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ABSTRACT
This paper describes an algorithm for short-term techni-
cal trading. The algorithm was tested in the context of
the Penn-Lehman Automated Trading (PLAT) competition.
The algorithm is based on three main ideas. The first idea
is to use a combination of technical indicators to predict the
daily trend of the stock, the combination is optimized using
a boosting algorithm. The second idea is to use the con-
stant rebalanced portfolios within the day in order to take
advantage of market volatility without increasing risk. The
third idea is to use limit orders rather than market orders
in order to minimize transaction costs.

1. INTRODUCTION
The recent development of electronic communication net-

works (ECNs) or electronic financial markets has allowed a
direct communication between investors, avoiding the addi-
tional cost of intermediaries such as the specialists of the
New York Stock Exchange (NYSE). A very important as-
pect of the ECNs is the access and publication of the real-
time limit order book. For many years such access was
not available to most traders. For example, in the NYSE
only specialists could observe the entries of the limit order
book. Other investors could only see the price and number
of shares of the executed orders.

Electronic markets maintain a centralized order book for
each traded stock. This book maintains lists of all active
limit orders and is used as the basis for matching buyers
and sellers. By making the content of this book accessible
to traders, electronic markets provide a very detailed view of
the state of the market and allow for new and profitable trad-
ing strategies. For example, Kakade, Kearns, Mansour, and
Ortiz in [14] present a competitive algorithm using volume

∗A preliminary version of this paper was presented at the
Data Mining for Business Applications Workshop on Inter-
national Conference on Knowledge Discovery and Data Min-
ing (KDD), Philadelphia, 2006.
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weighted average prices (VWAP).1 Kavajecz and Odders-
White [17] study how technical analysis indicators can cap-
ture changes in the state of the limit order book.

In this paper we present an automated trading algorithm
that was tested in the context of the Penn-Lehman Auto-
mated Trading (PLAT) competition. The algorithm is based
on three main ideas. The first idea is to use a combination of
technical indicators to predict the daily trend of the stock.
The trading algorithm uses the stock price of the previous
ninety days, and the open price of the current trading day
to calculate a set of well-known technical analysis indica-
tors. Based on this information, the trader anticipates the
direction of the market using a boosting algorithm, and then
takes a long or short position if it expects that the market
will go up or a down respectively. The second idea is to use
constant rebalanced portfolios [1] within the day in order to
take advantage of market volatility without increasing risk.
This part of the trading algorithm puts limit orders to assure
that there is a constant mix between the value of the stocks
and of the portfolio. The third idea is to use limit orders
rather than market orders in order to minimize transaction
costs. The trader accesses the order book to put limit orders
out of the bid-ask spread to capture the rebates that ECNs
such as ISLAND pay to the trader whose submission was in
the order books at the moment of execution. 2

The rest of the paper is organized as follows: section 2 in-
troduces boosting; section 3 presents the PLAT competition
and our trading strategy; section 4 presents the results of the
participation of our trading algorithm in the PLAT compe-
tition; section 5 introduces improvements to our algorithm

1VWAP is calculated using the volumes and prices present
on the order book.
2A market order is an order to buy an asset at the current
market price. A buy (sell) limit order is executed only at a
price less (greater) or equal than the limit price. The ECNs
register the orders in the order book which is continu-
ously updated with new orders or when an order is executed.

The bid-ask spread refers to the difference between the bid
price or the highest price that a trader is willing to pay for
an asset, and the ask price or the lowest price that a trader
is willing to sell an asset.

A long position is the result of buying a security expecting
that the value of the underlying asset goes up. A short
position is the result of selling a borrowed security expecting
that the value of the underlying asset goes down.

Technical analysis is a method to forecast security prices
and trends using patterns of prices, volumes, or volatility
(see the appendix).
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Figure 1: The Logitboost algorithm. yi is the binary label to
be predicted, xi corresponds to the features of an instance
i, wt

i is the weight of instance i at time t, ht and Ft(x)
are the prediction rule and the prediction score at time t
respectively

such as the integration of the market maker strategy, and
section 6 concludes and discusses futures lines of research.

2. METHODS

2.1 Boosting
Adaboost is a machine learning algorithm invented by Fre-

und and Schapire [12] that classify its outputs applying a
simple learning algorithm (weak learner) to several itera-
tions of the training set where the missclasified observations
receive more weight.

Friedman et al [13], followed by Collins, Schapire, and
Singer [6] suggested a modification of Adaboost, called Log-
itboost. Logitboost can be interpreted as an algorithm for
step-wise logistic regression. This modified version of Ad-
aboost –known as Logitboost– assumes that the labels y′is
were stochastically generated as a function of the x′is. Then
it includes Ft−1(xi) in the logistic function to calculate the
probability of yi, and the exponent of the logistic function
becomes the weight of the training examples. Figure 1 de-
scribes Logitboost.

We implemented boosting with a decision tree learning
algorithm called an alternating decision tree (ADT) [11]. In
this algorithm, boosting is used to obtain the decision rules
and to combine them using a weighted majority vote (See
Creamer and Freund [9] for a previous application to several
finance problems).

The importance of features used to predict earnings sur-
prises, and cumulative abnormal returns may change signif-
icantly in different periods of time. As we do not know in
advance what the most important features are and because
of its feature selection capability, its error bound proofs [12],
its interpretability, and its capacity to combine quantitative,
and qualitative variables we decided to use boosting as our
learning algorithm.

3. TRADING STRATEGIES AND PLAT COM-
PETITION

3.1 Automated trading – PLAT
Our trading algorithm is tested in the Penn-Lehman Au-

tomated Trading Project3 (see Kearns and Ortiz [18]). This
project, which is a partnership between the University of
Pennsylvania and the quantitative trading division of Lehman

3This description of PLAT refers to Spring 2004 when we
participated in the competition.

Brothers, simulates ISLAND, one of the major ECNs, and
has had trading competitions since the Fall of 2002.

The simulator that supports PLAT captures price and
volume information of ISLAND about every 3 seconds, and
provides an architecture where clients can connect and sub-
mit limit orders. During the competition of April-May 2004,
Microsoft (MSFT) is the only stock that is traded. The sim-
ulator creates its own order book receiving the information
of ISLAND and mixes it with the orders of its clients.

The simulator generates detailed information about the
position of each trader: market and price simulator, out-
standing shares, present value, and profit and loss position.

PLAT is different from the well-known trading agent com-
petition (TAC) run at the University of Michigan [24] be-
cause of PLAT’s strict limitation to the financial market
and because only one stock is traded: Microsoft. The clas-
sic TAC game is based on the travel industry market, and
since 2003, it has also included a supply chain management
game. Wellman et al. in [24] reports recent results of TAC.
Both competitions, PLAT and TAC, are similar in terms of
offering a platform and software for agents to develop their
trading strategies.

3.1.1 PLAT Competition
We designed the trading algorithm “CRP TA” that par-

ticipated in the PLAT competition run in the period April
26 to May 7, 2004. The rules used during this competition
were4:

1. The performance of each trader is measured by the
Sharpe ratio calculated as the mean return and stan-
dard deviation of the 10-day profit and loss positions.

2. Traders do not have a limit in terms of number of
shares that they can hold. However, positions must
be liquidated at the end of the day. Any long position
will completely lost its value, and any short position
must pay a penalty of twice its market value.

3. Transaction costs will follow ISLAND’s fee/rebate pol-
icy: when a trade is executed, the party whose order
was in the order books shall receive a rebate of $ 0.002,
and the party that submitted the incoming order shall
pay a transaction fee of $ 0.003

During this competition, participants were split into two
groups: red and blue. Our agent was team 1 in the red
group.

The competition also included an agent per team that
bought and sold large number of shares each day following
the volume weighted average price (VWAP).

3.2 Trading algorithm
Our basic approach is to separate our analysis of the mar-

ket into two time scales. The long time scale is on the order
of days or hours, the short time scale is on the order of sec-
onds or minutes. When operating on the long time scale
we use a variety of technical indicators (see the appendix)
to predict price trends. In other words, we try to predict
whether the stock price will go up or down in the next day
or next hour. When operating on the short time scale we
stick to the prediction given by the long time scale analysis

4Further explanation of the PLAT project can be found at
<http://www.cis.upenn.edu/˜mkearns/projects/plat.html>



and place orders in a way that would take maximal advan-
tage of volatility, and minimize transaction costs.

In more detail, our long time scale analysis is based on an
adaptive combination of technical analysis indicators. The
combination is optimized using the boosting learning algo-
rithm and past month as training data. The short time-scale
trading is based on constant rebalanced portfolios with a
time-based profile selected according to the long-term anal-
ysis. Finally, the actual market orders are generated in a
way designed to take advantage of the transaction cost pol-
icy used in ISLAND, one of the major ECNs and the one
used as the data source for the PLAT competition.

We call our trading algorithm CRP TA because it imple-
ments a hybrid strategy of a) forecasting the daily stock
price with Logitboost using technical indicators (TA), and
b) intra-day trading following a constant rebalanced portfo-
lio (CRP) strategy.

3.2.1 Applying Logitboost to the selection of techni-
cal trading rules

The trading algorithm CRP TA forecasts the direction of
the stock price using ADTs which are implemented with
Logitboost. We introduced this algorithm in section 2.1.
CRP TA trains ADTs using the following technical analysis
indicators of the previous ninety days and described in the
appendix: simple moving average, average directional move-
ment index, directional movement index, Bollinger bands,
moving average convergence divergence, relative strength in-
dex, stochastic indicators, and money flow index. We calcu-
lated these indicators using R and its financial engineering
package called Rmetrics. 5

The instances are labeled using the following rules:
Buy, if P c ≥ P o + τ
Sell, if P c ≤ P o − τ
Hold, otherwise

where τ is a constant that at least covers the transaction
costs ($0.003), and P o and P c are the close and open price
respectively.

Logitboost generates a new set of trading rules. Hence,
instead of using the rules that each technical analysis indi-
cator suggests, Logitboost defines what are the appropriate
rules based on the market conditions and the combination
of a list of very well-known technical indicators.

3.2.2 Constant rebalanced portfolio
Constant rebalanced portfolio, known in the financial world

as constant mix, is a well-known strategy in the investment
community. Kelly [19] showed that individuals that invest
the same proportion of their money on a specific asset–the
constant rebalanced portfolio–their portfolio value will in-
crease (or decrease) exponentially. Kelly introduced the log-
optimal portfolio as the one which achieves the maximum
exponential rate of growth. Algoet and Cover [1] showed
that if the market is stationary ergodic, the maximum capi-
tal growth rate of a log-optimal portfolio is equivalent to the
maximum expected log return. Cover [8] and later on many
other researchers such as Vovk and Watkins [23], Cover and
Ordentlich [7] Blum and Kalai [2], and Kalai and Vem-
pala [15] extended CRP to the concept of universal constant
rebalanced portfolio.

5Information about R and Rmetrics can be
found at <http://cran.r-project.org> and at
<http://www.rmetrics.org> respectively.

CRP simply requires that traders maintain a fixed pro-
portion of stocks to portfolio value. If stock price increases
(decreases), the stock to portfolio value ratio increases (de-
creases), then part of the stocks must be liquidated (bought).
This strategy works better when the stock price is unstable,
so the trader is able to sell when the price is high, and buy
when the price is low.

We tested the trading algorithm CRP TA in the PLAT
competition run between April 26 to May 7, 2004. Every
day of the competition CRP TA trains an ADT with Log-
itboost using the information of the last ninety days and
then using P o takes a long position (50% of the portfolio
invested in MSFT), short position (25% of the portfolio) or
do not trade. During the first half hour CRP TA builds its
position, and during the half hour before the market closes,
CRP TA liquidates its position. There is an asymmetry be-
tween the long position (50%) and the short position (-25%)
because of the higher penalty that a trader with a short po-
sition would pay during the competition. The training of
ADTs was done using the MLJAVA package.6

The trading algorithm CRP TA trades during the day bal-
ancing the portfolio according to a goal mix as Figure 2 ex-
plains. CRP TA intends to increase revenues sending limit
orders and expects that these orders arrive before than the
counterparty’s orders when the orders are executed. In this
case, the trader receives rebates, and avoids paying fees.

4. PLAT COMPETITION RESULTS
After ten trading days of participating in the PLAT com-

petition, CRP TA obtained a return of $27,686 and the
Sharpe ratio was 0.83. Its performance was the second best
in its group as Figure 3 shows. CRP TA forecasted correctly
a short or long position eight out of the ten days of the PLAT
competition. These results were better than the results of a
simulation for a sample of 840 days when the predictor was
trained with information of the last 90 days. In this last
case the test error was 48.8%. These differences could be
explained because the optimization of the parameters used
to calculate the technical indicators at the beginning of the
competition might have not been adequate for other peri-
ods. We spent a significant amount of time fine tuning the
parameters used for the forecast. Additionally, the trader
did not get its position at the open price as the above simu-
lation did it. It reached its position after the first half hour
of trading.

To understand the intra-day dynamic, we present the re-
sults of a trading day when the market is up and down
(Figure 4). May 3rd was a very volatile day and the market
was up, while CRP TA got a short position. The losses of
a short position were partially compensated by the benefits
of intra-day trading thanks to the CRP strategy. On April
28th the market went down. CRP TA assumed a short po-
sition that led to a profitable position. This last result is
evident in the top panel of Figure 4 that shows an impor-
tant difference between the portfolio value index and the
index price or buy and hold (B&H) position.

6If interested in using MLJAVA, please contact yfre-
und@cs.ucsd.edu.



Input:

Set of price series (open (Po), close P c, high (Ph), low (P l)),

and volume

τ is a constant that at least covers the transaction costs

($0.003)

qg is goal mix of stocks and cash for MSFT

Forecast with machine learning algorithm (Logitboost)

and technical indicators (TA):

1. At the beginning of the day, train an ADT with Logitboost

using training set with technical analysis indicators, and labels

(see the appendix) calculated with price and volume series of

the last 90 days.

2. Forecast trend of P c using Po and technical analysis

indicators for trading day, and take one of the following

positions for single stock (MSFT) in first half hour of trading:

Long (qg = 50%), if E(P c) ≥ Po + τ

Short (qg = −25%), if E(P c) ≤ Po − τ

Hold, otherwise

Intra-day constant rebalanced portfolio (CRP):

3. Sends simultaneously a buy and sell limit orders for δ

according to:

Submit buy limit order for δ, if qt < qg − δ/W

Submit sell limit order for δ, if qt > qg − δ/W

Hold, otherwise

where W is net value portfolio, qt is current mix of stocks and

cash for MSFT, and δ is amount of dollars to buy or sell in

order to reach qg.

4. If (qt! = qg) after 60 ticks (about one minute), cancel limit

orders, submit market orders to obtain qt, and submit new

limit orders.

5. Liquidate position in the last half hour before market

closes.

Output:

Profit/loss of algorithm

Figure 2: The CRP TA algorithm.

Sharpe Ratio 26/4 27/4 28/4 29/4 30/4 3/5 4/5 5/5 6/5 7/5 Total
Team1 0.8334 2249 -151 7527 7198 6628 -2523 1567 2238 1885 1068 27687
Team2 -0.1619 27 -513 -3062 1219 3204 -153 327 15 61 -4601 -3476
Team3 1.1221 3574 7083 -127 -2832 2040 6691 4335 6108 5915 3061 35847
Team4 -0.4232 -44962 3147 -1185 -1832 -988 -88302 946 1129 1907 2316 -127825
Team5 -12.6200 -9.E+06 -8.E+06 -9.E+06 -8.E+06 -9.E+06 -7.E+06 -8.E+06 -8.E+06 -8.E+06 -7.E+06 -8.E+07
Team6 0.7213 1045 4729 243 -6694 12508 11065 -2377 5708 9271 11755 47252
Team7 2.4963 3433 1374 2508 2928 3717 3444 1322 3300 2199 966 25190
Team8 0.7559 271 538 -242 -248 13 636 386 452 461 121 2387
Team9 0.5778 1307 2891 -1563 -1349 -1339 3230 1850 2037 2465 1041 10569
Team10 0.0432 -4655 -1370 2178 2820 2766 2961 2665 -5746 2402 -2545 1475
Team11 -12.5931 -9.E+06 -8.E+06 -7.E+06 -8.E+06 -8.E+06 -7.E+06 -8.E+06 -8.E+06 -8.E+06 -8.E+06 -8.E+07

Profit and loss

Figure 3: Profit and loss of PLAT competition for all players.
Competition was split in the first five teams (red group)
and the next five teams (blue group). First column shows
the Sharp ratio for each team during the whole competition.
Additional columns have daily profits or losses for each team
expressed in US$. CRP TA is team 1. Teams 5 and 11 are
artificial traders who bought and sold large volume of shares
following the VWAP.
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(b) Market down

Figure 4: Representative intraday results of PLAT competi-
tion for CRP TA when market is up (a) and down (b). Top
graphs compare portfolio value index with an index price
or a simple buy and hold (B&H) position. Middle graphs
compare the goal or constant mix of stocks and cash with
the updated mix according to the trading algorithm. The
steeper curve at the beginning and at the end of the trad-
ing day is the period when CRP TA builds and liquidates
its goal position. Bottom graphs include fees (> 0) and re-
bates (< 0). The differences between rebates and fees are
transaction costs.



During each trading day there were a large number of trad-
ing operations. However, the process to adjust the portfolio
to reach the goal mix affected the results because the trader
CRP TA paid more fees than received rebates as the bot-
tom of Figure 4 shows. The winner on CRP TA’s group
during the PLAT competition, team 3, acted as a mar-
ket maker placing limit orders outside the current spread.
Hence, an important amount of CRP TA’s orders were plau-
sibly traded with this team; however this trader did not pay
fees, only received rebates because their orders were limit
orders that most of the time arrived first than CRP TA’s
orders. If CRP TA could incorporate this market marker
strategy, probably its results may improve as we show in
the next section.

5. IMPROVED ORDER STRATEGY
After the PLAT competition, we integrated the market

maker strategy into the CRP TA, and we call the modified
version of the algorithm as the “Market maker CRP TA”.
The most important aspect of the revised version of the
algorithm is that the orders should be executed as limit or-
ders, and not as market orders as follows: Market maker
CRP TA starts with a balanced position according to the
proportion of shares over portfolio value established as a
goal (qg). Then it sends simultaneously a buy limit order
at a price slightly below ($0.005) than the price at the top
of the buy order book (PBuyB), and a sell limit order at a
price slightly above ($0.005) than the price at the top of the
sell order book (PSellB). If the order is not completely filled
within ten minutes of being issued, existent limit orders are
canceled, and limit orders are reissued. In all cases, orders
are reissued for the amount necessary to reach the goal mix
of stocks and cash (see Figure 5).

We run this new trading strategy and the original CRP TA
strategy during the period January 5-9, 2004. We present
the results of January 8th for the market maker CRP TA
strategy and for the CRP TA agent in Figure 6. During the
week of January 5-9, the Sharpe ratio is 0.03 and -0.28 for
the Market maker CRP TA strategy and for the CRP TA
strategy respectively. The bottom of Figure 6 shows that
Market maker CRP TA received more in rebates than the
amount it had to pay in fees. This difference helped to
improve the financial result of the algorithm which is the
major shortcoming of the CRP TA strategy.

Another shortcoming of the CRP TA strategy is that this
strategy takes a high risk when it keeps only a short or long
position during the day. A variation of the CRP TA strategy
could be the creation of a portfolio that has a long and short
position simultaneously. The scores obtained from Logit-
boost to forecast the stock price could be used to weight
the long and short position. Hence, the position with higher
score would have a higher weight. A market neutral port-
folio could also be obtained using the same proportion of
stocks to portfolio value for the short and long position. We
also tried this final alternative for the week of January 5-9,
2004 and the Sharpe ratio deteriorates to -2.06. Obviously,
this alternative misses the benefit of market forecasting us-
ing ADTs.

Input:

Set of price series (open (Po), close P c, high (Ph), low (P l),

and volume

τ is a constant that at least covers the transaction costs

($0.003)

qg is goal mix of stocks and cash for MSFT

κ is minimum amount above or below top price of order books

($0.005)

Forecast with machine learning algorithm (Logitboost)

and technical indicators (TA):

1. At the beginning of the day, train an ADT with Logitboost

using training set with technical analysis indicators, and labels

(see the appendix) calculated with price and volume series of

the last 90 days.

2. Forecast trend of P c using Po and technical analysis

indicators for trading day, and take one of the following

positions for single stock (MSFT) in first half hour of trading:

Long (qg = 50%), if E(P c) ≥ Po + τ

Short (qg = −25%), if E(P c) ≤ Po − τ

Hold, otherwise

Intra-day market maker constant rebalanced portfolio

(CRP):

3. Sends simultaneously a buy and sell limit orders for δ

according to:

Buy limit order for δ and PB = PBuyB − κ, if qt < qg − δ/W

Sell limit order for δ and PS = PSellB + κ, if qt > qg − δ/W

Hold, otherwise

where W is net portfolio value, qt is current mix of stocks

and cash for MSFT, δ is amount of dollars to buy or sell in

order to reach qg , PB and PS are prices of long and short

limit orders, PBuyB and PSellB are prices at the top of the

buy and sell order book respectively

4. If (qt! = qg) after 600 ticks (about 10 minutes), cancel and

resubmit limit orders to obtain qt.

5. Liquidate position in last half hour before market closes.

Output:

Profit/loss of algorithm

Figure 5: The Money market CRP TA algorithm.
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(b) CRP TA

Figure 6: Representative intraday results for Market maker
CRP TA (a) and CRP TA (b) in January 8th, 2004. Top
graphs compare portfolio value index with an index price
or a simple buy and hold position. Middle graphs compare
the goal or constant mix of stocks and cash with the up-
dated mix according to the trading algorithm. The steeper
curve at the beginning and at the end of the trading day
is the period when trading algorithms build and liquidate
their goal position. Bottom graphs present fees (> 0) and
rebates (< 0). The differences between fess and rebates are
transaction costs.

6. CONCLUSIONS
In this paper we show that the constant rebalanced port-

folio or constant mix strategy can improve if a classifier
may anticipate the direction of the market: up, down or no
change. Additionally, transaction costs play a central role
to improve performance. Instead of an automatic rebalance
of the portfolio, the results of the PLAT competition indi-
cate that if the CRP strategy is implemented only with limit
orders, its results improve because of the rebates.

We used very well known technical indicators such as mov-
ing averages or Bollinger bands. Therefore, the capacity to
anticipate unexpected market movements is reduced because
many other traders might be trying to profit from the same
indicators. In our case, this effect is reduced because we
tried to discover new trading rules using Logitboost instead
of following the trading rules suggested by each indicator.
However, we are aware that our predictor may improve if we
transform the technical indicators into more accurate ratios
or select more informative indicators such as the effect of
current news into stock prices.

Our experience in adapting boosting to a trading algo-
rithm is that a simple and straightforward application of
boosting to financial time series does not bring a significant
improvement in forecasting. There are other well-known
methods used for finance problems, such as logistic regres-
sion, that have a similar performance to boosting [9]. How-
ever, boosting can work with a mixture of quantitative and
qualitative indicators, and also with non-linear time series.
Furthermore, boosting can be used to understand the non-
linear relationship between the variables, and can automat-
ically select the best features. Our experiments showed that
the boosting approach is able to improve the predictive ca-
pacity when indicators are combined and aggregated as a
single predictor.

Additionally, we recognize that boosting or another learn-
ing algorithms used to forecast time series may have a pre-
dictive ability for only a certain period of time. However,
the randomness and continuous change of the financial mar-
ket may lead to make ineffective a trading strategy based
on boosting or another predictor. Hence, our algorithm can
be enriched by the introduction of risk management mech-
anisms in order to change strategy or liquidate its position
if market behaves in unexpected ways.
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Appendix. Technical analysis indicators used
during PLAT competition

Technical indicators are statistics of the market that quan-

tify market trends. Most technical indicators have been de-

veloped by professional traders using trial and error. It is

common practice to use rules based on technical indicators

to choose the timing of buy and sell orders. These rules are

called buy and sell “signals”. In this work we use a combi-

nation of market indicators and trading signals. We define

these indicators in this appendix and provide the basic in-

tuition that motivates them. Throughout this section we

assume a single fixed stock.

We start with some basic mathematical notation. We in-

dex the trading days by t = 1, 2, . . .. We denote by P o
t ,

P c
t , P

uc
t , Ph

t , and P l
t , the open, adjusted close, unadjusted

close7, high, and low price of the tth trading day. We elimi-

nate the lower index when we wish to refer to the whole se-

quence, i.e. P c refers to the whole sequence P c
1 , P

c
2 , . . .. Us-

ing this notation we define the median price Pmed = (Ph +

P l)/2, the typical or average price P typ = (Ph+P l+Puc)/3,

and the weighted close price Pwc = (Ph + P l + 2Puc)/4.

Many of the technical indicators incorporate time averages

of prices or of other indicators. We use two types of time

averages, the simple moving average and the exponentially

weighted moving average.8 Let X denote a time sequence

X1, X2, . . .. The simple moving average is defined as

SMAt(X, n) =
1

n

n−1∑
s=0

Xt−s ,

and the exponentially weighted moving average is

defined as

EMAt(X, n) = λ

∞∑
s=0

(1 − λ)sXt−s; λ =
2

n+ 1
.

A useful property of EMAt(X, n) is that it can be calculated

using a simple update rule:

EMAt(X, n) = λXt + (1 − λ)EMAt−1(X, n) .

In the following table we describe the technical indicators.

The parameters of each indicator are in parentheses. Most

of the parameters used refer to the length of the period (n)

selected to calculate the indicator. In case of exponential

moving average, the parameter used is λ which also depends

of n. We have assigned parameters which are typically used

in the industry for each indicator.

7Unadjusted close prices are the actual published prices at
the end of the trading day. The adjusted stock price removes
the effect of stock splits and dividend payments. Our goal
is to predict P c

t , the adjusted close price.
8We follow Zivot and Wang [26] in describing the techni-
cal analysis indicators. Additional useful references about
technical analysis and trading are [16, 20, 4, 21, 22, 10, 5].



Technical indicators used in PLAT competition

Variable Description Calculation detail [Source]

Price indicators:

SMAc
t(n) Simple moving average of the last n observa-

tions of a time series P c.

SMAt(P
c, n)

where n = 3, and 6

Bollinger bands: Using the moving average or the median band

(Bollmt (n)) as the reference point, the up-

per and lower Bollinger [3] bands (Bollut (n)

and Bolldt (n) respectively) are calculated in

function of s standard deviations. When

price crosses above (below) the upper (lower)

Bollinger band, it is a sign that the market is

overbought (oversold). Technical analysts typi-

cally calculate Bollinger bands using 20 days for

the moving average and 2 standard deviations.

Bollmt (n) = SMAc
t(n) where n=6

Bollut (n) Upper Bollinger band Bollmt (n) + s · σ2
t (n) where s=2.6 [Katz [16]]

Bolldt (n) Lower Bollinger band Bollmt (n) − s · σ2
t (n) where s=2.6 [Katz [16]]

ADXt(n) Average directional movement index: indicates

if there is a trend and the overall strength of

the market [25]. Range of values from 0 to

100. A high number is a strong trend, and a

low number is a weak trend. The directional

movement index (DXt) is the percentage of the

true range (TRangen) that is up (+DIt(n)) or

down (−DIt(n)). The true range determines

the trading range of an asset.

ADXt−1(n) · (n − 1) + DXt)/n

where:

DXt
.
=

(+DIt(n))−(−DIt(n))
(+DIt(n))+(−DIt(n))

TRangen = max(Ph
n) −min(Pl

n)

n = 5

Ph
n = (Ph

t−n, P
h
t−n+1, P

h
t−n+2, . . . , P

h
t )

Pl
n = (P l

t−n, P
l
t−n+1, P

l
t−n+2, . . . , P

l
t )

Momentum and oscilla-

tion indicators:

MACDt(s, f) Moving average convergence divergence: differ-

ence between two moving averages of different

periods (s, f) where s stands for a slow period

and f for a fast period. MACDt(s, f) is regu-

larly calculated using 26 (s) and 12 (f) periods.

EMAt(P
c, s) − EMAt(P

c, f)

where s=26, and f=12.

MACDSt(s, f, n) MACD signal line: moving average of

MACDt(s, f) of past n periods. A buy (sell)

signal is generated when the MACDt(s, f)

crosses above (below) the signal line or a thresh-

old.

EMAt(MACDt(s, f), n)

where f=12, n=9, and s=26.

MACDHt(n, l) MACD histogram: difference between the fast

MACD line and the MACD signal line.

EMAt(c, l, λ) −MACDSt(n)

where f = 26

RSIt(n) Relative strength index: compares the days that

stock prices finish up against those periods that

stock prices finish down. Technical analysts cal-

culate this indicator using 9, 14 or 25 periods.

A buy signal is when RSIt(n) crosses below a

lower band of 30 (oversold) and a sell signal

when RSIt(n) crosses above an upper band of

70 (overbought).

100 −
100

1 +
SMAt(P

up
n , n)

SMAt(Pdn
n , n)

where n = 5, and n is the length of the time series

P
up
t =

{
P c

t if P c
t > P c

t−1

empty Otherwise

Pdn
t =

{
P c

t if P c
t < P c

t−1

empty Otherwise

Pup
n = (P

up
t−n, P

up
t−n+1, P

up
t−n+2, . . . , P

up
t )

Pdn
n = (Pdn

t−n, P
dn
t−n+1, P

dn
t−n+2, . . . , P

dn
t )

Stochastic oscillator: Compares close price to a price range in a given

period to establish if market is moving to higher

or lower levels or is just in the middle. The

oscillator indicators are:

FAST%Kt(n) Percent measure of the last close price in rela-

tion to the highest high and lowest low of the

last n periods (true range). Typically a period

(n) of 5 is used for FAST%Kt(n) and 3 for

the rest of stochastic indicators. We follow this

convention.

Puc
t −min(Pl

n)

max(Ph
n)−min(Pl

n)



Vector with low prices of last n periods Pl
n = (P l

t−n, P
l
t−n+1, P

l
t−n+2, . . . , P

l
t )

Vector with high prices of last n periods Ph
n = (Ph

t−n, P
h
t−n+1, P

h
t−n+2, . . . , P

h
t )

FAST%Dt(n) Moving average of FAST%Kt(n). SMAt(FAST%Kt(n), 3)

SLOW%Kt(n) Identically calculated to FAST%Dt(n) using a

3-period moving average of FAST%Kt(n).

SMAt(FAST%Kt(n), 3)

SLOW%Dt(n) Moving average of SLOW%Kt(n). Typically

a period of 3 is used. A buy (sell) signal is

generated when any oscillator (either %K or

%D) crosses below (above) a threshold and

then crosses above (below) the same thresh-

old. Typically a threshold of 80 is used for the

above threshold, and 20 for the below thresh-

old. Buy and sell signal are also generated when

FAST%Kt(n) or SLOW%Kt(n) crosses above

or below FAST%Dt(n) or SLOW%Dt(n) re-

spectively.

SMAt(SLOW%Kt(n), 3)

MFIt(n) Money flow index: measures the strength of

money flow (MFt) in and out of a stock. At dif-

ference of the RSIt(n) which is calculated using

stock prices, MFIt(n) is calculated using vol-

ume. When MFIt(n) crosses above (below) 70

(30), this is a sign that the market is overbought

(oversold).

100 −
100

1 +
PMFt(n)

NMFt(n)

where n = 15

MFt = P
typ
t · V OLt

PMFt(n) = SMAt(MFt, n)when MFt > 0

NMFt(n) = SMAt(MFt, n) when MFt < 0

V OLt is volume of day t

PMFt(n) is positive money flow

NMFt(n) is negative money flow


