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Abstract - Stock data analysis for price forecasting and trend
prediction has been a challenging problem that attracts
researchers from different fields. Some use statistical
methods, while others use neural network based approaches.
This paper reports on a preliminary study on stock market
data analysis using a hyperspace data mining approach that is
built upon a projective geometrical method. Discussions
include data separation, feature selection, data pattern
identification, and model building.  Application of this
method to stock performance classification and market
speculation prediction is described.  Preliminary results with
real-world financial data seem to provide useful insights on
how to discriminate the performance of different companies
and to identify the market speculation manipulated by large
investors.
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1. Introduction

There are a number of objectives in financial data
analysis. They include investment evaluation, building
of mathematical models to predict market prices [15],
quick identification of clusters from survey data,
demand forecast based on customer satisfaction (or
consumption utilization) [17], consumer behavior
analysis in terms of satisfaction, preference, subject
appreciation [15], correlation and association analysis
to relate goals (targets) to factors, and case studies by
computer model simulations.

Traditional analytical methods include those from
classical statistics including linear and nonlinear
regression analysis, factor analysis, correlation and
association, time series analysis, and those from
artificial intelligence including artificial neural
networks (ANN), fuzzy expert systems, genetic
algorithms, and so on. In pattern recognition
applications, PLS (partial least square) method is often
used to find quantitative target-factor relationships.
However non-linearity exists among targets and factors
that calls for new methodology.  To develop a new
methodology for financial data mining solutions, a
number of important issues need to be addressed, such
as feature selection, data separation, and model
building.

How to select and use financial factors to describe the
underlying operation of a financial system is an
important but complicated problem. People often rely
on theories in micro-economics, macro-economics, and
econometrics to select features that best describe
financial systems.  In most cases, features used in
financial analysis are extracted by human intelligence.
However, financial system structures are very
complicated, and they are often described by a large
number of seemingly unknown factors. The difficulty is
how to choose the right set, or a reduced set, of the
factors that correlate the financial activity with the
structure of a financial system. It seems that the
empirical rules developed by human intelligence can
also be discovered by computer software that
implement powerful methods designed for feature
selection and feature reduction purpose.

The data separability criteria, implemented in the
MasterMiner software and reported herein, are rather
useful in selecting key factors that influence the
financial performance of a business. People often use
linear and nonlinear regression in data separation that
gives poor results. MasterMiner is useful in simplifying
the selection of nonlinear terms in regression. It has
been compared favorably against other popular
software. The former uses far less terms in
mathematical models, and produces lower prediction
residue error squared sum (PRESS) than the latter.

This paper describes a hyperspace data mining method
[3] [7] that has a number of advantages over those
based on pure ANN or pure regression (such as PCA,
principal component analysis) methods often used in
financial data mining. The reported method has proven
to be very effective in dealing with non-linear, non-
uniformly sampling, non-Gaussian and multi-variant
cases in non-financial applications, such as
petrochemical, materials design and process controls.
As such, it is reasonable to extend its use to financial
data mining. Examples are included to show the
efficacy of this new method for stock performance
classification and speculation prediction.

2.  Review on Classification Techniques



Classification techniques are grouped into two
categories: decision theoretic (or statistical) and
syntactic [14]. In the statistical approach, features are
extracted from input patterns, and classification carried
out by partitioning the feature space in probabilistic
terms. In this method, however the important structural
relationship among features is lost often times.
Bayesian reasoning, as a major statistical method,
resolves uncertainty by resorting to the principle of
indifference – probabilities are distributed uniformly
among all events known to have relevance, leading to
inconsistencies in decision. Another obstacle to
Bayesian method is that a classifier is required to have
complete and accurate knowledge (in a database) of
both a priori and conditional probability distributions,
or the classifier is forced to guest anyway no matter
how impoverished the information is.  Therefore the
validity of this procedure in practice is questionable. In
contrast, syntactic methods extract structural
information from data, and a class is characterized by
several sub-patterns and relationships among them.
Both techniques, however, are not adaptive to the
uncertainty associated with real-world data, and have
limitations in applications.

AI-based methods include fuzzy logic, neural networks
and genetic algorithms, and they have received wide
attentions in recent years, especially as the Internet
grows. Fuzzy logic is precise reasoning about
imprecise concepts for human reasoning, and fuzzy
sets handle uncertainty effectively in that they have no
well-defined boundaries, and the transition from full
membership to non membership is gradual [1][13].
One could map the human knowledge into fuzzy rules,
and make classification by fuzzy reasoning [18]. One
could also use fuzzy clustering methods, such as fuzzy
c-means, to classify patterns into different categories.
However, a pure fuzzy technique has limitations: (1)
lack of adaptive learning ability: it cannot learn
classification knowledge from data, and (2)
incompleteness and fuzziness in representing experts'
knowledge: even experts cannot clearly describe
approximate reasoning under uncertainty and they
often make wrong decisions.

Crisp neural nets (supervised or unsupervised), on the
other hand, can mimic the biological information
processing mechanism in a very limited sense. They
have been used as alternatives to traditional classifiers
[2][6][12]. They have a number of advantages,
including (1) high computation rates because of
massive parallelism, (2) adaptivity in learning decision
rules, and (3) a greater degree of robustness or tolerance
against uncertainty. However, crisp neural classifiers
have intrinsic shortcomings: (1) they represent

knowledge by distributed crisp weights that,
unfortunately, have no explicit physical meanings. By
adjusting weights, such a net can only extract
knowledge at low-level (represented by numerical
weights) rather than at high-level; (2) they cannot
directly process symbolic data (linguistic values, e.g.,
“very high,” and “about 55 grams,”) because its weights
can only store crisp numerical values (e.g., “-55.88.”).
In summary, a pure neural approach is not suitable to
handle fuzzy and uncertain knowledge arising in the
complex real-world data.

To overcome the limitations of pure neural and pure
fuzzy approaches, the neurofuzzy methods are studied
that offset the demerits of one paradigm by the merits
of another.  In a narrow sense, a fuzzy neural net is a
fuzzy-operation-oriented neural net, implemented by
fuzzifying inputs, output and weights, and using fuzzy
set operations. However, the narrow-sense fuzzy neural
network can not extract fuzzy rules from data because
no explicit physical meanings are attached to the crisp
or even fuzzy weights, whereas physical meanings are
directly related to fuzzy rules used in classification. In
a general sense, a fuzzy neural network is a fuzzy-
reasoning-oriented neural network with adaptive
learning and fuzzy reasoning. More importantly, such a
method is capable of extracting fuzzy rules from given
data. However, many fuzzy neural networks are Crisp-
Input-Crisp-Output (CICO) models, not applicable to
the cases that are described by a Crisp-Input-Fuzzy-
Output (CIFO), Fuzzy-Input-Crisp-Output (FICO), or
Fuzzy-Input-Fuzzy-Output (FIFO) model. As an
improvement, a reasoning-oriented fuzzy neural
network, called Crisp-Fuzzy Neural Network (CFNN)
is proposed in [19]. CFNN includes FIFO, FICO,
CIFO, and CICO model. Furthermore, Genetic-CFNN
(GCFNN) is used to heuristically initialize fuzzy
weights of a CFNN to avoid bad local minima.

3.  Brief Background of Hyperspace Data Mining

The hyperspace data mining method [3][7] is a novel
approach to nonlinear optimization for pattern
recognition problems, and it has proved to be a
powerful tool for design and decision optimization in
many non-financial applications, including fault
diagnosis and metallurgy and optimization [4][5][11].
New applications for data mining are being explored in
different fields, including stock analysis, environment
emission controls, computer products service data
analysis, data network controls, and tobacco production
optimization.  This paper describes a preliminary study
on stock data analysis using this method.



The basics of this method is the MREC (Map
RECognition by hidden projection) methodology.
MREC is an effective approach to statistical pattern
recognition, and it seems to outperform the classical
PCA, Fisher and PLS (Partial Least Square) methods in
many applications.  It is equally applicable to nonlinear
problems that arise in many applications [3][4][5]. The
MREC methodology consists of three steps: (1) data
separation by a hidden geometric transform, (2) feature
selection by data geometric pattern (“one-sided” or
“inclusive” type), and (3) building models that reduce a
complex nonlinear problem to a set of simple linear
models in sub-spaces. All these functions are built into
software MasterMiner.

MREC  - Statistical pattern recognition methods are
based on computerized recognition of m-D graphs (or
their 2-D projections) of sample distribution in a m-D
space. Independent variables (features) influencing the
model are used to span an m-D space. If one can
describe samples of different classes as points with
different colors (or labels) in the space, a mathematical
model can be obtained by data mining that describes
the relationship (or regularity) between targets (goals)
and features.  In MREC, the hyper polyhedron model is
used where samples are classified into class “1” (red)
or class ‘2” (blue). Without loss of generality, it is
assumed that a hyperspace or its subspace contains one
and only one optimal zone that can be enclosed by a
concave or convex hyper polyhedron. This polyhedron
is used to describe the boundary of the optimal zone in
which all sample points are of type “1” or red.  This
assumption is always true, since a hyperspace can be
divided into a number of subspaces that can always be
enclosed by a hyper polyhedron.

Unlike the regression methods (linear, nonlinear,
logistic regression, etc.) or the neural nets that provide
quantitative solutions, MRE can provides semi-
quantitative and qualitative, as well as quantitative
solutions. This is advantageous because real-world data
exhibit strong noise, and quantitative models would be
too precise to represent them. The PCA-based
regression builds linear models without data separation,
shown in Figure-1, whereas MREC regression first
tries to separates data, and then builds more realistic
models from a reduced set of data, shown in Figure-2.

Data Separability - The data separability test of MREC
is designed to explore the possibility of separating data
into different populations or clusters in the hyperspace.
Building a model for a non-linear problem is possible
only if the data set is separable.  At each iteration,
MREC chooses the “best” projection map with
maximum separation from a series of hidden
projections, and discards those samples outside the

optimal zone (see the red box in Figure-2).  After each
projection, samples of class “1” (red) are automatically
enclosed by a “tunnel” (the intersection of two tunnels
are shown to form an “auto-square” in Figure-3), and a
reduced data set is formed that contains only samples
within the intersection.  Then a second MREC is
performed on this reduced set to obtain the next “best”
projection to further separate data into different classes.
After a series of such projections, a complete (close to
100%) separation could be realized, and the resulting
data set is used to build a very accurate model. The
physical meaning of MREC is explained by Figure-3,
where each “auto-square” is formed by two “tunnels”
in the original m-d space, and several such tunnels
would form a hyper-polyhedron in the m-d space. This
hyper-polyhedron, enclosing all or most “1” (red) but
no “2” (blue) samples, defines an optimal zone in the
m-d space. MREC has been shown to be much more
powerful than various regression methods.

Back Mapping - After the MREC transform of data
from the original measurement (or feature) space into a
number of orthogonal sub-spaces, one needs to back
map the transformed data into the original feature
space to derive mathematical models for practical use.
Two methods, called linear and non-linear inverse
mapping (LIM, NLIM) or PCBs (principal component
mapping) [7][11] have been developed whereby a point
in a low-dimensional principal component subspace is
continuously back-projected to a high-dimensional
space until the original feature space.  Table-2 and
Figure-5 give one example of LIM where a set of linear
equations (inequalities) are obtained from (red) class
“1” samples inside the auto-box by MasterMiner.
These equations represent the model that is sought.

Feature Reduction - The rate of data separation, R, is
defined as R = (1-N2/N1), where N1 and N2 are
respectively the number of class "1" and   “2” samples
inside the polyhedron. If R is larger than 70%, the
separability is "acceptable," otherwise it is
"unsatisfactory.”  R is used as a criterion in feature
reduction – a feature can be removed if R remains the
same after being removed from the model. R has been
used to reduce feature number by 1/3 to 1/2.

Concave Polyhedron -- Since MREC only forms a
convex hyper-polyhedron, it may not separate data that
form a concave rather than a convex polyhedron in the
space. In these cases, the BOX method, shown in
Figure-4, offers a powerful solution whereby samples
of class “2” are cut off from the polyhedron so that all
samples inside have type “2.”

4.  Stock Performance Classification by Price Ratio



In Shanghai Stock Exchange (SEE), in April of each
year, all listed companies would publish an Annual
Economical Report with detailed financial data. These
data will exert an influence on the price of the stocks
over a long period of time (for example, one year). It is
possible to use these data to span a hyperspace, and
map the data of each stock onto this hyperspace. We
then classify the samples (representative points in the
hyperspace) of every stock as either "good" (class “1")
or "bad" (class “2") points, according to the company
performance in one year. MasterMiner is used to find
the distribution regularity of the two types of data
points, and build a mathematical model that represents
the data in the hyperspace. The model so found it used
to classify companies into “good” or “bad” class as
investment guidance.  This method has been
successfully used on the stock data available from the
SSE. The classification and modeling results are rather
encouraging.

In one analysis, the stock data of 56 out of 828
companies on SSE are selected for performance
classification.  In this study, the target γγ is the ratio of
the stock  price in January to that in December of the
year.  Samples from 29 “good” companies with γ γ above
1.0 are of class “1,” and data from 28 “bad” companies
with γγ less than 1.0 are of class “2.”  Table-1 lists the
futures that are used in computation. Figure-3 shows
the result of data separation on stock data for 1997. It is
seen that the data separation by MasterMiner is close to
96%, a fairly good separation rate in practice.

Table-1 List of Features Used
Feature Definition or meaning
CO Comprehensive index (debt, liguidability. ..)
S Market return rate = stock price/earning
IN% Annual increase rate of earning = E(k)/E(k-1)
J% Return rate on net asset
M% (Profit per share) / (net asset/total shares)
Jb (Stock price) / (net asset/total shares)

5.  Prediction of Stock Speculation

Every day, the SSE publishes a Stock Index to show
the general trend of each stock. For a particular stock
on a particular day, when an obvious and sudden
deviation from the general (normal) trend is observed,
and no physical evidence is available to justify this
deviation, it is reasonable to contribute this sudden
change to the result of stock speculation, an operation
secretly controlled by a large investor in an effort to
manipulate the stock market for quick profit.

Stock speculation has patterns that seem to be
detectable by data mining methods. When speculation

happens, in general the price of a speculated stock will
go through several ups and downs. (“waves”) before
reaching a “top price” at a peak, called top price peak,
that is followed by a sharp fall-down.  Therefore, it is
very important to detect such a speculation pattern and
predict the top price in real-time, to determine if there
is a stock speculation that is going on.

MasterMiner is used to process SSE stock data to
identify the speculated stocks and predict the top price
before it falls down. More than 20 price-time curves of
various stocks have been used as the training set. Time
series analysis algorithms are developed, and used on
22 stocks including Tsinghua Tongfang, Xiaxin
Electronic, and etc.  It has been observed that the K-
curves often exhibit several small peaks before the top
price peak, followed by a sharp fall-down.  However,
recognizing the top price peak before a sharp fall-down
is a challenging task that calls for innovation.  In this
study on speculation prediction, our target is the price
at the end of the day, and features are the daily price
and the total number of stock exchanges during the last
N days (N is 7 or longer) or their functions.  Samples
representing the “top price” pattern, i.e., a peak
followed by a sharp fall-down, are defined as class “1,”
and the rest class ‘2.” After spanning a hyperspace with
sample data, discrimination of the top price peak from
other peaks is realized by the hyper polyhedron
modeling method.  The MREC methodology is able to
identify certain behaviors or regularities of the “top
price.” The reliability of the regularities so found has
been tested by a leaving-one method for cross
validation.  When data of last 10 days are used, a
prediction accuracy of 70% is achieved. Improvement
on prediction performance is under study to make this
method more useful in practice.

6. Conclusions

The reported method of hyperspace data mining has
been successfully used in industrial process
optimization and controls.  In this study, we try to use
it for stock market analysis. Although the preliminary
results are rather exciting, new methodology should be
developed to supplement current method, making it
more practical for financial data analysis.   Data from
stock markets often exhibit much stronger noise than
those from a smoothly operated factory. The former
also exhibits the nature of a time series that is
influenced by many unknown factors.  The
development of a novel feature selection method is an
imminent task.
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Figure-1 Principle component analysis – no data separation and “1” and “2” are inside the box.



Figure-2 MREC – complete data separation, all “1” points (red) are inside the box.

Figure-3. A polyhedron by intersection of two “tunnels.” Figure-4 Build a convex polyhedron from two others.



Table-2  Model obtained by MasterMiner

All inequalities obtained in original space:

+7.842<=-0.865[a1]+2.089[a2]+0.254[a3]+3.115[a4]<=+8.658

-0.645<=+1.089[a1]+2.236[a2]-0.077[a3]-1.317[a4]<=+0.028

-7.243<=+1.560[a1]+0.031[a2]+0.369[a3]-3.570[a4]<=-6.521

-4.197<=+0.096[a1]-2.008[a2]-1.203[a3]-0.802[a4]<=-3.344

-8.447<=+1.501[a1]-1.071[a2]+0.015[a3]-3.572[a4]<=-7.653

-1.661<=+0.076[a1]+0.537[a2]-0.580[a3]-0.747[a4]<=-0.994

where [a1], a[2], a[3] and a[4] are original features. The Auto-Box on

the right side covers all red points, showing 100% data separation. Figure-5 The auto-box with only “1” points and

mathematical equations (above) computed.

          Figure-6 Performance classification: the lower cluster (red) for “good,” and upper cluster (blue) for “bad.”

         The two points on the far right represent two companies that are experiencing internal financial transition

         while data are collected.


