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Abstract:

The main purpose of this paper is to efficiently utilize the forecasts made by multivariate linear
regression analysis. To this end, we build up a mathematical model for the trading decisions based on the
regression results. Given that these results are uncertain, we seek to maximize the expected profits
acquired through opening and closing trade positions. To find the best trading strategy, a dynamic
programming approach has been employed. In this sense, we firstly find optimal take profit levels
associated with opening buy and sell positions. Then we decide to buy, sell or wait, based on the
maximum profit we are going to expect in each case. To show how this method works we apply our
approach to finding the optimal strategy for trading GBPUSD rate based on a multivariate regression

model fitted to the historical daily data on the FOREX Market.
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1. Introduction

The ability to accurately forecast in financial markets is a vital part of modern business management.
Arguably, it is sufficient to use the past and existing price observations to make predictions about future
price movements. In contrast, Fama (1965) states that according to the theory of random walks, the future
path of the price level of a security is no more predictable than the path of a series of cumulated random
numbers. This implies that the past cannot be used to predict the future in any meaningful way. In the
immediate term, the random-walk model of foreign exchange rates, suggests that the best predictor of
tomorrow’s exchange rate is the current exchange rate.

On the other hand, various empirical studies have documented substantial evidence on the
predictability of asset returns. Their studies suggest that asset returns are correlated, and hence,
predictability can be captured to some degree, by certain statistical models. Treynor and Ferguson (1984)
demonstrated theoretically that past prices, combined with other (past) information, can predict the future
price movements. Likewise, numerous empirical studies, however, suggest that foreign-currency returns
may not be independent nor conform to a stable probability distribution. Ellis and Wilson (2005) suggest
some method that yields forecasts superior to those of a random walk model. In other words history
repeats itself in that "patterns” of past Market behavior will tend to recur in the future.

However the prime objective of this study is to suggest a decision model for trading based on the
uncertain forecast results. According to the framework developed by Neftci (1991), a well-defined trading
rule should be a Markov time, i.e. it should use only information available up to current moment for its
construction. We utilize and refer to this information as independent variables. Particularly our approach
to the forecasting is Multivariate Multiple Regression, which is a study on the relationship between few
dependent variables and many independent variables.

The discussion between different types of trades is explained by different principles and relationships
that are used for trading. They contain indicators covering all buy/sell rules that are formulated on the
basis of the well-defined mathematical expressions. Most trading rules have been developed on the basis

of the empirical observations, rather than derived or modeled mathematically. At the same time, fewer



studies concentrate on the development of the theoretical framework for the analysis and optimization of
the trading rules, although there is a pool of users (traders), who create the demand for this type of
research. Thus, in this paper, we concentrate on mathematical investigation to model and optimize trading
strategies based on the forecasting results. They will be formalized and explained from the point of view
of the multivariate statistical theory.

Our main analysis focuses on two questions: Firstly, under what conditions should we buy, sell or
wait? Secondly, how much profit should we expect from a trade and thus what take profit limits should
we put on a position? In this sense we define three response variables to be predicted by means of a
regression model. These are the Maximum, Minimum and Closing prices/rates in one period ahead in our
timeframe. In order to demonstrate how this method can be useful in practical situations, we applied it to
provide optimal trading strategies for GBPUSD exchange rate, based on the regression model stated in the
appendix. The data used in this study are the exchange rates downloaded from Meta-Quotes Corp. It
includes all the dependent and independent variables required in the regression model.

The paper is organized as follows. In the next section, a mathematical model is presented to derive
optimal trading strategies based on multivariate regression forecasts. In section 2 a simple numerical case
illustrates how to put the model into practice. This sample analysis is based on the regression model
presented in the appendix. Finally Section 4 presents the concluding remarks and suggests some

extensions for future research.



2. Trading Strategy and Decision Model

The fundamental and simple rule of profitable trading is to buy cheaper and sell dearer. Thus, the
entire trading activities at financial markets come to the successive operations performed to sell or buy
securities. To do so, one has to open, and close trade positions. Trade position is a market commitment,
which can be opened by a brokerage company at an order initiated by the trader. To open a trade position,
one has to make a transaction, and to close a position, one has to make an inverse operation. A critical
factor for successful trading is the ability to determine the exit points for any trade position. There can be
values of the Stop Loss and Take Profit order levels attached to an open position. Positions can be closed
on the trader's demand or at execution of Stop Loss or Take Profit orders.

There are two prices (rates) , at which the position will be closed automatically if the security price
reaches any of those levels. Take Profit is a close order which is intended for gaining profit if the security
price reaches that level. It is a price (rate) set by trader, at which a market position will be closed when
this level of profit is produced for the position. This order is always connected to an open position and its
execution results in closing of the position. Stop Loss is also a close order used for minimizing of losses if
the security price (rate) has started to move in an unprofitable direction.

To reach a manageable model and make a practical contribution, this paper focuses on a particular
situation in which we are about to open a position in a specific time (e.g. 10:00°™), for a particular
financial instrument (e.g. GBPUSD). At this moment, we have three choices to decide: Buy, Sell or Wait?
If we open a position (Buy or Sell), we have to decide when to exit that position, which is the Take Profit
level we attach to the position as the closing criterion. In one hand we wish to gain the largest profit from
an order, and on the other hand a lower Take Profit level will be more likely to be met. Besides, we are
willing to hold any position for a limited time interval (e.g. one hour: 10 to 11) and if we don’t meet the
take profit level during that period, we will close the position at its end.

This approach also sheds light on what to forecast. Actually we need to decide based on the
forecasted values in the upcoming time interval. Since we are willing to attach a Take Profit level to the

orders and the trades are two-sided (buy/sell), we found the most useful values to forecast are the High,



Low and Closing prices (rates) in the time interval which we may hold the position. Therefore, hereby we

define three (random) variables to forecast in one upcoming period:

Y1 = Highest Upcoming Rate — Current Rate = High mminent candiey — OPEN (imminent candle)
Y, = Current Rate — Lowest Upcoming Rate = Open ¢mminent candie) — LOW (imminent candie)
Y; = Upcoming Closing Rate — Current Rate = CIl0S€ (imminent candiey — OPEN (imminent candle)

Noticeably, Y; and Y, are nonnegative, but Y; can take any real value. Meanwhile we assume that

half the times, the Low happens before High and half the times the reverse happens. Then we can

formulate our decision problem in mathematical terms as follows:

e If we open a Buy position and set p as the Take Profit level and set p' as the Stop Loss level:

Expected Profit = mj, = znaggE[ﬂp,p’] = P(Y1 >p, < p').p -P(Y,=zp, Y1 <p ).p'
p.p

N1 1, , ,
+P(Y12p,Y22p).<§p—Ep)+P(Y1<p,Y2<p).E[Y3|Y1<p,Y2<p]

Which happensat (p,p')=(p*,p™) asthe optimal solution to be found.

o If we open a Sell position and set g as the Take Profit level and set g' as the Stop Loss level:

Expected Profit = mi = zna%cE[nlq,q’] =P(Y,=2q,%<q)q-P(\1=2q,Y,<q).q
a.q

~ (1 1, .
+P(Y2Zq,leq).<Zq—§q)—P(Y2<q,Y1<q’).E[Y3| Y, <q,Y1<q]

Which happensat (qg,q')=(g*, g*) as the optimal solution to be found.

Accordingly:
» We will open a Buy position (with p* and p™ ), ifandonly if: m; > n; and m, > C
» We will open a Sell position (with g* and g™ ), ifandonlyif: n5 >m, and mn; > C

» And we will Wait and do nothing ifand only if: ©; < C and n; <C

(1)

(2)



Where, C stands for the cost of a single trade (opening and closing a position), comprising the
Commissions, the Spreads, and the Risk premiums we are to be guarded.

Hereafter we assume to have enough margins corresponding to our trading timeframe, so that we are
able to tolerate any fluctuations in our specific time interval. Thus we don’t consider the Stop Loss level
and focus on the optimal Take Profit as the closing criterion'. So the problems (1) and (2) will be
rewritten as follows:

o If we open a Buy position and set p as the take profit level:

Expected Profit = nj, = max E[rn|p] = P(Y; = p).p+P(Y; <p).E[Y5|Y; <p] 3)
P

Happening at p = p*.
o If we open a Sell position and set g as the take profit level:

Expected Profit = my = maxE[r|q] =P(Y, = q).q —P(Y, < q).E[Y3|Y, <q] 4)
q

Happening at q=qg*.

Consequently:
» We will open a Buy position (with p = p*) if and only if m;, > max{r;,C}
» We will open a Sell position (with g =qg* ) ifand only if w5 > max{m; ,C}

> And we will Wait and do nothing if and only if  C > max{m;,m}}

Now, to proceed further we consider using multivariate regression method to forecast a new response
Yo = (Y1,Y2,Y3), and the residuals show a Normal behavior. Thus we will have a tri-variate Normal
distribution for the predicted vector Y, , as follows:

_ Ay 611 012 O3
Y ~ N3| Y=|l2|,$=|012 022 023 (5)

Uz 013 033 033

1ActuaIIy the genuine basis for this decision is the infinitely large optimal stop loss levels suggested through
numerical solution of those equations (i.e. Simulation, Monte Carlo).



In which, from multivariate statistical theory we have:
V=p.x and S=(1+x)(XX) x)% (6)
Where,
We have r predictor variables and n (training) observations,
X is the n*(r+1) design matrix,
B is the (r+1)*3 vector of estimated regression parameters,

Xo is the current values of predictor variables, (r+1)*1, and

PPN

= RR . . . i . . .
2= 1 is the 3*3 covariance matrix of residuals regarding R as the n*3 matrix of residuals.

Anyway, returning to the notations used in (3), we can easily find out that:

E[Ys1Y, <p] =
[ e dna w1 BT o
_— . , . = M — . . e 11
’ (p — #1) A y1=_OOY3 13U01,Y3)-ay1ays 3 ’ (u) 2.0
VO11 V011
E[Y;|Y;<q] =
1 e 023 1 =(q=pp)

.e 202 (8)

— N V3 - f23(V2,¥3) . dy,dys = uz — .
99—k ‘uz) V2 =—0y=—® (—q — ‘uz) 2m. 022
o Ve )

In which, fi3 and f,3 are the bi-variate Normal probability density functions as follows respectively:

N (/21] [511 313]) N (ﬂz] [322 323])
2 S B2 P A~ 2 A I P PN
Uzl 1013 033 Uzl LO23 033



Hence the equations (3) and (4) will turn into:

Blrlp] = p + s — g (P - 22 5 ©
m, = max E[rw =p+ - p). ( )— .e 2011
b . pIPl =P T U3 —DP).® e oo
Happening at p=p*
— —(q—p2)?
q— U 023 — 2
g = max E[nglq] = q — (u +q).<p( >+ .e 202 (10)
’ q * ’ V022 V2T, 0y

Happening at q=g*

To find the optimal Take Profit levels p* and g*, we have to use computational techniques.
Alternatively, we could use the solutions to the first order condition and find p* and g* as the roots of

the following equations:

0E [mp|p] P — 013 1 — —p)?
M| () e T ) L R
ap p* 0-11 3 ! 27-[.0-11

OE [ * g 1 _(q*_ﬂz)z
mslal | _ ¢ uz)_[ﬂngq*_ﬁ(Mz _q*)]_—.e 5 =0
dq . V022 022 V2. 055

However, we will need to apply computational techniques to solve the latest equations as well.



3. Numerical Example

To see how the expected profit behaves, we use the regression model explained in the appendix to
find an optimal trading strategy for GBPUSD at 10:00°™ in July, 19™ 2010. This model forecasts the
values (in pips) of the response variables to be y;, = 10, y, = 98, and y; = +5.2. Also using the covariance

matrix of residuals along equation (6), we have for this observation:

B 36 —.25 .47
s=(1+x(XX) 'x)E= [-.25 .56 -.63[«107*
47 —.63 1.04

Now we employ equations (9) and (10) to find the optimal trading strategy. As figure 1 illustrates, the
maximum expected profit is about 13 pips, which is associated to a sell position with take profit level
equal to 88.5 pips. Actually if we meet this limit we expect to gain +88.5 pips, and otherwise we expect to
lose 5 pips down to closing at 11°™. As a matter of fact, this take profit limit was not met and the actual

profit was +37 pips, due to the realized Closing rate at 11°™. (Real Low rate = 53 < take profit = 88.5)

X -88.52
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Figure 1 — Expected profits for trading strategies in July, 19", 2010



4. Conclusion

To make money in the financial markets, most of the traders base their strategies on the forecasts.
Forecasts may be used in numerous ways and we try to use them most effectively. In this study we have
primarily focused on finding the optimal take profit levels based on the forecasts derived from
multivariate regression analysis. To this end, we applied probability theory and built up a mathematical
model to maximize the expected net (cumulative) profits gained through opening and closing positions.
Finally we come to such complex equations that cannot be solved analytically and we rely on the
computational techniques to achieve the optimal solutions.

Taking a Dynamic Programming approach, we suggest a trading strategy based on the outcomes of
our mathematical model. In this sense we firstly find the maximum expected profit assuming we open a
Buy position and compare it to the maximum expected profit in case of the Sell position. Based on which
one being larger, we decide to buy or sell, except when this larger profit is less than the costs incurred by
the trade, in which we suspend opening any position and wait for the next trading opportunity.

In order to illustrate how one can use this method to make profitable trades, we found the numerical
solution for a sample case which was based on a regression model developed in the appendix. Suggesting
that overall, using this method, we may make lucrative trading decisions, even having employed a very
simple regression model with poor predictive ability.

For researchers interested in applying this method to more efficient regression models, we
recommend including some nonlinear combinations of the rate ratios and volume data. For instance, one
may consider the quadratic combinations, reciprocals and squared roots in the regression model. This may
substantially improve the accuracy of classifying trades in general. Also one may extend the application
of this method to other (more suitable and advanced) models like robust and moving regression models as
Preminger and Franck (2007) examine, or autoregressive models based on time series approaches as Fang
and Xu (2003) consider. Clearly the covariance matrices mentioned in the previous section are essential to

estimate the prediction intervals and find the optimal solutions.



Appendix: Empirical Study, Variable Definition, and Regression

In order to define variables, we presume that in each business day we open a position at 10:00°", and
close it at 11:00°™ if the take profit limit was not met during this one hour period. Therefore, the High,
Low and Closing rates of the 60-minute candle between 10:00°™ and 11:00°" describe the response
(dependent) variables. We aim to use historical daily market data to develop a regression model that
forecasts the response variables in this particular hour each day. The data series studied in this paper are
daily-frequency observations on Pound versus US Dollar exchange rate (GBPUSD), as the dependent
variables. Our sample contains trade data for 742 working days between February 1st, 2007 (Thursday)
and January 8th, 2010 (Friday). The transactions data were provided by “Meta-Quotes Software Corp.”.

The predictors are composed of the available data up to 10:00*™ (decision point) in each trading day.
To define the independent variables, we consider eight recent 15-minute candles associated with two
hours between 8:00°" and 10:00°™ in the trading day for seven symbols: GBPUSD, EURUSD, USDCHF,
USDJPY, USDCAD, AUDUSD and GOLD which are supposed to have some leading information. Thus,
after careful considerations, we have chosen 448 predictor variables from within the Open, High, Low,
Close, Volume, MFI and some other combinations of the data in each 15-minute candle. Needless to say,
the rate variables are meaningless unless compared to the Opening rates at 10:00%".

An important feature of financial markets is the presence of so-called calendar effects, by which
predictable patterns associated with the month of the year, the day of the week, or the hour of the day
exist in market behavior. For example, Osborne et al. (2008) show that currencies are correlated with each
other in different days of the week. Hence we include 16 time indicators (comprising Year, Month, Day,
Weekday and some functions of them) as additional predictors. Consequently there will be 464 predictor
variables altogether.

To avoid multicollinearity problem and reach a better out of sample predictive ability, we perform a
principal component analysis on our data. Since the data contains very different scales we use the
correlation matrix for PCA. The results suggest the first 300 components contribute 999% of the total

variance. Hence we will proceed to the stepwise regression analysis with the first 300 principal



components. In our stepwise regression, the p-value to enter a variable is 0.05 (based on the F-statistics),
while the p-value to remove it is 0.1. The stepwise regression reduced the number of independent
components to 109. From the Normal probability plots and histograms of the residuals we deduce that all
the three responses have normal error terms. The residual plots against the fitted values show no evidence
of serious departures from the model. The results suggest that the model is fit and appropriate, thus it was
selected for developing trading strategies. Parameter estimations were carried out using MATLAB® with
Mean Square Error (MSE) as the fitness function.

According to the values of R?, the model explains 48.43% of the total variations in Y, 35.44% of the
total variations in Y,, and 33.55% of the total variations in Y. Also we can see that R%q; is 39.54% ,

24.31% and 22.08% for Y;, Y, and Y3 respectively.
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