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Abstract

This paper undertakes an extensive study to search for empirical evidence of directional predictabil-

ity and profitability on an aggregate stock market index by applying supervised machine learning (ML)

algorithms to a large set of financial variables, technical indicators, and price patterns to generate pre-

dictions [of the moving direction of future stock price] that lead to the most profitable trading strategy.

We use both symmetric and asymmetric loss function to train (and both statistical and economic scor-

ing functions to cross-validate) a ML algorithm. We also extend the bootstrap Reality Check (RC)

procedure to formally compare the performance of trading methods.

The trading strategy using one-period ahead forecasts can generate higher annualized returns than

the buy-and-hold strategy when transaction cost is low. Most positive annualized excess returns (i.e.,

the annualized returns of our strategy in excess of those from the buy-and-hold strategy) are realized

during trading sessions with high volatility. However, the trading strategy using multiple-days ahead

forecasts can become less profitable. There is a strong evidence that some scoring functions used to

cross validate a ML algorithm can generate more economically significant predictions than the others.

Several candlestick chart patterns have a strong predictive power that can be effectively leveraged by

Random Forest to increase annualized excess returns compared to using only financial variables and

technical indicators as predictors.
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1 Introduction

Technical analysis (a.k.a. the technique to predict the moving direction of future asset prices based on

the behaviour of past price data) has now become a standard toolkit for traders/investors and a legitimate

discipline for academic research. Although the usefulness of technical analysis has been convincingly

proven in practice, as indicated in the literature review below – there is still an ongoing debate: Can a

trading strategy based on technical analysis outperform the simple buy-and-hold strategy over time? If

the answer is ‘yes’, then what are the main technical predictors that drive this outperformance? The goal

of this paper is to employ machine learning (ML) and a large set of all common technical indicators and

price patterns to shed new light on this long-standing debate. The innovative aspect of our methodology

is that we train a ML algorithm with both symmetric and asymmetric loss function and cross-validate

this algorithm with both statistical and economic scoring functions to generate the most economically

profitable forecasts. We also extend the scope of White’s (2000) bootstrap Reality Check (RC) algorithm

to compare the performance of trading methods generated by a ML model.

We start by reviewing the idea behind technical analysis and its related literature. The well-known

dividend discount model states that the present fair price (or the intrinsic value) of a financial asset is the

conditional expectation of the discounted value of all future cash flows returned to shareholders given the

information currently available. When investors/traders as a group have rational expectations, they can use

all the information available to form their expectation about the discounted value of all future cash flows so

that the actual asset price (which is equal to the fair price in this case) reflects all the available information

almost instantly – the price must therefore fluctuate in an unpredictable manner [see, e.g., Fama (1965);

Lucas (1978); Mandelbrot (1966); Samuelson (1973)]. In reality, investors/traders’ rationality is always

bounded in the sense that they can use only a small subset of the information available to form their

expectation about the discounted value of all future cash flows or they are limited in their computational

resources to make optimal choices [see, e.g., Simon (1955)]. As a result, the asset price can deviate from

the fair price for a certain period of time before they converge together while the investors/traders learn

and adjust their expectation. This temporary mispricing can be caused by behavioural biases, such as

underreaction or delayed overreaction – asset prices initially underreact to corporate news (such as news
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about earnings), the prices then continue to increase or decrease in the future, depending on the nature

of the news, which creates trend and momentum followed by an eventual reversal.1 The asset prices thus

change in a somewhat predictable way so that trading on short-term trends, momentums, or reversals can

generate positive excess profit (i.e., the profit of a trading strategy in excess of the profit from the buy-and-

hold strategy) [see, e.g., DeBondt and Thaler (1985); Han, Zhou, and Zhu (2016); Jegadeesh and Titman

(1993); Moskowitz, Ooi, and Pedersen (2012)].2

Behaviour finance provides theoretical underpinnings for technical analysis that is often employed by

traders to predict the moving direction of future asset price (i.e., the directions of price changes can be

predicted by technical indicators and price patterns at least in the short term as, in the long term, any

profitable trading rule should stop making money due to investors/traders competing against each other

for superior returns or due to limits to arbitrage, and the prices are eventually driven by fundamentals, such

as earning expectations or other macroeconomic variables). Financial valuation ratios and macroeconomic

variables (e.g., dividend yield, earning yield, book-to-market ratio, nominal interest rates, term spreads,

or default spreads) can be used to predict future stock returns at a monthly or lower frequency. There

are both negative and positive views [see, e.g., Ang and Bekaert (2007); Campbell and Shiller (1988);

Campbell and Thompson (2008); Lander, Orphanides, and Douvogiannis (1997); Rapach, Strauss, and

Zhou (2010) for empirical evidences on the out-of-sample (OoS) predictability of excess stock returns;

Farmer, Schmidt, and Timmermann (2022); Pesaran and Timmermann (1995) for an evidence of time-

varying predictive power of economic variables; and Welch and Goyal (2008) for an empirical evidence

of rather weak OoS predictability of stock returns using financial variables]. Recent studies using ML

1Underreaction is caused by the slow diffusion of news [e.g., Hong and Stein (1999)], anchoring biases [e.g., Barberis, Shleifer,
and Vishny (1998)], the disposition effect of holding losers too long and selling winners too early [e.g., Frazzini (2006)].
Overreaction is caused by positive feedback trading [e.g., de Long, Shleifer, Summers, and Waldmann (1990)], overconfidence
and self-attribution confirmation biases [e.g., Daniel, Hirshleifer, and Subrahmanyam (1998)], the representativeness heuristics
[e.g., Tversky and Kahneman (1974)], herding [e.g., Bikhchandani, Hirshleifer, and Welch (1992)], or investor sentiment [e.g.,
Baker and Wurgler (2007)].
The adaptive market hypothesis proposed by Lo (2004, 2005) suggests that behavioural biases can be driven by changing
economic environments and the agents’ adaptive responses to the changing environment. Therefore, both rationality and irra-
tionality can coexist for a period of time as the agents learn to adapt to a new environment based on heuristics.

2The presence of return predictability may also be attributed to time-varying expected returns due to shocks to tastes for current
versus future consumption or technological shocks (i.e., rational investors may accept lower expected returns because of lower
perceived risk in good times while they may demand higher expected returns due to higher perceived risk in bad times).
This is consistent with rational pricing [Fama (1991)]. Hence, Pesaran and Timmermann (1995) suggests that stock market
predictability is economically significant if it can be exploited for trading/investing profitability.
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methods to predict monthly excess returns with a large number of accounting variables (that provide

details about firm business) confirm the economic and statistical value of stock return predictability [see,

e.g., Avramov, Cheng, and Metzker (2022); Gu, Kelly, and Xiu (2020); Rossi (2018)].

There are some studies documenting that technical indicators provide a little added benefit to the OoS

predictability of stock returns mostly at short predictive horizons [e.g, Sullivan, Timmermann, and White

(1999) finds no evidence that trading rules based on common technical indicators (such as moving av-

erage (MA), support and resistance, channel breakouts, and on-balance volume averages) outperform a

benchmark strategy after accounting for data-snooping; Bajgrowicz and Scaillet (2012) uses a new false

discovery rate approach to data-snooping to establish that none of the trading rules considered in earlier

studies are significant and the in-sample performance of those rules tends to be offset by low transaction

costs; Li and Tsiakas (2017) shows that technical indicators do not add to the OoS R2 in a predictive

regression model when they combine with other financial variables].3 However, many other studies con-

firm the usefulness of technical analysis in predicting the price moving direction of a financial asset. The

gist of their argument is that there are patterns in the historical data that embody the prime movers of all

market actions or crowd psychology [see, e.g., Murphy (1999)]. In exchange rate forecasting, Panopoulou

and Souropanis (2019) shows that technical indicators can predict future currency movements and this

prediction can be significantly improved by using economic variables; Chang and Osler (1999) identifies

a common candlestick chart pattern (the head-and-shoulders pattern) as a good predictor of the moving

direction of future short-term exchange rates and this pattern is the main source of profitability in a tech-

nical trading rule; LeBaron (1999) finds that technical analysis has some predictive value when it is used

to predict exchange rates during periods with central bank intervention, and this predictability can dra-

matically decrease during periods without central bank intervention; there are also many other empirical

evidences of predictability and profitability of technical trading rules in the foreign exchange market [see,

e.g., Hsu, Taylor, and Wang (2016); Neely, Weller, and Dittmar (1997)]. In stock return forecasting, em-

pirical evidences in favour of technical analysis include Allen and Karjalainen (1999); Brock, Lakonishok,

and LeBaron (1992); Brock et al. (1992); Brown and Jennings (1989); Brown, Goetzmann, and Kumar

3Data-snooping bias occurs when a trading rule is selected only with the benefit of hindsight. This rule can thus work very well
on an observed sample, but this performance may not repeat again in the future.
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(1998); Gençay (1996); Jiang, Kelly, and Xiu (2022); Julian Andrada-Félix (2008); Lo, Mamaysky, and

Wang (2000); Neely, Rapach, Tu, and Zhou (2014), among many others. [For a comprehensive review of

the chronological history of technical analysis, we refer to the textbook by Lo and Hasanhodzic (2010).]

This paper extends and enriches the existing research on technical analysis with ML. To be specific, we

employ a gradient boosting algorithm [initially developed by Freund and Schapire (1996) as the AdaBoost

algorithm and generalized to the gradient boosting algorithm later on by Breiman (1998, 1999), and Fried-

man (2001a); a fast and efficient implementation boosting framework is LightGBM (LGBM) developed

by Microsoft] and Random Forest (RF) [Ho (1995) and Breiman (2001)] – as described in Section 2 –

to predict the moving direction of an aggregate market index [tracked by an exchange-traded fund (ETF)

called SPDR S&P 500 ETF (SPY)] by eight financial variables together with 45 common technical indi-

cators and 58 candlestick chart patterns (as tabulated in Table S.V.1 of the Supplemental Material). The

predictions of the moving directions of future prices are then used to construct a simple trading strategy

(i.e., our trader remains ‘in’ the market if the price is predicted to go up while this trader is ‘out’ of the

market if the price is predicted to go down; and the trader pays a fixed/variable transaction cost for each

trade). The reason why we focus on stock price’s directional predictability is that the goal of technical

trading is to use forecasts to make profit, and thus one only needs to have a good forecast of the price

moving direction (instead of numerically accurate forecasts which are often more difficult to obtain given

the low signal-to-noise ratio of stock returns).

Our main empirical findings are as follows. First, our trading methods using one-day ahead forecasts

of the moving directions of prices can generate higher annualized (total) returns than the buy-and-hold

strategy in slightly over 50% of all the trading sessions at best when transaction cost is low (note that we

formed 1718 trading sessions of length 100 days and 1618 trading sessions of length 200 days). Most

of this superior performance was realized during periods of high volatility (gauged by the VIX index).

There is also a high variation in the daily returns generated by the trading methods during these periods. A

high level of the VIX index means high uncertainty, implying a higher cost of capital and less affordable

insurance against shocks. All of these will lower equity returns. An important reason for the superior

performance of our trading strategy during a high-volatility period is that volatility is unusually high

during market downturns and turning points are completely missed by the buy-and-hold strategy in these
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episodes. (Indeed, during a market rally, the buy-and-hold strategy almost mechanically leads to a better

performance.) The outperformance of our strategy during a high-volatility period becomes less likely

when transaction cost is high. Therefore, an important key takeaway here is that economic gains depend

much on trader’s ability to take risk and to select appropriate time to trade.

Second, in most trading sessions, our trading strategies can generate positive risk-adjusted returns in

excess of the risk-free rate (such as the Sharpe ratio, the Calmar ratio, the Sortino ratio, or Morningstar’s

risk-adjusted rating as defined in Section 4). The correlation between equity curve and perfect profit

(CECPP) values of our trading strategy using an optimal loss function and scoring function can exceed

70% in over 50% of trading sessions when transaction cost is low. In addition, the percentages of win-

ning trades can surpass 60% in over 50% of trading sessions with a low level of transaction cost. This

evidence suggests that the profit drawn from the predictions of the moving directions of future prices is

not something random (which is also confirmed by a placebo-type experiment presented in Section S.IV).

Third, asymmetric loss functions may generate good in-sample predictions. However, our out-of-

sample analysis does not provide strong evidence supporting the use of asymmetric loss functions. We find

an empirical evidence that some scoring function can generate more economically profitable predictions

than the others. In particular, the CECPP scoring function seems to be an optimal choice as it is an

evaluation metric that takes into account the distribution of trades and profit relative to the actual profit

potential provided by the perfect profit strategy (that is, the strategy assuming that we can accurately

predict the moving directions of prices). The Sharpe ratio scoring function is also a good choice in several

cases as it is a popular criterion to evaluate trading/investment strategies.

Fourth, several candlestick chart patterns have a strong predictive power that can be effectively lever-

aged by Random Forest to increase annualized excess returns compared to using only financial variables

and technical indicators as predictors. These candlestick chart patterns are: 1) the three advancing white

soldiers pattern (3WHITESOLDIERS), 2) the closing Marubozu pattern (CLOSING-MARUBOZU), 3) the

Doji Star pattern (DOJISTAR), 4) the Up/Down-gap Side-by-Side White Lines pattern (GAPSIDESIDE-

WHITE), 5) The Harami Cross pattern (HARAMICROSS), 6) the Identical Three Crows pattern (IDENTI-

CAL3CROWS), 7) the Ladder Bottom pattern (LADDERBOTTOM), 8) the Mat Hold pattern (MATHOLD),

9) the Rickshaw Man pattern (RICKSHAWMAN), 10) the Stalled pattern (STALLEDPATTERN), and 11)
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the Tristar pattern (TRISTAR). Fifth, the annualized excess return is more likely to be positive when one

trades based on shorter-horizon forecasts (say, h ∈ {1, . . . , 4}). When trading based on long-horizon

forecasts (say, h > 4), there is a high probability that our trading strategy underperforms the buy-and-hold

strategy. One reason for this underperformance may be that the predictors used in this study do not have a

strong predictive power to predict the price moving direction multiple days ahead. This finding confirms

that technical analysis is a useful toolkit used by short-term traders/investors.

As mentioned earlier, there is a large literature debating the pros and cons of technical analysis. There-

fore, we shall not attempt to discuss all the papers here. We can only discuss a few works closely related to

our study. Allen and Karjalainen (1999) proposes to use genetic algorithms to select optimal trading rules

from a pool of many rules based on local extrema of past prices and MAs. The rules are derived based on

data in the training period and they are cross-validated using data in the selection period, then evaluated

with data in the test period so that the performance in a particular test sample is purely out-of-sample (and

thus, it is free from any lookahead bias). These rules can identify periods to long the S&P 500 index when

daily returns are positive and less volatile and to de-invest in the index when the reverse is true. However,

the rules do not outperform the buy-and-hold strategy in the OoS test period.

Julian Andrada-Félix (2008) employs a boosting algorithm (i.e., Freund and Schapire’s (1999) Ad-

aBoost) to predict the price moving direction of an aggregate stock market index by a large set of MA

technical indicators. In each year, a training period of the first 100 days is used to train a boosting model

which is then used to generate predictions for the remaining period. The directional forecasts are then

used to decide if one will be in/out of the market in each trading day. This trading strategy can outperform

the buy-and-hold strategy during periods of market downturn. In these papers, only a small subset of all

the available technical indicators and patterns (mostly, MA-base rules or local extrema of past prices) is

used for analysis. More recently, Jiang et al. (2022) trains a convolutional neural network (CNN) model

using monochrome images of candlestick charts of stock prices over the past 5, 20, or 60 days to predict

the moving direction of future prices over the subsequent 5, 20, or 60 days. It is also demonstrated that a

portfolio formed by longing stocks whose prices are predicted to go up and shorting stocks whose prices

are predicted to go down can be profitable.

In the aforementioned works, the role of economic scoring function in selecting models used to gen-
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erate OoS forecasts, as emphasized by Satchell and Timmermann (1995), is not taken into account; and a

model (that is trained in the training period and cross-validated in the selection period) used to forecast the

entire test period may be slow to respond to rapid changes in the actual market environment.4 The only

reason why this trained model is held fixed throughout the entire test period is that it requires much less

computational resources than a recursively re-trained model. Moreover, asymmetric loss functions have

not been used by the existing methods to predict the moving directions of stock prices.

We contribute to the literature by using all common technical indicators and candlestick chart patterns

available to predict the future price trends of an asset with machine learning. We focus on one-day ahead

prediction (like most other works on technical analysis) instead of prediction at lower frequencies (e.g.,

weekly, monthly, or quarterly) that has been done in the aforementioned studies. In sum, our method

differs from the methods employed in the previous studies in three main aspects: First, we use a rolling-

window strategy (to be detailed in Section 3) to account for nonstationarity in the data – to make the one-

period ahead forecast of the direction of a future price change, we train and cross-validate a ML model by

using the last 1000 observations of the predictors (that is, to make over 1800 forecasts, the model needs

to be trained and cross-validated over 1800 times). Although this procedure is computationally intensive,

the obtained forecast model can be more responsive to any short-term change in the market environment

because this model is selected based on a long window of past observations available up to the time when

a forecast is made. Therefore, this method can enhance predictions over very short periods, typically a

day, as asset prices are notably difficult to predict in the short term [see, e.g., Fama (1970)]. Second, we

train a ML algorithm by minimizing either a symmetric or an asymmetric loss function [that penalizes

false positives and false negatives differently]. Asymmetric loss functions may be justified in this setting

where false positives (or incorrect predictions that stock price will go up) can cause significant losses of

wealth. Therefore, the choice of loss function can affect parameter estimates, forecasts, and decisions [see,

e.g., Elliott, Ghanem, and Krüger (2016)]. Third, we cross-validate the model by using either a statistical

or economically-motivated evaluation metric (or scoring function). Economic scoring functions are more

suitable than statistical ones to evaluate the economic value of predictions of nonlinear processes [see, e.g.,

4Cross validation is a procedure of selecting the optimal values for the hyperparameters of a ML algorithm by maximizing a
scoring function evaluated on a subset of data non-overlapping with the training data.
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Kelly, Malamud, and Zhou (2023); Satchell and Timmermann (1995)]. In our setting, economic scoring

metrics can be the Sharpe ratio, the Calmar ratio, or the CECPP of a simple trading strategy (to be defined

in Section 4).

The rest of the paper is organized as follows. Section 2 explains Gradient Boosting Machine and

Random Forest [trained with a symmetric/asymmetric loss function and cross-validated with a statisti-

cal/economic scoring function] to predict the moving direction of future prices. Section 3 describes our

recursive forecasting strategy [used to generate a sequence of h-period ahead forecasts over an out-of-

sample period], the cross-validation procedure, and the scoring functions. In Section 4, we describe a

simple trading strategy based on h-period ahead forecasts of the moving directions of future prices. Sec-

tion 5 explains the dataset and presents the main empirical findings of the paper. Section 6 provides some

concluding remarks. All tables and figures needed to support our main results are collected in appendices

at the end of the paper. The Supplemental Material (SM) provides further details of our methodology, and

extra tables and figures to corroborate the empirical findings reported in the main text.

2 Predicting the Moving Direction of Stock Price with Machine Learn-

ing

Boosting, first proposed by Friedman (2001b) and Schapire (1990), is one of the most powerful machine

learning methods that can be used for both classification and regression. Boosting converts weak learn-

ers (or simple white-box models) that predict slightly better than random guessing to a strong learner

that can predict with high accuracy. In classifying stock returns (Rt, t = 1, . . . ,T ) to positive or neg-

ative instances for a given set of predictors (Xt, t = 1, . . . ,T ), one needs to estimate the probabilities:

Prob (Rt ≥ 0 | Xt) := S (F (Xt)) and Prob (Rt < 0 | Xt) := 1− S (F (Xt)) , where S(x) := 1
1+exp(−x)

is the sigmoid link function. Let Yt :=
{

1 if Rt≥0

0 if Rt<0
. The goal of Boosting is to find an optimal function

F ∗(x) [mapping from the support of Xt to R] such that the conditional expectation of some loss function

L (Y ,S (F (x))) is minimized:

F ∗(x) := arg minF (x)E [L (Yt,S (F (Xt))) | Xt = x] .
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This loss function achieves its minimum values at Y = 1 and p := Prob (Y = 1 | X = x) = S (F (x)) =

1 or at Y = 0 and q := Prob (Y = 0 | X = x) = 1 − S (F (x)) = 1 (i.e., when the moving direc-

tion of price is perfectly predicted). In reality, these perfect predictions are usually unachievable. We

then prefer a value of p or q which is as close to one as possible when the actual value of Y is one

or zero respectively. There are many loss functions that can be used for this purpose. Common loss

functions include Good’s (1952) cross entropy loss CE (Y , p) := − (Y log(p) + (1− Y ) log(1− p)) or

Brier’s (1950) loss BrierLoss (Y , p) := (Y − p)2 , or Buja, Stuetzle, and Shen’s (2005) Boosting loss

BoostLoss (Y , p) := Y
√

1−p
p

+ (1 − Y )
√

p
1−p

. These loss functions are symmetric. From an investor’s

point of view, false positives (i.e., stock return is predicted to be positive when it turns out to be negative)

are much more costly than false negatives (i.e., stock return is predicted to be negative when it turns out to

be positive) because a maximum drawdown is the most important risk to equity investment (an investment

in a stock whose price eventually goes down by a very large amount can wipe out the whole portfolio).

A symmetric loss function, which penalizes false positives and false negatives equally, may not be appro-

priate. Gneiting and Raftery’s (2007) As2 loss function weights false positives more heavily than false

negatives: As2Loss (Y , p) := −Y (p − 1) − (1 − Y ) (p+ log(1− p)) (in this case, investors are more

adverse to losses from false positives than losses from false negatives). Elliott et al.’s (2016) As1 loss

function, defined as As1Loss (Y , p) := −Y (log(p)− p+ 1) + (1 − Y )p, does exactly opposite to the

As2 loss function in the sense that losses from false negatives are weighted more heavily than losses from

false positives.

Boosting with gradient boosted trees employed in this paper uses decision trees to approximate F ∗(x).

Approximation by decision trees is the method to generate random partitions of the predictor space by a

recursive splitting procedure. To give an example of decision trees, consider a dataset of two predictors

(the trading volume X = 100, 50, 150, 10 and the interest rate Z = 0.1%, 0.5%, 0.2%, 0.7%). We are also

provided with the conditional probabilities: Prob (Y = 1 | X,Z) = S (F ∗(X,Z)) ≥ 0.5 for X ≥ 100

and Z ≤ 0.1%, and Prob (Y = 0 | X,Z) < 0.5 for X < 100 or Z > 0.1%. Suppose that Y is predicted

to be one if Prob (Y = 1 | X,Z) ≥ 0.5 and zero otherwise. (Note that the threshold of 0.5 is a common

choice for binary classification tasks and it can also be selected by cross validation, depending on the

scoring function being used. However, we chose not to do that primarily due to constraint in computational
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capability. We believe that the obtained results can be significantly improved if the threshold is selected

by cross validation.) A decision tree can then be grown as in the following diagram:

X

100, 150
10, 50

0.2%

Y = 0

0.1%

Y = 1

0.5%, 0.7%

Y = 0

NA

Y = 0

X ≥ 100 X < 100

Z ≥ 0.1% Z < 0.1%
Z ≥ 0.1%

Z < 0.1%

In the above diagram, data on the predictors are recursively divided into partitions (i.e., the observations

of X are split into two subsets, and given each of these subsets, the observations of Z are then split

accordingly). At the end of this process, the leaf nodes are labelled according to the predicted values of Y .

In this example, the root node X and the splitting rule [defined by the thresholds (100 and 0.1%) of X

and Z respectively] are essentially the parameters of F ∗ (X,Z) . The maximum depth of a tree (equal to

two in this case) is the hyperparameter of F ∗ (X,Z) . Thus, one can predict any value of the outcome Y for

given values of X and Z by simply using the optimal mapping F ∗ (X,Z) . This mapping can effectively

be learnt from data available by growing many different decision trees corresponding to various mappings,

then select the mapping that minimizes the loss function L (Y ,S (F (X,Z))) defined above.

In light of the above discussion, the gradient boosting algorithm combines many weak learners (which

are decision trees in this case) such that each new tree corrects the error made by the previous one (which

is the gradient of the loss function evaluated at the value of the previous tree).5

Random Forest is an ensemble of many decision trees described above. However, in RF, a node of

each decision tree is selected to split if it achieves the maximum information gain (the information gain

of a node after it is split up is defined as the difference between the entropy of the parent node and the

expectation of the entropies of its child nodes – therefore, the information gain increases as the parent node

becomes as impure as possible and/or the child nodes become as pure as possible). RF is among the most
5The gradient is zero when a tree achieves the minimum loss.
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popular and successful off-the-shelf supervised ML methods. Fernández-Delgado, Cernadas, Barro, and

Amorim (2014) documented in a large-scale comparison study that RF is the best performer among 100

classifiers across over 100 different datasets. An illustrative description of the gradient boosting machine

(GBM) and RF used to predict the moving direction of price h-period ahead is provided in Section S.I of

the SM.

Both GBM and RF have many hyperparameters that need to be determined [before training a model]

via a procedure called cross validation that we will elaborate in Section 3 below. The list of hyperparam-

eters used to cross-validate a GBM or RF model is tabulated in Section S.II.

To explain predictions from a black-box ML model, we employ the SHAP framework proposed by

Lundberg and Lee (2017) based on Shapley’s (1953) values from cooperative game theory. The Shapley

value measures the marginal contribution of each predictor towards the overall prediction performance of

a ML model. Let ν (St) represent the probability forecast of Yt+1 using a subset of predictors at time t

(St ⊂ S, where S is the entire set of all predictors). The Shapley value of a predictor (say, i) at time t is

then defined as

φi,t :=
∑

St⊆S\i

|S|! (|S| − |St| − 1)!

|S|!

(
ν
(
St

⋃
i
)
− ν (St)

)
,

where S\i contains all the elements of S except i, |S| is the cardinality of a set, and St

⋃
i is the union

set of St and i. In the above equation, ν (St

⋃
i) − ν (St) represents the marginal effect of the predictor

i (relative to other predictors in St) towards the probability forecast. The weight of this marginal effect

is given by |S|!(|S|−|St|−1)!
|S|! which is inversely proportional to the number of |St|-combinations in S. This

weighting scheme indicates that the marginal effect of a predictor relative to a small subset of the other

predictors will receive less weight than the marginal effect of the same predictor relative to a larger subset

(i.e., the marginal effect of a predictor in a large sub-model should be weighted more than in a small

sub-model). The global Shapley value of the predictor i is then the time average of φi,t.

3 Recursive Forecasting Strategy

To evaluate the OoS performance of a predictive model over time, we construct M rolling windows from

a given sample. We can then produce a h-period ahead forecast of the future price moving direction in
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the test set of each rolling window. In the end, we obtain M h-period ahead forecasts which can be used

to compute the rolling OoS performance metrics (to be defined below). As illustrated in the following

diagram, rolling window 2 is formed by moving rolling window 1 forward h observations,

rolling window 3 is formed by moving rolling window 2 forward h observations, and so on.

The number of rolling windows that can be created by this method is then M =
⌊
T−T1

h

⌋
.

full sample:
0 T

rolling window 1:
0 T1

train and cross-validate test

rolling window 2:
h T1 + h

train and cross-validate test

rolling window 3:
2h T1 + 2h

train and cross-validate test

rolling window 4:
3h T1 + 3h

train and cross-validate test

Observations in each rolling window is then split into two parts (the first part used to train and cross-

validate a model and the second part is used to test this trained model). Cross validation is an important

device employed to reduce the risk of overfitting for a ML algorithm. We use the stratified k-fold cross

validation, which is a variation of the k-fold cross validation that generates non-overlapping subsets (so-

called folds) with roughly the same class ratio as the original set by a stratification procedure (see, e.g.,

Arlot and Celisse (2010)). The ML model is then trained on k − 1 folds and validated on the fold left out.

For example, the 5-fold cross validation splits the first part [consisting of observations used to train and

validate a model] of a rolling window into five folds (four of which are used to train the model and the one

left out is used to cross-validate the model) as in the following diagram:
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Split 1: validate (V1) train train train train

Split 2: train validate (V2) train train train

Split 3: train train validate (V3) train train

Split 4: train train train validate (V4) train

Split 5: train train train train validate (V5)

We take the following steps to produce a h-period ahead forecast in each rolling window:

Step 1: For each split, Split j, j = 1, . . . , 5, we estimate the model with the observations in the four

folds used for training, and at the same time, use the fold left out for cross validation to choose

an optimal combination of hyperparameter values so as to maximize an evaluation metric (or a

scoring function) of the forecasts [of validation data]. We will define our scoring functions below.

6

Step 2: Use the optimal hyperparameter values obtained in Step 1 to re-estimate the model with the

sample formed by concatenating the training and validation samples together, and this refitted

model is then employed to produce a h-period ahead forecast.

Let p̂j,t+h for all t in the ‘validate’ fold Vj, j = 1, . . . , 5, represent the [h-period ahead] probability

predictions associated with the actual price moving directions Yj,t+h, j = 1, . . . , 5, for all indices t in the

k − 1 ‘train’ folds. The performance of these predictions in Vj, j = 1, . . . , 5, can be evaluated based on a

statistical evaluation metric or an economic evaluation metric. Statistical evaluation metrics include, apart

from the cross entropy score, the Brier score, the Boosting score, the As1 score, and the As2 score (which

are associated with the loss functions defined earlier),
6Optimal hyperparameters (for instance, in LGBM, they include the boosting type, the max depth of each tree, the number of
leaves in a leaf node, the learning rate, or the number of boosting iterations, as described in Table S.II.1) are often selected
using a popular data-driven method called cross validation (CV). In CV, the joint domain of hyperparameters is divided into
grid points (and each grid point is associated with a combination of hyperparameter values). The model is estimated using only
the training data for each combination of hyperparameter values (corresponding to each grid point). This estimated model is
then used to make predictions on the validating sample. The accuracy/profitability of these predictions is evaluated by a scoring
function. The optimal hyperparameter values are thus the values that maximize this scoring function. Therefore, the main idea
behind CV is to check the actual forecast performance of a method using a dataset that is different from the one used to train
the model.
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1. Accuracy rate: Accuracyj :=
TPj+TNj

|Vj | , where TPj is the number of true positives (i.e., the

number of positive directions correctly predicted) for observations in Vj, TNj is the number of

true negatives (i.e., the number of negative directions correctly predicted) for observations in Vj,

and |·| denotes the cardinality of a set.

2. Precision score: Precisionj :=
TPj

TPj+FPj
, where FPj is the number of false positives (i.e., the

number of negative directions incorrectly predicted as positive directions) for observations in Vj.

3. The area under the Receiver Operation Characteristic (ROC) curve: The ROC curve is the plot

of the rate of true positives TPRj :=
TPj

TPj+FNj
, where FNj is the number of false negatives (i.e.,

the number of positive directions incorrectly predicted as negative directions) for observations

in Vj, against the rate of false positives FPRj :=
FPj

FPj+TNj
for j = 1, . . . , 5. In the diagram

below, if all the points j = 1, . . . , 5 lie on the diagonal line, then observations are classified into

two completely random classes. The top left corner of the diagram is the “ideal" point – a false

positive rate of zero, and a true positive rate of one. Therefore, a larger area under the ROC curve

means better directional predictions.

TPR

FPR(0, 0)

(1, 1)

Area
un

de
r the

ROC

The predictions of price moving directions in each ‘validate’ fold, Vj, j = 1, . . . , 5, will be used to create

a profitable trading strategy (which we will discuss in Section 4). We can then score the predictions of

price moving directions based on profit/loss made by this trading strategy. We will employ the following

economic scoring functions:
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1. The gain to pain ratio (proposed by Schwager (2012, p. 513)):

GPRj :=
net returnj

the absolute value of the sum of all lossesj
, j = 1, . . . , 5,

where net return is the sum of all positive returns minus negative returns.

2. The Sharpe ratio: SRj :=
average excess return

j

standard deviation of returnsj
, j = 1, . . . , 5, where the average excess

return is the mean of returns in excess of a risk-free rate. The Sharpe ratio is a measure of risk-

adjusted return.

3. The Calmar Ratio (proposed by Young (1991)): CRj :=
average excess return

j

DDj
, j = 1, . . . , 5,

where the maximum drawdown DDj := maxt1<t2∈Vj
(cumretj,t1 − cumretj,t2) , where cumretj,t

is the cumulative return up to time t in Vj.

4. The Sortino ratio (proposed by Sortino and van der Meer (1991)):

STRj :=
average excess returnj

standard deviation of negative returnsj
,

j = 1, . . . , 5,

5. The correlation between equity curve and perfect profit (CECPP): an equity curve is the plot of

profit/losses over time being realized by a trading strategy [see, e.g., Kisela, Virdzek, and Vajda

(2015)], and perfect profit is the potential profit that could be realized by an idealized trading

strategy – buying/holding when the price is about to go up and selling when the price is about to

go down. The CECPP ranges between -1 and 1 (a value of 1 suggests that the model can make

very good predictions.)

4 Trading Strategies

We shall use the h-period ahead forecasts of price moving directions to construct our trading strategy. This

strategy is intentionally simple, and we believe that there are more sophisticated strategies that can better

use the probability predictions of price movements.

16



The rolling-window forecasting strategy [described in Section 3] creates
⌊
T−T1

h

⌋
forecasts. To evaluate

the performance of a trading strategy in changing economic environments, we define many trading sessions

of length D (days) starting on different dates in the interval [T1,T ] as shown in the following diagram:

OoS forecasts:
T1 T

trading session 0:
T1 T1 + h T1 + 2h T1 + 3h T1 +D

trading session 1:
T1 + h T1 +D + h

trading session 2:
T1 + 2h T1 +D + 2h

There is a maximum of ⌈D
h
⌉ trades in each trading session, j ∈

{
0,
⌊
T−T1−D

h

⌋}
. For example, in

trading session 0, we have ⌈D
h
⌉ h-period ahead forecasts at maximum with the first trade taking place at

time T1, the second trade taking place at time T1 + h, the third trade taking place at time T1 + 2h, and so

on. Afterwards, the whole position is liquidated at time T1 +D.

In each trading session j ∈
{
0,
⌊
T−T1−D

h

⌋}
, the trader initiates the strategy by investing an initial

endowment, say WT1+jh, in a stock or an ETF (e.g., SPY) on day d = T1 + jh. The number of shares

(assumed to be a decimal) that this trader can buy is then defined as

NT1+jh :=


WT1+jh−c

PT1+jh
if c is the amount of fixed transaction cost,

WT1+jh

PT1+jh(1+c)
if c is a variable transaction cost as the percentage of the stock price

Next, on any other day d = T1 + jh + ℓh, ℓ ∈
{
1,
⌈
D
h

⌉}
, if the predicted probability [that the stock

price on day d+ h will move up] is greater than 0.5, there are two possibilities:

Possibility 1: If the position on the last day d− h was in stock, the trader will keep on holding the

stock. The number of shares held by the trader on day d is Nd = Nd−h. The total wealth

assuming that the stock position is liquidated at this point in time is

Wd :=

 NdPd − c if c is the amount of fixed transaction cost,

NdPd(1− c) if c is a variable transaction cost
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Possibility 2: If the position on the last day d− h was in cash, the total wealth accrued by holding

cash till day d is Wd := Wd−h

∏h
m=1(1 + rfd−m), where rfd is the daily risk-free interest rate

available on day d. [Note that we use the daily risk-free interest rates obtained from Kenneth

R. French - Data Library in our empirical study.] The trader then invests all this wealth in the

stock. The number of shares that the trader can buy on day d can then be defined as

Nd :=


Wd−c
Pd

if c is the amount of fixed transaction cost,

Wd

Pd(1+c)
if c is a variable transaction cost

On the day d = T1 + jh + ℓh, ℓ ∈
{
1,
⌈
D
h

⌉}
, if the predicted probability [that the stock price on day

d+ h will move up] is less than 0.5, there are two possibilities:

Possibility 1: If the position on the last day d − h was in stock, the trader will liquidate the stock

position and put the proceeds in a savings account. The number of shares held on day d is

Nd = 0. The total wealth of the trader on day d is

Wd :=

 Nd−hPd − c if c is the amount of fixed transaction cost,

Nd−hPd(1− c) if c is a variable transaction cost

Possibility 2: If the position on the last day d− h was in cash, the trader will keep on holding cash.

The number of shares held on day d is Nd = Nd−h = 0. The total wealth accrued by holding

cash till day d is then Wd := Wd−h

∏h
m=1(1 + rfd−m).

On the last day of the trading session, the trader always liquidate the stock position if the current position

is still in stock.

REMARK 4.1. The buy-and-hold strategy is akin to a trading strategy where Nd = Nd−h for all h > 0.

Put it differently, this strategy is like using a classifier that always attaches probability one to a price

increase.

The following metrics are used to evaluate a trading strategy or to compare trading strategies in each

trading session j ∈
{
0,
⌊
T−T1−D

h

⌋}
(of D days) with

⌈
D
h

⌉
trades:
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1. The average number of trades (ave_num_trades) is the ratio of the number of trades (defined

as #
{
Nd > 0, d ∈

{
T1 + jh+ τh : τ = 0, . . . ,

⌈
D
h

⌉
− 1

}}
) over the number of h-period ahead

forecasts (
⌈
D
h

⌉
) in a trading session (or a holding period);

2. The percentage of winning trades (percent_wins) is the ratio of the number of winning trades (de-

fined as #
{
retd > 0, d ∈

{
T1 + jh+ τh : τ = 0, . . . ,

⌈
D
h

⌉}}
, where retd := Wd−Wd−h

Wd−h
) over

the number of trades in a trading session;

3. The largest return (largest_ret := max
{
retd, d ∈

{
T1 + jh+ τh : τ = 0, . . . ,

⌈
D
h

⌉}}
) and the

smallest return (smallest_ret := min
{
retd, d ∈

{
T1 + jh+ τh : τ = 0, . . . ,

⌈
D
h

⌉}}
);

4. The ratio of the average wealth won from winning trades over the average wealth lost from losing

trades (ratio_win_loss :=
average{retd>0, d∈{T1+jh+τh: τ=0,...,⌈D

h ⌉}}
|average{retd<0, d∈{T1+jh+τh: τ=0,...,⌈D

h ⌉}}|
);

5. The maximum number of consecutive winners (max_num_consecutive_winners) is the maximum

number of positive returns realized in a row, and the maximum number of consecutive losers

(max_num_consecutive_losers) is the number of negative returns realized in a row;

6. The annualized return (annualized_return :=

(∏⌈D
h ⌉

τ=0 (1 + retT1+jh+τh)

) 252
D

− 1, where 252 is

the average number of trading days per year in the NYSE and NASDAQ);

7. The annualized excess return (annualized_excess_return) is the difference between the annual-

ized return of a trading strategy and the annualized return of the buy-and-hold strategy (which is

defined as (1 + the simple return of the buy-and-hold strategy)
252
D − 1);

8. The annualized standard deviation (annualized_std :=
√

252
h

∗ V̂ ar (retd), where V̂ ar(·) repre-

sents the sample variance);

9. The maximum drawdown (max_dd ), Schwager’s (2012) gain to pain ratio, the Sharpe ratio,

the Calmar ratio, the Sortino ratio, and the correlation between equity curve and perfect profit

(CECPP) (as defined in Section 3);

10. Morningstar’s risk-adjusted rating (mrar) is essentially a utility function with constant relative

risk aversion whose degree of risk aversion is set to two. Ingersoll, Spiegel, Goetzmann, and
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Welch (2007) shows that this measure is robust to dynamic manipulation (e.g., using derivatives

to create a nonlinear payoff can lead to an inaccurate performance measure when evaluated by

other metrics, but not by mrar). This performance measure is defined as

mrar :=

 1⌈
D
h

⌉ ⌈D
h ⌉∑

τ=0

1(
1 + retT1+jh+τh − rfT1+jh+τh

)2


− 1

2

− 1.

5 Empirical Results

We use the daily data on SPDR S&P 500 ETF Trust (SPY) which is one of the most popular ETFs that

tracks the market capitalization-weighted S&P 500 stock market index. We also use daily (fundamental)

financial data [e.g., dividend-price ratio (dp), the 3-month T-Bill rate (T-bill), ICE BofA US corporate bond

total return index (corp_bond_ind), term spread (ts), S&P 500 earnings per share (eps), default spread (df ),

and the 10-Year breakeven inflation rate (inflation)]. 7 A detailed description of all the data variables is

provided in Table S.V.1 (in the SM). The entire time period of our dataset ranges from 3/30/2011 to

7/15/2022. First, we use rolling windows of size T1 = 1000 to generate 1818 [one-day ahead] forecasts

of the moving directions of next day prices (the date of the first forecast is 4/9/2015 and the date of the

last forecast is 7/15/2022). We then create multiple trading sessions based on those forecasts: There are

1718 possible trading sessions of length 100 days or 1618 possible trading sessions of length 200 days.

We consider five levels of fixed transaction cost ($0.05, $0.1, $0.5, $1, and $5) and an initial endowment

of $1000 for each holding period with length D = 100 or 200 days. We do not report the results of

trading sessions with variable transaction cost in this section as they are similar to those obtained for fixed

transaction cost.

Two sets of predictors are used to predict price moving directions:

Dataset I: Financial variables together with technical indicators constructed from the last {14, 24, 34,

54, 104}-day price/volume data comprise 181 predictors in total;

Dataset II: Dataset I together with candlestick chart (price) patterns comprise 239 predictors in total.

7All data were obtained from Yahoo! Finance, FRED, and Nasdaq Data Link.
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Note that the choice of these five number of days in a technical indicator is quite ad hoc. The most

commonly used numbers of days in existing studies range from 2 to 200 days for stocks [see, e.g., Brock

et al. (1992); Sullivan et al. (1999)] and from 1 to 60 days for exchange rates [see, e.g., Chang and Osler

(1999)]. These numbers of days may vary from one paper to another, and there is no general guideline for

their optimal selection. In fact, they can serve as hyperparameters in a ML algorithm that can be optimally

selected by cross validation. However, this cross validation process will be extremely time-consuming

as we have over 1800 one-day ahead forecasts to make (thus, we need to repeat the same number of

cross-validations that we have performed in this paper over 1800 times).

We implement the trading strategy based on one-day ahead forecasts by the LGBM models trained

with one of the loss functions {CE, Brier, Boost, As1, As2} and cross-validated with one of the scor-

ing functions {Accuracy, AUC, Schwager’s gain/pain ratio, Calmar ratio, Sharpe ratio, Sortino ratio,

CECPP}. We also implement the trading strategy based on forecasts by the RF models cross-validated

with one of these seven scoring functions. We will also consider trading based on multi-day ahead fore-

casts in Section 5.5.

We shall present our findings by using both box plots (which consist of the median marked by the line

within a box, the first and third quartiles which are the edges of the box, and the minimum and maximum

values depicted by the two whiskers below and above the box respectively) and tables (tabulating the

median and interquartile range (IQR)) of the values [of each performance measure] of trading sessions

based on one-day ahead forecasts generated by a ML algorithm.

5.1 Which scoring function generates the best strategy for a given loss function?

In this subsection, we report the performance of the trading strategy with fixed transaction cost by four

metrics (namely, the annualized excess return, the Sharpe ratio, Morningstar’s risk-adjusted rating, and the

percentage of winning trades) as the other metrics will give a quite similar information. We also employ

a bootstrap RC method (explained in Section S.III of the SM) to compare the performance of trading

methods. The key takeaways here are: (i) the bootstrap RC p-values for the test of the null hypothesis

that a (benchmark) trading method performs at least as well as all the other ones in the collection of 70

LGBM-based trading methods show that the CECPP or Sharpe ratio scoring function tends to yield higher
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annualized excess returns than the other scoring functions across sets of predictors and loss functions (i.e.,

Figure A.V.1 shows that the CECPP gives five p-values greater than 10%, the Sharpe ratio gives four

p-values greater than 10%, the Calmar ratio gives about three p-values greater than 10%, and all the

other scoring functions give about two p-values greater than 10%). Also, for RF-based trading methods,

the bootstrap RC p-values in Figure A.V.2 show a clear evidence that economic scoring functions can

generate higher annualized excess returns than statistical scoring functions across sets of predictors; (ii)

the trading strategy using the CECPP or Sharpe ratio scoring function yields better performance than the

other scoring functions in terms of median and IQR across the two sets of predictors considered; and (iii)

the predictive power of candlestick chart patterns can be leveraged in a trading strategy to yield higher

annualized excess returns than the case where only financial variables and technical indicators are used

(i.e., Figure A.V.2 shows that there are much higher p-values for the benchmark RF-based trading methods

employing all the predictors.)

Now we start by comparing the annualized excess returns of trading sessions across the seven scoring

functions for each loss function. Figures A.I.1 and A.I.2 present the box plots of the annualized excess

returns of trading sessions using the fixed transaction cost strategy investing in SPY for 100 days based

on one-day ahead forecasts made by the LGBM models trained with a loss function and cross-validated

with seven different scoring functions. Figures A.I.1(a) and A.I.2(a) clearly show that, using the CE loss,

the Sharpe ratio scoring function yields a higher median excess return than all the other scoring functions.

Figures A.I.1(b) and A.I.2(b) demonstrate that, using the Brier loss, the CECPP yields a much higher

median excess return than the other scoring functions for different amounts of transaction cost and holding

periods across the two sets of predictors (which is corroborated in Table A.I.1 that reports the median (and

IQR) of the annualized excess returns of trading sessions with the fixed transaction cost strategy investing

in SPY based on one-day ahead forecasts by the LGBM models trained with the Brier loss function and

cross-validated with seven different scoring functions for different amounts of transaction cost across

various holding periods). Figures A.I.1(c) and A.I.2(c) show that, using the Boost loss, all the scoring

functions yield negative annualized excess returns and there does not seem to be the best scoring function.

Figures A.I.1(d) and A.I.2(d) demonstrate that, using the As1 loss, the Sharpe ratio scoring function yields

the lowest IQR of excess returns. Figures A.I.1(e) and A.I.2(e) show that, using the As2 loss, the Sharpe
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ratio scoring function yields the greatest median excess return overall across the two sets of predictors.

We observe roughly the same patterns explained above when we compare the Sharpe ratios of trading

sessions across the seven scoring functions for each loss function as shown by the box plots in Figures

S.VI.1 and S.VI.2 (in the SM). For the Brier or Boost loss, the Calmar ratio scoring function can yield

a slightly higher median Sharpe ratio value than both the CECPP and Sharpe ratio scoring functions (as

confirmed in Table S.VI.1). However, the former can have more negative outliers than the latter.

Next, we compare Morningstar’s risk-adjusted ratings of trading sessions across the seven scoring

functions for each loss function. The box plots in Figures S.VI.3 and S.VI.4 show that: (a) for the CE loss,

the Sharpe ratio scoring function clearly generates a higher median mrar value than all the other scoring

functions while the IQR values are quite similar; (b) for the Brier loss, the CECPP and Calmar ratio

scoring functions yield quite similar median mrar values as confirmed in Table S.VI.2; (c) for the Boost,

As1, or As2 loss function, there is no clear evidence that the Sharpe ratio or CECPP scoring function

generates a higher median mrar than the other scoring functions.

Finally, we examine the percentages of winning trade of trading sessions across the seven scoring

function for each loss function. The box plots in Figures S.VI.5 and S.VI.6 show that the CECPP or

Sharpe ratio scoring function can give significantly lower IQRs of percent_wins values than all the other

scoring functions when the Brier or As1 loss function is used for training (cf. Table S.VI.3). However, this

is not the case for the other loss functions.

The outperformance of the CECPP and Sharpe ratio scoring functions, which is established by GBM,

can be corroborated by RF. Note that, as explained above, RF employs an impurity measure to split a parent

node to leaf nodes in a decision tree [so that the information gain is maximized]. Figure A.I.3 and Table

A.I.2 show box plots of the annualized excess returns of trading sessions with the fixed transaction cost

strategy investing in SPY based on one-day forecasts by RF models cross-validated with seven different

scoring functions. Two main conclusions can be drawn from these figures: (a) the CECPP and Sharpe ratio

scoring functions clearly provide superior annualized excess returns in terms of both median and IQR, and

(b) with these scoring functions, the trading strategy using Dataset II are more likely to outperform the

buy-and-hold strategy in terms of annualized returns than the one using Dataset I.

The box plots in Figure S.VI.7 and Table S.VI.4 show that the CECPP scoring function can generate
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slightly better Sharpe ratio values in terms of either median or IQR than the other scoring functions,

especially at higher levels of transaction cost. The box plots in Figure S.VI.8 and Table S.VI.5 show

the same patterns observed for Morningstar’s risk-adjusted rating. The box plots in Figure S.VI.9 and

Table S.VI.6 suggest that both the CECPP and Sharpe ratio scoring functions can deliver slightly better

percent_wins values in terms of median and IQR than the other scoring functions, but this outperformance

does not seem significant. It is also important to note at this point that the median percent_wins values

and the median annualized_excess_return values obtained from LGBM (as reported in Tables S.VI.3 and

A.I.1 respectively) are significantly higher than those obtained from RF.

5.2 Which loss function generates the best strategy for a given scoring function?

In this subsection, we report the performance of the fixed transaction cost strategy across five loss functions

(namely, CE, Brier, Boost, As1, and As2) for a given scoring function. The key takeaway is that the Brier

or As1 loss function can yield a better performance [measured by the annualized excess returns] in terms

of median and IQR than the other loss functions across the two sets of predictors that we consider.

We start by comparing the annualized excess returns of trading sessions across the above five loss

functions for each scoring function. Figures A.II.1 and A.II.2 show box plots of the annualized excess

returns of trading sessions with the fixed transaction cost strategy investing in SPY based on one-day

ahead forecasts by the LGBM models trained with five different loss functions for each scoring function.

When using AUC, Calmar ratio, or Sharpe ratio scoring function for cross validation, the As1 loss function

clearly provides better annualized_excess_return values in terms of median and IQR than all the other loss

functions. However, As suggested by Table A.II.1 (which reports the median (and IQR) of the annualized

excess returns of trading sessions with the fixed transaction cost strategy investing in SPY based on one-day

ahead forecasts by the LGBM models trained with five different loss functions for each scoring function),

the Brier loss function yield a much better median annualized_excess_return than the other loss functions

when the CECPP scoring function is used for cross validation. The As1 loss function seems to provide the

smallest IQR for every scoring function.

Next, we compare the Sharpe ratios across the trading methods. The box plots in Figures S.VII.1

and S.VII.2 show that, when using CECPP scoring function for cross validation, the Brier and As1 loss
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functions still generate a higher median Sharpe ratio value than the other loss functions (as confirmed in

Table S.VII.1). However, this may not be a clear case for the other scoring functions. The same conclusion

can also be reached for Morningstar’s risk-adjusted ratings of the trading sessions as shown by the box

plots in Figures S.VII.3 and S.VII.4 and Table S.VII.2,.

Finally, we turn to the percentages of winning trades. The box plots in Figures S.VII.5 and S.VII.6

show that, for every scoring function, the Brier and As1 loss functions yield the lowest IQRs at the cost

of higher medians over different amounts of transaction cost and holding periods across the two sets of

predictors. Tables S.VII.3 and A.II.1 suggest that a combination of a loss function and a scoring function

that generate a low variation of percent_wins can lead to an outperforming annualized_excess_return in

terms of median or IQR.

5.3 Performance of the trading strategy as transaction cost increases

Figures A.III.1 and A.III.2 show the box plots of the annualized excess returns of 1718 trading sessions

with the fixed transaction cost strategy investing in SPY for 100 days based on one-day ahead forecasts

by a LGBM model over two levels of transaction cost ($0.05 and $0.5). We can see that the buy-and-

hold strategy will be more likely to generate higher returns than our trading strategy as transaction cost

increases, and the IQR of the annualized excess returns of the trading strategy is not very susceptible to

changes in transaction costs. This conclusion holds for every loss and scoring function across the two sets

of predictors and holding periods (as corroborated in Tables A.III.1, A.III.2, A.III.3, and A.III.4 which

report the median (and IQR) of the annualized excess returns of trading sessions based on one-day ahead

forecasts by the LGBM models trained with the Brier or As1 loss function and cross-validated with seven

scoring functions for different amounts of transaction cost across various holding periods).

The box plots in Figures S.VIII.1 and S.VIII.2 show that the Sharpe ratio of the trading strategy will

be more likely to decrease as transaction cost increases for every set of predictors. This conclusion holds

for every loss and scoring function across the two sets of predictors and holding periods (as corroborated

in Tables S.VIII.1, S.VIII.2, S.VIII.3, and S.VIII.4). Moreover, the box plots in Figures S.VIII.3 and

S.VIII.4 suggest that the percentage of winning trades does not much depend on transaction cost (which is

true since only the forecasts of the moving directions of prices determine whether or not a trade happens)
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These empirical findings can also be verified by trading sessions based on forecasts made by RF.

The box plots in Figure A.III.3 shows the superior performance of the buy-and-hold strategy in terms of

its likelihood to produce high returns as transaction costs increase. Tables A.III.5 and A.III.6 confirm

this tendency for every scoring function and trading session across the two sets of predictors. Moreover,

the Sharpe ratio of our trading strategy can decrease when either the transaction cost or holding period

increases. It is also important to notice that the RF models cross-validated with the CECPP scoring

function can generate positive median Sharpe ratio values for a very high level of transaction cost and a

long holding period across the two sets of predictors; and this is not the case for the RF models cross-

validated with all the other scoring functions (see Figure S.VIII.5 and Tables S.VIII.5 and S.VIII.6). The

percentage of winning trades also does not significantly depend on transaction cost in this case (see Figure

S.VIII.6 and Tables S.VIII.7 and S.VIII.8).

5.4 Performance of the trading strategy over time

Figures S.IX.1 and S.IX.2 show the box plots of the performance statistics of 1718 trading sessions with

the fixed transaction cost strategy investing in SPY for 100 days based on one-day ahead forecasts by a

LGBM model trained using a set of predictors Dataset I or Dataset II. We find that, by using the LGBM

to forecast price moving directions, (i) our trading strategy is more likely to generate a higher profit than

holding cash in a savings account (to earn interests) as indicated by the positive first quartiles/medians of

the Sharpe ratio, Sortino ratio, and Morningstar’s risk-adjusted rating; (ii) the performance of our strategy

is not attributable to randomness since the percentages of winning trades, the win/loss ratios, and the

CECPP values all have medians above 50% (and Schwager’s gain/pain ratio has a highly positive median)

when using the Brier or As1 loss function for training and the CECPP or Sharpe ratio scoring function for

cross validation. To corroborate this second point, we also conduct a placebo-type experiment (detailed

in Section S.IV) by generating logarithmic closing stock prices from a random walk (RW) and drawing

random volume data from an integer uniform distribution for the same time period (from 3/30/2011 to

7/15/2022) of the SPY dataset. This experiment shows that the performance of the trading strategy based

on predictions of the directions of entirely random price changes tends to be much more random than that

based on predictions of the directions of price changes with some predictive content; and (iii) the trading
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strategy can yield higher annualized returns than the buy-and-hold strategy in several periods of time as

suggested by the box plots of annualized excess returns and standard deviations. To elaborate more on the

last point (iii), we also draw line plots of all the performance statistics obtained by using the Brier or As1

loss function for training and the CECPP or Sharpe ratio scoring function for cross validation in Figures

S.IX.3, S.IX.4, S.IX.5, and S.IX.6. We now describe each of the performance statistics plotted in those

figures:

• The average numbers of trades look quite stable across all the trading sessions (i.e., all are above

50% except in the sessions ending from mid-2016 till early 2017);

• The percentages of winning trades tend to decline for the trading sessions ending from early 2020

onwards (these sessions are associated with significantly high volatility and bear markets, proxied

by the VIX index). However, Tables S.IX.1 and S.IX.2 suggest that the median percent_wins values

are well above 50% across all the levels of transaction cost and holding periods;

• The trading strategy can yield very high maximum returns as well as very low minimum returns

during periods of very high volatility;

• The win/loss ratios tend to decline very steeply when entering a period of high volatility (such as in

the trading sessions ending around early 2020). The median win/loss ratio values can exceed 80%

for several levels of transaction cost across the two holding periods, as indicated in Tables S.IX.1

and S.IX.2;

• The maximum numbers of consecutive winners tend to decline in the trading sessions ending from

early 2020 onwards while the maximum numbers of consecutive losers tend to peak during periods

of high volatility (such as in the sessions ending around early 2019 or early 2020);

• The annualized excess returns vary around zero in the trading sessions ending before early 2020.

The sessions ending from February 2020 to late June 2020 seem to enjoy high positive excess

returns (simply because the stock prices are very low during those sessions). The annualized excess

returns decline steeply in the trading sessions ending around early July 2020, then gradually recover

afterwards;
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• The annualized standard deviations and maximum drawdowns of annualized excess returns spike

quite high in the trading sessions ending from early 2020 to mid 2020 (when the VIX index is high);

• Schwager’s gain/pain, Morningstar’s risk-adjusted rating, the Calmar, Sharpe, and Sortino ratios are

positive for most of time, and they all decline steeply in the trading sessions ending around early

2020 when the VIX index is extremely high;

• The CECPP is mostly above 50% except in the trading sessions where the VIX index is very high,

implying that our trading strategy is highly correlated with the perfect profit trading strategy in every

single trading session.

The above results can also be confirmed by employing the same trading strategy based on forecasts

generated by RF. Figures A.IV.1 and A.IV.2 present the box plots of the performance statistics of trading

sessions based on one-day ahead forecasts by RF models cross-validated with two scoring functions (i.e.,

the Sharpe ratio and CECPP scoring functions) for two different sets of predictors (i.e., Dataset I and

Dataset II ). There is a stronger evidence that our strategy does not depend on randomness as the first

quartiles of Schwager’s gain/pain ratio, Sharpe ratio, and Sortino ratio are all positive and the win/loss ratio

can approach one for the two sets of predictors when the CECPP or Sharpe ratio scoring function is used

for cross validation. Interestingly, as mentioned earlier, RF can leverage information in the candlestick

chart patterns to make forecasts that can be used to generate better annualized excess returns than when

using only financial variables and technical indicators.

The line plots of the performance statistics of trading sessions in Figures A.IV.3, A.IV.4, S.IX.7, and

S.IX.8, for the most part, corroborate the above nine empirical findings drawn for all the performance

statistics obtained from the trading strategy based on forecasts by RF models cross-validated with the

CECPP or Sharpe ratio scoring function. The only difference is that the trading sessions with positive

annualized excess returns extend till around early 2021, the annualized excess returns (in the trading ses-

sions ending after that) then decline slightly before starting to climb up in the later trading sessions. Table

A.IV.1 suggests that, when cross-validating with the CECPP scoring function, the median percentages of

winning trades are always above 50% and they decrease with the amount of transaction cost across the

two holding periods and the two sets of predictors considered. The median win/loss ratio values are above
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80%, which are even greater than those obtained with the LGBM model. The median annualized excess

returns are consistently higher for RF models using both technical indicators and candlestick chart patterns

than for RF models using only technical indicators (in this case, the probability that the annualized excess

return is greater than zero is slightly above 50%). The median CECPP values can be close to 80% at a low

level of transaction cost.

Table S.IX.3 show that, when cross-validating with the Sharpe ratio scoring function, the median

percentages of winning trades, win/loss ratio values, and CECPP values are quite comparable with those

obtained by using the CECPP scoring function in Table A.IV.1. However, the median annualized excess

returns are not significantly different across the two sets of predictors when using the Sharpe ratio scoring

function for cross validation.

5.5 The performance of the trading strategy across forecasting horizons

In the previous sections, we have presented a strong empirical evidence that our simple trading strategy

based on the one-period ahead predictions of future price moving directions generated by ML algorithms

trained with an asymmetric loss function and cross-validated with an economically motivated scoring

function can outperform the buy-and-hold strategy over 50 percent of the time. The final question that

we want to address is: Can the performance of this trading strategy improve if we trade less often in each

trading session of the same length as before?

Figure A.VI.1 shows the risk-adjusted annualized excess returns generated by our trading strategy

based on the forecasts [of price moving directions over multiple horizons (h ∈ {1, . . . , 12})] made by RF

models cross-validated with four scoring functions (CECPP, Sharpe ratio, Schwager’s gain/pain ratio, and

AUC). The bottom line is that the annualized excess return is more likely to be positive when trades are

based on shorter-horizon forecasts (say, h ∈ {1, . . . , 4}). When trading based on long-horizon forecasts

(say, h > 4), there is a high probability that our trading strategy underperforms the buy-and-hold strategy

across the two sets of predictors. One reason for this underperformance can be that the predictors used

in this study do not have a strong predictive power to predict many days ahead. This finding confirms

that technical analysis is a useful toolkit only for short-term traders/investors. Figure S.XII.1 also shows

that the same finding also holds for the risk-adjusted annualized excess returns generated by the trading
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strategy based on multi-horizon forecasts generated by LGBM models trained with the Brier or As2 loss

function and cross-validated with the CECPP or Sharpe ratio scoring function (which is shown in Section

5.1 to be the best scoring function).

6 Conclusion

There is a large literature on the role of technical analysis in informing investors/traders about the moving

direction of future prices of a financial asset. As reviewed in the Introduction, empirical evidences on

the predictive power of technical indicators and price patterns are quite mixed. This paper contributes

to the literature by employing one of the most successful supervised machine learning algorithms (i.e.,

[tree-based] Gradient Boosting Machine and Random Forest) to explore a large set of all popular technical

indicators and candlestick chart patterns for an evidence of stock return predictability. We have established

that: (1) our trading strategy based on forecasts of the moving directions of future prices can generate

annualized returns above the annualized returns of the buy-and-hold strategy in slightly over 50% of all

the trading sessions at best when transaction cost is low. Most of positive annualized excess returns are

realized in the trading sessions created during periods of high volatility. This finding suggests that one

may use ML to trade an aggregate stock market index in periods of high volatility while using the simple

buy-and-hold strategy in periods of low volatility; (2) trading profit drawn from the technical analysis

predictions of the moving directions of future prices is not something entirely random; (3) while we found

no strong evidence in favour of using asymmetric loss functions in the out-of-sample analysis, there is

an evidence that some economic scoring function can generate more economically significant predictions

than the others. In particular, the CECPP scoring function seems to be an optimal choice as it is evaluated

with reference to the perfect profit strategy (that is, the strategy assuming that one can accurately predict

the moving direction of future prices); (4) several candlestick chart patterns may have a strong predictive

power that can be effectively leveraged by RF to yield higher annualized excess returns than when we use

only the financial variables and technical indicators as predictors; and (5) the trading strategy based on

long-horizon forecasts may be less profitable than the simple buy-and-hold strategy as it is more difficult

to predict the price moving direction with technical analysis many days ahead.
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A.I Performance of the Trading Strategy across Scoring Functions

Figure A.I.1: The annualized excess returns of 1718 trading sessions with the fixed transaction cost strat-
egy investing in SPY for 100 days based on one-day ahead forecasts by the LGBM models cross-validated
with seven different scoring functions

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indicators)

and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure A.I.2: The annualized excess returns of 1618 trading sessions with the fixed transaction cost strat-
egy investing in SPY for 200 days based on one-day ahead forecasts by the LGBM models cross-validated
with seven different scoring functions

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indicators)

and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure A.I.3: The annualized excess returns of trading sessions with the fixed transaction cost strategy
investing in SPY based on one-day ahead forecasts by the RF models cross-validated with seven different
scoring functions

(a) Holding period (D): 100 days

(b) Holding period (D): 200 days

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indicators)

and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
iii There are 1718 possible trading sessions of length 100 days or 1618 possible trading sessions of length

200 days.

41



Ta
bl

e
A

.I.
2:

T
he

m
ed

ia
n

(a
nd

IQ
R

)
of

th
e

an
nu

al
iz

ed
ex

ce
ss

re
tu

rn
s

of
tr

ad
in

g
se

ss
io

ns
w

ith
th

e
fix

ed
tr

an
sa

ct
io

n
co

st
st

ra
te

gy
in

ve
st

in
g

in
SP

Y
ba

se
d

on
on

e-
da

y
ah

ea
d

fo
re

ca
st

s
by

th
e

R
F

m
od

el
s

cr
os

s-
va

lid
at

ed
w

ith
se

ve
n

di
ff

er
en

t
sc

or
in

g
fu

nc
tio

ns
(i

.e
.,

A
cc

ur
ac

y,
AU

C
,

Sc
hw

ag
er

’s
ga

in
/p

ai
n

ra
tio

,C
al

m
ar

ra
tio

,S
ha

rp
e

ra
tio

,S
or

tin
o

ra
tio

,o
r

C
E

C
P

P
)

fo
r

di
ff

er
en

ta
m

ou
nt

s
of

tr
an

sa
ct

io
n

co
st

ac
ro

ss
va

ri
ou

s
ho

ld
in

g
pe

ri
od

s
(i

n
da

ys
)

H
ol

di
ng

pe
ri

od
Tr

an
s.

co
st

Sc
or

in
g

fu
nc

tio
n

us
ed

fo
rc

ro
ss

va
lid

at
io

n

A
cc

ur
ac

y
A

U
C

Sc
hw

ag
er

’s
ga

in
/p

ai
n

ra
tio

C
al

m
ar

ra
tio

Sh
ar

pe
ra

tio
So

rt
in

o
ra

tio
C

E
C

PP
D

at
as

et
I

D
at

as
et

II
D

at
as

et
I

D
at

as
et

II
D

at
as

et
I

D
at

as
et

II
D

at
as

et
I

D
at

as
et

II
D

at
as

et
I

D
at

as
et

II
D

at
as

et
I

D
at

as
et

II
D

at
as

et
I

D
at

as
et

II

10
0

0.
05

-0
.0

09
(0

.0
47

9)
0.

0
(0

.0
6)

-0
.0

52
3

(0
.1

54
7)

-0
.0

34
8

(0
.1

17
1)

-0
.0

(0
.0

37
6)

0.
0

(0
.0

17
6)

-0
.0

08
9

(0
.0

55
3)

-0
.0

03
3

(0
.0

48
8)

-0
.0

(0
.0

15
6)

-0
.0

(0
.0

18
6)

-0
.0

04
(0

.0
43

8)
-0

.0
10

3
(0

.0
90

5)
-0

.0
01

1
(0

.0
30

1)
0.

0
(0

.0
50

6)

0.
1

-0
.0

10
1

(0
.0

48
6)

0.
0

(0
.0

57
7)

-0
.0

55
2

(0
.1

53
5)

-0
.0

36
(0

.1
18

4)
-0

.0
(0

.0
37

3)
0.

0
(0

.0
15

1)
-0

.0
10

1
(0

.0
56

7)
-0

.0
03

7
(0

.0
52

1)
-0

.0
(0

.0
17

4)
-0

.0
(0

.0
18

3)
-0

.0
04

3
(0

.0
44

7)
-0

.0
10

9
(0

.0
93

3)
-0

.0
01

4
(0

.0
31

2)
0.

0
(0

.0
49

6)

0.
5

-0
.0

26
2

(0
.0

57
5)

-0
.0

(0
.0

45
1)

-0
.0

78
7

(0
.1

42
5)

-0
.0

51
(0

.1
17

1)
-0

.0
06

3
(0

.0
39

)
-0

.0
(0

.0
09

9)
-0

.0
23

8
(0

.0
78

)
-0

.0
07

(0
.0

72
2)

-0
.0

(0
.0

39
5)

-0
.0

03
9

(0
.0

27
6)

-0
.0

07
8

(0
.0

55
5)

-0
.0

18
3

(0
.1

08
1)

-0
.0

03
7

(0
.0

47
4)

-0
.0

(0
.0

43
8)

1
-0

.0
36

(0
.0

81
1)

-0
.0

03
6

(0
.0

49
2)

-0
.1

09
1

(0
.1

46
5)

-0
.0

79
8

(0
.1

2)
-0

.0
16

4
(0

.0
58

8)
-0

.0
(0

.0
25

9)
-0

.0
37

2
(0

.1
09

6)
-0

.0
15

3
(0

.0
93

4)
-0

.0
06

(0
.0

66
1)

-0
.0

09
8

(0
.0

47
9)

-0
.0

21
3

(0
.0

67
4)

-0
.0

30
7

(0
.1

24
6)

-0
.0

16
2

(0
.0

72
7)

-0
.0

(0
.0

51
6)

5
-0

.0
96

9
(0

.2
16

8)
-0

.0
67

2
(0

.1
78

)
-0

.3
13

6
(0

.2
19

6)
-0

.2
72

6
(0

.2
39

5)
-0

.1
36

6
(0

.2
36

4)
-0

.0
35

7
(0

.1
61

7)
-0

.1
67

5
(0

.2
40

4)
-0

.0
91

8
(0

.2
64

6)
-0

.0
36

5
(0

.2
72

3)
-0

.0
70

9
(0

.1
92

9)
-0

.0
97

4
(0

.1
87

5)
-0

.1
48

5
(0

.2
46

7)
-0

.0
89

8
(0

.2
28

4)
-0

.0
41

8
(0

.2
11

6)

0.
05

-0
.0

23
6

(0
.0

33
2)

0.
00

24
(0

.0
56

2)
-0

.0
65

7
(0

.0
63

8)
-0

.0
50

7
(0

.0
67

2)
-0

.0
01

7
(0

.0
56

8)
0.

0
(0

.0
52

3)
-0

.0
17

4
(0

.0
59

6)
-0

.0
03

2
(0

.0
5)

-0
.0

(0
.0

23
4)

-0
.0

00
6

(0
.0

25
2)

-0
.0

01
8

(0
.0

26
1)

-0
.0

08
5

(0
.0

91
1)

-0
.0

02
5

(0
.0

30
8)

0.
00

57
(0

.0
51

7)

0.
1

-0
.0

24
3

(0
.0

33
6)

0.
00

12
(0

.0
58

6)
-0

.0
68

9
(0

.0
64

6)
-0

.0
53

7
(0

.0
67

7)
-0

.0
01

8
(0

.0
53

7)
0.

0
(0

.0
51

6)
-0

.0
19

6
(0

.0
61

5)
-0

.0
03

4
(0

.0
51

3)
-0

.0
(0

.0
24

2)
-0

.0
00

7
(0

.0
24

1)
-0

.0
02

5
(0

.0
27

5)
-0

.0
08

9
(0

.0
92

)
-0

.0
02

7
(0

.0
3)

0.
00

17
(0

.0
52

5)

0.
5

-0
.0

27
3

(0
.0

41
6)

-0
.0

00
2

(0
.0

70
6)

-0
.0

97
4

(0
.0

67
7)

-0
.0

80
4

(0
.0

76
7)

-0
.0

09
5

(0
.0

42
5)

-0
.0

(0
.0

50
6)

-0
.0

38
7

(0
.0

72
9)

-0
.0

25
4

(0
.0

66
5)

-0
.0

02
8

(0
.0

37
9)

-0
.0

04
1

(0
.0

17
9)

-0
.0

17
8

(0
.0

36
7)

-0
.0

22
8

(0
.1

02
1)

-0
.0

16
1

(0
.0

47
8)

-0
.0

(0
.0

57
4)

1
-0

.0
32

5
(0

.0
62

3)
-0

.0
06

7
(0

.0
84

2)
-0

.1
31

4
(0

.0
71

5)
-0

.1
13

8
(0

.0
90

1)
-0

.0
26

5
(0

.0
52

7)
-0

.0
(0

.0
33

6)
-0

.0
57

3
(0

.0
94

2)
-0

.0
49

2
(0

.0
83

)
-0

.0
23

5
(0

.0
52

2)
-0

.0
17

9
(0

.0
34

4)
-0

.0
22

2
(0

.0
57

5)
-0

.0
43

1
(0

.1
13

7)
-0

.0
29

3
(0

.0
67

6)
-0

.0
04

3
(0

.0
61

5)

20
0

5
-0

.1
07

1
(0

.2
20

1)
-0

.1
02

2
(0

.2
09

9)
-0

.3
29

1
(0

.1
59

4)
-0

.3
12

2
(0

.2
14

5)
-0

.1
33

3
(0

.2
09

2)
-0

.0
47

3
(0

.2
39

5)
-0

.1
83

7
(0

.2
18

1)
-0

.1
65

4
(0

.3
03

6)
-0

.1
12

5
(0

.2
86

6)
-0

.0
97

6
(0

.2
35

2)
-0

.0
98

6
(0

.2
15

)
-0

.1
70

7
(0

.2
72

9)
-0

.1
02

6
(0

.2
31

6)
-0

.0
65

3
(0

.2
20

2)

a
D

at
as

et
I

co
m

pr
is

es
of

th
e

fin
an

ci
al

va
ri

ab
le

s
an

d
te

ch
ni

ca
li

nd
ic

at
or

s
w

hi
le

D
at

as
et

II
co

nt
ai

ns
bo

th
D

at
as

et
I

an
d

th
e

ca
nd

le
st

ic
k

ch
ar

t(
pr

ic
e)

pa
tte

rn
s

as
de

sc
ri

be
d

in
Ta

bl
e

S.
V.

1.
b

T
he

in
iti

al
en

do
w

m
en

ti
s

$1
00

0.
c

T
he

IQ
R

va
lu

es
ar

e
sh

ow
n

in
pa

re
nt

he
se

s.
d

T
he

re
ar

e
17

18
po

ss
ib

le
tr

ad
in

g
se

ss
io

ns
of

le
ng

th
10

0
da

ys
or

16
18

po
ss

ib
le

tr
ad

in
g

se
ss

io
ns

of
le

ng
th

20
0

da
ys

.

42



A.II Performance of the Trading Strategy across Loss Functions

Figure A.II.1: The annualized excess returns of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by the LGBM models trained
with five different loss functions

(a) AUC score (b) Calmar ratio score

(c) Sharpe ratio score (d) CECPP score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indicators)

and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure A.II.2: The annualized excess returns of 1618 trading sessions with the fixed transaction cost
strategy investing in SPY for 200 days based on one-day ahead forecasts by the LGBM models trained
with five different loss functions

(a) AUC score (b) Calmar ratio score

(c) Sharpe ratio score (d) CECPP score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indicators)

and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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A.III Performance of the Trading Strategy for Different Amounts

of Transaction Cost

Figure A.III.1: The annualized excess returns of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model trained using
the data on financial variables and technical indicators (Dataset I ) described in Table S.V.1

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000.
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Figure A.III.2: The annualized excess returns of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model trained using
the data on financial variables, technical indicators, and candlestick chart patterns (Dataset II ) described
in Table S.V.1

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000.
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Figure A.III.3: The annualized excess returns of trading sessions with the fixed transaction cost strategy
investing in SPY based on one-day ahead forecasts by RF models cross-validated with seven different
scoring functions for two different sets of predictors

(a) Dataset I: Holding period (D) = 100 days (b) Dataset I: Holding period (D) = 200 days

(c) Dataset II: Holding period (D) = 100 days (d) Dataset II: Holding period (D) = 200 days

i Dataset I comprises of the financial variables and technical indicators while Dataset II contains both
Dataset I and the candlestick chart (price) patterns as described in Table S.V.1.

ii The initial endowment is $1000.
iii There are 1718 possible trading sessions of length 100 days or 1618 possible trading sessions of length

200 days.
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A.IV Performance Statistics of the Trading Strategy over Time

Figure A.IV.1: The performance statistics of 1718 trading sessions with the fixed transaction cost strategy
investing in SPY for 100 days based on one-day ahead forecasts by RF models cross-validated with two
scoring functions for two different sets of predictors

(a) Dataset I: CECPP score (b) Dataset I: Sharpe ratio score

(c) Dataset II: CECPP score (d) Dataset II: Sharpe ratio score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii The values of the annualized excess return and Morningstar’s risk-adjusted rating are scaled up ten

times to make them more visible in this box plot.
iii Dataset I comprises of the financial variables and technical indicators while Dataset II contains both

Dataset I and the candlestick chart (price) patterns as described in Table S.V.1.
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Figure A.IV.2: The performance statistics of 1618 trading sessions with the fixed transaction cost strategy
investing in SPY for 200 days based on one-day ahead forecasts by RF models cross-validated with two
scoring functions for two different sets of predictors

(a) Dataset I: CECPP score (b) Dataset I: Sharpe ratio score

(c) Dataset II: CECPP score (d) Dataset II: Sharpe ratio score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii The values of the annualized excess return and Morningstar’s risk-adjusted rating are scaled up ten

times to make them more visible in this box plot.
iii Dataset I comprises of the financial variables and technical indicators while Dataset II contains both

Dataset I and the candlestick chart (price) patterns as described in Table S.V.1.
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Figure A.IV.3: The performance statistics of 1718 trading sessions with the fixed transaction cost strategy
investing in SPY for 100 days based on one-day ahead forecasts by a RF model (cross-validated with
the CECPP scoring function) using the data on financial variables and technical indicators (Dataset I )
described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of the trading sessions.
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Figure A.IV.4: The performance statistics of 1718 trading sessions with the fixed transaction cost strategy
investing in SPY for 100 days based on one-day ahead forecasts by a RF model (cross-validated with the
CECPP scoring function) using the data on financial variables, technical indicators, and candlestick chart
patterns (Dataset II ) described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of the trading sessions.
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A.V Bootstrap Reality Check Evaluation of the Performance of Trad-

ing Methods

Figure A.V.1: The bootstrap Reality Check (RC) p-values for the test of the null hypothesis that a (bench-
mark) trading method performs at least as well as all the other trading methods: using the annualized
excess return as a performance metric of the fixed transaction cost strategy [invested in SPY] based on
one-day ahead forecasts by a LGBM model (trained with one of the following five different loss functions:
CE, Brier, Boost, As1, and As2; and cross-validated with one of the following seven scoring functions:
Accuracy, AUC, Calmar ratio, Schwager’s gain/pain ratio, Sortino ratio, Sharpe ratio, and CECPP)

(a) Accuracy score (b) AUC score

(c) Calmar ratio score (d) Schwager’s (2012) gain to pain ratio score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b Dataset I consists of financial variables and technical indicators while Dataset II consists of Dataset I

and candlestick chart patterns (as described in Table S.V.1).
c There are 70 trading methods in total (as detailed in Section S.III). The benchmark trading methods

are listed in the legend box of this plot.
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Figure A.V.1 (continued): The bootstrap Reality Check (RC) p-values for the test of the null hypothesis
that a (benchmark) trading method performs at least as well as all the other trading methods: using the
annualized excess return as a performance metric of the fixed transaction cost strategy [invested in SPY]
based on one-day ahead forecasts by a LGBM model (trained with one of the following five different loss
functions: CE, Brier, Boost, As1, and As2; and cross-validated with one of the following seven scoring
functions: Accuracy, AUC, Calmar ratio, Schwager’s gain/pain ratio, Sortino ratio, Sharpe ratio, and
CECPP)

(e) Sortino ratio score (f) Sharpe ratio score

(g) CECPP score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b Dataset I consists of financial variables and technical indicators while Dataset II consists of Dataset I

and candlestick chart patterns (as described in Table S.V.1).
c There are 70 trading methods in total (as detailed in Section S.III). The benchmark trading methods

are listed in the legend box of this plot.
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Figure A.V.2: The bootstrap Reality Check (RC) p-values for the test of the null hypothesis that a (bench-
mark) trading method performs at least as well as all the other trading methods: using the annualized
excess return as a performance metric of the fixed transaction cost strategy [invested in SPY] based on
one-day ahead forecasts by a RF model (cross-validated with one of the following seven scoring functions:
Accuracy, AUC, Calmar ratio, Schwager’s gain/pain ratio, Sortino ratio, Sharpe ratio, and CECPP)

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b Dataset I consists of financial variables and technical indicators while Dataset II consists of Dataset I

and candlestick chart patterns (as described in Table S.V.1).
c There are 14 trading methods in total (as detailed in Section S.III). The benchmark trading methods

are listed in the legend box of this plot.
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A.VI Risk-Adjusted Annualized Excess Returns across Forecasting

Horizons

Figure A.VI.1: The risk-adjusted annualized excess returns (or the ratio of the annualized excess return
over the annualized standard deviation) of the fixed transaction cost strategy investing in SPY for 200 days
based on multi-horizon forecasts [of price moving directions] by the RF models cross-validated with four
different scoring functions

(a) CECPP score (b) Sharpe ratio loss

(c) Schwager’s (2012) gain to pain ratio score (d) AUC score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b Two sets of predictors are used: Dataset I (including the financial variables and technical indicators)

and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Technical analysis with machine learning classification
algorithms: Can it still ‘beat’ the buy-and-hold strategy?

– Supplemental Material –

Ba Chu*

December 28, 2023

Abstract

This Supplemental Material (SM) appendix contains (1) an illustrative description of the machine
learning algorithms employed in this paper (S.I); (2) the list of hyperparameters used to cross-val-
idate a Gradient Boosting Machine (GBM) or Random Forest (RF) model (S.II); (3) the details of
the bootstrap Reality Check evaluation of the performance of trading methods (S.III); (4) a place-
bo-type experiment where prices are generated from a random walk to show that the performance
of our trading strategy is not attributable to randomness (S.IV); (5) the definitions of all financial
variables, technical indicators, and price patterns (S.V); and extra tables and line/box-plots used to
show: (6) the performance metrics of the trading strategy across various scoring functions (S.VI);
(7) the performance metrics of the trading strategy across various loss functions (S.VII); (8) the per-
formance metrics of the trading strategy for different amounts of transaction cost (S.VIII); (9) the
performance metrics of the trading strategy over time (S.IX); (10) the heat map of the global Shap-
ley values of top predictors over time (S.X); (11) the values of each scoring function evaluated
on the predictions of validation subsamples (S.XI); and (12) the risk-adjusted annualized excess
returns generated by the trading strategy across various forecasting horizons (S.XII).
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S.I Machine Learning (ML) Algorithms

Gradient Boosting Machine (GBM)

1. Use the tree-growing procedure [described in the main text] to fit an initial decision tree
[defined via the mapping F1(x)] to a dataset on (Yt+h,Xt), then compute the gradient
(namely, the pseudo-residual) ϵ1,t+h := − ∂L(Yt+h,F (Xt))

∂F (Xt)

∣∣∣
F (Xt)=F1(Xt)

This residual cap-

tures any predictive content in Yt+h unexplained by F1. [This pseudo-residual becomes
the conventional residual if the loss function is the mean squared error.]

2. Fit another decision tree [defined via the mapping F2(x)] to the target ϵ1,t+h

using the same feature Xt, then calculate the pseudo-residual ϵ2,t+h :=

− ∂L(ϵ1,t+h,F (Xt))
∂F (Xt)

∣∣∣∣
F (Xt)=F2(Xt)

. This residual captures any predictive content in Yt+h

unexplained by both F1 and F2.

3. We continue to apply the above procedure until the iteration n − 1, where we ob-
tain another pseudo-residual, ϵn−1,t+h. Fitting the n-th decision tree [defined via the
mapping Fn(x)] to ϵn−1,t+h with the predictor Xt yields the n-th pseudo-residual

ϵn,t+h −
∂L(ϵ1,t+h,F (Xt))

∂F (Xt)

∣∣∣∣
F (Xt)=Fn(Xt)

.

4. Given n decision trees grown in the above steps, we score them in terms of their predic-
tion accuracy with scoring weights, γi for i = 1, . . . ,n. The final boosting prediction of
Yt+h at a value of the predictor Xt = x can then be generated through the conditional
probability Prob (Yt+h = 1 | Xt = x) = S (

∑n
i=1 γiFi(x)) .
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Training sample

(Y ,X)
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F∗(x) = γ1F1(x) + γ2F2(x) + γ3F3(x)

Random Forest

1. Given a dataset on (Yt+h,Xt) , t = 1, . . . ,T , draw a bootstrap sample of size less than
or equal to the original sample size (T ).

2. Grow a decision tree from each bootstrap sample. At each node,

a. Randomly select a subset of features without replacement.

b. Split the node using the feature that provides the best split using the threshold
obtained by maximizing the information gain.

3. Repeat the above two steps k times to create k independent trees.

4. Aggregate the predictions produced by those k independent trees via majority voting.
In order words, for any input, every decision tree produces a h-period ahead forecast of
the moving direction of future price, and the majority wins.
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S.II Hyperparameter Tuning for ML Algorithms

Table S.II.1: Hyperparameters used to cross-validate a LightGBM (LGBM) model

Parameter a Searchable Valuesb

boosting_type
* a tree type: {the standard Gradient Boosting Decision tree (‘gbdt’),
the Dropouts meet Multiple Additive Regression tree (‘dart’), or the
Random Forest tree (’rf’)}

max_depth
* the maximum depth of each decision tree (set it to a lower value to
prevent overfitting): Uniform {1, . . . , 6}

num_leaves
* the maximum number of leaves in each tree:
Uniform {10, 20, 30, 40, . . . , 500}

learning_rate
* the learning rate used by the stochastic gradient descent algorithm
for minimization of a loss function: Uniform(0, 100]

min_child_samples
* the minimum number of observations in a child (leaf) node (set it to a
bigger value to prevent overfitting): Uniform{10, . . . , 50}

feature_fraction
* the subsample ratio of columns when growing each tree:
Uniform(0, 1)

bagging_fraction
* the subsample ratio of training examples (set it to a smaller value to
prevent overfitting): Uniform(0, 1)

n_estimators
* the number of boosting iterations to be performed:
Uniform {10, 20, 30, 40, . . . , 200}

a A detailed description of all hyperparameters in LGBM can be found in the LGBM document.
b We use the Hyperband pruning algorithm with a random sampler (used to draw uniformly dis-

tributed hyperparameter values from their search domain) for hyperparameter optimization [Li
et al. (2018)].

Table S.II.2: Hyperparameters used to cross-validate a Random Forest (RF) model

Parameter a Searchable Values b

n_estimators
the number of decision trees used in RF:
Uniform {10, 20, 30, . . . , 200}

max_features
the maximum number of randomly sampled features that are used by
RF to grow a decision tree: Uniform {1, 2, . . . , n_features} , where
n_features is the number of features in the dataset

max_depth
the maximum depth of each decision tree (set it to a lower value to
prevent overfitting): Uniform {1, . . . , 6}

min_samples_split
the minimum number of observations required to further split an
internal node (set it to a bigger value to prevent overfitting):
Uniform {2, 12, 22, . . . , 102}

min_samples_leaf
the minimum number of observations in a child (leaf) node (set it to a
bigger value to prevent overfitting): Uniform {1, 11, 21, . . . , 101}

a A detailed description of all hyperparameters in RF can be found in the scikit-learn document.
b We use the Hyperband pruning algorithm with a random sampler (used to draw uniformly dis-

tributed hyperparameter values from their search domain) for hyperparameter optimization [Li
et al. (2018)].
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S.III Bootstrap Reality Check Evaluation of the Performance of
Trading Methods

Let perfT1+jh:T1+D+jh, j = 0, . . . ,
⌊
T−T1−D

h

⌋
, represent a performance metric (such as the annual-

ized excess return or the Sharpe ratio defined in the main text) of a trading strategy for a trading
session, j ∈

{
0,
⌊
T−T1−D

h

⌋}
, starting at T1 + jh and ending at T1 + D + jh. By construction,

this performance metric for the j-th trading session is a function of rolling sub-samples indexed by
{jh+ τh, . . . , T1 + jh+ (τ − 1)h} , τ = 0, . . . , ⌈D

h
⌉, used to train and cross-validate a ML algorithm

used to generate one-day ahead predictions. The OoS sub-sample indexed by T1+jh, . . . , T1+D+jh

is used to calculate the performance of the trading strategy. Suppose that we have K trading methods
executed in the same trading session. Let perfk,T1+jh:T1+D+jh, k = 1, . . . ,K, denote the performance
metrics of those trading methods. (In this case, a trading method is our trading strategy [defined in
Section 4] using predictions made by a forecasting method.) We are interested in verifying the null
hypothesis that a (benchmark) trading method, say ℓ ∈ {1, . . . ,K} , can perform at least as well as the
best method in the complement set {1, . . . ,K} \ ℓ on an average trading session:

H0 : max
k∈{1,...,K}\ℓ

E [perfk,T1+jh:T1+D+jh − perfℓ,T1+jh:T1+D+jh] ≤ 0. (III-1)

This null hypothesis is different from the null hypothesis [of no predictive superiority over a benchmark
model] used for White’s (2000) Reality Check in one important aspect: our null hypothesis involves a
performance metric calculated from a finite sample of observations while the null hypothesis in White
(2000) involves a criterion function of OoS observations and the true values of model parameters.
Therefore, as remarked in Giacomini and White (2006), the null hypothesis defined by (III-1) is used
for comparing empirical methods or algorithms while the null hypothesis in White (2000) is suitable
for comparing population parametric models.

We define the following statistic:

f̄k,ℓ :=
1⌊

T−T1−D
h

⌋ ⌊T−T1−D
h ⌋∑

j=0

fk,ℓ,j, where fk,ℓ,j := perfk,T1+jh:T1+D+jh − perfℓ,T1+jh:T1+D+jh. (III-2)

Theorem S.1 Let the underlying data generating process (Yt,Xt) , t = 1, 2, . . . , be a strictly station-
ary, strongly mixing process with the mixing coefficient α(τ) = O

(
τ−b

)
for some b > 3(6 + ϵ)/ϵ

with some ϵ > 0. Suppose that: (i) maxk∈{1,...,K}E |perfk,T1+jh:T1+D+jh|6+ϵ < ∞ and (ii) 0 <

max (T1,D) < ∞. Then,

sup
x

∣∣∣Prob
{√

TΩ
−1/2
ℓ

(
f̄ℓ − E

[
f̄ℓ

])
≤ x

}
− Φ (x)

∣∣∣ → 0,
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where f̄ℓ :=
{
f̄k,ℓ : k ∈ {1, . . . ,K} \ ℓ

}
, Φ(x) represents the probability density function of a mul-

tivariate standard normal random variable, and Ωℓ := limT↑∞ var
(√

T f̄ℓ

)
is a positive definite

variance-covariance matrix with finite maximum eigenvalue.

Proof. Theorem S.1 immediately follows from Politis and Romano (1994, Theorem 2) by noticing
that, if the underlying time series (Yt,Xt) , t = 1, 2, . . . , is strictly stationary and strongly mixing with
the mixing coefficient α(τ), then the performance metric of a trading method during a trading session,
j ∈

{
0, . . . ,

⌊
T−T1−D

h

⌋}
, defined by perfT1+jh:T1+D+jh as a measurable function of finite subsamples

with indices {jh, . . . , T1 +D + jh} will also be strong mixing with a mixing coefficient, say α⋄(τ),

such that

α⋄(τ) =

{
1 if 0≤τ≤T1+D or −T1−D≤τ≤0,

α(τ−T1−D) if τ>T1+D,

α(|τ+T1+D|) if τ<−T1−D.

Since both T1 and D are finite, α(τ) = O
(
τ−b

)
implies α⋄(τ) = O

(
τ−b

)
.

The conditions set out in Theorem S.1 need further discussion. The strong-mixing coefficient
decaying at a polynomial rate is a standard condition used to guarantee weak dependence in the time
series data. The moment condition (i) is required so that Politis and Romano (1994, Theorem 2) can be
applied to obtain the main result. Condition (ii) is an important condition – the size of a rolling window
and the duration of a trading session are finite. This condition is satisfied for estimation schemes with
rolling windows (but not with recursive windows); and in practice, the length of a day-trading session
is often quite short. Note that Condition (ii) can be relaxed by allowing T1 and D grow slowly relative
to T at the cost of more elaborate mathematical arguments.

By White (2000, Proposition 2.2), Theorem S.1 implies that

max
k∈{1,...,K}\ℓ

(√
T
{
f̄k,ℓ − E

[
f̄k,ℓ

]}) d→ VK−1,ℓ,

where VK−1,ℓ := maxk∈{1,...,K}\ℓ {Nk,ℓ} and Nk,ℓ is an element of a normal random vector distributed
as N {0,Ωℓ} . This limiting distribution allows one to apply White’s (2000) bootstrap Reality Check
(RC) procedure to test the null hypothesis defined by (III-1). Briefly speaking, the bootstrap RC p-
value of the test statistic:

V̄K−1,ℓ := max
k∈{1,...,K}\ℓ

√
T f̄k,ℓ

can be obtained from the quantile of the resampled statistics:

V̄ ∗
K−1,ℓ := max

k∈{1,...,K}\ℓ

√
T
(
f̄ ∗
k,ℓ − f̄k,ℓ

)
,

where

f̄ ∗
k,ℓ :=

1⌊
T−T1−D

h

⌋ ⌊T−T1−D
h ⌋∑

j=0

f ∗
k,ℓ,j, (III-3)
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where f ∗
k,ℓ,j := perfk,T1+θ(j)h:T1+D+θ(j)h − perfℓ,T1+θ(j)h:T1+D+θ(j)h and θ(j), j = 0, . . . , ⌊T−T1−D

h
⌋, is

a sequence of random indices generated by Politis and Romano’s (1994) stationary bootstrap.
This stationary bootstrap algorithm can generate a sequence of random observation indices, θ(j)

for j = 0, . . . ,
⌊
T−T1−D

h

⌋
, by randomly drawing blocks of consecutive indices with random lengths

of mean µT := 1/qT , where qT ∈ (0, 1] must satisfy qT ↓ 0 and TqT ↑ ∞ as T ↑ ∞. Following
White (2000), the quantile of the resampled statistic V̄ ∗

K−1,ℓ with a benchmark trading method, ℓ ∈
{1, . . . ,K} , can be obtained sequentially as follows: Let K ≡ {k1, . . . , kK−1} := {1, . . . ,K} \ ℓ, and
suppose that we have B independent sequences of random observation indices, θb(j), b = 1, . . . ,B.

Step 1: select the first method k1 from K, compute V̄1,ℓ =
√
T f̄k1,ℓ and generate B bootstrap

instances: V̄ ∗
1,ℓ;b :=

√
T
(
f̄ ∗
k1,ℓ;b

− f̄k1,ℓ
)
, where

f̄ ∗
k1,ℓ;b

:=
1⌊

T−T1−D
h

⌋ ⌊T−T1−D
h ⌋∑

j=0

f ∗
k1,ℓ,j;b

, (III-4)

where f ∗
k1,ℓ,j;b

:= perfk1,T1+θb(j)h:T1+D+θb(j)h − perfℓ,T1+θb(j)h:T1+D+θb(j)h, b = 1, . . . ,B.

The RC p-value in this iteration is then given by p-value1 := 1
B

∑B
b=1 I

{
V̄ ∗
1,ℓ;b ≥ V̄1,ℓ

}
,

where I (A) is an indicator function taking the value of one if A is true and zero otherwise.

Step 2: add the second method k2 from K, compute V̄2,ℓ = max
{√

T f̄k2,ℓ, V̄1,ℓ

}
and generate

B bootstrap instances: V̄ ∗
2,ℓ;b := max

{√
T
(
f̄ ∗
k2,ℓ;b

− f̄k2,ℓ
)
, V̄ ∗

1,ℓ;b

}
, b = 1, . . . ,B. The

RC p-value in this iteration is then given by p-value2 :=
1
B

∑B
b=1 I

{
V̄ ∗
2,ℓ;b ≥ V̄2,ℓ

}
.

Step k: continue adding the k-th method from K until Step K − 2.

Step K − 1: add the last method kK−1 from K, compute V̄K−1,ℓ = max
{√

T f̄kK−1,ℓ, V̄K−2,ℓ

}
and generate B bootstrap instances: V̄ ∗

K−1,ℓ;b := max
{√

T
(
f̄ ∗
kK−1,ℓ;b

− f̄kK−1,ℓ

)
, V̄ ∗

K−2,ℓ;b

}
,

b = 1, . . . ,B. The RC p-value used to test the null hypothesis defined by (III-1) is then
given by

p-valueK−1 :=
1

B

B∑
b=1

I
{
V̄ ∗
K−1,ℓ;b ≥ V̄K−1,ℓ

}
.

For LightGBM, we have K = 70 trading methods defined by enumerating the product of the list of
sets of predictors, the list of loss functions, and the list of scoring functions:

{Dataset I, Dataset II} × {CE,Brier,Boost,As1,As2}
×{Accuracy,AUC, Schwager’s gain/pain ratio,Calmar ratio, Sharpe ratio, Sortino ratio,CECPP} .
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For Random Forest, we have K = 14 trading methods defined by enumerating the product of the list
of sets of predictors and the list of scoring functions:

{Dataset I, Dataset II}
×{Accuracy,AUC, Schwager’s gain/pain ratio,Calmar ratio, Sharpe ratio, Sortino ratio,CECPP} .

S.IV Performance of the Trading Strategy with Random-Walk
Price Data

We address the question: Can the performance of our trading strategy obtained in the previous sub-
sections be ascribed to entire randomness? We shall conduct a placebo-type experiment by generating
logarithmic closing stock prices from a random walk (RW) and drawing random volume data from an
integer uniform distribution for the same time period (from 3/30/2011 to 7/15/2022) of the SPY dataset.
Specifically, the logarithmic closing price Ct follows the RW: Ct = Ct−1 + ϵt, where ϵt are randomly
sampled from a truncated [−0.1, 0.1] normal distribution with mean (and standard deviation) equal to
the sample mean (standard deviation) of the SPY returns [which are equal to 0.000519 (0.010956)].
The reason for choosing this 10% threshold is that the closing price of SPY did not change over 10%
per day during the considered period so that the returns drawn from this RW process would be similar
in magnitude to the returns of SPY; the logarithmic open price Ot := Ct + ut, where ut

i.i.d.∼ N(0, 0.1)

is independent of ϵt; the logarithmic low price Lt = min (Ot,Ct) − |vt| , where vt
i.i.d.∼ N(0, 0.2)

is independent of both ϵt and ut; and the logarithmic high price Ht = max (Ot,Ct) + |wt| , where
wt

i.i.d.∼ N(0, 0.2) is independent of ϵt, ut, and vt. The volume data Vt
i.i.d.∼ IntUniform[10, 1000] are

also drawn independently from the price data. We use the same set of financial variables, technical
indicators, and price patterns as the predictors of the directions of future changes in these randomly
simulated prices. Since the stock price data are randomly generated, the predictors using historical
data should have null predictive power for future price changes. A ML algorithm thus performs no
better than a random guess. Therefore, the annualized excess return of the trading strategy (trading
based on the predictions of the moving directions of the price of this RW stock) can have a 50% chance
of being above or below zero.

We employ RF to predict the moving directions of future prices, and then use these predictions as
inputs to our trading strategy. To make the returns of two different assets comparable, we use the risk-
adjusted annualized excess return (i.e., the ratio of the annualized excess return over the annualized
standard deviation defined in Section 4). Figure S.IV.1 shows the box plots of the risk-adjusted annu-
alized excess returns of 1718 trading sessions with the fixed transaction cost strategy [invested in SPY
vs. the RW stock] based on one-day ahead forecasts by a RF model (cross-validated with one of the
following seven scoring functions: Accuracy, AUC, Calmar ratio, Schwager’s gain/pain ratio, Sortino
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ratio, Sharpe ratio, and CECPP across two holding periods (D = 100 or 200 days). The risk-adjusted
annualized excess returns of the RW stock clearly have a much larger IQR than those of SPY, and the
median of the risk-adjusted annualized excess returns of SPY is greater than that of the RW stock for
most of the considered scoring functions across the two holding periods (in this case, the better scoring
functions are still Sharpe ratio and CECPP). This finding suggests that the performance of the trading
strategy based on predictions of the directions of entirely random price changes tends to be much more
random than that based on predictions of the directions of price changes with some predictive content.
We can therefore conclude that the performance of our trading strategy is generally attributed to the
possibility that the financial variables, technical indicators or price patterns do have some predictive
power.

Figure S.IV.1: The risk-adjusted annualized excess returns of 1718 trading sessions with the fixed
transaction cost strategy [invested in SPY vs. an asset with entirely random returns and trading vol-
umes] based on one-day ahead forecasts by a RF model (cross-validated with one of the following
seven scoring functions: Accuracy, AUC, Calmar ratio, Schwager’s gain/pain ratio, Sortino ratio,
Sharpe ratio, and CECPP)

(a) Holding period (D) = 100 days (b) Holding period (D) = 200 days

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b As defined above, RW is an asset with closing prices (generated from a random walk) and trading

volumes (generated from an integer uniform distribution). For each asset, we use two sets of
predictors as before: Dataset I consists of financial variables and technical indicators while Dataset
II consists of Dataset I and candlestick chart patterns (as described in Table S.V.1).

c The risk-adjusted annualized excess return is the ratio of the annualized excess return over the
annualized standard deviation.
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S.V Financial Variables, Technical Indicators, and Price Patterns

Table S.V.1: List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

Dividend-price ratio
(dp)

* The ratio of the dividend in a quarter released
on/before a specific date over the closing stock
price on that date

Campbell and Shiller (1988a,b)

Logarithmic daily
trading volume (vol)

* The number of shares traded in a given day.
Volume indicates the amount of interest the
traders put in a particular security. Volume is
also used to measure liquidity

Conrad et al. (1994); Avramov
et al. (2006)

The 3-month T-Bill
rate (T-bill)

* The market yield on U.S. treasury securities
at 3-month constant maturity (often used as a
proxy for the short-term risk-free rate). Source:
https://fred.stlouisfed.org

Spiro (1990); Bessembinder (2018)

ICE BofA US
corporate bond total
return index
(corp_bond_ind)

* This index tracks the performance of US
dollar denominated investment grade rated
corporate debt publicly issued in the U.S.
market. Source: https://fred.stlouisfed.org

Baele et al. (2010); Connolly et al.
(2005); Campbell et al. (1993)

Term spread (ts)

* The yield of the 10-year Treasury note minus
the yield of the 3-month Treasury bill. In Fama
and French (1989), ts [defined as the difference
between the yield on an Aaa bond portfolio
and the one-month Treasury bill rate] can track
the business cycle. Source:
https://fred.stlouisfed.org

Fama and French (1989)

S&P 500 earnings per
share (eps)

* The aggregate net profit of companies listed
in the index divided by the number of common
shares outstanding. Source:
https://data.nasdaq.com

Campbell and Shiller (1988b);
Lamont (1998)

Default spread (df )

* The Baa corporate bond yield minus the
yield of 10-Year Treasury note. In Fama and
French (1989), df is measured by the
difference between the Baa and Aaa corporate
bond yields. Source: https://fred.stlouisfed.org

Fama and French (1989)

The 10-Year breakeven
inflation rate (inflation)

* The current value of inflation indicates what
market participants expect inflation to be in the
next 10 years, on average. Equity markets tend
to underperform when the expected inflation is
high. Source: https://fred.stlouisfed.org

Fama (1981); Bekaert and
Engstrom (2010); Wang (2010)

Continued on next page
a These predictors have been used by many authors. So, it is not possible to list all of the works here. We could

only give a few examples.
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

Bollinger bands
(bbands)

* The bbands at the current time are defined as:
LowerBand :=
SMAT (TP )− 2SMSDEV (TP ) and
UpperBand :=
SMAT (TP ) + 2SMSDEVT (TP ), where TP
is the typical current price (i.e., the average of
the current low, high, and closing prices), and
SMAT and SMSDEVT are the T -day simple
MA and standard deviations respectively. A
buy signal (+1) is generated when the current
daily closing price crosses the lower band from
above. A sell signal (-1) is generated when this
price crosses the upper band from below

Bollinger (2001) and Colby (2002,
p. 114)

Exponential MA
(EMA)

* The current EMA is the discount sum of T
observations available up to this point in time
where the past observations have a diminishing
contribution to the sum while the more recent
ones have a greater contribution. EMA can
smooth out the price of a stock to reveal its
underlying local trend

Brock et al. (1992) and Colby
(2002, p. 261)

Double EMA (DEMA)

* The current DEMA is a linear combination of
a single EMA using the most recent T
observations and a double EMA to produce
another EMA with less lag than the original
EMAs:
DEMAT := 2EMAT − EMAT (EMAT )

Mulloy (1994)

Triple EMA (TEMA)

* The current TEMA is a trend-following
indicator, which is a linear combination of a
single EMA using the most recent T
observations, a double EMA, and a triple
EMA: TEMAT :=
3EMAT − 3DEMAT + EMAT (DEMAT )

Mulloy (1994)

Kaufman adaptive MA
(KAMA)

* Like EMA and DEMA, KAMA is another
trend-following indicator, but it accounts for
both the noise in and the moving direction of
price. KAMA uses a fast EMA trend during a
low-noise period and a slower EMA trend
during a high-noise period. KAMA is
calculated using the most recent T closing
prices

Kaufman (2019, ch. 17)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

Parabolic stop and
reverse (SAR)

* SAR is a trend-following indicator, which
can be used to determine exit and entry points
based on the current open/closing prices of an
asset. For example, if the current price cross
the SAR curve, then exit the market. SAR is
also determined by the most recent T closing
prices

Wilder (1978, p. 9)

Average directional
movement index
(ADX)

* ADX is a filtered momentum indicator (a
high number implies the existence of a strong
trend while a low number suggests the
existence of a weak trend). ADX is calculated
using the most recent T closing prices. ADXR
is the range of ADX

Hsu et al. (2016); Wilder (1978, p.
35)

Absolute price
oscillator (APO)

* APO is the percentage difference between a
shorter and a longer MA. Thus, APO is
determined by the lengths of these two MAs. A
buy signal is generated when the APO crosses
above zero, and a sell signal is generated when
the APO crosses below zero

Colby (2002, p. 538)

The Aroon indicator
(Aroon)

* Aroon is used to discover a new trend
coming. When this indicator consists of two
lines (UP and DOWN). The UP between 70
and 100 suggests an upward trend. The DOWN
between 70 and 100 suggests a downward
trend. A buy signal is generated when the UP
crosses the DOWN from below while a sell
signal is generated when the UP crosses the
DOWN from above

Chande (1995); Colby (2002, p.
102)

The Aroon oscillator
(Aroonosc)

* The difference between the Aroon UP and
the Aroon DOWN. A high value of Aroonosc
suggests a strong upward trend while a low
value indicates a strong downward trend

Chande (1995); Colby (2002, p.
102)

The balance of power
indicator (BOP)

* BOP measures the strength of a price trend.
BOP varies in between [-1, 1], where positive
values indicate strong buying pressure and
negative values suggest strong selling pressure.
The current BOP is calculated as
BOPT := MAT

(closing price - open price
high price - low price

)
,

where MAT is the moving average of the most
recent T observations of daily prices

Worden (1950)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The commodity
channel index (CCI)

* CCI is used to early detect the beginning and
the end of price trends. CCI values outside
[-100, 100] suggest overbought/oversold
conditions. the current CCI is calculated from
the past T observations

Colby (2002, p. 155); Schlossberg
(2006, p. 91)

The Chande
momentum oscillator
(CMO)

* The current CMO is the ratio of the net
movement over the total movement of stock
prices over the last T periods:
CMOT := upsT−downsT

upsT+downsT
, where upsT and

downsT are the numbers of up and down
movements respectively over the last T periods

Anghel (2021); Chande and Kroll
(1994, p. 94)

Moving average con-
vergence/divergence
(MACD)

* MACD is the difference between two EMAs
(say, a short EMA of length T/2 minus a long
EMA of length T as defined in this paper), and
the signal line is the EMA [of length T/3] of
the MACD. High values of the MACD indicate
overbought conditions while low values
suggest oversold conditions. A buy signal is
generated when the MACD line crosses the
signal line from below, and a sell signal is
generated when the MACD line crosses the
signal line from above

Colby (2002, p. 412)

Money flow index
(MFI)

* The current MFI approximates the ratio of
money flowing into and out of a stock over the
last T periods. Money flow is measured by the
product of typical price and volume. MFI
values fall in between 0 and 100 (MFI above
80/below 20 indicates market top/bottom
respectively)

Achelis (2001); Yen and Hsu
(2010)

Directional movement
indices (DM)

* The plus DM (+DM) is the percentage of the
true range (TR) smoothed over the last T
periods that is up (TR is defined as the largest
value of: high price - low price, high price - the
previous period’s closing price, and the
previous period’s closing price - low price).
The minus DM (-DM) is the percentage of the
smoothed TR that is down. A buy signal is
generated when the +DM crosses the -DM
from below while a sell signal is generated
when the -DM crosses the +DM from below

Colby (2002, p. 212)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

Momentum (MOM)

* MOM measures the acceleration and
deceleration of prices (the current MOM is the
current closing price minus the closing price T
periods ago)

Colby (2002, p. 400); Jegadeesh
and Titman (1993)

Percentage price
oscillator (PPO)

* PPO is the percentage difference between a
long MA of length T and a short MA of length
T/2

Colby (2002, p. 538)

Rate of change (ROC)
* The current ROC is the percentage difference
between the current closing price and the
closing price T periods ago

Colby (2002, p. 596)

Relative strength index
(RSI)

* RSI is the ratio of the EMA of T -period
gains divided by the absolute value of the
EMA of T -period losses. RSI values fall in
between 0 and 100. The RSI generates
overbought / oversold signals when its value is
over 70 / below 30 respectively

Levy (1967); Wilder (1978, p. 63)

Stochastic oscillator
(STOCH)

* STOCH compares a stock’s closing price
with its price range over T periods. STOCH
has two main lines: the first line is defined as
FASTKt :=

Pt−Pmin

Pmax−Pmin
, where Pt is today’s

closing price, and Pmin / Pmax is the lowest /
highest closing price over the last T periods
respectively. The second line is just the MA of
FASTKt over the last T periods. A buy / sell
signal is generated when FASTK rises above
/ below its MA

Achelis (2001); Lane (1984)

Stochastic RSI
(STOCHRSI)

* STOCHRSI is the stochastic oscillator
applied to a set of relative strength indices
instead of closing price data

Chande and Kroll (1994, p. 119)

1-day ROC of a triple
smooth EMA (TRIX)

* The current TRIX is the percent rate of
change of a triple EMA of the last T periods’
closing prices. TRIX oscillates around zero (a
buy/sell signal can be generated when the
TRIX cross above/below zero)

Colby (2002, p. 702); Hutson
(1983)

Ultimate oscillator
(ULTOSC)

* ULTOSC is a time-weighted momentum
oscillator. ULTOSC values range from zero to
100 (values over 70 indicate overbought
conditions while values under 30 indicate
oversold conditions)

Colby (2002, p. 715); Williams
(1985)

Williams’ percent
range (WILLR)

* WILLR is an inverse of STOCH with its
values ranging from zero to 100 (values below
20 indicate overbought conditions while values
above 80 indicate oversold conditions)

Achelis (2001); Williams (1985)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Chaikin accumula-
tion/distribution line
(AD)

* AD is a volume indicator used to monitor the
flow of trading volume into and out of the
market. Buy/sell signals can be generated by
comparing this flow to price action. The
formula of AD is
ADt := ADt−1 + volt

(
(Pt−PLt)−(PHt−Pt)

PHt−PLt

)
,

where Pt, PLt, and PHt are the closing, low,
and high prices at time t

Colby (2002, p. 752); Meliones
and Makrides (2019)

the Chaikin AD
oscillator (ADOSC)

* ADOSC is the difference between a
T/2-period long EMA and a T -period long
EMA of AD. A buy signal is initiated when the
ADOSC rises while in a negative territory and
the current price is above its 90-day MA. A sell
signal is initiated when the ADOSC declines
while in a positive territory and the current
price is below its 90-day MA

Colby (2002, p. 752); Meliones
and Makrides (2019)

On balance volume
(OBV)

* OBV is the cumulative total of volume
relative to price change. This indicator shows if
trading volume is flowing into or out of a stock

Gerritsen et al. (2020); Granville
(1976)

Average true range
(ATR)

* ATR is simply the T -period long MA of the
True Range (TR). The TR is the largest value
of PH − PL, PH − P−1, and P−1 − PL,
where PH / PL are the high / low price of the
current period and P−1 is the closing price of
the previous period. ATR measures the
volatility of a stock (high / low ATR values
suggest high / low volatility)

Gustafson (2001); Wilder (1978, p.
21)

The Hilbert transform -
dominant cycle period
(HT_DCPERIOD)

* HT_DCPERIOD is used to detect price
trends, cycles, and even volatility. This
technical indicator is constructed by employing
the Hilbert transform in digital signal
processing

Ehlers (2001, ch. 6); Kablan and
Ng (2010)

The Hilbert transform -
dominant cycle phase
(HT_DCPHA)

* HT_DCPHA is used to detect price trends,
cycles, and even volatility. This technical
indicator is constructed by employing the
Hilbert transform in digital signal processing

Ehlers (2001, ch. 6); Kablan and
Ng (2010)

The Hilbert Transform
- phasor components
(HT_PHA)

* HT_PHA provides the phasor components of
price cycles

Ehlers (2001, ch. 6); Kablan and
Ng (2010)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Hilbert Transform
- SineWave (HT_SINE)

* HT_SINE produces a sine wave plot of stock
prices used to distinguish between cyclical and
trending price activity

Ehlers (2001, ch. 6); Kablan and
Ng (2010)

Hilbert Transform
Trendline
(HT_TRENDLINE)

* A trendline of high/low price constructed by
signal processing so as to minimize noise

Ehlers (2001, ch. 6)

The Hilbert Transform
- trend vs cycle mode
(HT_TREND)

* HT_TREND indicates if a price movement is
a part of a trend or a cycle

Ehlers (2001, ch. 11); Kablan and
Ng (2010)

Moving standard
deviation (MSTDDEV)

* MSTDDEV is a conventional measure of
volatility

Achelis (2001)

The Two Crows pattern
(2CROWS)

* 2CROWS predicts that price may drop after
advancing during the previous day:b

Bulkowski (2008, p. 853)

The Three Black
Crows pattern
(3BLACKCROWS)

* 3BLACKCROWS predicts that the up trend
may reverse pretty rapidly. The performance
rank of this pattern is 3 (out of 103 candles).
Thus, it is one of the best candlestick charts:

Bulkowski (2008, p. 728)

The Three Inside Down
pattern
(3INSIDEDOWN)

* 3INSIDEDOWN predicts that price may
reverse after a rally on the first day. This
candle appears often in a bear market. The
performance rank is 53 (out of 103): Bulkowski (2008, p. 738)

Continued on next page

b A white candlestick is defined as Low Price

High Price

Open Price

Close Price

while a black candlestick is defined as Low Price

High Price

Close Price

Open Price

S-16



Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Three Inside UP
pattern (3INSIDEUP)

* 3INSIDEUP predicts that price may go up
after a down day. This candle also appears
often in a bear market. The performance rank
is 20 (out of 103): Bulkowski (2008, p. 747)

The Three Stars in the
South pattern
(3STARSINSOUTH)

* 3STARSINSOUTH predicts that the bear
market will end in a few days and the bull
market will start. This candle is quite rare in
stocks. The performance rank is 103 (out of
103): Bulkowski (2008, p. 747)

The Three Advancing
White Soldiers pattern
(3WHITESOLDIERS)

* 3WHITESOLDIERS predicts that price will
close higher each day in the next three days.
This candle appears often in a bear market.
The performance rank is 32 (out of 103):

Bulkowski (2008, p. 794)

The Abandoned Baby
(Bearish) pattern
(ABANDONEDBABY-
BEAR)

* ABANDONEDBABYBEAR predicts that
price will go down in a bull market and
continue going up in a bear market. This
candle is quite rare in stocks. The overall
performance rank is 64 (out of 103): Bulkowski (2008, p. 70)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Abandoned Baby
(Bullish) pattern
(ABANDONEDBABY-
BULL)

* ABANDONEDBABYBULL predicts that
price will go up 70% of the time during a bull
market. The performance rank is 9 (out of
103): Bulkowski (2008, p. 80)

The Advance Block
pattern
(ADVANCEBLOCK)

* ADVANCEBLOCK predicts that price will
continue to rise possibly at a slower speed.
There may be some chance of reversal in the
next few days. This candle appears more often
in a bear market. The performance rank is 54
(out of 103): Bulkowski (2008, p. 98)

The Belt-hold
(Bearish) pattern
(BELTHOLDBEAR)

* BELTHOLDBEAR predicts that an upward
trend may reverse in the next few days. This
candle appears very often. The performance
rank is 63 (out of 103): Bulkowski (2008, p. 118)

The Belt-hold (Bullish)
pattern
(BELTHOLDBULL)

* BELTHOLDBULL predicts that price will
break out upward from an on-going down
trend. This candle appears most often in a bull
market. The performance rank is 62 (out of
103):

Bulkowski (2008, p. 128)

The Breakaway
(Bearish) pattern
(BREAKAWAYBEAR)

* BREAKAWAYBEAR predicts that price will
reverse from an on-going upward trend, mostly
during a bear market. This candle is quite rare
in stocks. The overall performance rank is 11
(out of 103): Bulkowski (2008, p. 137)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Breakaway (Bull)
pattern
(BREAKAWAYBULL)

* BREAKAWAYBULL predicts that price will
break out (upward) from an on-going
downward trend, mostly during a bear market.
The performance rank is 45 (out of 103):

Bulkowski (2008, p. 141)

The Closing Marubozu
pattern (CLOSING-
MARUBOZU)

* CLOSINGMARUBOZU is a continuation
pattern, which suggests that a downward /
upward trend will continue if the candle is

black or white

Bulkowski (2008, pp. 504 - 551)

The Concealing Baby
Swallow pattern (CON-
CEALBABYSWALL)

* CONCEALBABYSWALL predicts that a
downward trend will continue, mostly during a
bull market. This candle is quite rare. Its
performance in a bull market ranks third.
However, the overall performance is not quite
impressive (it ranks 101 out of 103):

Bulkowski (2008, p. 178)

The Counterattack
(Bearish) pattern
(COUNTERATTACK-
BEAR)

* COUNTERATTACKBEAR predicts that an
upward trend will continue around 50% of the
time. The performance rank is 16 (out of 103):

Bulkowski (2008, p. 570)

The Counterattack
(Bullish) pattern
(COUNTERATTACK-
BULL)

* COUNTERATTACKBULL predicts that a
downward trend will continue around 50% of
the time. The performance rank is 18 (out of
103):

Bulkowski (2008, p. 579)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Dark Cloud Cover
pattern (DARK-
CLOUDCOVER)

* DARKCLOUDCOVER predicts the reversal
of an upward trend over 60% of the time. This
candle appears most often in a bull market.
The performance rank is 22 (out of 103): Bulkowski (2008, p. 182)

The Doji Star pattern
(DOJISTAR)

* The Bearish DOJISTAR predicts that an
upward trend will continue above 67% of the
time; the overall performance rank of this
pattern is 51 (out of 103). The Bullish

DOJISTAR predicts that a downward trend

will continue above 60% of the time; the
overall performance rank of this pattern is 49
(out of 103)

Bulkowski (2008, pp. 266 - 284)

The Dragonfly Doji
pattern
(DRAGONFLYDOJI)

* DRAGONFLYDOJI predicts the reversal /
continuation of a trend in a bull / bear market
around 50% of the time. The performance rank
is 98 (out of 103)

Bulkowski (2008, p. 202)

The Engulfing pattern
(ENGULFING)

* The Bearish ENGULFING predicts that

price will go down in the next few days; this
candle appears quite often in stocks; the overall
performance rank is 91 (out of 103). The

Bullish ENGULFING predicts that price

will go up in the next few days; this candle
appears rather frequently in a bear market; the
performance rank is 84 (out of 103)

Bulkowski (2008, pp. 308 - 325)

The Evening Doji Star
pattern
(EVENINGDOJISTAR)

* EVENINGDOJISTAR predicts the reversal
of an upward trend. This candle appears most
often in a bull market. The performance rank is
30 (out of 103): Bulkowski (2008, p. 326)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Evening Star
pattern
(EVENINGSTAR)

* EVENINGSTAR predicts the reversal of an
upward trend over 70% of the time. This
candle appears most often in a bear market.
The performance rank is 4 (out of 103): Bulkowski (2008, p. 335)

The Up-gap
Side-by-Side White
Lines pattern (UP-
GAPSIDESIDEWHITE)

* UP-GAPSIDESIDEWHITE predicts the
continuation of an upward trend. This candle is
quite rare and is more likely to appear in a bull
market. The performance rank is 46 (out of
103): Bulkowski (2008, p. 685)

The Down-gap
Side-by-Side White
Lines pattern (DOWN-
GAPSIDESIDEWHITE)

* DOWN-GAPSIDESIDEWHITE predicts the
continuation of a downward trend. This candle
is quite rare and is more likely to appear in a
bull market. The performance rank is 29 (out
of 103): Bulkowski (2008, p. 676)

The Gravestone Doji
pattern
(GRAVESTONEDOJI)

* GRAVESTONEDOJI predicts that the
reversal of an upward trend next day. This
cadle is quite common, but its overall
performance is random (which ranks 77 out of
103)

Bulkowski (2008, p. 230)

The Hammer pattern
(HAMMER)

* HAMMER predicts the reversal of a severe
downtrend. This candle appears very often.
The performance rank is 65 (out of 103)

Bulkowski (2008, p. 348)

The Hanging Man
pattern
(HANGINGMAN)

* HANGINGMAN predicts the continuation
of a strong upward trend. This candle appears
very often, mostly in a bear market. The
performance rank is 87 (out of 103)

Bulkowski (2008, p. 365)

Continued on next page

S-21



Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Bearish Harami
pattern
(HARAMIBEAR)

* HARAMIBEAR predicts the
continuation / reversal of an upward trend in a
bull / bear market. This candle appears quite
often, particularly in a bear market. The
performance rank is 72 (out of 103)

Bulkowski (2008, p. 374)

The Bullish Harami
pattern
(HARAMIBULL)

* HARAMIBULL predicts the reversal of a
downward trend about 50% of the time. This
candle appears quite often, particularly in a
bear market. The overall performance rank is
38 (out of 103)

Bulkowski (2008, p. 383)

The Harami Cross
pattern
(HARAMICROSS)

* HARAMICROSS (Bearish) predicts the
continuation of an upward trend over 50% of

the time while HARAMICROSS (Bullish)
predicts the continuation of a downward trend
over 50% of the time. These candles appear
often in stocks. The performance ranks of
HARAMICROSS (Bearish) and
HARAMICROSS (Bullish) are 80 and 50 (out
of 103) respectively

Bulkowski (2008, pp. 392 - 408)

The High-Wave Candle
pattern (HIGHWAVE)

* HIGHWAVE predicts a trend reversal. This

candle appears more often in a bear market
than in a bull market. The overall performance
rank is 67 (out of 103)

Bulkowski (2008, p. 409)

The Bullish Hikkake
pattern
(HIKKAKEBULL)

* HIKKAKEBULL predicts the continuation
of an upward trend above 50% of the time.
This candle appears very often in stocks. The
overall performance rank is about 80 (out of
105):

Chesler (2004b,a)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Bearish Hikkake
pattern
(HIKKAKEBEAR)

* HIKKAKEBEAR predicts the continuation
of a downward trend above 50% of the time.
This candle appears very often in stocks. The
overall performance rank is about 80 (out of
105): Chesler (2004b,a)

The Homing Pigeon
pattern
(HOMINGPIGEON)

* HOMINGPIGEON predicts the
continuation of a downward trend over 50% of
the time. This candle appears most often in a
bull market. The performance rank is 21 (out
of 103)

Bulkowski (2008, p. 418)

The Identical Three
Crows pattern
(IDENTICAL3CROWS)

* IDENTICAL3CROWS predicts the reversal
of an upward trend. This candle is quite rare.
The overall performance rank is 24 (out of
103): Bulkowski (2008, p. 427)

The In-Neck pattern
(INNECK)

* INNECK predicts the continuation of a

downward trend. This candle is somewhat rare
(it mostly appears in a bear market.) The
overall performance rank is 17 (out of 103)

Bulkowski (2008, p. 436)

The Kicking pattern
(KICKING)

* KICKING (Bearish) predicts the reversal

of an upward trend in a bull market while it
predicts the continuation of a downward trend
in a bear market; this candle is quite rare and it
performs a little better than a random guess.
KICKING (Bullish) predicts the reversal of

a downward trend next day; this candle appears
a little more often than KICKING (Bearish)
and it performs a little better than a random
guess

Bulkowski (2008, pp. 444 - 458)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Inverted Hammer
pattern (INVERTED-
HAMMER)

* INVERTEDHAMMER predicts the
continuation of a downward trend over 65% of
the time. The performance rank is 6 (out of
103)

Bulkowski (2008, p. 356)

The Ladder Bottom
pattern
(LADDERBOTTOM)

* LADDERBOTTOM predicts the reversal of a
downward trend in a bear market while it
predicts the continuation of an upward trend in
a bull market. This candle appears most often
in a bull market. The overall performance rank
is 41 (out of 103):

Bulkowski (2008, p. 459)

The Long Legged Doji
pattern (LONG-
LEGGEDDOJI)

* LONGLEGGEDDOJI predicts the

continuation of an upward trend in a bull
market while it predicts the reversal of a
downward trend in a bear market. This pattern
is very common in stocks. The overall
performance rank is 37 (out of 103)

Bulkowski (2008, p. 239)

The Marubozu pattern
(MARUBOZU)

* MARUBOZU or or or or or
predicts that the price trend will continue. This
candle appears often in stocks. However, its
overall performance rank is quite modest

Bulkowski (2008, pp. 504 - 551)

The Matching Low
pattern
(MATCHINGLOW)

* MATCHINGLOW predicts that the
downward trend will continue over 60% of the
time. The performance rank is 8 (out of 103)

Bulkowski (2008, pp. 561)

The Mat Hold pattern
(MATHOLD)

* MATHOLD predicts the continuation of an
upward trend over 65% of the time. This
candle is quite rare. The performance rank is
86 (out of 103):

Bulkowski (2008, p. 552)

Continued on next page

S-24



Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Morning Doji Star
pattern (MORNING-
DOJISTAR)

* MORNINGDOJISTAR predicts the
reversal of a downward trend over 70% of the
time. This candle is quite rare in stocks. The
performance rank is 25 (out of 103)

Bulkowski (2008, p. 588)

The Morning Star
pattern
(MORNINGSTAR)

* MORNINGSTAR predicts the reversal
of a downward trend over 65% of the time.
This candle appears often in a bear market.
The performance rank is 12 (out of 103)

Bulkowski (2008, p. 598)

The On-Neck pattern
(ONNECK)

* ONNECK predicts the continuation of a
downward trend about 55% of the time. This
candle is somewhat rare in stocks. The
performance rank is 33 (out of 103)

Bulkowski (2008, p. 607)

The Piercing pattern
(PIERCING)

* PIERCING predicts the reversal of a
downward trend over 60% of the time. This
candle appears most often in a bear market.
The performance rank is 13 (out of 103)

Bulkowski (2008, p. 616)

The Rickshaw Man
pattern
(RICKSHAWMAN)

* RICKSHAWMAN predicts that the price
trend will continue / reverse in a bull / bear
market. This candle appears very frequently in
stocks. The performance rank is 35 (out of
103)

Bulkowski (2008, p. 625)

The Falling Three
Methods pattern
(FALL3METHODS)

* FALL3METHODS predicts the continuation
of a downward trend over 65% of the time.
This candle is quite rare. The overall
performance rank is 89 (out of 103): Bulkowski (2008, p. 344)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Rising Three
Methods pattern
(RISE3METHODS)

* RISE3METHODS predicts the continuation
of an upward trend over 70% of the time. This
candle is quite rare, but it functions well as a
continuation pattern. The overall performance
rank is 94 (out of 103): Bulkowski (2008, p. 633)

The Separating Lines
pattern
(SEPARATINGLINES)

* SEPARATINGLINES (Bearish) predicts
the continuation of a downward trend over
60% of the time; and this candle has the
performance rank of 40 (out of 103).

SEPARATINGLINES (Bullish) predicts
that price will continue to go up over 65% of
the time; and this candle has the performance
rank of 36 (out of 103)

Bulkowski (2008, pp. 642 - 659)

The Shooting Star
pattern
(SHOOTINGSTAR)

* SHOOTINGSTAR predicts the
continuation of an upward trend about 60% of
the time. This candle often appears in a bull
market. The performance rank is 52 (out of
103)

Bulkowski (2008, p. 668)

The Spinning Top
pattern
(SPINNINGTOP)

* SPINNINGTOP or predicts that the price

trend will reverse about 50% of the time. This
candle is very common in stocks. The
performance rank is about 70 (out of 103)

Bulkowski (2008, pp. 694 - 709)

The Stalled pattern
(STALLEDPATTERN)

* STALLEDPATTERN predicts the
continuation of an upward trend over 75% of
the time. This candle appears more often in a
bear market. The performance rank is 93 (out
of 103): Bulkowski (2008, p. 191)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Stick Sandwich
pattern
(STICKSANDWICH)

* STICKSANDWICH predicts that price will
continue to go lower over 60% of the time.
This candle appears mostly in a bull market.
The overall performance rank is 14 (out of
103):

Bulkowski (2008, p. 710)

The Takuri pattern
(TAKURI)

* TAKURI predicts the reversal of a

downward trend over 60% of the time. This
candle appears quite frequently, especially in a
bear market. The performance rank is 47 (out
of 103)

Bulkowski (2008, p. 720)

The Tasuki Gap pattern
(TASUKIGAP)

* TASUKIGAP predicts that price will
continue to go higher over 50% of the time.
The overall performance rank is 5 (out of 103):

Bulkowski (2008, p. 888)

The Thrusting pattern
(THRUSTING)

* THRUSTING predicts the reversal of a

downward trend over 55% of the time. This
candle is quite rare in stocks. The performance
rank is 15 (out of 103)

Bulkowski (2008, p. 803)

The Tristar pattern
(TRISTAR)

* TRISTAR (Bearish) predicts the
reversal of an upward trend aver 50% of the
time while TRISTAR (Bullish) predicts
the reversal of a downward trend over 55% of
the time. This candle is rare in stocks. The
performance rank of the bearish candle is 76
while that of the bullish candle is 28 (out of
103)

Bulkowski (2008, pp. 812 - 828)

The Unique 3 River
pattern
(UNIQUE3RIVER)

* UNIQUE3RIVER predicts that price will
continue to go lower over 55% of the time.
This candle appears most often in a bear
market. The overall performance rank is 60
(out of 103): Bulkowski (2008, p. 861)

Continued on next page
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Table S.V.1 (continued): List of predictors for the total return of SPY

Variable and technical
indicator/pattern

Description Some referencesa

The Upside Gap Two
Crows pattern (UP-
SIDEGAP2CROWS)

* UPSIDEGAP2CROWS predicts that price
will continue to go higher over 50% of the
time. This candle is quite rare in stocks. The
overall performance rank is 74 (out of 103): Bulkowski (2008, p. 879)

The Downside Gap
Three Methods pattern
(DOWN-
GAP3METHODS)

* DOWNGAP3METHODS predicts the
reversal of a downward trend about 60% of the
time. This candle appears more often in a bear
market. The performance rank is 26 (out of
103): Bulkowski (2008, p. 289)

The Upside Gap Three
Methods pattern
(UPGAP3METHODS)

* UPGAP3METHODS predicts the reversal of
an upward trend over 59% of the time. This
candle also appears more often in a bear
market. The performance rank is 27 (out of
103): Bulkowski (2008, p. 870)
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S.VI Performance of the Trading Strategy across Scoring Func-
tions

Figure S.VI.1: The Sharpe ratios of 1718 trading sessions with the fixed transaction cost strategy
investing in SPY for 100 days based on one-day ahead forecasts by the LGBM models cross-validated
with seven different scoring functions

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1
in the main text).

S-29



Figure S.VI.2: The Sharpe ratios of 1618 trading sessions with the fixed transaction cost strategy
investing in SPY for 200 days based on one-day ahead forecasts by the LGBM models cross-validated
with seven different scoring functions

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VI.3: Morningstar’s risk-adjusted ratings of 1718 trading sessions with the fixed transaction
cost strategy investing in SPY for 100 days based on one-day ahead forecasts by the LGBM models
cross-validated with seven different scoring functions

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VI.4: Morningstar’s risk-adjusted ratings of 1618 trading sessions with the fixed transaction
cost strategy investing in SPY for 200 days based on one-day ahead forecasts by the LGBM models
cross-validated with seven different scoring functions

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VI.5: The percentages of winning trades of 1718 trading sessions with the fixed transaction
cost strategy investing in SPY for 100 days based on one-day ahead forecasts by the LGBM models
cross-validated with seven different scoring functions

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VI.6: The percentages of winning trades of 1618 trading sessions with the fixed transaction
cost strategy investing in SPY for 200 days based on one-day ahead forecasts by the LGBM models
cross-validated with seven different scoring functions

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VI.7: The Sharpe ratios of trading sessions with the fixed transaction cost strategy investing in
SPY based on one-day ahead forecasts by the RF models cross-validated with seven different scoring
functions

(a) Holding period (D): 100 days

(b) Holding period (D): 200 days

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
iii There are 1718 possible trading sessions of length 100 days or 1618 possible trading sessions of

length 200 days.
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Figure S.VI.8: Morningstar’s risk-adjusted ratings of trading sessions with the fixed transaction cost
strategy investing in SPY based on one-day ahead forecasts by the RF models cross-validated with
seven different scoring functions

(a) Holding period (D): 100 days

(b) Holding period (D): 200 days

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
iii There are 1718 possible trading sessions of length 100 days or 1618 possible trading sessions of

length 200 days.
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Figure S.VI.9: The percentages of winning trades of trading sessions with the fixed transaction cost
strategy investing in SPY based on one-day ahead forecasts by the RF models cross-validated with
seven different scoring functions

(a) Holding period (D): 100 days

(b) Holding period (D): 200 days

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
iii There are 1718 possible trading sessions of length 100 days or 1618 possible trading sessions of

length 200 days.
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S.VII Performance of the Trading Strategy across Loss Functions

Figure S.VII.1: The Sharpe ratios of 1718 trading sessions with the fixed transaction cost strategy
investing in SPY for 100 days based on one-day ahead forecasts by the LGBM models trained with
five different loss functions

(a) AUC score (b) Calmar ratio score

(c) Sharpe ratio score (d) CECPP score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VII.2: The Sharpe ratios of 1618 trading sessions with the fixed transaction cost strategy
investing in SPY for 200 days based on one-day ahead forecasts by the LGBM models trained with
five different loss functions

(a) AUC score (b) Calmar ratio score

(c) Sharpe ratio score (d) CECPP score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VII.3: Morningstar’s risk-adjusted ratings of 1718 trading sessions with the fixed transaction
cost strategy investing in SPY for 100 days based on one-day ahead forecasts by the LGBM models
trained with five different loss functions

(a) AUC score (b) Calmar ratio score

(c) Sharpe ratio score (d) CECPP score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VII.4: Morningstar’s risk-adjusted ratings of 1618 trading sessions with the fixed transaction
cost strategy investing in SPY for 200 days based on one-day ahead forecasts by the LGBM models
trained with five different loss functions

(a) AUC score (b) Calmar ratio score

(c) Sharpe ratio score (d) CECPP score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VII.5: The percentages of winning trades of 1718 trading sessions with the fixed transaction
cost strategy investing in SPY for 100 days based on one-day ahead forecasts by the LGBM models
trained with five different loss functions

(a) AUC score (b) Calmar ratio score

(c) Sharpe ratio score (d) CECPP score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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Figure S.VII.6: The percentages of winning trades of 1618 trading sessions with the fixed transaction
cost strategy investing in SPY for 200 days based on one-day ahead forecasts by the LGBM models
trained with five different loss functions

(a) AUC score (b) Calmar ratio score

(c) Sharpe ratio score (d) CECPP score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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S.VIII Performance of the Trading Strategy for Different Amounts
of Transaction Cost

Figure S.VIII.1: The Sharpe ratios of 1718 trading sessions with the fixed transaction cost strategy
investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model trained using the
data on financial variables and technical indicators (Dataset I ) described in Table S.V.1

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000.
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Figure S.VIII.2: The Sharpe ratios of 1718 trading sessions with the fixed transaction cost strategy
investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model trained using the
data on financial variables, technical indicators, and candlestick chart patterns (Dataset II ) described
in Table S.V.1

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000.
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Figure S.VIII.3: The percentages of winning trades of 1718 trading sessions with the fixed transaction
cost strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model
trained using the data on financial variables and technical indicators (Dataset I ) described in Table
S.V.1

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000.
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Figure S.VIII.4: The percentages of winning trades of 1718 trading sessions with the fixed transaction
cost strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model trained
using the data on financial variables, technical indicators, and candlestick chart patterns (Dataset II )
described in Table S.V.1

(a) CE loss (b) Brier loss

(c) Boost loss (d) As1 loss

(e) As2 loss

i The initial endowment is $1000.
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Figure S.VIII.5: The Sharpe ratios of trading sessions with the fixed transaction cost strategy investing
in SPY based on one-day ahead forecasts by RF models cross-validated with seven different scoring
functions for two different sets of predictors

(a) Dataset I: Holding period (D) = 100 days (b) Dataset I: Holding period (D) = 200 days

(c) Dataset II: Holding period (D) = 100 days (d) Dataset II: Holding period (D) = 200 days

i Dataset I comprises of the financial variables and technical indicators while Dataset II contains
both Dataset I and the candlestick chart (price) patterns as described in Table S.V.1.

ii The initial endowment is $1000.
iii There are 1718 possible trading sessions of length 100 days or 1618 possible trading sessions of

length 200 days.
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Figure S.VIII.6: The percentages of winning trades of trading sessions with the fixed transaction cost
strategy investing in SPY based on one-day ahead forecasts by RF models cross-validated with seven
different scoring functions for two different sets of predictors

(a) Dataset I: Holding period (D) = 100 days (b) Dataset I: Holding period (D) = 200 days

(c) Dataset II: Holding period (D) = 100 days (d) Dataset II: Holding period (D) = 200 days

i Dataset I comprises of the financial variables and technical indicators while Dataset II contains
both Dataset I and the candlestick chart (price) patterns as described in Table S.V.1.

ii The initial endowment is $1000.
iii There are 1718 possible trading sessions of length 100 days or 1618 possible trading sessions of

length 200 days.

S-65



Ta
bl

e
S.

V
II

I.7
:

T
he

m
ed

ia
n

(a
nd

IQ
R

)
of

th
e

pe
rc

en
ta

ge
s

of
w

in
ni

ng
tr

ad
es

of
tr

ad
in

g
se

ss
io

ns
w

ith
th

e
fix

ed
tr

an
sa

ct
io

n
co

st
st

ra
te

gy
in

ve
st

in
g

in
SP

Y
ba

se
d

on
on

e-
da

y
ah

ea
d

fo
re

ca
st

s
by

th
e

R
F

m
od

el
s

cr
os

s-
va

lid
at

ed
w

ith
se

ve
n

sc
or

in
g

fu
nc

tio
ns

(i
.e

.,
A

cc
ur

ac
y,

AU
C

,
Sc

hw
ag

er
’s

ga
in

/p
ai

n
ra

tio
,C

al
m

ar
ra

tio
,S

ha
rp

e
ra

tio
,S

or
tin

o
ra

tio
,o

rC
E

C
P

P
)f

or
di

ff
er

en
ta

m
ou

nt
so

ft
ra

ns
ac

tio
n

co
st

ac
ro

ss
va

ri
ou

s
ho

ld
in

g
pe

ri
od

s
(i

n
da

ys
).

T
he

pr
ed

ic
to

rs
us

ed
:fi

na
nc

ia
lv

ar
ia

bl
es

an
d

te
ch

ni
ca

li
nd

ic
at

or
s

(D
at

as
et

I)
de

sc
ri

be
d

in
Ta

bl
e

S.
V.

1

H
ol

di
ng

pe
ri

od
Tr

an
s.

co
st

Sc
or

in
g

fu
nc

tio
n

us
ed

fo
rc

ro
ss

va
lid

at
io

n

A
cc

ur
ac

y
A

U
C

Sc
hw

ag
er

’s
ga

in
/p

ai
n

ra
tio

C
al

m
ar

ra
tio

Sh
ar

pe
ra

tio
So

rt
in

o
ra

tio
C

E
C

PP

10
0

0.
05

0.
56

82
(0

.0
87

3)
0.

56
82

(0
.1

36
4)

0.
56

7
(0

.0
96

)
0.

55
67

(0
.0

71
1)

0.
56

7
(0

.0
91

8)
0.

55
79

(0
.0

88
7)

0.
56

25
(0

.0
74

4)

0.
1

0.
56

82
(0

.0
87

9)
0.

56
67

(0
.1

34
1)

0.
56

7
(0

.0
96

)
0.

55
67

(0
.0

71
1)

0.
56

7
(0

.0
91

8)
0.

55
75

(0
.0

88
7)

0.
56

25
(0

.0
74

4)

0.
5

0.
56

67
(0

.0
86

4)
0.

56
06

(0
.1

34
2)

0.
56

67
(0

.0
83

3)
0.

55
32

(0
.0

79
3)

0.
56

12
(0

.0
87

)
0.

55
67

(0
.0

86
6)

0.
56

12
(0

.0
70

9)

1
0.

56
35

(0
.0

78
5)

0.
55

56
(0

.1
26

3)
0.

56
12

(0
.0

76
3)

0.
55

1
(0

.0
80

7)
0.

56
12

(0
.0

80
5)

0.
54

74
(0

.0
87

2)
0.

55
67

(0
.0

66
3)

5
0.

55
67

(0
.0

87
8)

0.
53

85
(0

.1
26

8)
0.

54
64

(0
.0

79
2)

0.
54

08
(0

.0
84

)
0.

55
1

(0
.0

71
3)

0.
53

76
(0

.0
72

2)
0.

54
17

(0
.0

62
2)

0.
05

0.
57

75
(0

.0
56

6)
0.

59
04

(0
.0

93
3)

0.
57

65
(0

.0
59

3)
0.

56
57

(0
.0

42
2)

0.
57

29
(0

.0
64

)
0.

56
68

(0
.0

61
1)

0.
57

07
(0

.0
51

)

0.
1

0.
57

75
(0

.0
56

2)
0.

58
99

(0
.0

93
1)

0.
57

65
(0

.0
59

3)
0.

56
57

(0
.0

42
2)

0.
57

07
(0

.0
64

6)
0.

56
68

(0
.0

61
1)

0.
57

07
(0

.0
50

8)

0.
5

0.
57

53
(0

.0
57

3)
0.

58
12

(0
.0

90
1)

0.
57

36
(0

.0
56

1)
0.

56
25

(0
.0

41
2)

0.
57

07
(0

.0
63

5)
0.

56
35

(0
.0

51
6)

0.
56

85
(0

.0
44

8)

1
0.

57
26

(0
.0

54
3)

0.
57

41
(0

.0
85

5)
0.

57
07

(0
.0

53
8)

0.
56

06
(0

.0
40

9)
0.

57
07

(0
.0

57
9)

0.
56

35
(0

.0
52

)
0.

56
57

(0
.0

42
)

20
0

5
0.

56
45

(0
.0

60
6)

0.
55

29
(0

.0
94

8)
0.

56
06

(0
.0

42
7)

0.
54

64
(0

.0
51

2)
0.

56
45

(0
.0

44
2)

0.
55

33
(0

.0
47

8)
0.

55
61

(0
.0

39
2)

a
T

he
in

iti
al

en
do

w
m

en
ti

s
$1

00
0.

b
T

he
IQ

R
va

lu
es

ar
e

sh
ow

n
in

pa
re

nt
he

se
s.

c
T

he
re

ar
e

17
18

po
ss

ib
le

tr
ad

in
g

se
ss

io
ns

of
le

ng
th

10
0

da
ys

or
16

18
po

ss
ib

le
tr

ad
in

g
se

ss
io

ns
of

le
ng

th
20

0
da

ys
.

S-66



Ta
bl

e
S.

V
II

I.8
:

T
he

m
ed

ia
n

(a
nd

IQ
R

)
of

th
e

pe
rc

en
ta

ge
s

of
w

in
ni

ng
tr

ad
es

of
tr

ad
in

g
se

ss
io

ns
w

ith
th

e
fix

ed
tr

an
sa

ct
io

n
co

st
st

ra
te

gy
in

ve
st

in
g

in
SP

Y
ba

se
d

on
on

e-
da

y
ah

ea
d

fo
re

ca
st

s
by

th
e

R
F

m
od

el
s

cr
os

s-
va

lid
at

ed
w

ith
se

ve
n

sc
or

in
g

fu
nc

tio
ns

(i
.e

.,
A

cc
ur

ac
y,

AU
C

,
Sc

hw
ag

er
’s

ga
in

/p
ai

n
ra

tio
,

C
al

m
ar

ra
tio

,
Sh

ar
pe

ra
tio

,
So

rt
in

o
ra

tio
,

or
C

E
C

P
P

)
fo

r
di

ff
er

en
t

am
ou

nt
s

of
tr

an
sa

ct
io

n
co

st
ac

ro
ss

va
ri

ou
s

ho
ld

in
g

pe
ri

od
s

(i
n

da
ys

).
T

he
pr

ed
ic

to
rs

us
ed

:
fin

an
ci

al
va

ri
ab

le
s,

te
ch

ni
ca

li
nd

ic
at

or
s,

an
d

ca
nd

le
st

ic
k

ch
ar

tp
at

te
rn

s
(D

at
as

et
II

)d
es

cr
ib

ed
in

Ta
bl

e
S.

V.
1

H
ol

di
ng

pe
ri

od
Tr

an
s.

co
st

Sc
or

in
g

fu
nc

tio
n

us
ed

fo
rc

ro
ss

va
lid

at
io

n

A
cc

ur
ac

y
A

U
C

Sc
hw

ag
er

’s
ga

in
/p

ai
n

ra
tio

C
al

m
ar

ra
tio

Sh
ar

pe
ra

tio
So

rt
in

o
ra

tio
C

E
C

PP

10
0

0.
05

0.
57

14
(0

.0
75

8)
0.

58
28

(0
.1

22
4)

0.
56

7
(0

.0
80

5)
0.

56
12

(0
.0

97
9)

0.
56

7
(0

.0
75

8)
0.

56
18

(0
.0

92
8)

0.
56

7
(0

.0
91

8)

0.
1

0.
57

14
(0

.0
75

8)
0.

58
14

(0
.1

21
7)

0.
56

68
(0

.0
80

5)
0.

56
12

(0
.0

97
7)

0.
56

7
(0

.0
75

8)
0.

56
18

(0
.0

92
8)

0.
56

7
(0

.0
91

8)

0.
5

0.
56

86
(0

.0
77

7)
0.

57
63

(0
.1

12
8)

0.
56

25
(0

.0
77

6)
0.

55
75

(0
.0

94
8)

0.
56

25
(0

.0
76

3)
0.

55
67

(0
.0

86
6)

0.
56

52
(0

.0
94

4)

1
0.

56
7

(0
.0

66
6)

0.
57

3
(0

.1
04

9)
0.

56
12

(0
.0

80
3)

0.
55

67
(0

.0
92

8)
0.

55
91

(0
.0

71
6)

0.
55

21
(0

.0
84

5)
0.

56
12

(0
.0

92
1)

5
0.

55
1

(0
.0

63
5)

0.
54

55
(0

.1
04

9)
0.

55
1

(0
.0

67
2)

0.
54

23
(0

.0
99

7)
0.

54
17

(0
.0

64
)

0.
54

08
(0

.0
77

4)
0.

54
64

(0
.0

66
9)

0.
05

0.
58

24
(0

.0
47

4)
0.

59
22

(0
.1

06
5)

0.
57

22
(0

.0
51

8)
0.

56
63

(0
.0

65
6)

0.
57

36
(0

.0
49

4)
0.

56
57

(0
.0

59
3)

0.
57

36
(0

.0
68

9)

0.
1

0.
58

19
(0

.0
47

4)
0.

59
09

(0
.1

03
)

0.
57

18
(0

.0
51

8)
0.

56
57

(0
.0

64
6)

0.
57

36
(0

.0
49

4)
0.

56
57

(0
.0

59
3)

0.
57

29
(0

.0
68

9)

0.
5

0.
57

89
(0

.0
48

4)
0.

58
56

(0
.0

96
4)

0.
57

07
(0

.0
48

6)
0.

56
41

(0
.0

66
)

0.
56

85
(0

.0
46

3)
0.

56
35

(0
.0

56
3)

0.
56

96
(0

.0
65

2)

1
0.

57
36

(0
.0

44
)

0.
57

8
(0

.0
96

3)
0.

56
84

(0
.0

46
5)

0.
56

35
(0

.0
63

)
0.

56
85

(0
.0

44
4)

0.
56

15
(0

.0
52

8)
0.

56
57

(0
.0

58
8)

20
0

5
0.

56
04

(0
.0

45
)

0.
55

81
(0

.0
85

)
0.

56
25

(0
.0

37
)

0.
55

26
(0

.0
67

4)
0.

55
33

(0
.0

38
1)

0.
55

15
(0

.0
42

5)
0.

55
63

(0
.0

42
8)

a
T

he
in

iti
al

en
do

w
m

en
ti

s
$1

00
0.

b
T

he
IQ

R
va

lu
es

ar
e

sh
ow

n
in

pa
re

nt
he

se
s.

c
T

he
re

ar
e

17
18

po
ss

ib
le

tr
ad

in
g

se
ss

io
ns

of
le

ng
th

10
0

da
ys

or
16

18
po

ss
ib

le
tr

ad
in

g
se

ss
io

ns
of

le
ng

th
20

0
da

ys
.

S-67



S.IX Performance Statistics of the Trading Strategy over Time

Figure S.IX.1: The performance statistics of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model trained
using the data on financial variables and technical indicators (Dataset I ) described in Table S.V.1

(a) Brier loss and CECPP score (b) Brier loss and Sharpe ratio score

(c) As1 loss and CECPP score (d) As1 loss and Sharpe ratio score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii The values of the annualized excess return and Morningstar’s risk-adjusted rating are scaled up ten

times to make them more visible in this box plot.
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Figure S.IX.2: The performance statistics of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model trained
using the data on financial variables, technical indicators, and candlestick chart patterns (Dataset II )
described in Table S.V.1

(a) Brier loss and CECPP score (b) Brier loss and Sharpe ratio score

(c) As1 loss and CECPP score (d) As1 loss and Sharpe ratio score

i The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
ii The values of the annualized excess return and Morningstar’s risk-adjusted rating are scaled up ten

times to make them more visible in this box plot.
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Figure S.IX.3: The performance statistics of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model (trained
with the Brier loss function, then cross-validated with the CECPP scoring function) using the data on
financial variables and technical indicators (Dataset I ) described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of the trading sessions.
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Figure S.IX.4: The performance statistics of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model (trained
with the Brier loss function, then cross-validated with the CECPP scoring function) using the data on
financial variables, technical indicators, and candlestick chart patterns (Dataset II ) described in Table
S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of the trading sessions.
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Figure S.IX.5: The performance statistics of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model (trained
with the As1 loss function, then cross-validated with the Sharpe ratio scoring function) using the data
on financial variables and technical indicators (Dataset I ) described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of the trading sessions.
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Figure S.IX.6: The performance statistics of 1718 trading sessions with the fixed transaction cost
strategy investing in SPY for 100 days based on one-day ahead forecasts by a LGBM model (trained
with the As1 loss function, then cross-validated with the Sharpe ratio scoring function) using the data
on financial variables, technical indicators, and candlestick chart patterns (Dataset II ) described in
Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of the trading sessions.
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Figure S.IX.7: The performance statistics of 1718 trading sessions with the fixed transaction cost strat-
egy investing in SPY for 100 days based on one-day ahead forecasts by a RF model (cross-validated
with the Sharpe ratio scoring function) using the data on financial variables and technical indicators
(Dataset I ) described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of the trading sessions.
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Figure S.IX.8: The performance statistics of 1718 trading sessions with the fixed transaction cost strat-
egy investing in SPY for 100 days based on one-day ahead forecasts by a RF model (cross-validated
with the Sharpe ratio scoring function) using the data on financial variables, technical indicators, and
candlestick chart patterns (Dataset II ) described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of the trading sessions.
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S.X Important Predictors

We study the contribution of each predictor to the performance of our trading strategies across trading
sessions. Figures S.X.1 and S.X.3 show the heat maps (over all rolling windows) of the global Shap-
ley values of top predictors from Dataset I [which are used to produce one-day ahead forecasts of the
moving directions of SPY prices] selected by a LGBM model. This model is trained with either the
Brier or As1 loss function and cross-validated with one of the following four scoring functions: AUC,
Schwager’s gain/pain ratio, Sharpe ratio, and CECPP (where the first is a statistical scoring function
while the last three are economic scoring functions). The top ten predictors are: 1) dividend/price ratio
(dp), 2) term spread (term_spread), 3) Bollinger bands with 14-day MAs (BBANDS_14), 4) 14-day
simple MA (SMA_14), 5) 14-day average directional movement index (ADX_14), 6) 14-day Aroon
oscillator (AROONOSC_14), 7) 14-day MA convergence/divergence (MACD_14), 8) 14-day momen-
tum (MOM_14), 9) 14-day rate of change (ROC_14), 10) the 1-day ROC of a triple smooth 14-day
exponential MA (TRIX_14) and the Chaikin accumulation/distribution line oscillator based on the last
14 days (ADOSC_14). There is a significant amount of evidence documenting the predictive power
of dp and term_spread in the existing literature [see, e.g., Rapach and Zhou (2022)]. While existing
works primarily focus on technical indicators based on MAs of historical prices or trading volumes
[e.g., Brock et al. (1992); Lin (2018)], we find that other technical indicators, such as MOM or ADX,
also have a strong predictability for the direction of aggregate market price movements. Technical
indicators constructed from observations of past 14 days are stronger predictors than those using ob-
servations longer than 14 days (i.e., recent histories are more relevant).

Figures S.X.2 and S.X.4 show the heat maps (over all rolling windows) of the global Shapley val-
ues of top predictors from Dataset II [which are used to produce one-day ahead forecasts of the moving
directions of SPY prices] selected by a LGBM model. This model is trained with either the Brier or
As1 loss function and cross-validated with one of the following four scoring functions: AUC, Schwa-
ger’s gain/pain ratio, Sharpe ratio, and CECPP. The top ten predictors are: 1) dividend/price ratio
(dp), 2) earning per share (EPS), 3) 14-day exponential MA (EMA_14), 4) 14-day parabolic stop and
reverse (SAR_14), 5) 14-day Aroon oscillator (AROONOSC_14), 6) money flow index over the last 14
days (MFI_14), 7) the plus directional movement index over the last 14 days (PLUS_DM_14), 8) the
stochastic relative strength index based on the last 14 days (STOCHRSI_14), 9) the Chaikin accumu-
lation/distribution line oscillator based on the last 14 days (ADOSC_14), 10) the Hilbert transform -
dominant cycle period (HT_DCPERIOD) and the Hilbert transform - sinewave (HT_SINE_UPPER).
Candlestick chart patterns that have some predictability for the price moving direction include: 1)
the three advancing white soldiers pattern (3WHITESOLDIERS), 2) the closing Marubozu pattern
(CLOSING-MARUBOZU), 3) the Doji Star pattern (DOJISTAR), 4) the Up/Down-gap Side-by-Side
White Lines pattern (GAPSIDESIDEWHITE), 5) The Harami Cross pattern (HARAMICROSS), 6) the
Identical Three Crows pattern (IDENTICAL3CROWS), 7) the Ladder Bottom pattern (LADDERBOT-
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TOM), 8) the Mat Hold pattern (MATHOLD), 9) the Rickshaw Man pattern (RICKSHAWMAN), 10)
the Stalled pattern (STALLEDPATTERN), 11) the Tristar pattern (TRISTAR). As suggested in Table
S.V.1, MATHOLD (with the performance rank 86 out of 103) and STALLEDPATTERN (with the per-
formance rank 93 out of 103) are among the best performing candlestick chart patterns suggested in
the literature. We have also obtained same set of top predictors by applying RF [which we do not
report here].

Figure S.X.1: The heat map of the global Shapley values of top predictors (used to forecast one-day
ahead the moving direction of the SPY price) selected by LGBM models trained with the Brier loss
function and cross-validated with four different scoring functions [based on the fixed transaction cost
strategy] for the data on financial variables and technical indicators (Dataset I ) described in Table
S.V.1

(a) AUC score (b) Schwager’s (2012) gain to pain ratio score

(c) Sharpe ratio score (d) CECPP score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The stratified K-Folds cross-validation with the number of folds = 5 is used to cross-validate a

LGBM model.
c The horizonal axis contains the end dates of the rolling windows.
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Figure S.X.2: The heat map of the global Shapley values of top predictors (used to forecast one-day
ahead the moving direction of the SPY price) selected by LGBM models trained with the Brier loss
function and cross-validated with four different scoring functions [based on the fixed transaction cost
strategy] for the data on financial variables, technical indicators, and candlestick chart patterns (Dataset
II ) described in Table S.V.1

(a) AUC score (b) Schwager’s (2012) gain to pain ratio score

(c) Sharpe ratio score (d) CECPP score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The stratified K-Folds cross-validation with the number of folds = 5 is used to cross-validate a

LGBM model.
c The horizonal axis contains the end dates of the rolling windows.
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Figure S.X.3: The heat map of the global Shapley values of top predictors (used to forecast one-day
ahead the moving direction of the SPY price) selected by LGBM models trained with the As1 loss
function and cross-validated with four different scoring functions [based on the fixed transaction cost
strategy] for the data on financial variables and technical indicators (Dataset I ) described in Table
S.V.1

(a) AUC score (b) Schwager’s (2012) gain to pain ratio score

(c) Sharpe ratio score (d) CECPP score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The stratified K-Folds cross-validation with the number of folds = 5 is used to cross-validate a

LGBM model.
c The horizonal axis contains the end dates of the rolling windows.
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Figure S.X.4: The heat map of the global Shapley values of top predictors (used to forecast one-day
ahead the moving direction of the SPY price) selected by LGBM models trained with the As1 loss
function and cross-validated with four different scoring functions [based on the fixed transaction cost
strategy] for the data on financial variables, technical indicators, and candlestick chart patterns (Dataset
II ) described in Table S.V.1

(a) AUC score (b) Schwager’s (2012) gain to pain ratio score

(c) Sharpe ratio score (d) CECPP score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The stratified K-Folds cross-validation with the number of folds = 5 is used to cross-validate a

LGBM model.
c The horizonal axis contains the end dates of the rolling windows.
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Figure S.X.5: The heat map of the global Shapley values of top predictors (used to forecast one-day
ahead the moving direction of the SPY price) selected by RF models cross-validated with four different
scoring functions [based on the fixed transaction cost strategy] for the data on financial variables and
technical indicators (Dataset I ) described in Table S.V.1

(a) AUC score (b) Schwager’s (2012) gain to pain ratio score

(c) Sharpe ratio score (d) CECPP score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The stratified K-Folds cross-validation with the number of folds = 5 is used to cross-validate a

LGBM model.
c The horizonal axis contains the end dates of the rolling windows.
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Figure S.X.6: The heat map of the global Shapley values of top predictors (used to forecast one-day
ahead the moving direction of the SPY price) selected by RF models cross-validated with four different
scoring functions [based on the fixed transaction cost strategy] for the data on financial variables,
technical indicators, and candlestick chart patterns (Dataset II ) described in Table S.V.1

(a) AUC score (b) Schwager’s (2012) gain to pain ratio score

(c) Sharpe ratio score (d) CECPP score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The stratified K-Folds cross-validation with the number of folds = 5 is used to cross-validate a

LGBM model.
c The horizonal axis contains the end dates of the rolling windows.

S.XI Cross-Validation Scores

To examine whether or not the ML algorithms used to predict the moving direction of future prices
overfit on in-sample data, we also report the average values of the scoring functions evaluated with
validation subsamples in every rolling window. A model is overfitting when the average value of
a scoring function evaluated with validation samples is much greater than the value of this scoring
function evaluated with test data and OoS forecasts.
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Figures S.XI.1 and S.XI.2 line-plot the average scoring functions evaluated with validation sub-
samples (namely, the in-sample average scoring function) by a LGBM model trained with the Brier
loss function and cross-validated with the CECPP scoring function (based on the fixed transaction
cost strategy) for Dataset I and Dataset II respectively. First of all, we can notice that the Accuracy
and AUC scores are a little above 50% (which are too low for a model to be considered to overfit the
training data). The in-sample average gain/pain ratio values are well below 2.0, which are comparable
with the OoS values reported in Figures S.IX.3 and S.IX.4. The in-sample average Sharpe ratio and
Sortino ratio values are well below 4.0, which are comparable with the OoS Sharpe ratio and Sortino
ratio values. The in-sample average CECPP values are mostly somewhere in between 0.4 and 0.8,
which are also comparable with the OoS CECPP values.

Reviewing the line plots of the in-sample average scoring functions calculated from RF models
cross-validated with the CECPP scoring function for Dataset I and Dataset II (i.e., Figures S.XI.3 and
S.XI.4), we find no evidence of overfitting for the RF models used to forecast the moving direction of
future price in every trading session.
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Figure S.XI.1: The average scoring functions (based on the fixed transaction cost strategy investing in
SPY) evaluated on forecasts of validation samples made by a LGBM model trained with the Brier loss
function and cross-validated with the CECPP scoring function using the data on financial variables
and technical indicators (Dataset I ) described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of rolling windows.
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Figure S.XI.2: The average scoring functions (based on the fixed transaction cost strategy investing in
SPY) evaluated on forecasts of validation samples made by a LGBM model trained with the Brier loss
function and cross-validated with the CECPP scoring function using the data on financial variables,
technical indicators, and candlestick chart patterns (Dataset II ) described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of rolling windows.
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Figure S.XI.3: The average scoring functions (based on the fixed transaction cost strategy investing
in SPY) evaluated on forecasts of validation samples made by a RF model cross-validated with the
CECPP scoring function using the data on financial variables and technical indicators (Dataset I )
described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of rolling windows.
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Figure S.XI.4: The average scoring functions (based on the fixed transaction cost strategy investing
in SPY) evaluated on forecasts of validation samples made by a RF model cross-validated with the
CECPP scoring function using the data on financial variables, technical indicators, and candlestick
chart patterns (Dataset II ) described in Table S.V.1

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b The horizonal axis contains the end dates of rolling windows.
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S.XII Risk-Adjusted Annualized Excess Returns across Forecast-
ing Horizons

Figure S.XII.1: The annualized excess returns of the fixed transaction cost strategy investing in SPY for
200 days based on multi-horizon forecasts [of price moving directions] by LGBM models trained with
the Brier or As2 loss function and cross-validated with the CECPP or Sharpe ratio scoring functions

(a) Brier loss and CECPP score (b) Brier loss and Sharpe ratio score

(c) As2 loss and CECPP score (d) As2 loss and Sharpe ratio score

a The initial endowment is $1000, and the amount of fixed transaction cost c = $0.05.
b Two sets of predictors are used: Dataset I (including the financial variables and technical indica-

tors) and Dataset II (including Dataset I and candlestick chart patterns as described in Table S.V.1).
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