and non- resident non-
financial customers.



Data

• Foreign institution transactions (FD) include all 
t ti ith f i fi i l i tit ti htransactions with foreign financial institutions, such as 
FX dealers.

Th CC t ti ti t d b t d i l• The CC transactions are motivated by trades in real 
goods and services, while the FD transactions are 
motivated by international portfolio considerationsmotivated by international portfolio considerations.

• These order flows represent approximately 40-60% of 
all Canada/U S dollar transactionsall Canada/U.S. dollar transactions. 



Results: multiscale causality
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Top panel: Causality tests (non-financial order flows to FX returns) Bottom panel: Causality testsTop panel: Causality tests (non-financial order flows to FX returns). Bottom panel: Causality tests 
(FX returns to non-financial order flows). The values of the 2 test statistic are given by a solid 
line. The 5% critical value (5.99) that is given by a horizontal dashed line. The null 
hypotheses are 1) that non-financial order flow does not cause FX returns at frequency 
(top) and 2) that FX returns do not cause non-financial order flow at frequency  (bottom).(top) and 2) that FX returns do not cause non financial order flow at frequency  (bottom).



Results: multiscale causality

• CC->FX: the null hypothesis of no causality is 
rejected when <0.35 which corresponds torejected when  0.35  which corresponds to 
frequencies with a wavelength of roughly more than 
four weeks (20 days = 2/) – this range of 
frequencies in line with the theory.frequencies in line with the theory.

• FX->CC: No stable pattern. Significant short-run 
feedback. For cycles longer than 12-13 days 
(=0 5) no feedback effects(=0.5), no feedback effects.

• Linear exchange rate models that employ non-
financial order flows produce unbiased estimates of 
the size of price effects at medium to long horizons.



FD to FX returns

Results: multiscale causality
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T l C lit t t (fi i l d fl t FX t ) B tt l C lit t t (FXTop panel: Causality tests (financial order flows to FX returns). Bottom panel: Causality tests (FX 
returns to financial order flows). The values of the 2 test statistic are given by a solid line. The 
5% critical value (5.99) that is given by a horizontal dashed line. The null hypotheses are 1) 
that financial order flow does not cause FX returns at frequency  (top) and 2) that FX returns 
do not cause financial order flow at frequency (bottom)do not cause financial order flow at frequency  (bottom).



Results: multiscale causality

• FD->FX: No stable pattern. FD not very informative.p y
• Financial order flow is a poor predictor of exchange 

rate returns.
• FX >FD: Significant feedback for cycles longer• FX->FD: Significant feedback for cycles longer 

than 4 days (<1.6).
• Sub-period analysis:1994-1997 period was in line 

ith th lit ti f b th d flwith the causality assumption for both order flow 
types.

• This period was characterized by stable exchange p y g
rates. 



Results: technical trading

• Three variants of two technical trading rules are 
calc lated ith the Canada/U S dollar e changecalculated with the Canada/U.S. dollar exchange 
rate (return), the non-financial order flows, (CC) and 
the financial order flows (FD).

• The technical trading rules are calculated at the 
daily, weekly, bi-weekly, and monthly frequencies.y, y, y, y q

• The following table  presents the profits from the 
moving average rules (MACO) and trading rangemoving average rules (MACO) and trading range 
break-out (TRBO) rules on the three data sets.



Results: technical trading
Profits generated after transaction costs:

  
MACO  
(1,50) 

MACO 
(10,50)

MACO 
(5,50)

TRBO  
(5) 

TRBO
(10)

TRBO
(20)

Average

Daily Data 
Return  ‐4.31%  ‐0.40% ‐0.49% ‐3.04%  ‐1.11% 1.09% ‐0.55%
CC  ‐4.42%  1.21% 1.59% ‐3.57%  ‐0.50% 1.56% ‐0.09%
FD  ‐5.76%  ‐1.32% ‐0.58% ‐4.68%  ‐1.61% ‐0.36% ‐1.22%
               

Weekly 
Return  ‐1.30%  0.53% 0.62% ‐0.88%  ‐0.07% 1.26% ‐0.38%
CC  0.90%  1.76% 1.83% 1.48%  1.50% 1.90% 0.65%
FD  ‐7.00%  5.44% 1.11% ‐5.84%  1.33% 2.88% ‐2.84%
               

Bi klBi‐weekly 
Return  ‐0.95%  ‐0.13% 1.05% ‐0.35%  0.69% 1.51% 0.10%
CC  1.38%  1.66% 1.85% 1.64%  1.74% 1.21% 0.95%
FD  0.03%  ‐0.03% ‐0.01% 0.54%  0.67% 0.16% 0.05%

MonthlyMonthly  
Return  0.25%  1.13% 1.52% 0.72%  1.03% 0.64% 0.67%
CC  1.14%  1.55% 0.95% 1.37%  1.25% 1.02% 0.89%
FD  0.15%  ‐0.01% ‐0.01% 0.49%  0.08% 0.14% 0.12%



Results: technical trading

• Note that, even after accounting for transaction g
costs, substantial excess returns can be found for 
all three time series. 

• However, the results are mixed regarding the 
profitability of technical trading rules with order flow 
datadata.



Results: technical trading

• Note that the bi-weekly and monthly frequency 
generated larger profits than the daily and weeklygenerated larger profits than the daily and weekly 
frequencies.

A di l id f l ti hi b t• Accordingly, no evidence of a relationship between 
technical trading profits and reverse causality 
across time scales is found.

• Interestingly, FD order flow produced some 
encouraging findings (red circles) that potentiallyencouraging findings (red circles) that potentially 
link the technical trading of financial institutions at 
longer horizons to reverse causality.



Results: technical trading

• However trading rules were more profitable with• However, trading rules were more profitable with 
CC data than either the FD data or return data.

• Accordingly, it appears that there is more technical 
trading information content in the trades of non-
financial customer (e.g., Canadian corporations) ( g )
than in the trades of financial customers (e.g., 
foreign dealers).



Conclusions and summary

• In contrast to the microstructure theory, the evidence 
shows that both the existence and direction of the 
causal relationship depends on the customer (order 
flow) type, frequency, and time period. 

• In general, non-financial order flows are informative in 
the medium to long run, while financial order flows are 
good predictors of exchange rates over a narrow range good p ed cto s o e c a ge ates o e a a o a ge
of frequencies with wave-lengths between 3 and 8 
days.



Conclusions and summary

• We do not find any robust evidence for the multiscale 
dependency of reverse causality on the technical 
trading profitability or trading intensity. 

Th fi di t th t f db k t di ff t• These findings suggest that feedback trading effects 
cannot be explained by the predominant activity of 
technical traders and that “liquidity provision” might 
be responsible for the presented evidence of reverse 
causality in the Canada/U.S. dollar market. 



Conclusions and summary

• It is worthwhile to note the striking result that 
t h i l t di l th t l b th d fltechnical trading rules that employ both order flow 
types can be profitable, and that the profits from the 
technical trading rules increase as the frequency of 
the data decreases. 

• Furthermore, we demonstrate the superiority in 
fi bili f fi i l d flprofitability of non-financial order flows.



Introduction Fuzzy Logic Data Results Conclusions

Fuzzy Logic, Trading Uncertainty and
Technical Trading

Nikola Gradojevic Ramazan Gençay

Journal of Banking and Finance, 37 (2), 578-586 (2013).
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Introduction

Technical trading models ignore fundamental information
about the price.

However, they have been shown to result in trading
profitability (Brock et al., 1992, Gençay, 1992, Levich and
Thomas, 1993, Lo et al., 2000, Savin et al., 2007).

Two approaches: charting (identifies geometric patterns in
the history of prices) and technical indicators (mechanically
applies mathematical trading rules constructed from past
and present prices) (see surveys by Irwin and Park, 2007,
Menkhoff and Taylor, 2007 and Neely and Weller, 2010).

The success of technical trading violates the weak form of
the efficient market hypothesis, which states that past
prices should not assist traders in earning unusually high
returns.
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Market microstructure theory: technical trading may be
profitable when informed traders make systematic
mistakes or when uninformed traders have a predictable
impact on price (Harris, 2003).

Information-oriented technical traders reveal and trade on
mistakes made by informed traders (not an easy job! -
informed traders correct their mistakes and learn from their
past actions).

Sentiment-oriented technical traders are order anticipators
who exploit predictable price patterns caused by
uninformed traders (front-run the uninformed traders and
trade before they trade!).

In this paper, we interpret the activity of sentiment-oriented
technical traders as ‘uncertainty reduction’ while the
uninformed traders are considered pure technical traders
who employ simple technical indicators.
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Introduction Fuzzy Logic Data Results Conclusions

The practice of mechanical application of technical
indicators in investment management without any
uncertainty considerations could potentially be dangerous.

The uncertainties in foreign exchange (FX) and equity
markets can arise due to, for example, market regime
shifts, the impact of large trades on price, shortsales
restrictions, incomplete data, behavioral issues, etc.

We address the uncertainty in decision-making which
arises if there is an insufficient knowledge about the
appropriateness of the trading model - trading (model)
uncertainty.

We employ fuzzy logic to address and partially reduce two
implications of trading uncertainty: market timing (“when to
trade”) and order size (“how to trade”).
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Our goal is to reduce uncertainty of the standard technical
indicators approach by utilizing fuzzy logic technical
trading rules that are more robust to errors in
decision-making (trading).

We directly compare the efficacy of standard technical
indicators and ‘fuzzy technical indicators’ for
high-frequency (one-minute) EUR-USD exchange rates in
2005.

Also, we develop five testable hypotheses that involve the
relationship between high-frequency profitability and
volatility (hypotheses 1-3), and the ranking of the trading
strategies (hypotheses 4 and 5).

From the market microstructure perspective, we argue that
fuzzy logic-based technical trading mimics the behavior of
sentiment-oriented technical traders.
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Fuzzy Logic

Fuzzy logic is built upon the notion of fuzzy sets (Zadeh,
1965).

Unlike sets (intervals) in a traditional sense, fuzzy sets
allow for a concept of partial membership.

This enables one to discriminate between elements that
are relevant to the phenomenon of interest and those of
borderline importance that involve imprecision and
uncertainty.

Information granules such as “high speed”, “significant
risk” or “strong sell” can be processed using fuzzy logic.

Fuzzy logic can help traders control for the uncertainty
aspect of employing technical indicators that are in
essence discrete buy or sell trading signals.
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“rule base” in the form of a set of “if-then” rules (expert
knowledge about the model), (2) fuzzification module that
transforms the explanatory variables (inputs) into fuzzy
variables, and (3) defuzzification module that converts the
conclusion from the fuzzy domain into the dependent
variable (output).
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Any fuzzy model has three main components: (1) fuzzy
“rule base” in the form of a set of “if-then” rules (expert
knowledge about the model), (2) fuzzification module that
transforms the explanatory variables (inputs) into fuzzy
variables, and (3) defuzzification module that converts the
conclusion from the fuzzy domain into the dependent
variable (output).

To design the fuzzy model, one must gather information on
how to construct the rule base (compiled by studying the
historical data).

The rules can, for instance, state that “if the long moving
average is <LARGE> and the short moving average is
<VERY SMALL>, then the technical trading signal is
<STRONG SELL>.”
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The following example will illustrate fuzzy decision-making (‘fuzzy technical indicators’)
and compare it with the standard moving average technical indicators approach:
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(Daily closing prices and MA(50) for the S&P-500 Index from July 1, 2010 to
September 30, 2010)
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Focus on two occasions when the price penetrated MA(50)
from below, thus, indicating a buy signal: August 17th,
2010 and September 2nd, 2010.

The standard moving average technical indicator
generates a buy signal on both days and incurs a loss on
the first signal because the price makes an unanticipated
drop on August 19th.

However, the fuzzy moving average technical indicator
accounts for the magnitude of discrepancy between the
S&P-500 Index value and MA(50) and generates a ‘WEAK
BUY’ signal (i.e., invest roughly 40% of your current
endowment) on August 17th.

On September 2nd, 2010, fuzzy logic realizes the larger
discrepancy between the S&P-500 Index value and
MA(50) and generates a ‘STRONG BUY’ recommendation
(i.e., invest roughly 92% of your current endowment).
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Our model has two inputs - MA(50) and daily closing price
- both fuzzified on the interval [0, 1] into the following five
triangular fuzzy membership functions: “VERY SMALL,”
“SMALL,” “MEDIUM,” “LARGE,” and “VERY LARGE”.

The output is a trading recommendation, fuzzified on the
interval [-1, 1] into five triangular fuzzy membership
functions with the following labels: “STRONG SELL,”
“WEAK SELL,” “HOLD,” “WEAK BUY,” and “STRONG
BUY”.

The rule base contains 52 = 25 rules that compare all
possible combinations of the two inputs and produce the
appropriate outputs.
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19th, 2010 due to the so-called phase shift of the moving
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Let’s consider a signal xt with a known frequency ν. In the
frequency domain, this signal can be written as

xt = ei2πνt

MA(50) = yt =
1

50
(xt + xt−1 + . . .+ xt−49) = H(ν)ei2πνt

H(ν) is the frequency response function or the transfer
function of the MA(50) filter:

H(ν) = G(ν)eiθν

where G(ν) is called the gain function and θ is the phase
angle.
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It is desireable to have θ = 0, which means that the MA(50)
filter was able to preserve the properties of the original
time series (xt ).

When θ �= 0 there will be a change in the phase known as
the phase shift.

For MA(50), H(ν) can be written as

H(ν) =
e−iπν49

50

(
sin(πν50)
sin(πν)

)
= e−iπν49G(ν)

which shows that there exists a phase shift and that the
phase is 49πν.
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Filters with nonzero phase shifts distort the input signal
and an analysis based on MA(50) would result in
misspecification of turning points in the original time series
(xt ).

G(ν) (gain function) and it is the magnitude of the
frequency response function |H(ν)|.
The gain function of a filter illustrates which frequencies
are retained amongst all available frequencies.

An ideal trading filter should retain lower frequencies with
lesser weights towards higher frequencies.

Such a filter preserves the temporal memory of the data
while eliminating excessive higher frequency noise.

The fuzzy Gaussian filter used in the current paper has
such a capability (see figure).
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Fuzzy rule base generates a
continuous decision surface in a
form of mapping from the inputs
to the output.

It accounts for the distance
between the inputs and
produces a trading signal that
identifies the exact fraction of
the funds that are to be allocated
to a position.

The distance between the price
and MA(50) is viewed as a
measure of uncertainty which
increases as the distance
decreases.
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Data

Electronic Broking Services (EBS) level 1.5: tick-by-tick
foreign exchange transaction prices and corresponding
“size indicator values” for FX transaction prices for the
EUR/USD exchange rates spanning January 10 through
December 23, 2005 for the total of 50 weeks (250 days).

EBS operates as an electronic limit order book and is used
for global interdealer spot trading.

It is dominant for the EUR-USD and USD-JPY currency
trading.

We focus on the one-minute frequency (1,440
observations over each 24-hour period for the total of
360,000 data points).
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Testable hypotheses

1: Higher volatility is associated with lower profits from
pure technical trading strategies.

2: Higher volatility is associated with greater profits from
fuzzy technical trading strategies.

3: Volatility is not related to profits or losses from the
buy-and-hold strategies.

4: Fuzzy technical indicators dominate pure technical
indicators whereas higher volatility leads to greater excess
returns.

5: Fuzzy technical indicators and pure technical indicators
dominate the buy-and-hold strategies, irrespective of
volatility.
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Results

This paper uses common moving average
((1,50),(1,200),(5,200),(2,200),(1,150)) and filter technical
trading rules (1%,2%,5%).

We fuzzify trading signals and calculate the return from
period t to t + 1 on each day of the week.

To demonstrate robustness of our methodology, we first
estimate conditional mean returns over the first 25 weeks
of the sample and then over the weeks 26 through 50.

We present the conditional mean returns of plain vanilla
technical trading strategies, corresponding fuzzy technical
indicators and those of the buy-and-hold strategy.

All tables include two basis points transaction costs for a
one-way trade, which is realistic for large transactions
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Conditional mean returns for the moving average rules:

Sample (date) Statistic Mon Tue Wed Thu Fri

Jan 10-July 8, Fuzzy 6.11 12.67 13.37 14.90 16.65
2005 Pure 6.07 5.61 -4.39 -0.99 -4.82

Buy&Hold -8.52 -5.88 1.17 -21.45 -0.27
(t-stat) (0.01) (2.22) (3.74) (5.47) (3.14)
[W] [0.62] [0.03] [0.00] [0.00] [0.00]
Volatility 4.88 6.43 7.36 7.13 8.31

July 11-Dec 23, Fuzzy 4.52 10.04 6.74 10.73 13.98
2005 Pure 4.47 -0.91 4.27 -5.79 -4.37

Buy&Hold -2.12 -0.99 12.54 7.87 -17.52
(t-stat) (0.89) (2.67) (0.86) (2.87) (3.15)
[W] [0.36] [0.00] [0.35] [0.00] [0.00]
Volatility 6.01 7.70 7.64 8.25 7.95
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Conditional mean returns for filter rules:

Sample (date) Statistic Mon Tue Wed Thu Fri

Jan 10-July 8, Fuzzy 0.34 3.40 7.52 7.13 10.57
2005 Pure -1.17 -1.84 -3.19 -5.45 -6.62

Buy&Hold -10.19 -5.74 -3.23 -21.61 -4.18
(t-stat) (1.64) (1.15) (2.45) (5.88) (7.56)
[W] [0.42] [0.07] [0.00] [0.00] [0.00]
Volatility 4.88 6.43 7.36 7.13 8.31

July 11-Dec 23, Fuzzy 4.25 5.36 8.01 9.61 8.13
2005 Pure -3.71 -12.13 -6.08 -10.09 -4.91

Buy&Hold -3.51 -1.06 7.79 6.89 -18.09
(t-stat) (2.23) (3.09) (8.50) (8.30) (2.43)
[W] [0.00] [0.00] [0.00] [0.00] [0.01]
Volatility 6.01 7.70 7.64 8.25 7.95
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We are interested whether there exists a statistically
significant difference between aggregate mean returns of
pure technical trading strategies (row ‘Pure’) and the
returns of fuzzy technical indicators (row ‘Fuzzy’).

Fuzzy technical indicators clearly dominate pure technical
indicators, especially on volatile days.

The buy-and-hold strategy exhibits poor performance.

The tables demonstrate the validity of the five Hypotheses.

The absence of a clear pattern in the buy-and-hold returns
is somewhat puzzling, but it shows that the profitability of
this strategy in a high frequency setting is elusive.
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Our results can also be explained from a market
microstructure perspective.
The fact that fuzzy control is not subject to a nonzero
phase shift provides an advantage in making more timely
trading decisions in comparison to pure technical
indicators.
One can view pure technical traders as noise traders who
mechanically and potentially predictably use technical
indicators.
The timing superiority of fuzzy technical traders is
equivalent to the behavior of sentiment-oriented technical
traders who are able to predict the trades that uninformed
traders (i.e., pure technical traders) will decide to make.
Fuzzy reasoning might be able to explain the behavior (and
success) of sentiment-oriented technical traders – it
mimics the learning process and the implementation of
trading strategies for such traders.
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Conclusions

Our trading uncertainty reduction approach concentrates
on two choices that traders face - market timing and order
size.

Our results for high-frequency EUR-USD exchange rates
show that fuzzy technical indicators are particularly useful
for improving trading profitability on highly volatile days.

We find an increased dominance of the fuzzy approach on
more volatile days of the week (Fridays and Thursdays),
but not as much on Mondays, which are found the least
volatile in the data.

We conclude that the success of our fuzzy uncertainty
reduction technique stems from its two important
properties: 1) smooth decision surface and 2) reduction in
trading costs.
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Conclusions

Our conclusions complement and extend the findings of
Kozhan and Salmon (2009) that is, to our best knowledge,
the only other paper that links technical trading and
uncertainty in FX markets.

Our results show that even when pure technical trading is
not profitable, the information content of a technical trading
signal can be useful.

Fuzzy technical traders can be viewed as
sentiment-oriented technical traders who can learn from
the predictable technical trading strategies employed by
uninformed, pure technical traders.

Extension 1: fuzzify alternative technical indicators such as
the trading range break-out rules, momentum rules or rules
based on volume.
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Conclusions

Extension 2: use other prices (stocks, derivatives,etc.)
over longer time periods.

Extension 3: understand the role of volatility better –
present the volatility input to the fuzzy controller and
expand the rule base with more complex fuzzy rules of the
following nature: “if the long moving average is <LARGE>,
and the short moving average is <VERY SMALL>, and the
volatility is <VERY SMALL> then the technical trading
signal is <SELL>.”



Thank you!
Questions/Discussion?
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