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Discussion 

NARASIMHAN JEGADEESH* 

Academics have long been skeptical about the usefulness of technical trad- 
ing strategies. The literature that evaluates the performance of such trading 
strategies has found mixed results. This literature has generally focused on 
evaluating simple technical trading rules such as filter rules and moving 
average rules that are fairly straightforward to define and implement. Lo, 
Mamaysky, and Wang (hereafter LMW) move this literature forward by eval- 
uating more complicated trading strategies used by chartists that are hard 
to define and implement objectively. 

Broadly, the primary objectives of LMW are to automate the process of 
identifying patterns in stock prices and evaluate the usefulness of trading 
strategies based on various patterns. They start with quantitative defini- 
tions of 10 patterns that are commonly used by chartists. They then smooth 
the price data using kernel regressions. They identify various patterns in 
the smoothed prices based on their definitions of these patterns. Their al- 
gorithms allow them to recognize patterns objectively on the computer rather 
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than visually. They then compare the "postpattern" distribution of stock re- 
turns with the unconditional return distributions to evaluate the usefulness 
of charting techniques. 

I. Concerns about Charting 

Many academics and practitioners have serious concerns with investing 
based on charting techniques. These concerns seem to run deeper than the 
"linguistic barriers" emphasized in LMW. Perhaps the most important rea- 
son why charting techniques have not been more widely accepted is that 
they are built on weak foundations. For instance, chartists believe that se- 
lected patterns in the history of stock prices tend to repeat. However, there 
does not seem to be a plausible explanation as to why these patterns should 
indeed be expected to repeat. 

Of course, from a strictly efficient markets perspective, there should be no 
predictable pattern in stock returns. But in recent times many academics 
are open to the idea that markets may not be fully efficient and prices may 
be affected by behavioral biases documented in the psychology literature. 
For instance, Barberis, Shleifer, and Vishny (1998) and Daniel, Hirshleifer, 
and Subrahmanyam (1998) appeal to conservatism bias and investor over- 
confidence to explain evidence of market underreaction or overreaction to 
information documented by DeBondt and Thaler (1985) and Jegadeesh and 
Titman (1993), among others. It is hard to see, however, the nature of be- 
havioral biases that will lead to return predictability based on the charting 
patterns evaluated in LMW. 

"Foundations of Technical Analysis" in the title led me to believe that this 
paper would provide theoretical justification for the use of charting tech- 
niques. This issue, however, is not addressed in the paper. LMW do attempt 
to rationalize the use of these techniques by pointing out that patterns in 
prices and trading volumes such as that in their Figure 1 contain informa- 
tion. Most readers will have little difficulty in accepting that prices and 
trades are driven by information, but this information pertains to what hap- 
pened in the past. What is sorely needed is a reason to believe that any such 
information will help us predict future prices. 

II. Pattern Recognition 

One of the main motivations behind the algorithm developed here for 
pattern recognition is that the techniques currently used by chartists are 
extremely subjective. What may appear to be a head-and-shoulders pattern 
to one chartist, for example, may appear to be noise or an altogether dif- 
ferent pattern to another chartist. Although the techniques in LMW are 
closer to objective pattern recognition, they also contain several layers of 
subjectivity. 
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First, the definitions of various patterns in terms of local extrema and 
their relative positions are subjective. Second, the choice of a particular 
smoothing technique is also subjective. Section L.A of LMW lists a variety 
of smoothing estimators that are available in the literature, and for this 
paper, the authors have chosen the kernel regression estimator. Finally, 
the choice of bandwidth parameter h used in the kernel regression is also 
subjective. 

To an extent, subjective choices of this nature are the prerogatives of the 
researchers and cannot be entirely avoided. The main issue, however, is 
whether the results are robust with respect to different algorithms. A priori, 
I expected that robustness would not be a serious issue here, but the results 
in the paper suggest otherwise. The paper reports that the bandwidths for 
the kernel regressions obtained by minimizing the cross-validation functions 
yielded fitted values that the authors deemed to be too smooth based on 
their discussions with practicing chartists. So the paper uses bandwidths 
that are 30 percent of the optimal (in a statistical sense) bandwidths. A 
potentially interesting avenue for future research would be to examine the 
extent to which the results are sensitive to various choices discussed in the 
last paragraph. 

A more basic question here is whether in the first place it is necessary to 
fit a smoothed function to objectively identify patterns. Naturally, there will 
be many more local extrema in the raw data than in the smoothed data. 
However, it is possible that some of these extrema can be screened out by 
appropriate filters (such as discarding local maxima that are less than x 
percent above the nearest local maximum). This is another issue that can be 
addressed in future work to convince the readers that the price data need to 
be smoothed to identify patterns on the computer. 

III. Evaluating the Informativeness of Patterns 

LMW evaluate the information content of the technical trading rules by 
comparing the return distribution conditional on the occurrence of a partic- 
ular pattern with the corresponding unconditional return distribution. The 
extant literature typically judges the usefulness of trading rules by evalu- 
ating their profitability because this is the metric that is of most direct 
interest to investors. Although the paper does not discuss the profitability of 
these trading rules, the empirical results in the paper allow us to address 
this issue. 

Table I presents the standardized mean returns (the difference between 
conditional and unconditional mean returns divided by the unconditional 
standard deviation) conditional on the occurrence of various patterns for the 
NYSE/AMEX sample and the Nasdaq sample. The standardized mean re- 
turns are remarkably close to zero, and the largest magnitude of standard- 
ized mean is only -0.062 (for BBTOP in the NYSE/AMEX sample). Clearly, 
these results do not suggest that any of these trading rules yields profits 
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that are of any significance from an economic standpoint. The t-statistics in 
the table indicate that none of the conditional mean returns are reliably 
different from zero. 

These results indicate that the technical trading rules cannot be indepen- 
dently used for identifying profitable investment opportunities. However, 
my discussions with practitioners suggested that chartists tend to use sig- 
nals from patterns in price history in conjunction with other information to 
time their trades. For instance, a chartist may not buy all stocks that exhibit 
a particular pattern, but when he has a favorable view about a particular 
stock he will initiate his trade after observing certain patterns in prices. The 
idea here is that after the observation of one of these patterns the chartist 
feels relatively more confident that his favorable information will eventually 
get incorporated into stock prices. 

The usefulness of such conditional trading strategies is hard to verify ob- 
jectively (short of directly evaluating a chartist's actual trades) because em- 
piricists typically do not have access to the private information used by 
chartists. However, this notion is consistent with the intuition behind Brown 
and Jennings's (1989) model. In that model, technical analysts use the his- 
tory of prices in conjunction with their private information to disentangle 
the noise in prices induced by supply uncertainty. When an agent in their 
model does not have access to private information (empiricists are typically 
in this situation), technical analysis will not help in predicting future prices. 

Although the conditional mean returns following various patterns are not 
different from unconditional mean returns, LMW reject the hypothesis that 
the conditional return distributions are the same as the unconditional dis- 
tributions for seven out of 10 patterns in the NYSE/AMEX sample (Table IV 
in LMW) and for all 10 patterns in the Nasdaq sample (Table VI in LMW). 
These rejections, therefore, are not due to differences in means but are due 
to differences in the higher moments. The paper does not present statistical 
tests of the hypothesis that any specific moment of the conditional distribu- 
tion equals its unconditional counterpart. The results in Table III and Table IV 
in LMW, however, suggest that some of the point estimates of unconditional 
variance, skewness, and kurtosis may be different from the corresponding 
conditional statistics, but I was not able to visually detect any consistent 
pattern across various samples and subperiods. I would encourage the au- 
thors to explore this issue more closely in future work. 

Even if we grant that some higher order unconditional moments are in- 
deed different from their conditional counterparts, at least two more issues 
need to be addressed before we can conclude that these differences are use- 
ful from a practical standpoint. First, the paper needs to address the issue of 
how investors can benefit from any ability to predict higher moments. It is 
possible that investors may be able to exploit conditional variance forecasts 
in options-based investment strategies, but it is also possible that these con- 
ditional forecasts are already incorporated in option prices. Applications of 
forecasts of conditional skewness and kurtosis are not quite as obvious and 
merit further discussion. 
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The second issue, which is perhaps more important, is whether the use of 
these trading rules is the most efficient way to forecast these higher mo- 
ments. For instance, it is well known that conditional variances can be pre- 
dicted reasonably well using ARCH and related techniques. Are the trading 
patterns in this paper better predictors of conditional variances than the 
ARCH models? Similarly, if an investor is interested in other conditional 
moments there may be better techniques to predict these moments directly 
than these trading rules. 

IV. Concluding Remarks 

LMW is an important addition to the literature on technical trading. One 
of the stated goals of LMW is to "extend the reach of technical analysis by 
augmenting its tool kit with some modern techniques in pattern recogni- 
tion." They accomplish this goal by providing algorithms that could poten- 
tially remove some of the subjective elements in pattern recognition and 
automate the task. The evidence provided here, however, does not support 
the hypothesis that technical analysis can be used as the basis for profitable 
trading strategies. Therefore, I do not think that the results of this paper 
will move academic critics any closer to technical analysts. 

My discussion here highlights several dimensions along which this paper 
can be extended. Additionally, the approach in this paper can potentially be 
modified to identify profitable trading rules. This paper selects certain trad- 
ing rules and examines whether these rules can predict future return dis- 
tributions. In future work, one may let the algorithm choose the patterns in 
prices that best predict future returns. In related work, Allen and Kar- 
jalainen (1999) report that genetic algorithms are not able to consistently 
predict Standard and Poor's composite index returns. However, the results 
with the nonparametric approach in this paper applied to individual stock 
returns may well be more promising. Of course, it is important to exercise 
sufficient caution so that any extension of this research along this path is 
not viewed as pure data mining. 
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