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Abstract

Technical analysis is a popular technique among investors, and a

controversial one among economists. This paper investigates the cen-

tral point of contention between these groups i.e. the extent to which

chart patterns are capable of predicting the probability distributions

asset prices, in this case the prices of government bonds. We use

nonparametric kernel regressions, and local polynomial regressions, to

identify standard chart patterns in times series of yields. By compar-

ing the unconditional distributions of returns with those conditioned

on the identi�ed patterns we �nd that while charts contain informa-

tion about subsequent returns this information cannot, in general, be

exploited to yield excess pro�ts. We also �nd that chart patterns can
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predict the distribution of the general level of yields but that they con-

tain almost no information about movements in the slope of the yield

curve.

JEL classi�cation: G14

Keywords: Technical analysis; Bond yield; Bond yield spread; Kernel

regression; Local polynomial regression.
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I Introduction

This paper extends the literature on technical analysis by investigating the

presence, and information content, of chart patterns in government bond

yields. The historical behaviour of yields, and particularly of yield spreads,

is a cornerstone of the active management of bond portfolios.1 We address

the following questions: (i) How frequently do technical chart patterns appear

in yields and yield-spreads? (ii) Do these patterns contain any information

about subsequent yield behaviour (including the probability density function

of future returns), and (iii) Can traders pro�t from this information?

We apply and extend the automated pattern recognition tool proposed

by Lo, Mamasky and Wang (2000, LMW henceforth).2 The main statistical

tool used by LMW is the Nadaraya-Watson nonparametric kernel regression.3

In this paper, we improve upon the nonparametric Nadaraya-Watson kernel

regression by employing a local polynomial regression, which is known to

ameliorate several biases embedded in the Nadaraya-Watson regression.

A signi�cant amount of bond trading involves either a simple purchase of

a bond for cash i.e. a bet on the direction of change of the bond's yields, or a

purchase hedged with a short position in another bond i.e. a bet on direction

of change the yield spread between the long and short positions; examples

include curve, and swap, spreads4 Most analyses of yield spreads are based

1See the bond analysis pages of investment tools such as Bloomberg.
2See also the discussion of LMW in Jegadeesh (2000).
3This approach has also been used in the construction of yield curves, see Tanggaard

(1992), Gourieroux and Scaillet (1994) and Linton et al. (2001).
4Curve spreads enable investors to bet on changes in the slope of the yield curve.
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on regression models (Prendergast (2000)) or on quantitative models (See,

for example, Merton (1974), Du�e and Singleton (2003)). In this paper we

analyze yields and yield curve spreads using technical chart patterns.

The literature on yield spread trading is sparse, which is one of the motiva-

tions for our work. Yield spreads have, however, been used to investigate the

expectations hypothesis of the term structure (see for example, Cox, Inger-

soll and Ross (1981), Campbell and Shiller (1987) and Longsta� (2000a,b)).

Dolan (1999) provides a preliminary analysis of the predictability of the yield

curve shapes: By choosing the Nelson-Siegel (1987) model as the benchmark

tool, he shows that movements in the model's parameters are predictable,

which has signi�cance for the selection of bond portfolios. Despite the in-

vestigation of numerous arbitrage-free yield curve models in the literature,

it is not clear whether any of them have good forecasting properties. Duf-

fee (2002), for example, documents the fact that the three-factor a�ne term

structure model cannot outperform a simple random walk model in forecast-

ing future yields. Several authors have modelled sovereign spreads using an

econometric. For example, Du�e, Pedersen and Singleton (2003) estimate

the Russian yield spread relative to US Treasuries during the 1998 Russian

debt default.

The rest of this paper is organised as follows: The �rst part of Section

Swap spreads relate to spread between interest rate swaps and government securities. See
Du�e and Singleton (1997) and Brown, In and Fang (2002) for empirical analyses of
swap spreads. Other �xed income spread trades include convergence trades, such as those
involving mortgage-based securities (MBS) and US Treasuries. See Fung and Hsieh (2002)
for an analysis of a range of spread-investment returns.
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III brie�y describes the use of nonparametric kernel and local polynomial

regressions to identify chart patterns; the second part describes the patterns

themselves. Section IV discusses our bond yield data and the probability-

distribution tests. Section V presents our empirical results, and Section VI

concludes.

II A Review of Previous Research.

Automated identi�cation of chart patterns is not new. Girmes and Damant

(1975), for example, use a gradient smoothing technique to investigate the

frequency of Head-and-Shoulders patterns in stock prices. They �nd �ve

times as many Head-and-Shoulders patterns in actual stock prices than in

simulated data, suggesting that the movements of stock prices are subjected

to human intervention. While such patterns may occur surprisingly often,

earlier work, by Levy (1971), suggests that their pro�t-making ability is

zero, concluding that (p.318) "after taking transaction costs into account,

none of the thirty-two patterns showed any evidence of pro�table forecasting

ability in either (bullish or bearish) direction." Similarly, Olser (1998) tests

the Head-and-Shoulders pattern in the US equity market and �nds that this

pattern lacks predictive power. Dempster and Jones (1998, 2002) automate

the detection of Head-and-Shoulders and Channel patterns and �nd that that

both produce trading losses, suggesting the presence of predictive value, but

not in the direction that practitioners expect. Dawson and Steeley (2003)
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�nd that 10 chart patterns contain no incremental information when tested

in UK equity markets. Chang and Osler (1999) look at Head-and-Shoulders

patterns for six currency pairs: They �nd that for four of the six the pattern

could generate no pro�ts but that chart-based dollar-yen and dollar-mark

trades were pro�table, even after adjusting for interest rate di�erentials, risk,

and transaction costs.

The overall conclusion from such tests is that chart patterns cannot be

used to generate excess returns. The fact that market practitioners continue

to use them is, therefore, something of a puzzle: Chang and Osler (1999) de-

scribe this persistence as methodical madness.5 Part of the explanation may

lie in the fact that, as empirical investigations have become more sophisti-

cated, a number of studies have found evidence that charts may contain some

predictive information, even if this information, in isolation, is not su�cient

to suggest pro�table trades.6 In particular, LMW, conclude that using chart

patterns as additional inputs to the investment process may be pro�table in

US equity markets. Using the same methodology as LMW, Savin, Weller

and Zvingelis (2003) �nd that the Head-and-Shoulders pattern can predict

5Graphical charts available to investors include bar, line, point-and-�gure and candle-
sticks. Each type of chart interprets asset prices in a di�erent way and therefore o�ers
di�erent trading implications. Marshall, Young and Rose (2006) investigated the predictive
property of candlestick charting in the US equity market over the period 1992-2002. Using
the bootstrap methodology as in Brock, Lakonishok and LeBaron (1992), they report low
predictive power for various candlestick patterns commonly advocated by technical ana-
lysts. Their results support the view that investors who base their trading decisions solely
on candlestick patterns are unlikely to gain �nancially. See also Fock, Klein and Zwergel
(2005).

6A number of authors provide theoretical explanations for the potential value of tech-
nical analysis, see Brown and Jennings (1989) for example.
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excess returns, again in US equity markets. Another class of investigations

that provides some support for technical analysis goes beyond the analysis of

prices alone and looks at the extent to which charts may reveal information

about stop-loss and take-pro�t orders (Osler (2003)) and market liquidity

(Kavajecz and Odders-White (2004)).

III Identi�cation of Technical Charts Patterns

A Nonparametric Kernel Regression

The object of technical analysis is to extract signals from noisy data. This

is usually accomplished in two stages, with the search for patterns being

applied after the raw data have been smoothed. This smoothing is under-

taken to allow the pattern search to focus on `large', less frequent, price

movements. As in all signal extraction exercises a subjective element the

smoothing process is unavoidable. In this paper we use two nonparametric

smoothing methodologies: kernel regression, and local polynomial regression.

Assume that bond yields, y, are generated as follows:

yt = f(xt) + εt (1)

where f(x) is an arbitrary, �xed, and unknown nonlinear function of state

variable(s) x, and ε ∼ iid(0, 1). A smoothed estimator of f(x), may be

expressed as:
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f̂(x) =
1

T

T∑
t=1

ωt(x)yt (2)

where the weights ωt(x) are large for yts paired with xts near to the value x

(the `focal' point), and small for xt far from x. The weight function ωt(x) is

constructed from a probability density function K(x) (the `kernel'), with the

properties K(x) ≥ 0 and
∫

K(u)du = 1.

The role of the kernel is to weight the data such that observations close to

the focal point have more in�uence than those further away. (See, for exam-

ple, Rosenblatt (1956), Hardle (1990), Campbell, Lo and Mackinlay (1997,

Chapter 12) for a comprehensive review of these concepts.) By rescaling

the kernel with an additional parameter h > 0, we can change its spread

to Kh(u) = 1
h
K(u/h) and

∫
Kh(u)du = 1. The weight function ωt is then

de�ned as:

ωt,h(x) = Kh(x− xt)/gh(x) (3)

gh(x) =
1

T

T∑
t=1

Kh(x− xt) (4)

Substituting equations (3) and (4) into (2) yields the Nadaraya-Watson ker-

nel estimator f̂NW (x) of f(x):

f̂NW (x) =

∑T
t=1 Kh(x− xt)yt∑T
t=1 Kh(x− xt)

(5)
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This expression allows us to estimate the kernel regression in any �xed length

window of d observations. This can be written as:

f̂NW (τ) =

∑t+d−1
s=t Kh(τ − s)ys∑t+d−1
s=t Kh(τ − s)

, t = 1, ..., T − (d + H − 1) (6)

where T is the number of observations in a yield series and H is the holding

period over which we measure the conditional returns. In short, we apply

the Nadaraya-Watson estimator to a series of �xed length, rolling windows

from t to t + d− 1, where t begins at 1 and ends at T − (d + H − 1).

We then identify a series of turning points by �nding times (τ − 1) such

that Sgn(f̂ ′NW (τ − 1) = −Sgnf̂ ′NW (τ), where f̂ ′NW (τ) denotes the derivative

of f̂NW (τ) with respect to τ and Sgn(·) is the signum function. If the signs

of f̂ ′NW (τ − 1) and f̂ ′NW (τ) are +1 and −1 respectively, we have a local max-

imum, and if they are −1 and +1 we have a local minimum. These turning

points provide the proximate information required for the identi�cation of

most chart patterns.

B Local Polynomial Regression

It is well-known that the Nadaraya-Watson estimators su�er from a large

bias at the boundaries of the window. Although many ad-hoc proposals,

such as boundary kernel methods, have been proposed to alleviate this prob-

lem, these are less e�cient than a local linear �t. (See, for example, Fan

and Gijbels (1996).) Thus we supplement the kernel approach with a local
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polynomial regression. An advantage of this method is that the biases along

the boundary are similar to those in the interior, so reducing the need to use

speci�c boundary kernels. Another advantage is that we can estimate the

regression parameters using least squares. (See, for example, Fan and Gijbels

(1996, Chapter 3) and Hastie, Tibshirani and Friedman (2001, Chapter 5).)

The starting point for a local polynomial regression is similar to that for

a nonparametric kernel regression. Assume that the yields and spreads are

generated by some nonlinear function f(x) as in equation (1), and that the

(p + 1)th derivative of f(x) at focal point x0 exists. We can approximate

the unknown regression function f(x) locally by a polynomial of order p. A

Taylor expansion for x in the neighborhood of x0 gives:

fLP (x) ≈ f(x0) + f ′(x0)(x− x0) +
f ′′(x0)

2
(x− x0)

2 + . . . +
f (p)x0

p
(x− x0)

p (7)

This polynomial is �tted locally by a weighted least squares regression, min-

imizing the following function:

min
β

d∑
i=1

[
yi −

p∑
j=0

βj(xi − x0)
j

]2

Kh

(
xi − x0

h

)
(8)

where Kh(·) is the kernel function assigning weights to each observation, and

h is a bandwidth parameter that controls the size of the local neighborhood.

Let β̂j (j = 0, ..., p) be the solution to this problem. It is clear from the Taylor

expansion that f̂j(x0) = j!β̂j is an estimator for f (j)(x0), for j = 0, 1, ..., p. If
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we denote X as the (d× p) design matrix:

X =



1 (x1 − x0) · · · (x1 − x0)
p

1 (x2 − x0) · · · (x2 − x0)
p

...
...

. . .
...

1 (xd − x0) · · · (xd − x0)
p


(9)

and let W be a (d× d) diagonal matrix of weights,

W = diag

(
Kh

(
xi − x0

h

))
i = 1, ..., d (10)

the weighted least squares problem (8) can be written as:

min
β

(y −Xβ)′W(y −Xβ) (11)

where β̂ = (β0, β1, ..., βp)
′ is the vector of parameters and y is a vector of

yields or yield spreads. The solution is given by:

β̂ = (X′WX)−1X′Wy (12)

if (X′WX) is invertible. The estimator f̂LP (·) is the intercept term β̂0. To

ensure that (X′WX) is invertible, at least (p+1) di�erent points with positive

weights are required. Essentially, X is a matrix of power functions of d yield

observations to which we apply (12) in order to obtain d smoothed, or �tted,

yields.
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The maxima and minima in a window are found from the signs of {f̂ ′LP (τ)}τ=45
τ=1 .

f̂ ′LP (·) is given by parameter β̂1 in equation (12). All extrema are obtained

by checking for the sign of f̂ ′LP (τ) against f̂ ′LP (τ − 1). If f̂ ′LP (τ) > 0

and f̂ ′LP (τ − 1) < 0, there is a minimum at (τ − 1) and vice versa. If

f̂ ′LP (τ) = f̂ ′LP (τ − 1) = 0, we work backwards for each β1,τ to determine

whether the current stationary point is a maximum or minimum since the

extrema always generate an alternating max-min sequence. The asymptotic

conditional bias for odd values of p is simpler than for even values. (See

Simono� (1996) and Fan and Gijbels (1996)) Consequently, we set p = 1

throughout.

C Choice of smoothing parameters.

C.1 Window length.

We set the rolling window sizes to d = 45 days (i.e. we use {yt, ..., yt−44}), and

the holding period to H = 1 day, on the assumption that market practitioners

should take no more than 1-day to recognize the completion of a pattern. The

�rst window starts at t = 1 and ends at d + H − 1. Only patterns completed

within (d − H) days and with the �nal extremum occurring on the �nal

day are selected since without this requirement the same pattern would be

recorded several times while rolling the window forward. Our estimation

strategy is as follow: (1) Estimate a 45-day window of smoothed prices using

kernel and local polynomial regressions. (2) Check whether an extremum has
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occurred at day 44. (3) If an extremum exists on this day, check whether it

is accompanied by a chart pattern. (4) If a chart pattern is con�rmed, the

one-day conditional bond return is measured from day 45 (d+1) to 46 (d+2).

Where no chart pattern is con�rmed, we move on to the next �xed-length

window. This process gives us a clean out-of-sample bond return with which

to measure the information value of chart patterns.

C.2 Kernel Function and Bandwidth.

We use the Epanechnikov kernel (Epanechnikov (1969)): 7

K(z) =
3

4
(1− z2)|z|<1 (13)

Fan and Gijbels (1996, Theorem 3.4) and Fan et al. (1995) show that the

Epanechnikov is the optimal kernel for all orders of p in the local polynomial

regression, in the sense that it provides the minimimum asymptotic mean

squared error. To be consistent for both nonparametric regressions, we also

apply this kernel function to the Nadaraya-Watson estimators.

We use a bandwidth parameter derived from the popular cross validation

7The Gaussian kernel is used by LMW and Dawson and Steely (2003), and de�ned as:
Kh(x) = 1

h
√

2π
exp(−x2/2h2). For other kernel choices, see Silverman (1986) and Hardle

(1990).
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method, which minimizes the following function:8

CVh =
1

d

d∑
t=1

(
yt − f̂h,t

)2

(14)

where f̂h,t = 1
d−1

∑d
τ 6=t ωτ,hyτ

9

D Technical Chart Patterns

We search for six pairs of standard patterns: Head-and-Shoulders Top (HST)

and Bottom (HSB), Broadening (BT, BB), Triangle (TT, TB), Rectangle

(RT, RB), Double (DT, DB) and Triple (TPT,TPB). (For details see Edward

and Magee (1966), Schwager (1996), Kaufman (2005) and Bulkowski (2005).)

We denote the extrema identi�ed by the regressions by (e1, e2, ..., em) and

their dates by (t∗1, t
∗
2, ..., t

∗
m). The technical patterns are identi�ed by framing

conditions on the �nal �ve extrema as follows:

Head-and-Shoulders

HST1 em is a maximum

HST2 em−2 > em−4, em−2 > em, em−4 > em−3, and em > em−1

HST3 max |ei − ē| = 0.010× ē, where i = m− 4, m and ē = (em−4 +

em)/2

8There are numerous alternative methods, including rule-of-thumb, cross-validation,
nearest neighbours, and plug-ins. (See Simono� (1996), Fan and Gijbels (1996) and Jones,
Marion and Sheather (1996) for some extensive discussion of these methods.)

9The tth observation is omitted thereby making the �tted value independent of the
observed value yt.
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HST4 max |ei − ē| = 0.010 × ē, where i = m − 3, m − 1 and ē =

(em−3 + em−1)/2

HSB1 em is a minimum

HSB2 em−2 < em−4, em−2 < em, em−3 > em−4, and em−1 > em

HSB3 max |ei − ē| = 0.010× ē, where i = m− 4, m and ē = (em−4 +

em)/2

HSB4 max |ei − ē| = 0.010 × ē, where i = m − 3, m − 1 and ē =

(em−3 + em−1)/2

Broadening

BT em is a maximum, em−4 < em−2 < em and em−3 > em−1

BB em is a minimum, em−4 > em−2 > em and em−3 < em−1

Triangle

TT em is a maximum, em−4 > em−2 > em and em−3 < em−1

TB em is a minimum, em−4 < em−2 < em and em−3 > em−1

Rectangle

RT1 em is a maximum

RT2 max |ei − ē| = 0.010 × ē, where i = m − 4, m − 2, m and ē =

(em−4 + em−2 + em)/3
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RT3 max |ei − ē| = 0.010 × ē, where i = m − 3, m − 1 and ē =

(em−3 + em−1)/2

RT4 min (em−4, em−2, em) > max (em−3, em−1)

RB1 e1 is a minimum

RB2 max |ei − ē| = 0.010 × ē, where i = m − 4, m − 2, m and ē =

(em−4 + em−2 + em)/3

RB3 max |ei − ē| = 0.010 × ē, where i = m − 3, m − 1 and ē =

(em−3 + em−1)/2

RB4 max (em−4, em−2, em) < min (em−3, em−1)

Double

De�ne,

ea = sup{P ∗
tk

: t∗k > t∗m} k = 2, ..., d (15)

eb = inf{P ∗
tk

: t∗k > t∗m} k = 2, ..., d (16)

then

DT1 em is a maximum

DT2 max |ei − ē| = 0.010× ē, where i = (m, a) and ē = (em + ea)/2

DT3 t∗a − tm > 20 days

DB1 em is a minimum

DB2 max |ei − ē| = 0.010× ē, where i = (m, b) and ē = (em + eb)/2
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DB3 t∗b − tm > 20 days

Triple

TPT1 em is a maximum

TPT2 Select three of the highest maxima (emax 1 > emax 2 > emax 3)

with corresponding time at (tmax 1, tmax 2, tmax 3) respectively, one

of the extrema must be em.

TPT3 max |ei − ē| = 0.010 × ē for i = (max 1, max 2, max 3), where

ē = 1
3
(emax 1 + emax 2 + emax 3)

TPT4 tmax 3 − tmax 1 > 25 days

TPB1 em is a minimum

TPB2 Select three of the lowest maxima (emin 1 < emin 2 < emin 3) with

corresponding time at (tmin 1, tmin 2, tmin 3) respectively, one of the

extrema must be e5.

TPB3 max |ei − ē| = 0.010 × ē for i = min 1, min 2, min 3, where ē =

1
3
(emin 1 + emin 2 + emin 3)

TPB4 tmin 3 − tmin 1 > 25 days
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IV Yield Data, Returns and Distribution Tests

A Government Benchmark Bond Yield Data

We use benchmark government bond yields from the US, UK, Germany,

Japan, Australia, Canada and Hong Kong, and construct 45 yield spreads to

give us a total of 262,170 daily observations. (See Table 1 for details.)

B Sampling Conditional and Unconditional Bond Re-

turns

We approximate a bond's holding-period return (rB) as:

rB
t = −D ×∆y (17)

where ∆y = yt− yt−1 is the change in yield from time t− 1 to t and D is the

bond's duration.10

Yield-spread trading is aimed at exploiting changes in the slope of the

yield curve, while minimising exposure to changes in its position. This re-

quires opposite positions to be taken in bonds at di�erent maturities, with

position weights (α) such that the aggregate position is hedged against small

and equal movements in the yields at the two maturities; a method known

as `duration weighting'. The resulting portfolio return (rS)is a linear combi-

10We assume that benchmark bonds trade close to par in order to obtain the duration
data. An alternative approach is derived by Shiller, Campbell and Schoenholtz (1983).
See Campbell, Lo and Mackinlay (1997, p.408) for more details.
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nation of the returns on the two bonds:

rS
t = α1r

B
1t + α2r

B
2t (18)

We search for patterns in both yields and spreads, and calculate the

returns from investments suggested by any patterns that are identi�ed. This

gives us 12 sets of `conditional' returns per series. We then compare these

conditional returns with the unconditional returns based on the complete

series, with the null hypothesis being that the population distributions of

the conditional and unconditional series are identical.

To allow simple comparisons across markets i, we standardize returns

(Zi) for each series by subtracting the mean of the series and dividing by its

standard deviation i.e.

Zi,t =
ri,t −Mean(ri,t)

S.D.(ri,t)
(19)

C Distribution Tests

To test for di�erences between the conditional and unconditional returns we

follow LMW, and use goodness-of-�t, and Kolmogorov-Smirnov tests.

The goodness-of-�t test compares the quantiles of the returns. The �rst

step is to compute the deciles of unconditional returns and tabulate the

relative frequency δ̂j of conditional returns that fall into decile j of the un-
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conditional returns, j = 1, ..., 10:

δ̂j =
Number of conditional bond returns in decile j

total number of conditional bond returns
(20)

The null hypothesis is that bond returns are independently and identically

distributed so that the conditional and unconditional bond distributions are

identical. The goodness-of-�t test statistic Q is given by:

√
N(δ̂j −

1

10
) ∼ N(0,

1

10
(1− 1

10
)) (21)

Q =
10∑

j=1

(Nj − 1
10

N)2

1
10

N
∼ χ2

9 (22)

where Nj is the number of (conditional) observations in decile j, N is the total

number of (conditional) observations, and (21) is the asymptotic Z-value for

each bin.

The Kolmogorov-Smirnov test is derived from the cumulative distribution

functions F1(z) and F2(z) with the null hypothesis that F1 = F2. Denote the

empirical cumulative distribution function F̂j(z) of both samples:

F̂j(z) =
1

Ni

Ni∑
k=1

I(Zik ≤ z), i = 1, 2 (23)

where I(·) is the indicator function and (Z1t)
T1
t=1 and (Z2t)

T2
t=1 are the two iid

samples. The Kolmogorov-Smirnov statistic and the associated p-values are
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given by the following expressions:

γ =

(
N1N2

N1 + N2

)1/2

sup |F̂1(z)− F̂2(z)| (24)

Prob(γ ≤ x) =
∞∑

k=−∞

(−1)k exp(−2k2x2), x > 0 (25)

Under the null hypothesis, γ should be small. An approximate α-level test of

the null hypothesis can be performed by computing the statistic and rejecting

the null if it exceeds the upper 100αth percentile for the null distribution.

(See Press et al. (2002, Section 14.3))

D Vasicek simulation as a benchmark.

To provide an illustrative benchmark for comparison, we apply the search

and test procedures to data simulated using Vasicek's (1977) model.11 The

Vasicek model is given by:

dyt = λ(µ− yt)dt + σdWt (26)

where Wt is the standard Brownian motion and yt is the yield at time t. The

parameters λ governs the speed of reversion to the long run equilibrium µ,

and σ is the volatility parameter. The parameters (µ, λ, σ) are estimated

using maximum likelihood for each bond yield and yield spread, and an

11By its Gaussian property, the Vasicek model is able to generate negative values, which
models the yield spread better than the square-root model. (Cox, Ingersoll and Ross
(1985))
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independent series is simulated for each series. (See, for example, Gourieroux

and Jasiak (2001, Section 12.1) or Brigo and Mercurio (2001, p.54)) We

then apply the pattern recognition algorithm to the simulated series. We

do this only once for each series since the purpose here is not to construct

a distribution of conditional returns but to provide a simple comparison

between the simulated series and the actual yields.

E Addition of a moving average test.

The moving average is a popular technical indicator that appears to have pre-

dictive power for asset prices. (See Brock, Lakonishok and LeBaron (1992)

and Levich and Thomas (1993)) Therefore, for each pattern found, we com-

pute the 45-day moving average and include it as a further conditioning

variable. The chart patterns are thus further separated into two categories,

one where the last extrema em is above the moving average, and the other

below.

V Empirical Results

A Bond Yields

Tables 2 and 3 display the pattern count from applying the Nadaraya-Watson

and local polynomial regressions respectively. The �rst row is the total sam-

ple count, and the second gives the results from the simulation of a Vasicek
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model. The third and fourth rows are counts for em above and below the 45-

day moving average. The most frequently occurring pattern using Nadaraya-

Watson regressions is the Rectangle, with more than 3000 occurrences in each

of its top and bottom forms, followed by the Head-and-Shoulders and Double,

with more than 1000 occurrences each. The remaining patterns have counts

between 600 and 800. This result di�ers from LMW, who �nd the Double to

be the most frequent in US equities, and Dawson and Steeley (2003) who �nd

the Head-and-Shoulders to be the most frequent in the UK equity market.

Identi�ed patterns appear with the greatest frequency in the UK with

2909 occurrences in 27848 observations (10%), and least frequency in Japan

(4%) and Hong Kong (6%). When classi�ed according to maturity brackets

(short, medium and long) rather than by country, the Rectangle is the most

common pattern for all three maturities, followed by Head-and-Shoulders

and Double. Nearly all Double and Triple top patterns lie above the moving

average, and nearly all Double and Triple bottom patterns lie below. The

only top pattern found to be predominantly below the moving average is the

Triangle.

The count for the local polynomial regression (21334) is higher than for

the Nadaraya-Watson regression (16929) (see Tables 2 and Table 3). This

suggests that the former generates more extrema near the boundary from

which we can identify patterns. As with the Nadaraya-Watson regression,

the most frequently observed pattern for the local polynomial regression is

the Rectangle, followed by the Head-and-Shoulders and the Double. Aside
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from the greater frequency of patterns, the qualitative results are the same

for both regressions.

The total count for the Vasicek series is higher than for the actual series in

the UK, Germany, Japan and Australia markets, by a factor of 4 in the case of

Japan. This may be due to the level of Japanese yields in our sample. During

the nineties, the Japanese monetary authority followed a zero-interest rate

policy for many years. With yields at near zero for such a considerable length

of time, there were few yield movements and therefore little opportunity for

the formation of chart patterns.12 For the US, Canada and Hong Kong

markets, the pattern count for actual yields is higher than for the simulated

series. For all simulated Vasicek series, the most frequently detected chart

pattern is the Rectangle, followed by the Head-and-Shoulders and Double;

the same ordering as for the actual data. The Vasicek results suggest that

the patterns in the actual data are likely to have arisen by chance and not

as a result of the behaviour of technical traders themselves. While this is

interesting in itself, the focus of our investigation is on the distribution of

returns on the day after each pattern has appeared.

A.1 The Level of Post-Pattern Returns.

Tables 4 and 5 display summary statistics of one-day-post-pattern, or condi-

tional, returns for the two nonparametric regressions methods. The asterisk

12The late nineties witnessed a series of failures of Japanese �nancial institutions, such
as the Long-Term Credit Bank and Nippon Credit Bank. As a result, Moody downgraded
Japan's sovereign credit rating from AAA in November in 1998 and further downgrades
in September 2000 and November 2001.
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(*) beside the mean return signi�es that the return is signi�cantly di�erent

from zero using standard 5% t-tests. The normalization of returns described

above reduces the mean and standard deviation of all unconditional returns

to zero and one respectively.

Seven out of 12 patterns exhibit statistically signi�cant mean returns from

the Nadaraya-Watson regression. With the larger set of conditional returns

from the local polynomial regression, this falls to 5 out of 12. The signs

of the statistically signi�cant returns are as expected with the exception

of those for Double-top in Germany and the US.13 The signs of the mean

returns across di�erent countries and maturities does not yield any systematic

pattern however. For example, the mean return Head-and-Shoulders pattern

is statistically signi�cant for US and UK, but not the rest of the markets.

Conditioning on the moving average does o�er some improvement in isolated

cases (for the UK, for example, em > MA produces more signi�cant returns

than does the unconditioned sample) but again there is no systematic pattern

that would indicate a reliable conditioning in all circumstances.

A.2 Information-Test Results.

Tables 6 and 7 present the information-test results.14 The goodness-of-�t

null hypothesis is that each decile should contain 10% of the post-pattern

observations and signi�cant deviations from this indicate the presence of in-

formation in the chart patterns. The �nal column is the Q-statistic, and

13All top patterns are supposed to produce positive returns, and vice versa.
14In Tables 6 and 7 -99.00 indicates that fewer than three patterns were detected.

23



the numbers in parenthesis are the asymptotic z-values for each decile, and

the p-value for the Q-statistics respectively. The results, from both regres-

sions, suggest that there is information in the chart patterns. On the basis

of the goodness-of-�t test 7 of the 12 patterns contain information using

Nadaraya-Watson, and 8 using the local polynomial regressions. Using the

Kolmogorov-Smirnov test 5 and 6 chart patterns appear to contain infor-

mation for the two smoothing methods15 for Nadaraya-Watson and local

polynomial regression respectively. No pattern performs consistently well in

any country with the exception of the HEad-and-Shoulders-Top in the US,

which appears to reject both the goodness-of-�t and Kolmogorov-Smirnov

null hypothesis for both regressions. The maturity of bond yields does not

seem to have any e�ect on the results. Similarly, conditioning on the mov-

ing average does not improve the results systematically. To summarize, the

chart patterns do appear to contain information about the distribution of

returns. This information appears to be scattered randomly across countries

and maturities however.

B Yield Spreads

Table 8 presents the pattern count for the Nadaraya-Watson kernel regression

(Panel A) and local polynomial regression (Panel B) respectively. The top

row is the aggregate count for all yield spreads. For all of the patterns the

frequency of counts are substantially lower than for yield levels, despite the

15p-value < 0.1
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number of raw observations being greater. From 262,170 observations, only

7209 and 9136 chart patterns are found by Nadaraya-Watson and local poly-

nomial regression respectively, a considerably lower number than for bond

yields. The most frequent patterns are the triangle and broadening, rather

than rectangle, double or head-and-shoulders commonly found in equity or

currency markets. The least frequent pattern is the triple. The country with

the lowest pattern count is Australia. A comparison of the results from the

Vasicek simulation series and actual bond yield spreads show no signi�cant

di�erence for any chart pattern. It appears from these results that the be-

haviour of yield spreads di�ers fundamentally from that of yield levels, stocks

and currencies.

C Returns

Table 9 gives summary results for the unconditional and conditional yield

spread return from the long-spread strategy.16 All the yield spread returns

from the long spread strategy have been normalized to zero mean and unit

standard deviation. None of the country-aggregated mean returns is statis-

tically signi�cant from zero, with the single exception of the HST using the

local polynomial regression, although there are isolated signi�cant results for

some of the individual countries.

16The mean, standard deviation and skewness results for the short-spread strategy have
the opposite signs to the long spread strategy, but the values remain the same.
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D Information-Test Results.

Tables 10 and 11 show the results for information tests from the two non-

parametric regressions. Panel A of shows the goodness-of-�t test results,

while panel B presents the results from the Kolmogorov-Smirnov test for all

yield spreads. Four chart patterns contain information using the Nadaraya-

Watson, and seven using the local polynomial regression.17 The Kolmogorov-

Smirnov test, however rejects the presence of predictive information for every

pattern with the exception of the HST. Thus while there is some evidence

that chart patterns contain information about yield spreads, this is consid-

erably weaker than for the case of yields per se.

VI Conclusions

We have examined the information content of technical chart patterns in

government bond yields for seven countries. To the best of our knowledge,

this is the �rst systematic evaluation of technical analysis applied to yields.

We �nd that chart patterns arise frequently in yields, that they have an

in�uence on conditional distributions of returns, and, in some cases, they

in�uence holding-period returns. Substantially fewer patterns arise in yield-

spreads however, suggesting a fundamental di�erence in the behaviour of

spreads as opposed to individual yields, and (as found by others) to stock

prices and exchange rates. While conditional returns obtained from spread

17At 5%.
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patterns do appear to embody some information about the distributions of

returns, the evidence here is substantially weaker than for yield levels. That

is, chart patterns appear to be able to pick up the in�uence of otherwise

unobservable fundamental factors that move the yield curve as a whole, but

are less able to account for the factors that in�uence its slope.

This may be due to the fact that bond portfolio managers undertake

many more spread trades than outright sales or purchases, with the result

that any predictability in spreads is exploited by intra-day trading, leaving

little information in the pattern of end-of-day prices. Outright trades are

both less frequent and more risky, with the result that some potentially

pro�table positions may be left unexploited, with the related information

retrievable from end-of-day prices. One way to test this would be to perform

the search and information tests on intra-day data. Further investigation

of the usefulness of the information that could be provided by patterns is

another possible avenue for future research: As in the case pro�t signals it

may be that the information in patterns of yield levels has little value, while

that in spreads is valuable and leads to trading that removes the patterns

from end-of-day prices.
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