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This paper describes two mutually enhancing technologies that will be used to evolve
Bayesian network based forecasting models;. human/artificial cognition and Bayesian networks. A two
tiered representation is introduced which mimics the way the human brain is thought to organize itself.
This representation can be manipulated using genetic programming techniques to extract both attributes
and organization of a Bayesian Network that models the underlying stochastic process for time series
data. Experimental results are presented that demonstrate the effectiveness of the method in forecasting

daily prices of stock issues.

1. Introduction

Time series forecasting isawell established
area of study supported by various methods for predicting
afuture value from historical information. Traditionally
the domain of mathematicians, research isnow being
carried out by practitionersin other disciplineslooking
fore innovative forecasting methods. Thisinterest in
alternative methodsis being led by efforts to utilize new
information presented in areas of cognitive research and
artificial intelligence.

To be successful in model prediction, it is
necessary to select amode that provides both a
comprehensive structure capabl e of expressing the
domain being explored, while still having a
computationally tractabl e representation. Network
structured model s based on concepts found in cognitive
research such as neural networks and belief networks are
being actively looked at by the artificial intelligence
community as the underpinning for new applicationsin
datamining.

Neura Networks have been used extensively
to forecast the performance of products traded in the stock
market'. For example, Refenes, et. al® describe a set of
Neura Net based applications used to model the behavior
of financial systems that incorporate both objective (time
series) data and subjective (expected human trader
response) information. Although effective, these
frameworks rely upon a-priori domain knowledge from an
expert to constrain the maximum number and type of
exogenous variables used to represent the non-time series
portion of the model. It is expected that a domain expert
will select which non-time series variables to exclude

based primarily upon their beliefs of the behavioral
aspects of the traders working in the market. In essence,
the authors made assumptions concerning the rational
actions of other agentsin the domain in which they were
modeling that were neither based on observation nor
could be updated during the execution of their model.

Anocther way to approach the problem of
understanding the solution model isto use a Bayesian
network structure that offers an intuitive explanation
based on its contents and organization. A Bayesian
network, aso known as a belief network, causd network,
and influence diagram, isagraphical modeling language
for representing uncertain relationships®. A Bayesian
network isadirected acyclic graph with nodes
representing the attributes of the model and directed links
representing a causal relationship between parent and
child. Together, thisinformation represents the
dependence between variables and gives a concise
specification of the joint probability of the model*.
Unlike neural networks, it provides a white box approach
to representing rel ationships that exist within the domain
being modeled and can handle inferencing in the absence
of complete information.

Several different forecasting frameworks
have been constructed around Bayesian networks. For
example, Abramson's ARCO1° was used to forecast
pricing in the oil market using a belief network
representing aone year world oil price model. ARCO1
performed inferencing using Monte Carlo smulation and
was able to model both quantitative knowledge of
economic variables and qualitative knowledge if
subjective palicies that affected the production and
consumption of ail.



A second framework is presented by Dagum
. al. usesa synthesis of Bayesian bdlief network models
and classical time-series analysis®. Their framework,
known as the Dynamic Network Model provides the
ability to consider complex non-linear relationships
between variables without an intractable increasein
computationa complexity. They use an additive model
approach to reduce the computation complexity by
separating the conditiona links between nodes based on
dices of time. The authors present experimental results
collected from using a Dynamic Network Model to model
amulti-variate diagnostic process used to monitor patients
in critica care gtuations.

Accepting the use of a network based model
within aforecasting framework, one area of particular
interest isthe way in which both the structure and values
of network representations can be learned from the data
aone. To thisend, a significant amount of work has been
done on learning the network structure given an identified
set of attributes of the data to be model ed. However, in
the case of forecasting atime series, each past value
becomes a potential attribute for use in the network model
describing the process that produced the time series. This
increase in computational complexity, plusthe ability to
enhance the forecast model using data sources external to
the time series being forecast, underscores the need for an
autonomous method for identifying the forecast modd.

2. - Human and Artificial Cognition

Thereis escalating interest in the Al
community in the use of hybrid techniques that combine
classical knowledge representation with neurological
based enhancements. For example, Uhr and Honavar’
detail a system for performing constructive learning
utilizing Knowledge based networks. In order to
appreciate the impact of their work, it is necessary to
consider several factors related to the understanding of
computationa technique to be applied to solving a
problem in learning. Specifically, what are the
differences between the two above mentioned techniques
and in what framework can they be combined?

In an earlier work®, Honavar states that "the
dichotomy between SAI [Symbolic Artificial Intelligence]
and NANN [Numeric Artificial Neural Networks] is more
perceived thanreal." He goes on to strengthen his
position by stating that "the fundamental working
hypothesis that has guided most of theresearch in
artificia intelligence aswell asthe information
processing school of psychology is rather smply stated:
"Cognition, or thought processes can, at some level, be
modeled by computation." He further points out that SAI
and NANN rely on equivalent models of computation; i.e.
the implementation of underlying models where proven to
be exactly equivalent to the Turing Machine’.

If these statements hold true, then it would be
reasonabl e to expect that any problem capable of being
solved using a SAI approach would also be solvable using
aNANN approach. Of course, al things being equal does
not necessarily make them equivalent in utility. For
example, although both SAI and NANN use state space
search, they do so at different times. A system tasked
with classifying an item as being a member of a finite set
that will not be changed might most efficiently be
implemented using a NANN which trades the training
process and inflexibility for linear runtime performance.
Conversdly, a SAl implementation would be more
effective in a system that was required to show a chain of
evidence as to why a certain action was selected.
Although little training would be required of this system,
its high degree of flexibility would come at the cost of the
search though state space each timeit wasrequired to
perform.

So, the question then becomes one of finding
away to combine techniques from both SAl and NANN
methods to enhance both knowl edge representation and
access. It isinteresting to point out that Pearl makesa
strong argument for such a system existing in nature™.

He contends that the human brain "assembles" belief
networks (an SAI representation) from blocks of several
Neura Networksin order to support higher cognitive
functions. In other words, the brain collects, filters, and
transmits eventsthat are limited in scope to a higher level
process that isresponsible for interpreting and acting
upon the information that isfurnished. Thisbelief isalso
shared by current research into understanding how the
human brain learns'**2,

3.—TheTwo Tiered M odel

This section presents a tree based
representation for Bayesian Network that is capable of
being used as a member in a popul ation manipulated by
genetic programming® techniques. It implements the two
tier approach by facilitating the selection of low level
attributes that quantitize prior values of thetime series
and then combinesthis sensoria information into a
reasoning layer implemented as a Bayesian Network. The
genetic program then appliesthe principas of natural
selection to a population of two tiered reasoning networks
to produce asingle individual Bayesian Network for
predicting the underlying process that produced the time
series data

The reasoning layer used to mode thetime
series Z in the two tier approach is defined:

Z,, =0, mina@g%@((z) POAZ AZ_ A.) (1]
where min(Z) and max(Z) are the minimum and
maximum possible values of Z and & is a continuous
variable representing the possible values for Z at timet+1.



Although possible to work with predictors
that use the continuous value 3, the mode! discussed in
this paper relies on the set of discrete values D, containing
eements{d", &, ...}. The vaues of D, which represent
the sensory tier, are defined for the predictive mode by
dividing up the range (min(Z),max(2)) into N discrete
ranges R with boundaries A,such that:

min(Z) <R <A, [2]

A, <R <A fori=2,...N-1 [3]

Ang < Ry <max(2) [4]
with d' defined as:

d' =4, [5]

d' :)“'1—2”“' fori=2,...N-1 [6]

d" =21, [7]

Given the values of D, the predictive model
is defined as a Bayesian Classifier. The classifier is
trained using a set of attributes that relate values of d' with
prior values of Z and returns the predicted value for d, by
utilizing the maximum a posteriori hypothesis to create:

2t+1=ai,rpax P(d'AZ, AZ A [8]
'eD

Initialy, the simplifying assumption is made
that the prior values of Z are conditionally independent
given thevalue of Z at timet. Based on this assumption,
Eq 8 can be rewritten as the Naive Bayes Classifier:

~ . . t .
| | |
Z,y =d',max P(d )H PZ.;1d") [9

The computational impact of using the Naive
Bayes classifier isimportant. It greatly reduces the
amount of storage and number of calculationsrequired to
represent the Bayesian network. Thisis significant in an
natural selection environment where all members of the
population must be created, trained, and then tested for
fitness during each generation. However, the smplifying
assumption of conditional independence between prior
values of VZ meansthat the MAP hypothesis will only be
returned when this assumption istrue. Thisisnot the case
when a process has an autoregressive component to it.
Therefore, it isnecessary to support the case where the
value of Z; is conditionally dependent on a subset of the
values of Z at prior times.

The framework supports the possibility of
autoregressive components by moving from a Naive
Bayes classifier to a simple Bayes classifier, defined as:

~ ~, . t .
Z., =d ,max P 1Z.,.Z., - )[]P(Z_; 1d")
€ j=1

jeL

[10]

where L isthe subset of lags{l,, I, I3, ...} from K, the set
allags{0,1,...,t}.

The last improvement the framework makes
to the basic classifier isthe application of Occam's Razor
to the number of terms used within the classifier. This
subset of K, K'is then used giving:

Zt+1 =d' ’Tea%( F)(dI | Zt—ll’zt—lz ’)H P(Zt—j | dl)
et
[11]
Figure 1 shows a sample classifier, in
network form, for Z., that relies on the conditionally
dependent terms { Z,.,, Z;.3} and the conditionally
independent terms {Z.; Z;s}.

Figure 1— A Simplified Bayesan Network for
Selecting d;.

It should be noted, that although the given
predictive model contains a single query node, the
presence of multiple query nodesis can be supported in
the two tier approach. Second, because the network
transforms the continuos model into a discrete form, it
would be computationally straight forward to make
qualitative evidence available to the decision layer as
well. Both of these topics are mentioned here for
completeness, but are beyond the scope of the work being
discussed.

4. The Tree Representation

Given the desired two tier approach to the

Bayesian Network model, it is necessary to specify atree

representation that will satisfy the requirements of both

the natural selection process and the cognitive model
previoudly discussed. These requirements are:

1. Thetree structure must allow for the possible
sdlection of any VZ; into either the conditionally
independent or conditionally dependent section of the
network.

2. Thetreemust allow for the dynamic specification of
range mapping (positioning of A's) during the
quantitization process of individuate states for each
variable node.



3. Thetreemust not inhibit the genetic operators of
reproduction, crossover, and mutation used in the
natural selection process.

The tree used to represent the two tiered

Bayesian Networks is best described as a set of trees

within atree structure. Theroot tree, shown in Figure 2, is

used to describe the member variables contained within
the network and the conditional relationships between
them. Each node contains a single integer attribute that
will be used to determine some aspect of the network
based on the node's position relative to theroot. The first
child node aways represents d, while each of the
remaining children represent the remainder of the VZ;'s
used in defining the predicting model. Selection of the

VZ,; is done according to the algorithm shown in Table 1.

K

V=12 V=3 V=4
d Zis Zis
Dependent Independent
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Figure 2—A Sample Root Tree and the Bayesian
Network it represents.

Each node contained within the root tree
contains a subtree that encodes the As used to partition the
interval (-eo,+o0) into discrete categories. Figure 3 shows a
sampletree that uses the algorithm in Table 3 to produce
the categories (-,5], (5,10], (10,12], (12,30] and (30,+<o)
for a series with observed minimum value 5 and
maximum value 30. In the case of the query node, the
values of d; are determined according to Eq. 5, 6, and 7.
For example, if the subtreein Figure 3 represented the
guery node, then the values of d; would be 5, 7.5, 11, 16,
and 30 respectively.

/1NN

5. —Experimental Results

This section discusses the results of using the
two tiered Bayesian Network model as a predictor for the
future values of atime series from within a natural

selection framework. This section presents the results of
evolving two tiered Bayesian networks to forecast future
values for the price of GE stock issues using the MAP
Hypothesis method. This method utilized multi-lag uni-
variate and multi-lag multi-variate data to produce
Bayesian Networks that modeled the underlying process
that generated the time series data. Each experimental
forecast was made using a population of size 25, evolved
through 15 generations, with the natural selection process
repeated five times per forecast.

Table1—-The Root Tree Node Attribute Assignment
Algorithm.

Initialize LagList to contain
available Attributes
Remove First Child from List of
Children
For each remaining child of root, do
Assign Attribute Lag Variable based
on lag at list position V
Remove Lag Variable from List
If V & 0x01 then
make d conditionally dependent
on Attribute
Else
make Attribute conditionally
dependent on d

End If
End For
1
d
XQ:E
V=10 V=40
7\‘2:10
V=6 V=4
XG=12 A4=30

Figure 3— A Sample Subtree.



Table 2 — The Subtree Node A Assignment Algorithm.

Set max to Maximum Observed Value
of Data

Set min to Minimum Observed Value
of Data

Set Array of Lambdas to empty

Call ComputeLambda
With min, max, subtree, lambdas

ExXit

Function ComputeLambda
( min, max, subtree, lambdas )
If subtree is empty, do
Return
End If
Set total to sum of child wvalues
Set Range to max - min
Set lower to min
For each child in subtree, do
If child is leaf node, do
Add min to lambdas
Else
Set upper to lower
+ (value / total) *Range
Call ComputeLambda With
lower, upper, child,
lambdas
Set lower to upper
End If
End For
End Function
Figures 4 and 5 show the best Bayesian
Network and resulting forecast for the daily price of GE
stock while figures 6 and 7 show the best Bayesian
Network and resulting forecast for the daily price of GE.

Overall, the forecasting results for the best
naturally selected Bayesian Network were within 2.5%
for first 15 values and 7% for remaining values over the
data held back for evaluation of the selected time series.
Also, in both series, the first forecast value was within
0.5% APE of the actual value. It isinteresting to note that
the selected forecast model holds within the noted error
tolerance over an extended period of time without
requiring retraining of the network.

Itis alsointeresting to observe the makeup of
the naturally selected Bayesian Network itself. In both
cases, the best network evolved into ardatively highly
guantitized representation of d; as compared to the
guantitization of the conditionally dependent and
independent variables selected by the framework. Also,
each of the evolved networks relied mostly on
conditionally independent lag variables given the query
node, with asingle attribute that the query nodeis
conditionally dependent on. Thisisindicative of the
possibility that the use of a Naive Bayes classifier might
be just as effective in some applicationsrequiring less
accuracy, but quicker search times.

0. - Conclusions

The method discussed in this paper combines
natural selection with a Bayesian Model based on current
research in cognitive science. By utilizing atwo tiered
mode similar to that found in the processing centers of
the human brain, the model was able to be used in a
natural selection framework to separate the classification
of data pointsinto relevant attributes from the task of
using the discovered attributed in the high level
forecasting model. Experimenta results showed that this
approach resulted in two tiered model s capable of
predicting future values from the underlying time series.

—— Actual GE = Forecast GE ‘
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Figure 4 - The Forecasted Price of GE Stock..
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Figure5 - The EBN Model of the Price of GE Stock.
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