






is related to volatility, we expect profit in day trading to be the 
result of relatively infrequent trades that are of relatively large 
magnitude and are carried out during the infrequent periods 
of high volatility. If so, we could view positive returns from day 
trading as a tail event during time periods of high volatility 
in an otherwise efficient market. This paper contributes to 
the literature on day trading profitability by studying the 
returns of a day trading strategy for different volatility states. 
As a minor contribution, this paper improves the HLL (2013) 
approach of assessing the returns of the ORB strategy by 
allowing the ORB trader to trade both long and short positions 
and to use stop-loss orders in line with the original ORB 
strategy in Crabel (1990).

Applying technical trading strategies on empirical asset 
prices to assess the returns of a hypothetical trader is nothing 
new (for an overview, see Park and Irwin, 2007). This paper 
refers to technical trading strategies as strategies that are 
based solely on past information, i.e., technical analysis. As 
well as in HLL (2013), the returns of technical trading strategies 
applied intraday are discussed in Marshall et al. (2008b), 
Schulmeister (2009), and Yamamoto (2012). By assessing the 
returns of technical trading strategies, this paper achieves two 
advantages relative to studying individual trading accounts, 
as done in Harris and Schultz (1998), Jordan and Diltz (2003), 
Garvey and Murphy (2005), Linnainmaa (2005), Coval et al. 
(2005), Barber et al. (2006, 2011) and Kuo and Lin (2013). First, 
by assessing the returns of technical trading strategies, we may 
test longer time series than in account studies, thereby avoiding 
possible volatility bias in small samples. Second, we can study 
trading strategies that are specifically used for day trading, 
in contrast to the recorded returns of trading accounts. That 
is because trading accounts may also include trades initiated 
for reasons other than profit, such as consumption, liquidity, 
portfolio rebalancing, diversification, hedging, or tax motives, 
creating potentially noisy estimates (see the discussion in Kuo 
and Lin, 2013). 

This paper recognizes two possible disadvantages when 
assessing the returns of a hypothetical trader using a technical 
trading strategy relative to studying individual trading accounts 
when the strategy is developed by researchers. First, if we want 
to assess the potential returns of actual traders, the strategy 
must be publicly known and used by traders at the time of 
their trading decisions (see the discussion in Coval et al., 2005). 
Assessing the past returns of a strategy developed today tells 
little or nothing of the potential returns of actual traders 
because the strategy is unknown to traders at the time of their 
trading decisions. This paper avoids this problem by simulating 
the ORB strategy returns using data from January 1, 1991, and 
onward, after the first publication in Crabel (1990). Second, even 
if the strategy has been used among traders, the researcher 
could still potentially overfit the strategy parameters to the data 
and, in turn, overestimate the actual returns of trading. This is 
related to the problem of data snooping (e.g., Sullivan et al., 1999; 
White, 2000). Because the ORB strategy is defined by only one 
parameter—the distance to the upper and lower threshold level—
we avoid the problem of data snooping by assessing the ORB 
returns for a large number of parameter values.

By empirically testing long time series of crude oil and S&P 

500 futures contracts, this paper finds that the average ORB 
return increases with the volatility of the underlying asset. Our 
results relate to the findings in Gencay (1998), in that technical 
trading strategies tend to result in higher profits when markets 
“trend” or in times of high volatility. This paper finds that the 
differences in average returns between the highest and lowest 
volatility state are around 200 basis points per day for crude oil, 
and around 150 basis points per day for S&P 500. This finding 
explains the significantly positive ORB returns in the period 
2001-10-12 to 2011-01-26 found in HLL (2013). In addition, when 
reading the trading literature (e.g., Crabel, 1990; Williams, 
1999; Fisher, 2002) and the account studies literature (e.g., 
Harris and Schultz, 1998; Garvey and Murphy, 2005; Coval et 
al., 2005; Barber et al., 2006; Barber et al., 2011; Kuo and Lin, 
2013), one may get the impression that long-run profitability 
in day trading is the same as earning steady profit over time. 
Related to volatility, however, the implication is that a day 
trader, profitable in the long-run, could still experience time 
periods of zero, or even negative average returns during periods 
of normal, or low, volatility. Thus, even if long-run profitability 
in day trading could be possible to achieve, it is achieved only by 
the trader committed to trade every day for a very long period 
of time or by the opportunistic trader able to restrict his trading 
to periods of high volatility. Further, this finding highlights the 
need for using a relatively long time series that contains a wide 
range of volatility states when evaluating the returns of day 
traders to avoid possible volatility bias. 

We note that day traders may trade according to strategies 
other than the ORB strategy, and that positive returns from 
day trading strategies may coincide with factors other than 
volatility, but the ORB strategy is the only strategy and 
volatility the only factor considered in this paper. To the best 
of our knowledge, the ORB strategy is the only documented 
trading strategy actually used among profitable day traders. We 
continue this paper by presenting the ORB strategy, outlining 
the returns assessment approach, and presenting the tests. The 
section after that describes the data and gives the empirical 
results. The last section concludes.

The Orb Strategy
The ORB Strategy and Intraday Momentum

The ORB strategy is based on the premise that, if the price 
moves a certain percentage from the opening price level, the 
odds favor a continuation of that move until the market close 
of that day. The trader should therefore establish a long (short) 
position at some predetermined threshold a certain percentage 
above (below) the opening price and exit the position at 
market close (Crabel, 1990). Positive expected returns of the 
ORB strategy implies that the asset prices follow intraday 
momentum (i.e., rising asset prices tend to rise further and 
falling asset prices fall further) at the price threshold levels 
(e.g., HLL, 2013). We note that momentum in asset prices is 
nothing new (e.g., Jegadeesh and Titman, 1993; Erb and Harvey, 
2006; Miffre and Rallis, 2007; Marshall et al., 2008a; Fuertes et 
al., 2010). Crabel (1990) proposed the Contraction-Expansion 
(C-E) principle to generally describe how asset prices are 
affected by intraday momentum. The C-E principle is based on 
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the observation that daily price movements seem to alternate 
between regimes of contraction and expansion (i.e., periods 
of modest and large price movements) in a cyclical manner. 
On expansion days, prices are characterized by intraday 
momentum (i.e., trends), whereas prices move randomly on 
contraction days (Crabel, 1990). This paper highlights the 
resemblance between the C-E principle and volatility clustering 
in the underlying price returns series (e.g., Engle, 1982).

Crabel (1990) does not provide an explanation of why 
momentum may exist in markets. In the behavioral finance 
literature, we note that the appearance of momentum is 
typically attributed to cognitive biases from irrational 
investors, such as investor herding, investor over- and under-
reaction, and confirmation bias (e.g., Barberis et al., 1998; 
Daniel et al., 1998). As discussed in Crombez (2001), however, 
momentum can also be observed with perfectly rational traders 
if we assume noise in the experts’ information. The reason why 
intraday momentum may appear is outside the scope of this 
paper. We now present the ORB strategy.

We follow the basic outline of HLL (2013) and denote
 as the opening, high, low, and closing 

log prices of day t, respectively. Assuming that prices 
are traded continuously within a trading day, a point on 
day t is given by  and we may write: 

 
Further, we let  denote the threshold levels 
such that, if the price crosses it from below (above), the ORB 
trader initiates a long (short) position. These thresholds are 
placed at some predetermined distance from the opening 
price,  This 
paper refers to ρ as the range; it is a log return expressed in 
percentages. As positive ORB returns are based on intraday 
momentum (i.e., trends), the range should be small enough to 
enter the market when the move still is small, but large enough 
to avoid market noise that does not result in trends (Crabel, 
1990). This paper assumes that day traders have no ex ante bias 
regarding future price trend direction and, in line with HLL 
(2013), uses symmetrically placed thresholds with the same ρ 
for long and short positions.

If markets are efficient with respect to the information set, 
 we know from the martingale pricing theory (MPT) 

model of Samuelson (1965) that no linear forecasting strategy 
for future price changes based solely on information set  
should result in any systematic success. In particular, we may 
write the martingale property of log prices and log returns, 
respectively, as follows;

 (1)
 (2)

where  is the expected value operator evaluated at 
time Relating ORB returns to intraday momentum, this 
paper tests whether prices follow momentum at the thresholds, 

, such that:
 (3)

where 0 < γ < 1 represents the point in time when a 
threshold is crossed for the first time during a trading day. We 
note that intraday momentum, as shown by Eq. (3) contradicts 
the MPT of Eq. (1).

Assessing the Returns
This paper assesses the returns of the ORB strategy using 

time series of futures contracts with daily readings of the 
opening, high, low, and closing prices. The basic observation 
is that, if the daily high  is equal to or higher than , 
or if the daily low  is equal to or lower than , we know 
with certainty that a buy or sell signal was triggered during 
the trading day. From the returns assessment approach of 
HLL (2013), we can calculate the daily returns for long ORB 
trades by , and for short ORB trades 
by , assuming that traders can trade at 
continuous asset prices to a trading cost equal to zero. Further, 
the trader is expected to trade only on days when thresholds 
are reached, so the ORB strategy returns are not defined for 
days when the price never reaches  (e.g., Crabel, 
1990; HLL, 2013).

Figure 1 illustrates how a profitable ORB position may evolve 
during the course of a trading day.

Figure 1. An ORB strategy trader initiates a long position 
when the intraday price reaches  and then closes the 
position at , with the profit .

This paper recognizes two limitations when assessing the 
ORB strategy returns using  and  independently from each 
other. The first limitation is that  obviously only captures the 
returns from long positions and  only captures the returns 
from short positions. Because ORB strategy traders should be 
able to profit from long or short trades, whichever comes first, 
we expect that the HLL (2013) approach of assessing trades 
in only one direction at a time (either by using  or ) may 
underestimate the ORB strategy returns suggested in Crabel 
(1990) and in trading practice. The second limitation is that  
and  are both exposed to large intraday risks, with possibly 
large losses on trading days when prices do not trend but move 
against the trader. Crabel (1990) suggests that the ORB trader 
should always limit intraday losses by using stop-loss orders 
placed a distance below (above) a long (short) position.

This paper improves the approach used in HLL (2013) to 
assess the returns of ORB strategy traders by allowing the 
trader to initiate both long and short trades with limited 
intraday risk, in line with Crabel (1990), still applicable to 
time series with daily readings of the opening, high, low, and 
closing prices. We denote it the “ORB Long Strangle” returns 
assessment approach because it is a futures trader’s equivalent 
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to a Long Strangle option strategy (e.g., Saliba et al., 2009). The 
ORB Long Strangle is done in practice by placing two resting 
market orders: a long position at  and a short position at , 
both positions remaining active throughout the trading day. 
Assuming that traders can trade at continuous asset prices 
and to a trading cost equal to zero, the Long Strangle produces 
one of three possible outcomes: 1) only the upper threshold is 
crossed, yielding the return ; 2) only the lower threshold 
is crossed, yielding the return ; or 3) both thresholds are 
crossed during the same trading day, yielding a return equal 
to . We note that, if a trader experiences an 
intraday double crossing, the trader should not trade during the 
remainder of the trading day (e.g., Crabel, 1990). Because there 
are only two active orders in the Long Strangle, we can safely 
rule out more than two intraday crossings. As before, ORB 
strategy returns are not defined for days when the price reaches 
neither threshold.

This paper calculates the daily returns of the Long Strangle 
strategy, , as:

  

(4)

The ORB Long Strangle approach in Eq. (4) allows us to 
assess the returns of traders initiating long or short positions, 
whichever comes first, using the opposite threshold as a stop 
loss order,1 effectively limiting maximum intraday losses to 

 (for symmetrically placed thresholds). 
Therefore, the returns  provide a closer approximation of 
the ORB returns in Crabel (1990) relative to studying  and  
independently and separately from each other. Henceforth, we 
refer to the ORB Long Strangle strategy as the ORB strategy if 
not otherwise mentioned. This paper assumes an interest rate of 
money equal to zero so that profit can only come from actively 
trading the ORB strategy and not from passive rent-seeking. In 
the empirical section, we also study ORB returns when trading 
costs are added, and we discuss the effects on ORB returns if 
asset prices are not continuous.

Measuring the Average Daily Returns Across 
Volatility States

This paper measures the average daily returns for different 
volatility states by grouping the ORB returns into 10 volatility 
states based on the deciles of the daily price returns volatility 
distribution. The volatility states are ranked from low to high, 
with the 1:st decile as the state with the lowest volatility and 
the 10:th decile as the state with the highest volatility. We then 
calculate the average daily return for each volatility state by the 
following dummy variable regression, given ρ:

 

(5)

where aρ,τ is the average ORB return in the τ: th volatility 
state, Dρ,τ is a binary variable equal to one if the returns 
corresponds to the τ: th decile of the volatility distribution, or 
zero otherwise, and vρ,τ is the error term. From the expected 
(positive) correlation between ORB returns and volatility, the 

ORB returns will experience heteroscedasticity and possibly 
serial correlation. To assess the statistical significance of 
Regression (5) we therefore apply Ordinary Least Squares 
(OLS) estimation using Newey-West Heteroscedasticity and 
Autocorrelated Consistent (HAC) standard errors.

The Dρ,τ in Regression (5) requires that we estimate the 
volatility. Unfortunately, volatility, σt+δ, is not directly 
observable (e.g., Andersen and Bollerslev, 1998). Another 
challenge for this study is to estimate intraday volatility over 
the time interval 0 ≤ δ ≤ 1, when limited to time series with daily 
readings of the opening, high, low, and closing prices.

Making good use of the data at hand, this paper uses the 
simplest available approach to estimate daily volatility σt+1 by 
tracking the daily absolute return (log-difference of prices) of 
day t:

 (6)
Using absolute returns as a proxy for volatility is the basis 

of much of the modeling effort presented in the volatility 
literature (e.g., Taylor, 1987; Andersen and Bollerslev, 1998; 
Granger and Sin, 2000; Martens et al., 2009), and has shown 
itself to be a better measurement of volatility than squared 
returns (Forsberg and Ghysels, 2007). Although  is unbiased 
(i.e., ), it is a noisy estimator (e.g., Andersen and 
Bollerslev, 1998). One extreme example would be a very volatile 
day, with widely fluctuating prices, but where the closing price is 
the same as the opening price. The daily open-to-close absolute 
return would then be equal to zero, whereas the actual volatility 
has been non-zero. Because positive ORB returns imply a closing 
price at a relatively large (absolute) distance from the opening 
price, we expect reduction in noise for the higher levels of 
positive ORB returns.

Because the ORB strategy trader is profiting from 
intraday price trends, it stands to reason that he should 
increase his return on days when volatility is relatively 
high. When using  to estimate volatility, the relationship 
between intraday momentum [by Eq. (3)] and volatility 
is straightforward. For a profitable long trade, we have 
the relationship  
because . 
For a profitable short trade, we have the relationship 

 
because . 
Thus, a positive ORB return equals the volatility minus the 
range for both long and short trades. 

From this exercise, we learn that the ORB strategy trader 
should increase his expected return during days of relatively 
high volatility and decrease his expected return during days of 
relatively low volatility, suggesting different expected returns 
in different volatility states. In addition, we learn that positive 
ORB returns imply high volatility, but not the other way around, 
since the ORB strategy trader can still experience losses when 
volatility is high, associated with intraday double crossing: 

When a price series is given in a daily open, high, low, and 
close format, Taylor (1987) proposes that the (log) price range 
in day  could also serve as a suitable 
measure of the daily volatility. To strengthen the empirical 
results, this paper also estimates daily volatility σt+1 by the price 
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range of day t(i.e., ςt). Finding qualitatively identical results 
whether we use ςt or , we report only the empirical results 
when using .

Empirical Results
Data

We apply the ORB strategy to long time series of crude oil 
futures and of S&P 500 futures. Futures contracts are used 
in this paper because long time series are readily available, 
and because futures are the preferred investment vehicle 
when trading the ORB strategy in practice (e.g., Crabel, 1990; 
Williams, 1999; Fisher, 2002). There are many reasons why 
futures are the preferable investment vehicle relative to, for 
example, stocks. Futures are as easily sold short as bought long, 
are not subject to short-selling restrictions, and can be bought 
on a margin, providing attractive leverage possibilities for day 
traders who wish to increase profit. In addition, costs associated 
with trading, such as commissions and bid-ask spreads, are 
typically smaller in futures contracts than in stocks due to the 
relatively high liquidity.

The data includes daily readings of the opening, high, low, 
and closing prices during the U.S. market opening hours. We 
note that ORB traders should trade only during the U.S. market 
opening hours, when the liquidity is high, even if futures 
contracts may trade for 24 hours (Crabel, 1990). Thus, the U.S. 
market opening period is the only time interval of interest for 
the study of this paper. The crude oil price series covers the 
period January 2, 1991, to January 26, 2011, and the S&P 500 
price series covers the period January 2, 1991, to November 29, 
2010. Both series are obtained from Commodity Systems Inc. 
(CSI) and are adjusted for rollover effects such as contango and 
backwardation by CSI. The future contract typically rolls out 
on the 20th of each month, one month prior to the expiration 
month; see Pelletier (1997) for technical details. We analyze the 
series separately and independent of each other. Figures 2 and 
3 illustrate the price series over time for crude oil and S&P 500 
futures, respectively.

Figure 2. The daily closing prices for crude oil futures 
over time, adjusted for rollover effects, from January 2, 
1991, to January 26, 2011. Source: Commodity Systems 
Inc.

Figure 3. The daily closing prices for S&P 500 futures 
over time, adjusted for rollover effects, from January 2, 
1991, to November 29, 2010. Source: Commodity Systems 
Inc.

Notable in Figure 2 is the sharp price drop for the crude oil 
series during the 2008 sub-prime crisis. In Figure 3, there are 
two price drops for the S&P 500 series, during the 2000 dot-com 
crisis and the 2008 sub-prime crisis. 

Table 1 presents some descriptive statistics for the daily price 
returns of both assets, and Figures 4 and 5 graphically illustrate 
the daily price returns volatility over time for crude oil and S&P 
500, respectively.

Table 1. Descriptive statistics of the daily price returns
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Figure 4. The daily price returns volatility (%) for crude 
oil futures over time, from January 2, 1991, to January 
26, 2011.

Figure 5. The daily price returns volatility (%) for 
S&P 500 futures over time, from January 2, 1991, to 
November 29, 2010.

Table 1 shows that daily price returns display the expected 
characteristics of empirical returns series, with close-to-zero 
means and positive kurtosis for both assets. As expected, we 
can confirm that the means for crude oil and S&P 500 are not 
significantly larger than zero, although this is not explicitly 
shown. Figures 4 and 5 reveal apparent volatility clustering over 
time for both assets. These results are expected for empirical 
returns (e.g., Cont, 2001). 

The Average Daily Returns Across Volatility States
This paper assesses strategy returns for different levels of 

ρ, ranging from small to large, thereby spanning the profit 
opportunities of ORB strategies. For simplicity and without 
loss of information, we only present the results for thresholds 
ρϵ{0.5%,1.0%,1.5%,2.0%}, for both assets. Figures 6–9 and 
Figures 10–13 present the average daily ORB returns across 
volatility states for crude oil futures and for S&P 500 futures, 
respectively. We illustrate the ORB returns in basis points 
(%%), (a∙10 000), where a is the average ORB return for a given 
volatility state (see the definition of a in the previous section). 
We use 95% point-wise confidence intervals based on the HAC 
standard errors.

Figure 6. Average returns (bp:s) across volatility states 
(τ) when trading crude oil futures using ρ = 0.5%. We use 
95% confidence intervals based on the HAC standard 
errors.

Figure 7. Average returns (bp:s) across volatility states 
(τ) when trading crude oil futures using ρ = 1.0%. We use 
95% confidence intervals based on the HAC standard 
errors.

Figure 8. Average returns (bp:s) across volatility states 
(τ) when trading crude oil futures using ρ = 1.5%. We use 
95% confidence intervals based on the HAC standard 
errors.
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Figure 9. Average returns (bp:s) across volatility states 
(τ) when trading crude oil futures using ρ = 2.0%. We use 
95% confidence intervals based on the HAC standard 
errors.

Figure 10. Average returns (bp:s) across volatility states 
(τ) when trading S&P 500 futures using ρ = 0.5%. We use 
95% confidence intervals based on the HAC standard 
errors.

Figure 11. Average returns (bp:s) across volatility states 
(τ) when trading S&P 500 futures using ρ = 1.0%. We use 
95% confidence intervals based on the HAC standard 
errors.

Figure 12. Average returns (bp:s) across volatility states 
(τ) when trading S&P 500 futures using ρ = 1.5%. We use 
95% confidence intervals based on the HAC standard 
errors.

Figure 13. Average returns (bp:s) across volatility states 
(τ) when trading S&P 500 futures using ρ = 2.0%. We use 
95% confidence intervals based on the HAC standard 
errors.

Figures 6–13 show significantly negative returns for lower vola-
tility states, τ ≥ 3, and significantly positive returns for higher 
volatility states, τ ≤ 7, for both assets. That is, the average daily 
returns from day trading using ORB strategies are correlated 
with volatility. The difference in average daily returns between 
state  and  are remarkably high—around 200 basis points per 
day for crude oil and around 150 basis points per day for S&P 
500, given ρ = 0.5%. For larger ρ:s, the differences grow even 
larger.

Because the returns are calculated daily, relatively small 
differences in the average daily returns have substantial effects 
on wealth when annualized. The annualized return from a 
200-point daily difference between state 1 and state 10 amounts 
to (1 + 0.02)240 - 1 = 115%, and a 150 point daily difference 
amounts to (1 + 0.015)240 - 1 = 35%, given 240 trading days in 
a year. Thus, the annualized returns differ substantially for a 
day trader consistently trading in the lowest volatility state 
compared to one trading in the highest volatility state. This is 
merely an example to illustrate the effect that daily returns 
have on annualized returns; however, it should not be taken as 
the result of actual trading. This is because the results so far 
are based on the assumption that the trader a priori knows the 
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volatility state; in this respect, these are in-sample results. In 
actual trading, traders do not a priori know the volatility state 
and are not able to trade assets in high volatility states every 
day. 

To shed more light on profitability when using the ORB 
strategy in actual trading, this paper also assesses the ORB 
strategy returns without a priori knowledge of the volatility 
state among traders (i.e., the results of trading out-of-sample). 
We assess both daily and annual returns because both are 
relevant for traders—a strategy yielding a high daily return on 
average is of limited use to a trader who trades only once a year.

Returns When Trading the ORB Strategy Out-of-
Sample

When trading the ORB strategy, the idea is to restrict trading 
only to expansion days (high volatility) and avoid trading during 
contraction days (normal or low volatility). When trading 
out-of-sample, however, the trader does not a priori know 
the volatility state, so some form of volatility prediction is 
necessary. The trader can either try to predict volatility states 
using econometric approaches (e.g., Engle, 1982; Andersen and 
Bollerslev, 1998) or use the ORB strategy approach (Crabel, 
1990; Williams, 1999; Fisher, 2002), identifying the range as a 
volatility predictor by itself and setting the range large enough 
so that only large volatility days are able to reach the thresholds.

This paper assesses the average daily returns when trading 
the ORB strategy out-of-sample,2 following the approach of 
Crabel (1990), Williams (1999), and Fisher (2002) (i.e., setting 
the range large enough so that only large volatility days are able 
to reach the thresholds). We estimate the average daily returns 
with the regression  where Aρ is the average 
daily return of the ORB strategy during days with predicted high 
volatility, and ωt is the error term, given a certain range. The 
results for both assets are given in Table 2:

Table 2. Daily returns when trading the ORB strategy 
out-of-sample. ρ is the percent distance added to and 
subtracted from the opening price. T is the number of 
trades. freq gives the proportion of trades that result in 
positive returns, while A gives the average daily return. 
The p-values are calculated based on the HAC standard 
errors. No trading costs are included.

Table 2 shows mixed results when trading the ORB strategy 
out-of-sample. We find significantly positive returns for all 
ranges at the 95% confidence level when trading crude oil 
futures out-of-sample, and it seems that returns increase with 
ρ. When trading S&P 500 futures out-of-sample, however, we 
find significantly positive returns only for the two smaller 
ranges, ρ = 0.5 and ρ = 1.0, at the 95% confidence level. For 
ranges larger than ρ = 1.0 (e.g., ρ = 1.5, ρ = 2.0), we cannot reject 
the null hypothesis of zero returns on average. When separating 
the (Long Strangle) returns between long and short trades 
when trading S&P 500, we find that the average returns of short 
trades, initially positive, are reduced for ρ > 1.0%, while the 
returns of long trades seem to increase with ρ, as in the crude 
oil example. This difference in average returns between long 
and short ORB trades drives the results, although this is not 
explicitly shown. Regardless of the reasons why, it is clear that 
not all ranges are profitable when trading the S&P 500 out-of-
sample. Thus, profitability when trading the ORB strategy out-
of-sample depends on the choice of asset and range. Using the 
“wrong” range for a particular asset (e.g., using ρ = 1.5 or ρ = 2.0 
when trading S&P 500), the ORB strategy does not necessarily 
yield a daily return significantly larger than zero on average.

To compare these returns with the returns of an 
alternative investment strategy, we also study the difference 
between the return of the ORB strategy ( ) for day t 
and the corresponding return of the so-called buy and hold 
strategy ( ). The buy and hold strategy is a 
straightforward strategy where the trader buys the asset and 
holds it until the expiration of the future contract, at which 
point the position is “rolled over” onto the next contract. As it 
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turns out, the buy and hold strategy returns are close to zero; 
when running the regression , we find 
qualitatively the same results as illustrated in Table 2, for both 
assets, although not explicitly shown. That is, when trading 
crude oil futures out-of-sample, we find empirical support that 
the ORB strategy yields a larger average daily return for all 
ranges compared to the buy and hold strategy. When trading 
S&P 500 futures out-of-sample, on the other hand, we find 
empirical support that the ORB strategy yields a larger average 
daily return only for ρ = 0.5 and ρ = 1.0, compared to the buy and 
hold strategy.

We now investigate what a day trader can expect in terms 
of accumulated annual returns when trading the ORB strategy 
out-of-sample. We start by plotting the wealth accumulation 
over time starting at 1991-01-01 with a value of 1,000,000 USD, 
for all ranges, and for both assets. Profit is reinvested on to the 
next trade. The wealth accumulation of the buy and hold (B&H) 
strategy is included as a reference. Figures 14 and 15 plot the 
wealth accumulation over time when applying the B&H and the 
ORB strategy to trade crude oil futures and S&P 500 futures, 
respectively, out-of-sample. Table 3 presents the corresponding 
out-of-sample annual returns statistics (calendar year).

Figure 14. Wealth over time, starting with 1,000,000 
USD (expressed in log levels), when trading crude oil 
futures out-of-sample using ORB strategies for all 
ranges from January 1, 1991, to January 26, 2011. B&H 
refers to the buy and hold strategy, and ORB refers to the 
ORB strategy given a particular range. No trading costs 
are included.

Figure 15. Wealth over time, starting with 1,000,000 USD 
(expressed in log levels), when trading S&P 500 futures 
out-of-sample using ORB strategies for all ranges from 
January 1, 1991, to November 29, 2010. B&H refers to the 
buy and hold strategy, and ORB refers to the ORB strategy 
for a particular range. No trading costs are included.

Table 3. Annual returns (calendar year) when trading the B&H strategy and the ORB strategy out-of-sample. ρ is the 
percent distance added to and subtracted from the opening price, where N/A refers to the B&H strategy. Mean/Std.Dev 
gives the average annual return per unit of annual volatility and Mean/-Min gives the average annual return over the 
largest annual loss. No trading costs are included.
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Figures 14 and 15 illustrate that wealth accumulates unevenly 
over time, and primarily during time periods connected to 
market crisis events with high volatility, for both assets. Even 
when ORB traders profit in the long run, we observe long 
periods of negative growth in wealth for both assets. Hence, 
profitability is not robust to time. Moreover, Figures 14 and 15 
graphically show that long-run profit using ORB strategies is 
the result of relatively infrequent trades of a relatively large 
magnitude, associated with the infrequent time periods of 
market crisis (i.e., periods of high volatility). 

Table 3 shows that the optimal levels of the range for 
maximizing annual returns are the relatively small range, 
ρ = 0.5%, for both assets. Table 3 further illustrates that traders 
using the B&H strategy can achieve larger annual returns on 
average (Mean) than traders using ORB strategies for some 
ranges (ρ = 2.0% for crude oil, and ρ = 1.5% and ρ = 2.0% for 
S&P 500). One reason for the relatively low annual returns 
when trading ORB strategies is the relatively low frequency of 
trading (especially when using large ranges). As we increase 
the range, we remember from Table 2 that the number of trades 
(T) decreases. Fewer trades, in turn, decreases annual returns, 
ceteris paribus. We note that low annual returns due to few 
trades can, to some extent, be offset by trading many assets 
simultaneously, but this is not studied in this paper. 

Table 3 further shows that ORB strategies yield larger 
risk-adjusted returns (measured by Mean/Std.Dev and Mean/-
Min) than the buy and hold strategy, for all ranges and for 
both assets. This is interesting from a risk-return point of 
view because risk-averse day traders could benefit from using 
ORB strategies compared to the buy and hold strategy. ORB 
strategies seem especially attractive in terms of high Mean/-
Min due to relatively moderate largest annual losses (min).

Sensitivity Analysis Regarding Price Jumps
Prices are not always continuous within a trading day but may 

experience so-called price jumps in the direction of the most 
recent price movement (e.g., Mandelbrot, 1963; Fama and Blume, 
1966). Because of the price jumps, the trader may experience 
an order fill at worse prices than expected. Consequently, we 
may over-estimate the actual return from trading if the effects 
of price jumps are not taken into account when assessing 
the returns of technical trading strategies based on intraday 
thresholds (see, for example, the technical trading strategy 
in Alexander, 1961). This paper recognizes that possible price 
jumps will affect the returns of trading, but not necessarily in a 
negative way when we consider the ORB strategy. 

This paper estimates the effects of price jumps on ORB 
returns in two stages of the trade. First, we model the price 
jump effect in market entries and, second, in market exits. First, 
because price jumps occur in the direction of the most recent 
price movement, the ORB traders’ entry prices are sometimes 
filled at some other price than the threshold. If  denotes the 
actual entry price on day t, we may write the price jump effects 

for long trades as , and for short trades as , 
where the actual trading price is based on the range plus a 
price jump, ρ̃  = ρ + ε, where ε > 0 is the size of the price jump. 
We consider here a reasonable estimate of ε = 2 basis points 
when trading crude oil and S&P 500 futures (based on empirical 
observations when trading futures with the ORB strategy using 
an account size of around 1,000,000 USD, Interactive Brokers, 
www.interactivebrokers.com, February 2, 2010, to November 
29, 2010). 

Second, because ORB traders exit the market at the market 
close, there cannot be a jump to some other level. Thus,  is 
the actual closing price of day . Moreover, in contrast to the 
technical trading strategy of Alexander (1961), where both 
market entry and exit are based on intraday threshold crossing, 
the ORB strategy is only affected by possible price jumps at 
the market entry level. From Figures 6 through 13 and Table 2, 
we observe that the effect of price jumps of ε = 2 basis points 
on returns is not necessarily negative when trading the ORB 
strategy. In fact, we find that the price jump effect on the 
average returns is positive for larger ρ when trading crude oil 
and either negative or positive, depending on the initial level of 
ρ, when trading S&P 500. 

From this reasoning, we do not expect price jumps to 
qualitatively change the results shown in Figures 6 through 13 
and Table 2 (i.e., returns significantly larger [smaller] than zero 
will most likely remain significantly larger [smaller] than zero.

Sensitivity Analysis Regarding Trading Costs
Trading costs in terms of commission fees and bid-ask 

spreads will consume some of the profits. For the assets under 
consideration, these costs are relatively small during the trading 
hours of the U.S. markets. We estimate that we need to subtract 
4 basis points per trade, or 8 basis points roundtrip daily cost, 
for crude oil futures. For the S&P 500, we need to subtract 1.5 
basis points per trade, or 3 basis points roundtrip daily cost 
(based on empirical observations when trading futures with the 
ORB strategy, using an account size of around 1,000,000 USD, 
Interactive Brokers, www.interactivebrokers.com, February 2, 
2010, to November 29, 2010). 

We recognize that these levels of trading costs are not large 
enough to qualitatively change the results for the average 
daily returns shown in Figures 6 through 13 or in Table 2; that 
is, returns significantly (insignificantly) larger than zero will 
remain significantly (insignificantly) larger than zero, even if 
trading costs are included. We find, however, that even small 
levels of trading costs have a large effect on the accumulation 
of wealth over time and on the corresponding annual returns, 
when trading ORB strategies out-of-sample. 

Figures 16 and 17 graphically show the accumulation of wealth 
over time when trading ORB strategies out-of-sample, adjusted 
for trading costs, applied to crude oil and S&P 500, respectively. 
Table 4 gives the corresponding annual returns statistics for 
both assets.
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Figure 16. Wealth over time, starting with 1,000,000 
USD (expressed in log levels), when trading crude oil 
futures out-of-sample, with trading costs included, 
from January 1, 1991, to January 26, 2011. B&H refers to 
the buy and hold strategy, and ORB refers to the ORB 
strategy given a particular range. We subtract 8 basis 
points roundtrip daily cost during trading days for 
ORB strategies, and a roundtrip daily cost of 8/20 basis 
points for the B&H strategy (we assume that contracts 
are rolled each month and that each month consists of 
20 trading days).

Figure 17. Wealth over time, starting with 1,000,000 
USD (expressed in log levels), when trading S&P 500 
futures out-of-sample, with trading costs included, 
from January 1, 1991, to November 29, 2010. B&H refers 
to the buy and hold strategy, and ORB refers to the ORB 
strategy for a particular range. We subtract 3 basis 
points roundtrip daily cost during trading days for 
ORB strategies, and a roundtrip daily cost of 3/20 basis 
points for the B&H strategy (we assume that contracts 
are rolled each month and that each month consists of 
20 trading days).

Table 4. Annual returns statistics (calendar year) when trading the B&H strategy and the ORB strategy out-of-sample 
when trading costs are included. ρ is the per cent distance added to and subtracted from the opening price, where N/A 
refers to the B&H strategy. Mean/Std.Dev gives the average annual return per unit of annual volatility and Mean/-
Min gives the average annual return over the largest annual loss. When trading crude oil futures, we subtract 8 basis 
points roundtrip daily cost during trading days for ORB strategies, and a roundtrip daily cost of 8/20 basis points for 
the B&H strategy. When trading S&P 500 futures, we subtract 3 basis points roundtrip daily cost during trading days 
for ORB strategies, and a roundtrip daily cost of 3/20 basis points for the B&H strategy (we assume that contracts are 
rolled each month and that each month consists of 20 trading days).

Figures 16 and 17 graphically show considerably reduced wealth levels for both assets when trading costs are included, compared 
to the wealth levels in Figures 14 and 15. When trading crude oil, terminal wealth is reduced 49% (ρ = 0.5%), 37% (ρ = 1.0%), 30% (ρ = 
1.5%), and 24% (ρ = 2.0%). When trading S&P 500, terminal wealth is reduced 80% (ρ = 0.5%), 47% (ρ = 1.0%), 49% (ρ = 1.5%), and 64% (ρ 
= 2.0%). For the buy and hold strategy, wealth is reduced 19% and 15% for crude oil and S&P 500, respectively. 
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Table 4 shows that annual returns and risk-adjusted returns 
decrease considerably for both assets when trading costs are 
included. Further, we find that the optimal range for maximizing 
annual returns remains at ρ = 0.5% for crude oil but increases to 
ρ = 1.0% for S&P 500 due to the increase in trading costs. In sum, 
trading costs decrease wealth accumulation and annual returns 
considerably but do not affect average daily returns shown in 
Table 2 in a qualitative way.

Conclusion
This paper assesses the returns of the ORB strategy across 

volatility states. We calculate the average daily returns of the 
ORB strategy for each volatility state of the underlying asset 
when applied on long time series of crude oil and S&P 500 
futures contracts. This paper contributes to the literature on 
day trading profitability by studying the returns of a day trading 
strategy for different volatility states. As a minor contribution, 
this paper improves the HLL (2013) approach of assessing ORB 
strategy returns by allowing the ORB trader to trade both long 
and short positions and to use stop loss orders, in line with the 
original ORB strategy in Crabel (1990) and in trading practice.

When empirically tested on long time series of crude oil and S&P 
500 futures contracts, this paper finds that the average ORB return 
increases with the volatility of the underlying asset. Our results 
relate to the findings in Gencay (1998), in that technical trading 
strategies tend to result in higher profits when markets “trend” or 
in times of high volatility. This paper finds that the differences in 

average returns between the highest and lowest volatility state are 
around 200 basis points per day for crude oil, and around 150 basis 
points per day for S&P 500. This finding explains the significantly 
positive ORB returns within the period 2001-10-12 to 2011-01-26 
found in HLL (2013), but also, perhaps more importantly, relates to 
the way we view profitable day traders. 

When reading the trading literature (e.g., Crabel, 1990; 
Williams, 1999; Fisher, 2002) and the account studies literature 
(e.g., Coval et al., 2005; Barber et al., 2011; Kuo and Lin, 2013), one 
may get the impression that long-run profitability in day trading 
is the same as earning steady profit over time. The findings of 
this paper suggest instead that long-run profitability in day 
trading is the result of trades that are relatively infrequent 
but of relatively large magnitude and are associated with the 
infrequent time periods of high volatility. Positive returns in day 
trading can hence be seen as a tail event during periods of high 
volatility of an otherwise efficient market. The implication is that 
a day trader, profitable in the long run, could still experience time 
periods of zero, or even negative, average returns during periods 
of normal, or low, volatility. Thus, even if long-run profitability 
in day trading could be achieved, it is achieved only by the trader 
committed to trade every day for a very long period of time or by 
the opportunistic trader able to restrict his trading to periods 
of high volatility. Further, this finding highlights the need for 
using a relatively long time series that contains a wide range of 
volatility states when evaluating the returns of day traders, in 
order to avoid possible volatility bias.

With trading ORB strategies out-of-sample, we find that 
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profitability depends on the choice of asset and range, and that 
not all ranges are profitable. We find that the ORB strategy 
is profitable for all ranges when trading crude oil, but, when 
trading the S&P 500, the ORB strategy does not necessarily 
yield a daily return significantly larger than zero, on average, 
for some of the ranges. Further, we find that profitability is 
not robust to time. Even when ORB strategies are profitable 
in the long run, they still lose money during periods of time 
when volatility is normal or low. If the trader, for example, is 
unfortunate enough to start trading the ORB strategy after a 
market crisis event, when the volatility has moved back to a low 
volatility state, it could take a long time, sometimes years, of day 
trading until the trader starts to profit. We believe this finding 
to be worrisome news for a trader looking to day trading as an 
alternative source of regular income instead of employment. 
A point to note is that ORB strategies result in relatively few 
trades, which restricts potential wealth accumulation over 
time. Most likely, the ORB trader simultaneously monitors and 
trades on several different markets, thereby increasing the 
frequency of trading. Further, this paper studies profitability 
when trading the ORB strategy without leverage (leverage 
means that the trader could have a market exposure larger than 
the value of trading capital), which also may restrict potential 
wealth accumulation over time. Most likely, the ORB trader uses 
leverage to increase the returns from trading. Moreover, we 
find that trading costs do not affect average daily returns in a 
qualitative way but decrease annual returns considerably.

For future research, it would be of interest to study whether 
the returns of other strategies used by day traders also correlate 
with volatility. In addition, it would be of interest to study 
whether the returns of momentum-based strategies with 
longer investment periods than intraday (see, for example, the 
strategies in Jegadeesh and Titman, 1993; Erb and Harvey, 2006; 
Miffre and Rallis, 2007) correlate with volatility.
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Notes
1  One could think of other possible placements of stop loss orders but 

this placement is the only one tested in this paper.
2  We tried various ARCH and GARCH specifications to predict the 

volatility state, but without improving the results in any significant 
way. We find that expansion days, which result in high ORB returns, 
tend to come unexpectedly after a number of contraction days. Further, 
expansion days do not typically appear two days in a row. Thus, the 
volatility prediction models do not have time to react. This is perhaps 
the reason why the ARCH and GARCH specifications are unable to 
improve the trading results.

Disclaimer: Any opinions, findings, conclusions, or recommendations 
expressed in this material are those of the author and do not necessarily 
reflect the views of the Swedish Pensions Agency.
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While browsing my technical analysis bookshelves, I came 
across David Keller’s Breakthroughs in Technical Analysis: New 
Thinking From the World’s Top Minds. In his introduction, there is 
a line that I believe is the perennial debate that involves all of us:

Does technical analysis work because people use it, or do 
people use it because it works?i 

This book reminds me of the Market Wizard tomes written by 
Jack Swagger. Both Swagger and Keller give us a glimpse into 
the great minds of technical analysis.

In chapter one, Ted Hearne 
explains the Drummond Geometry, 
which builds on some of the basic 
concepts of technical analysis: 
support and resistance, the state 
of the market, and multiple time 
period analysis—combining 
them in such a way to produce 
a methodology for evaluating 
markets. Most interesting is the 
use of the Drummond Dot and 
accompanying envelop system, 
which can be a useful measure of 
recent strength and the current 
energy of the market.

In chapter three, Nicole Elliott 
explains the advantages of candle 
charts, which she defines as three 
things: speed, speed, speed.ii Elliott 
takes us through the basics of 
candlesticks and then into the 
Cloud. She provides a step-by-step 
plan of how the charts are set up 
and how they work. The chapter is a 
worthy starter for those unfamiliar but curious about this time-
honoured Japanese style.

Chapter eight deals with point and figure analysis, and Jeremy 
Du Plessis points out the changes that occurred in its first 100 
years and discusses various interpretations of what he calls this 
veteran strategy.iii Du Plessis runs through the construction of 
these charts, the determination of box size, and the differences 
using arithmetic and log scaling, and delves into the use of 
indicators. He also discusses flipping the charts, which is a great 
way to remove any bias one may have. In this style of chart, 
one of the main benefits is that it is not restricted by time and 
therefore is more easily adaptable then other charting methods.

Keller rounds off his admirable gathering of minds with the 
Ten Commandments from Robin Griffiths. Griffiths confesses 

that none of them are original to him. The first is attributed to 
Warren Buffett: Thou shalt not lose any money, as the probability 
is too high that you will never get it back again.iv A personal 
favourite is number 5: If you hold a position that is going wrong, 
cut it. At all times for all positions have a clearly identified level for 
exiting.v 

The set of 10 are sensible rules for any trader or investor. It 
is perhaps appropriate that in this final chapter, we look at an 
approach that integrates technical and fundamental analysis. 
Concepts of value are just as relevant as those of price.vi  

The fundamental interpretations 
rely heavily on economic cycles 
and annual seasonal deviations. 
Technically, using a ranking 
methodology, the long-term trend 
is sought by calculating the rate of 
the rise by using a 200-day moving 
average the short-term trend by a 25-
day moving average, and doing the 
same for the 70-day moving average 
of the relative strength to the 
benchmark. Griffiths sets out how 
to implement this system. He then 
suggests that for our entry and exit 
trading rules, we use the tried and 
true indicators easily at our disposal 
and do not re-invent the wheel.

Having only touched on a 
few chapters, I hope that I have 
inspired you to read or re-read this 
exploration of technical analysis 
through the minds of some of the 
most notable and respected in 
their field. A reoccurring message 

throughout the book and succinctly stated in Nicole Elliott’s 
concluding advice: The more confident you grow with any new 
technique, the more likely you are to tinker with it. Confidence 
begets creativity.vii  

Notes
i D Keller, Breakthroughs in Technical Analysis, New Thinking from the World’s Top Minds, 
Bloomberg Press New York, NY 2007, p. xiii
ii ibid, p. 35
iii ibid, p. 157
iv ibid, p. 205
v ibid, p. 205
vi ibid, p. 207
vii ibid, p. 50

Breakthroughs in Technical Analysis: New Thinking from the 
World’s Top Minds—Edited by David Keller 
  Reviewed by Regina Meani, CFTe
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numerous peer-reviewed papers related to 
investing, technical trading strategies, and 

money management. He also has a strong background as an 
investor in all major asset classes from his previous employment 
as fund manager at Carnegie Investment Bank, senior advisor in 
manager selection at Folksam, and chief investment officer at 
Independent Investment Group, Sweden. Currently, he is 
working as a senior economist/policy advisor at the Financial 
Markets Department, Ministry of Finance, Sweden. Regulatory 
work includes suggesting new investment fund and alternative 
investment fund regulation and suggesting new asset allocation 
limits for the Swedish pension fund mandates (+Trillion SEK).

Regina Meani, CFTe 
Regina Meani, CFTe, covered world markets as a 
technical analyst and associate director for 
Deutsche Bank prior to freelancing. She is an 
author in the area of technical analysis and is a 
sought after presenter both internationally and 
locally, lecturing for various financial bodies 

and universities as well as the Australian Stock Exchange. 
Regina is a founding member and former president of the 
Australian Professional Technical Analysts (APTA) and a past 
journal director for IFTA, carrying the CFTe designation and the 
Australian AMT (Accredited Market Technician). She has regular 
columns in the financial press and appears in other media 
forums. Her freelance work includes market analysis, webinars, 
and larger seminars; advising and training investors and traders 
in market psychology; CFD; and share trading and technical 
analysis. She is also a former director of the Australian 
Technical Analysts Association (ATAA) and has belonged to the 
Society of Technical Analysts, UK (STA) for over 30 years.  

Miyoko Nakashima, MBA, MFTA 
From 2003 to 2015, Miyoko Nakashima, MBA, 
MFTA, worked for one of Japan’s leading 
commodity brokers as branch manager, trainer, 
stock futures broker, and technical analyst and 
strategist. She also contributed to the 
company’s Diversity Project to make it easier 

for female employees to continue working after giving birth. 
During this period, she also found time to earn an MBA at Tama 
Graduate School of Business and to raise her two young 
children. In 2014, she joined the company’s Investment Research 
Division as a technical analyst and strategist. She became the 
first woman to be awarded IFTA’s John Brooks Award in 2015. 
Since joining Mizuho in 2016, she has presented over 100 
technical and macro-economic seminars to potential customers 
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throughout Japan annually. She was recently promoted to senior 
technical analyst. She also provides commentary regularly for 
Nikkei CNBC and TOKYO FM, and occasionally for Tokyo MX TV, 
BS Japan, Nikkei newspapers, and other information providers. 
As an NTAA member, Miyoko has played roles of executive 
officer of international planning, councilor, and coordinator.

Oliver Reiss, Ph.D., CFTe, MFTA
Dr. Oliver Reiss, CFTe, MFTA, received a master’s 
degree in physics from the University of 
Osnabrueck (1998) and a Ph.D. in mathematics 
from the University of Kaiserslautern (2003)—
the latter for his research on financial 
mathematics performed at the Weierstrass 

Institute in Berlin. Since then, he has worked in the banking 
industry and today is a self-employed consultant for financial 
institutions, with a focus on risk controlling, derivatives pricing 
(quant), and the related IT implementations.

As a private investor, Oliver was interested in technical analysis 
and joined the VTAD when he became a freelancer in 2011. 
Currently, Oliver serves as deputy manager of the VTAD’s 
regional group in Dusseldorf and is a frequent attendee of 
IFTA’s conferences. Due to his mathematical and programming 
expertise, he is focused on the developing and backtesting mid-
term trading strategies.

In his MFTA research paper, Oliver presents a good introduction 
into the Empirical Mode Decomposition (EMD), which is 
designed to identify cycles with changing amplitude or 
wavelength. To use this technique on financial time series, 
Oliver improved the EMD algorithm to increase the stability on 
the right-hand end of the data. Furthermore, he presents three 
applications of the EMD. At first, a new kind of moving average 
is introduced, which is adapted to the obtained cycles. Second, 
a projection technique is provided, which is based on the idea 
to continue the identified cycles by damped oscillations. And 
finally, two profitable trading strategies based on the EMD are 
introduced and backtested.

Troy J. Siemers, Ph.D.
Troy Siemers, Ph.D., is the department head of 
the Applied Mathematics department at the 
Virginia Military Institute. He has a broad 
interest in mathematics and science and has 
been a co-author on papers in economics, 
physics, chemistry, and mathematics. He enjoys 

teaching a range of mathematics courses as well as classes in 
Matlab programming. For fun, he juggles and runs marathons 
and ultramarathons.

Jeffrey S. Smith, Ph.D. 
Jeffrey S. Smith, Ph.D., is currently an associate 
professor of economics and finance at the 
Virginia Military Institute. He is retired from 
the U.S. Air Force, and he has published in 
various economics and finance journals. For 
fun, he enjoys cycling and sailing. 

Alberto Vivanti, MFTA
Since the early 1980s, Alberto Vivanti, MFTA, 
has been a technical and quantitative analyst as 
well as an asset manager with Swiss 
institutions. His work is a technical/
quantitative approach to investing through the 
application of proprietary, momentum-based 

allocation models, with a focus on sector investing through 
relative strength techniques. In his MFTA research paper, 
Alberto describes different possibilities to trade sectors in a 
portfolio-related context.

 Alberto is vice president of the Swiss Association of Market 
Technicians (SAMT). He chaired the 2006 IFTA conference in 
Lugano, and he was a speaker at the 1998 IFTA conference in 
Rome, the 2006 conference in Lugano, and the 2017 conference 
in Milan.

 Alberto is an author of technical newsletters, a lecturer 
at institutions, an organizer and instructor of technical 
analysis courses in Switzerland for the IFTA certification, an 
author of articles and books, and a co-author of a book with 
Perry Kaufman. For many years, Alberto has been a regular 
contributor to Swiss radio financial news. He contributes 
regularly to SAMT's Swiss Technical Analysis Journal and other 
professional publications and websites.

John (Jack) Zippel
Jack Zippel graduated with honors from the 
Virginia Military Institute in May 2016, 
majoring in applied mathematics with a minor 
in business. Driven by a strong interest in 
analytics and finance, Jack completed various 
undergraduate research projects and 

internships, including a project using the predictive capabilities 
of artificial neural networks to value a set of exchange traded 
funds. Since graduation, Jack has been working in the risk 
advisory practice of Ernst & Young, LLP in Richmond, Virginia. 
He performs a variety of risk management consultancies for 
clients in the financial services, pharmaceutical, and consumer 
products industries.
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Master of Financial Technical Analysis (MFTA) Program
IFTA’s Master of Financial Technical Analysis (MFTA) represents the 
highest professional achievement in the technical analysis community, 
worldwide. Achieving this level of certification requires you to submit 
an original body of research in the discipline of international technical 
analysis, which should be of practical application.

Examinations
In order to complete the MFTA and receive your Diploma, you must 
write a research paper of no less than three thousand, and no more than 
five thousand, words. Charts, Figures and Tables may be presented in 
addition.

Your paper must meet the following criteria:

• It must be original
• It must develop a reasoned and logical argument and lead to a sound 

conclusion, supported by the tests, studies and analysis contained in 
the paper

• The subject matter should be of practical application
• It should add to the body of knowledge in the discipline of international 

technical analysis

Timelines & Schedules
There are two MFTA sessions per year, with the  
following deadlines:

Session 1
“Alternative Path” application deadline February 28
Application, outline and fees deadline May 2
Paper submission deadline October 15

Session 2
“Alternative Path” application deadline July 31
Application, outline and fees deadline October 2
Paper submission deadline March 15 (of the 

following year)

To Register
Please visit our website at http://www.ifta.org/certifications/ 
master-of-financial-technical-analysis-mfta-program/  
for further details and to register.

Cost
$950 US (IFTA Member Colleagues);  
$1,200 US (Non-Members)

Certified Financial Technician (CFTe) Program 
IFTA Certified Financial Technician (CFTe) consists of the CFTe I and CFTe 
II examinations. Successful completion of both examinations culminates 
in the award of the CFTe, an internationally recognised professional 
qualification in technical analysis.

Examinations
The CFTe I exam is multiple-choice, covering a wide range of technical 
knowledge and understanding of the principals of technical analysis; it is 
offered in English, French, German, Italian, Spanish, Arabic, and Chinese; 
it’s available, year-round, at testing centers throughout the world, from 
IFTA’s computer-based testing provider, Pearson VUE.

The CFTe II exam incorporates a number of questions that require essay-
based, analysis responses. The candidate needs to demonstrate a depth 
of knowledge and experience in applying various methods of technical 
analysis. The candidate is provided with current charts covering one 
specific market (often an equity) to be analysed, as though for a Fund 
Manager.

The CFTe II is also offered in English, French, German, Italian, Spanish, 
Arabic, and Chinese, typically in April and October of each year. 

Curriculum
The CFTe II program is designed for self-study, however, IFTA will 
also be happy to assist in finding qualified trainers. Local societies 
may offer preparatory courses to assist potential candidates. 
Syllabuses, Study Guides and registration are all available on the 
IFTA website at http://www.ifta.org/certifications/registration/.

To Register
Please visit our website at http://www.ifta.org/certifications/
registration/ for registration details.

Cost
IFTA Member Colleagues Non-Members
CFTe I $550 US CFTe I $850 US
CFTe II $850* US CFTe II $1,150* US

*Additional Fees (CFTe II only): 
$100 US applies for non-IFTA proctored exam locations


