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Independent component analysis is a new signal processing technique. In this
paper we apply it to a portfolio of Japanese stock price returns over three years of
daily data and compare the results obtained using principal component analysis.
The results indicate that the independent components fall into two categories, (i)
infrequent but large shocks (responsiblefor the major changesin the stock prices),
and (ii) frequent but rather small fluctuations (contributing little to the overall
level of the stocks). The small number of major shocks indicate turning pointsin
the time series and when used to reconstruct the stock prices, give good results
in terms of morphology. In contrast, when using shocks derived from principal
components instead of independent components, the reconstructed price does not
show the same results at al. Independent component analysis is shown to be a
potentially powerful method of analysing and understanding driving mechanisms
in financial time series.

1 Introduction

What drives the movements of a financial time series? In this paper, we focus on a
new technique which to our knowledge has not been used in any significant application
to financial or econometric problems! called independent component analysis (ICA)

1We are only aware of Baram and Roth (1995) who use a neural network that maximizes output entropy
and of Moody and Wu (1996), Moody and Wu (1997a), Moody and Wu (1997b) and Wu and Moody (1997)
who apply ICA in the context of state space models for interbank foreign exchange rates to improve the



which is aso referred to as blind source separation (Herault and Jutten 1986, Jutten
and Herault 1991, Comon 1994).

The central assumption is that an observed multivariate time series (such as daily
stock returns) reflects the reaction of a system (such as the stock market) to a few
statistically independent time series. ICA provides a mechanism of decomposing a
given signal into statistically independent components (1Cs).

ICA can be expressed in terms of the related concepts of entropy (Bell and Se-
jnowski 1995), mutual information (Amari, Cichocki and Yang 1996), contrast func-
tions (Comon 1994) and other measures of the statistical independence of signals. For
independent signals, the joint probability can be factorized into the product of the
marginal probabilities. Therefore the independent components can be found by min-
imizing the Kullback-L eibler divergence between the joint probability and marginal
probabilities of the output signals (Amari et al. 1996).

Independent component analysis can also be contrasted with principal component
analysis (PCA) and so we give a brief comparison of the two methods here. Both ICA
and PCA linearly transform the observed signalsinto components. The key difference
however, isin thetype of components obtained. The goa of PCA isto obtain principal
components which are uncorrelated. Moreover, PCA gives projections of the data in
the direction of the maximum variance. The principal components (PCs) are ordered
in terms of their variances: the first PC defines the direction that captures the maxi-
mum variance possible, the second PC defines (in the remaining orthogonal subspace)
the direction of maximum variance, and so forth. In ICA however, we seek to obtain
statistically independent components.

PCA algorithms use only second order statistical information. On the other hand,
ICA algorithmsmay use higher order? statistical information for separating the signals
(see for example Cardoso 1989, Comon 1994). For this reason non-Gaussian signals
(or at most, one Gaussian signal) are required for ICA. For PCA agorithms however,
the higher order statistical information provided by such non-Gaussian signals is not
required or used, hence the signals in this case can be Gaussian.

The goal of this paper is to explore whether ICA can give some indication of the
underlying structure of the stock market. The hopeisto find interpretable factorsof in-
stantaneous stock returns. Such factors could include news (government intervention,
natural or man-made disasters, political upheaval), response to very large trades, and,
of course, unexplained noise. Ultimately, we hope that this might yield new ways of
analyzing and forecasting financial time series, contributing to a better understanding
of financial markets.

separation between observational noise and the “true price.”
2|CA algorithms based on second order statistics have also been proposed (Belouchrani, Abed Meraim,
Cardoso and Moulines 1997, Tong, Soon, Huang and Liu 1990).



2 ICA inGenera

2.1 Independent Component Analysis

ICA denotes the process of taking a set of measured signal vectors, «, and extracting
from them a (new) set of statistically independent vectors, y, called the independent
components or the sources. They are estimates of the original source signalswhich are
assumed to have been mixed in some prescribed manner to form the observed signals.

Sources Signa Independent
(original) (mixed) Components

Figure 1: Schematic representation of ICA. The original sources s are mixed through
matrix A to form the observed signal . The demixing matrix W transforms the
observed signa « into the independent components y.

Figure 1 shows the most basic form of ICA. We use the following notation: We
observe amultivariatetime series {z; ()}, = 1, ..., n, consisting of n valuesat each
time step ¢t. We assumethat it is the result of a mixing process

n

wi(t) =) aijsi(t) @)

j=1

Using the instantaneous observation vector x(¢) = [#1(¢), z2(¢), ..., z,(t)] , the prob-
lemisto find ademixing matrix W such that

y(t) = Wx(t)
= WAs(?) (2

where A is the unknown mixing matrix. We assume throughout this paper that there
are as many observed signals as there are sources, hence A isasquaren x n matrix.
If W=A"" theny(t) = s(t), and perfect separation occurs. In general, it is only
possibleto find W such that WA = PD where P isapermutation matrix and D isa
diagonal scaling matrix (Tong, Liu, Soon and Huang 1991).

To find such a matrix W, the following assumptions are made:

e Thesources {s;(t)} are statistically independent. While it might sound strong,
thisis not an unreasonabl e assumption when one considers for example sources
of very different origins ranging from foreign politics to microeconomic vari-
ables that might impact a stock price.



o At most one source has a Gaussian distribution. In the case of financial data,
normally distributed signalsare so rare that only alowing for one of them is not
aseriousrestriction.

e The signals are stationary. Stationarity is a standard assumption that enters
almost all modeling efforts, not only ICA.

In this paper, we only consider the case when the mixtures occur instantaneously
in time. This appears to be a reasonable assumption to make since it implies that at
each timeinstant, the observed stock priceis comprised of all currently availableinfor-
mation from all sourcesand is acted on immediately. It is also of interest to consider
models based on multichannel blind decornvolution (Jutten, Nguyen Thi, Dijkstra, Vit-
toz and Caelen 1991, Weinstein, Feder and Oppenheim 1993, Nguyen Thi and Jutten
1995, Torkkola 1996, Yellin and Weinstein 1996, Parra, Spence and de Vries 1997)
however we do not do thisin the present paper.

2.2 Algorithmsfor ICA

The earliest ICA algorithm that we are awvare of and one which started much interest
inthefield isthat proposed by Herault and Jutten (1986).

Since then, awide variety of ICA algorithms have been proposed using on-line
and batch methods. In addition, various approaches for obtaining the independent
components have been proposed, including: minimizing higher order moments (Car-
doso 1989) or higher order cumulants (Cardoso and Souloumiac 1993), maximization
of mutua information of the outputs or maximization of the output entropy (Bell and
Sejnowski 1995), minimization of the Kullback-Leibler divergence between the joint
and the product of the marginal distributions of the outputs (Amari et al. 1996).

Neurally inspired agorithms have also been proposed which incorporate a non-
linear function to introduce higher order statistics (see for example Cichocki and
Moszczyhski 1992, Choi, Liu and Cichocki 1998, Cichocki, Unbehauen and Rummert
1994, Girolami and Fyfe 1997, Hyvirinen 1996, Karhunen 1996, Oja and Karhunen
1995). An important development recently is the field of ICA algorithms which are
referred to as natural gradient algorthms (Amari et al. 1996, Amari 1998). A similar
approach was independently derived by Cardoso and Laheld (1996) who referred to
it as arelative gradient algorithm. This theoretically sound modification to the usual
on-line updating algorithm overcomes the problem of having to perform matrix inver-
sions at each time step and therefore permits significantly faster convergence. Another
extension includes contextual ICA (Pearlmutter and Parra 1997) where a method uti-
lizing spatial and temporal information was proposed based on maximum likelihood
estimation to separate signals having colored Gaussian distributions or low kurtosis.
The ICA framework has also been extended to allow for nonlinear mixing (Burel
1992, Yang, Amari and Cichocki 1997, Yang, Amari and Cichocki 1998, Lin, Grier
and Cowan 1997).



A batch ICA agorithm, sometimes referred to as “decorrelation and rotation”
(Pope and Bogner 1996), is given by the following two stage procedure (Bogner 1992,
Cardoso and Souloumiac 1993).

1. Decorrelation or whitening. Here we seek to diagonalize the covariance matrix
of the input signals.

2. Rotation. The second stage minimizes a measure of the higher order statistics
which will ensure the non-Gaussian output signals are as statistically indepen-
dent aspossible. It can be shown that this can be carried out by aunitary rotation
matrix (Cardoso and Souloumiac 1993). This second stage provides the higher
order independence.

Note that this approach relies on the measured signals being non-Gaussian. For
Gaussian signals, the higher order statistics are zero already and so no meaningful
separation can be achieved by ICA methods.

The empirical study carried out in this paper uses the JADE (Joint Approximate
Diagonalization of Eigenmatrices) algorithm (Cardoso and Souloumiac 1993) which
is an efficient batch algorithm computed in stages. The first stage whitens the data
by computing the sample covariance matrix, giving the second order statistics of the
signals. The second stage consists of finding a rotation matrix which jointly diagonal-
izes eigenmatrices formed from the fourth order cumulants of the whitened data. The
outputs from this stage are the independent components.

3 Analyzing Stock Returnswith ICA

3.1 Description of the Data

To investigate the effectiveness of ICA techniques for financial time series, we apply
ICA to data from the Tokyo Stock Exchange. We use daily closing prices from 1986
until 19892 of the 28 largest firms.

Figure 2(a) shows the stock price of the first company in our set, the Bank of
Tokyo-Mitsubishi, between August 1986 and July 1988.

The preprocessing consists of three steps: we obtain the daily stock returns, sub-
tract the mean of each stock, and normalize the resulting values to lie within the
range [—1, 1]. The stock returns are obtained by taking the difference between suc-
cessive values of the prices p(t), asz(t) = p(t) — p(t — 1). Given therelatively large
changein pricelevelsover thefew yearsof data, an alternativewould have been to use
relative returns, log(p(t)) — log(p(t — 1)), describing geometric growth as opposed to
additive growth. Figure 3 shows these normalized stock returns.

3We chose a subset of available historical data on which to test the method. This allows us to reserve
subseguent data for further experimentation.
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Figure 2: (a) The price of the Bank of Tokyo-Mitsubishi stock for the period 8/86 until
7/88. Thisbank is one of the largest companies traded on the Tokyo Stock Exchange.
(b) Thelargest eight stocks on the Tokyo Stock Exchange over the same period, offset
for clarity. The lowest line displaysthe price of the Bank of Tokyo-Mitsubishi.
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Figure 3: (a) The stock returns (differenced time series) of thefirst eight stocksfor the
period 8/86 until 7/88. Thelarge negativereturn at day 317 correspondsto the crash of
19 October 1987. Thelowest line again correspondsto the Bank of Tokyo-Mitsubishi.
The question is: can ICA reveal useful information about these time series? (b) The
first eight ICs, resulting from the ICA of all 28 stocks.

3.2 Sructure of the Independent Components

We performed ICA on the stock returns using the JADE algorithm (Cardoso and
Souloumiac 1993) described in Section 2.2. In all the experiments, we assume that
the number of stocks equals the number of sources supplied to the mixing model.

In the results presented here, all 28 stocks are used asinputsin the ICA. However
for clarity, the figures only display the first few 1Cs. Figure 3(b) shows a subset of
eight ICs obtained from the algorithm. Note that the goal of statistical independence
forces the 1987 crash to be carried by only afew components.



We now present the analysis of a specific stock, the Bank of Tokyo-Mitsubishi.
The contributions of the ICs to any given stock can be found as follows.

For a given stock return, there is a corresponding row of the mixing matrix A
used to weight the independent components. By multiplying the corresponding row
of A with the ICs, we obtain the weighted ICs. We define dominant ICs to be those
|Cs with the largest maximum signal amplitudes. They have the largest effect on the
reconstructed stock price. In contrast, other criteria, such asthe variance, would focus
not on the largest value but on the average.

Figure 4(a) weights the ICs with the the first row of the mixing matrix which
corresponds to the Bank of Tokyo-Mitsubishi. The four traces at the bottom show the
four most dominant ICs for this stock.

From the usual mixing process given by Eqg. (1), we can obtain the reconstruction
of the ith stock return in terms of the estimated 1Cs
zi(t—j) = Zaikyk(t—j) j=0,..N—-1 ©)
k=1
where y;, (t — j) isthevalue of the kth estimated IC at timet — j and a;;, isthe weight
in the ith row, kth column of the estimated mixing matrix A (obtained as the inverse
of the demixing matrix W). We define the weighted ICs for the ith observed signal
(stock return) as

yik(t_j) = aikyk(t—j) k:l,..,n;j:O,..,N—l. (4)

In this paper, we rank the weighted 1Cs with respect to the first stock return. There-
fore, we multiply the ICs with the first row of the mixing matrix and so we use a1
k = 1,..,n to obtain the weighted ICs. The weighted ICs are then sorted* using an
L., norm, since we are most interested in showing just those ICs which cause the
maximum price change in a particular stock.

The ICs abtained from the stock returns reveal the following aspects:

¢ Only afew ICs contribute to most of the movementsin the stock return.

o Large amplitude transients in the dominant 1Cs contribute to the major level
changes. The nondominant components do not contribute significantly to level
changes.

o Small amplitude ICs contribute to the change in levels over short time scales,
but over the whole period, thereislittle changein levels.

Figure 4(b) shows the reconstructed price obtained using the four most dominant
weighted |Cs and comparesit to the sum of the remaining 24 nondominant weighted
ICs.

41Cs can by sorted in various ways. For example, in theimplementation of the JADE algorithm Cardoso

and Souloumiac (1993) used a Euclidean norm to sort the rows of the demixing matrix W according to
their contribution across all signals.




4000

3500

3
3
stock

3 3000)

~2500

actual, rec

%

3

E:

E:
N
=]
=]
=]

weighted independent components

1500}

400 600 800 1000 0
days

@

Figure 4: (a) The four most dominant weighted 1Cs (corresponding to the Bank of
Tokyo-Mitsubishi) are shown starting from the bottom trace. The top trace is the
summation of the remaining 24 least dominant ICs for this stock. (b) Top (dotted)
line: original stock price. Middle (solid) line: reconstructed stock price using the
four most dominant weighted |Cs. Bottom (dashed) line: reconstructed residual stock
price obtained by from remaining 24 weighted ICs. Note that the major part of the
true ‘shape’ comes from the most dominant components; the contribution of the non-
dominant ICs to the overall shapeisonly small.

3.3 Thresholded |Cs Characterize Turning Points

The preceding section discussed the effect of a lossy reconstruction of the origina
prices, obtained by considering the cumulative sums of only the first few dominant
ICs. In this section we examine the reconstructed prices using the dominant | Cs after
they have been thresholded to remove all values smaller than a certain level.

The thresholded reconstructions are described by

(t—j) = > gt-j) i=0,.,N-1, (5)
k=1
o = {5 M Z ®

where z;(t — j) are the returns constructed using thresholds, ¢(-) is the threshold
function and ¢ is the threshold value. The threshold was set arbitrarily to a value
which excluded almost all of the lower level components.

The reconstructed stock prices are found as

pi(i+1) = p()+@(j) j=t—N,.,t-1
pi(t=N) = pi(t—=N) @)

For the first stock, the Bank of Tokyo-Mitsubishi, p; (¢t — N) = 1550.
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Figure 5: ICA results for the Bank of Tokyo-Mitsubishi: (&) thresholded returns con-
structed from the four most dominant weighted I1Cs, (b) reconstructed prices obtained
by computing the cumulative sum of only the thresholded values. Note that the price
for the 1,000 points plotted is still characterized well by only afew innovations.

The thresholded returns of the four most dominant 1Cs are shown in Figure 5(a),
and the stock price reconstructed from the thresholded return values are shown in Fig-
ure 5(b). The figures indicate that the thresholded I Cs provide useful morphological
information and can extract the turning points of original time series.

3.4 Comparisonwith PCA

PCA is awell established tool in finance. Applications range from Arbitrage Pricing
Theory and factor models to input selection for multi-currency portfolios (Utans, Holt
and Refenes 1997). Here we seek to compare the performance of PCA with ICA using
singular value decomposition (SVD).

The results from the PCs obtained from the stock returns reveal the following
aspects:

o The distinct shocks which were identified in the ICA case are much more diffi-
cult to observe.

o While thefirst four PCs are by construction the best possible fit in a quadratic
error sense to the data, they do not offer the sameinsight in structure of the data
compared to the ICs.

o The dominant transients obtained from the PCs, ie., after thresholding, do not
lead to the same overall shape of the stock returns as the ICA approach. Hence
we cannot make the same conclusions about high level and low level signalsin
the data. The effect of thresholding is shown in Figure 7.

For the experiment reported here, the four most dominant PCs are the same, whether
ordered in terms of variance or using the L., norm asin the ICA case. Beyond that
the orders change.
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Figure 7: PCA results for the Bank of Tokyo-Mitsubishi: (a) thresholded returns con-
structed from the four most dominant PCs, (b) reconstructed prices. In this case, the
model does not capture the large transients observed in the ICA case and fails to ade-
guately approximate the shape of the original stock price curve.
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Figure 7(b) shows the reconstructed stock price from the thresholded returns are
a poor fit to the overall shape of the original price. Thisimplies that key high level
transients that were extracted by ICA are not obtained through PCA.

In summary, while PCA also decomposethe original data, the PCs do not possess
the high order independence obtained of the ICs. A major difference emerges when
only the largest shocks of the estimated sources are used. While the cumulative sum
up the largest | C shocks retains the overall shape, thisis not the casefor the PCs.
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4 Conclusions

This paper applied independent component analysis (ICA) to decompose a portfo-
lio of 28 instantaneous stock returnsinto statistically independent components (1Cs).
The components of the instantaneous vectors of observed daily stock are statistically
dependent; stocks on average move together. In contrast, the components of the in-
stantaneous daily vector of 1Cs are constructed to be statistically independent. This
can be viewed as decomposing the returns into statistically independent sources. On
three years of daily datafrom the Tokyo stock exchange, we showed that the estimated
ICsfall into two categories, (i) infrequent but large shocks (responsible for the major
changes in the stock prices), and (ii) frequent but rather small fluctuations (contribut-
ing only little to the overall level of the stocks). The October 1987 crash, for example,
isgiven by only afew ICsin thefirst group and does not appear in the other group.

We have shown that by using a portfolio of stocks, ICA can reveal some under-
lying structure in the data. Interestingly, the ‘noise’ we observe may be attributed to
signals within a certain amplitude range and not to signals in a certain (usually high)
frequency range. Thus, ICA gives a fresh perspective to the problem of understanding
the mechanisms that influence the stock market data.

In comparison to PCA, ICA is acomplimentary tool which allows the underlying
structure of the datato be morereadily observed. There are clearly many other avenues
in which ICA techniques can be applied to finance. Implicationsto risk management
and asset allocation using ICA are explored in Chin and Weigend (1998).
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