Whatever neural net model you
choose, the general approach
will be the same. Still, a network
can learn more easily from some
representations than others

by Jeannette Lawrence

Data Preparation

for a Neural Network

re you preparing to implement

neural-net application ideas? It's

important to assess the available

data properly before making any
project commitments. The data may need
to be converted into another form to be
meaningful to a neural network. (I'll treat
the neural network as a black box and con-
centrate instead on processing your data
into and out of a neural network.)

" Regardless of which neural network mod-
el you choose, the general approach to solv-
ing your problem will be the same. Under-
standing the problem well enough to know
what kind of information is relevant is the
key to a successful design. How your data is
represented and translated also plays an im-
portant role in the network’s ability to grasp
the problem. I will explain why a network
can learn more easily from some representa-
tions than others. Certain kinds of data (for
example, the time-oriented data used in
such problems as financial forecasting) pose
additional challenges.

Your data may be continuous-valued or

binary. Sometimes it can be represented ei-
ther way—as a single continuous value or as
a set of ranges that are assigned binary val-
ues, such as the temperature of food. This
data could be represented by the actual tem-
perature or as one of four possible values:
frozen, chilled, room temperature, or hot.
When you have naturally occurring groups,
the binary categories are often the best
method for making correlations. When the
values are very continuous, artificially
breaking them up into groups can be a mis-
take. It is difficult for the network to learn
examples that have values on or near the
border between two groups.

A common mistake is using continuous-
valued inputs to represent unique concepts.
For example, you may think it’s perfectly
reasonable to represent the months of the
year as a number from 1 to 12. However,
the neural network will presume such data
to be continuous-valued and as having
‘“more or less” or “better or worse” quali-
ties. Since the month July (7) is not more or
better than June (6), individual inputs are

NEURAL NETWORK SPECIAL REPORT

15




16

FIGURE 1.
Questionnaire.

required tor each month. Zip codes, bar
codes, and marital status are more examples of
data that require more than one input.

Often, the choice. between binary and
continuous is not so simple. If your data is
fairly continuous but not evenly distributed
over the entire range, the best represent-
ation can be tricky. Consider a network that
predicts the savings level of individuals
based upon demographics and personal his-
tory. One of the inputs might be the per-
son’s education level, and the value could
range from zero to 20 years. Natural group-
ings occur around “graduation” years that
support representing the data in ranges
such as less than 12, 12-15, and 16-20
years. A person with 14 years of education
would be transformed into a 1 for the
12-15 group and a 0 for the others. But if
significant differences occur within a group,
they will be lost. If you used one continu-
ous-valued input representing the actual
number of years, the neural network might
have trouble. If a significant difference in
the effect on savings between having a high-
school diploma and not having one occurs,
the network may not pick it up, because 12
and 11 look very similar considering the
range of 0-20. The best representation may
be a combination of the two, such as groups
with continuous-valued rather than binary
input. You may need to try several represen-
tations to see which one works best.

ACTUAL VS. CHANGES

An important decision in representing con-
tinuous-valued data is whether to use actual
amounts or changes in amounts. Some data
such as the Dow Jones industrial average
has a tendency to shift over time. (Several
years ago, it might have been around 1,600;
someday soon, it could be 3,200.) The
change in the Dow from month to month

stays within a range of + /- 100, so it’s bet-
ter to use the change than the amount.

Another reason for using changes in
amounts is that the smaller the range, the
more meaningful small-value differences
are to the network. Suppose the value of the
Dow could be anything from 1,600-3,200.
If we used an actual value, the numbers
2,205 for one day and 2,208 for the next
day would look very similar, because there's
only a difference of three between them in a
range of 1,600. Using the change (a value of
+3 for the second day) is easier for the net-
work to appreciate, because it is a larger
percentage of the total possible range of
-100 to +100.

You must also consider whether to de-
scribe the information as unique items (such
as retriever, terrier, or shepherd) or as a set
of qualities (such as large, black, or short-
haired). Information that can be exclusively
categorized as one of several possible items
is called a nondistributed representation.
You would assign one neuron to each exclu-
sive quality, and the data will be either a
“true” or “false” (1 or 0) for each. A draw-
back to using nondistributed information is
that a reasonably sized network can store a
very limited number of unique patterns.

Information is deemed distributed when
the qualities defining a unique pattern are
spread out over many pieces of information.
For example, a purple object can be thought
of as being half red and half blue. By using
three primary color inputs (red, blue, and
yellow), many possible color combinations
can be represented without adding neurons.
A distributed input scheme reduces the
number of neurons needed to represent a
large number of patterns that share com-
mon qualities. It can enhance the general-
1zation ability as well.

The problem, however, with using a dis-
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tributed approach for the output is that of-
icn e netiork autonr mugt be dacoded
twice: first, from neuron activations to the
distributed qualities and second, to the non-
distributed identification. For example, if
color were distributed, an output pattern of
.2 blue, .7 yellow, and .4 red would have to
be decoded again by some external observer
or program to brown (unless the output is
supposed to be a paint formula). A network
with a distributed output layer also has less
learning capacity precisely because it has
fewer connections.

A few advantages of a distributed output
network are that it uses fewer neurons in
the output and the hidden layers, has fewer
connections, does less computation, and
runs faster. Also, the more outputs you
have, the harder it is to train the neural net-
work to be as accurate with all of the output
neurons. Generally speaking, neural net-
works with a greater number of inputs than
outputs do better.

DATA TRANSFORMATION EXAMPLE
Let’s see how pieces of data are transformed
into data for a neural network. This neural
network predicts the likelihood of a person
buying a time-shared condominium in a
nearby vacation resort, so that sales at-
tempts can be focused on good prospects.

The data comes from two sources: ques-
tionnaires filled out by residents of a metro-
politan area near the resort and the results
of sales efforts on a test group of residents
who filled out questionnaires. The people
are enticed to fill out the form (Figure 1
and Table 1) with an offer of a chance to
win a TV or vacation. (In fine print, of
course, is the notification that they must at-
tend a sales presentation to qualify for the
vacation drawing.) Once the form is com-
pleted, the resident is asked to attend the
time-share condo presentation.

The four sales attempt indicators were
added together to indicate an overall likeli-
hood of buying. These items were weighted
differently before summing:

W [nterest on phone: 1-4 points

® Attended presentation: 0 or 10 points
m.Showed interest: 0-30 points

® Bought condo: 0 or 100 points

Total possible: 1-164 points

To put this data into the network, we need
two things: an input laver of neurons and an
encoding scheme. The encoding algorithm’s
function is to take our input data and con-
vert it into a form suitable for presenting to
the network. To accept and understand so-
lutions, we need two more items: an output
layer of neurons and a decoding scheme. In
some models, a single layer serves as input
and output. These models are generally as-
sociative or memory types. The decoding al-
gorithm takes the values of the output laver

ITEM # DATA USED,
DESCRIPTION RANGE TYPE OF DATA
1. Name not used n/a
2. Street, city not used n/a
3. State, zip Zip, last symbolic
three digits ‘
Sex m/t symoblic
Age 18-100 continous number
6. School 0-20 continous number or ranges
Marital m/s/d symbolic
Dependents 0-10 continous number
Income 5,000-500,000 continous number
10. Home payments 250-5,000 continous number
11. Other debts 0-200,000 continous number
12. Phone not used n/a
13. Interest 1-4 points continuous number
on phone
14, Attended yes/no binary number
presentation
15. Showed interest 1-4 points continuous number
16. Bought condo yes/no binary number

neurons and converts them into a meaning-
ful answer.

Encoding and decoding algorithms are
neural-network specific, but some guiding
principles can be applied to all. Neurons op-
erate with numeric inputs and outputs that
correspond to the firing rates, or activation
values, of neurons. Your data may already
exist as something other than numbers that
fall within the range neurons understand
(usually O to I, or -1 to +1). It may exist as
symbols (words such as male /female), larger
or smaller numbers, or even pictures. The
input encoding must normalize vour raw
data, such as turn it into a sequence of nu-
meric values that the network can under-
stand. Each number in the sequence is as-
signed to a particular neuron in the input
layer. The output decoding must do the op-
posite: it must take a sequence of numbers
that corresponds to the output neurons’ val-
ues and turn them into whatever form is re-
quired for the final output. Many neural-
network programs will automate this task
for you.

If your numeric data has a natural range
that is something other than the neuron’s
operating range, you must normalize it. For
example, if the input data could be anvthing
from 49 to 174, the total range is 125, An
input value of 92 is 43 /125 of the range, or
.344 on a scale of 0 to 1. Some neural-net-
work programs, such as BrainMaker, will do
this normalization for you automatically.

Figure 2 and Table 2 depict the neural
network that results from the collection of
sales prediction data and a sample input pat-
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RAW | TRANSFORMED
INPUTS DATA (for a 0-1 range) NORMALIZED
Zip 90131 131 1 (other Zip inputs are 0)
Sex m male 1 (female input is 0)
Age 27 27 .1098
School 17 17 85
Marital m married 1 (single and div. are 0)
Dependents 2 ‘ 2 2
Income 350000 35,000 .0606
Home 1,750 1,750 3158
payments
Other debts 5000 . 5,000 025

1 NORMALIZED

OUTPUTS RAW DATA TRANSFORMED (for a 0-1 range)
Interest phone ved=4 +
Attended present. yes%10 +
Interest present. ver§=50 +
Bought condo no=L0 =

Total Likelihood

TABLE 2.
Resuiting neural
network.

FIGURE 2.
Resuiting neural
network.

62 points 3780

tern with raw and normalized data. Notice
that the zip codes require a separate input
for each area, even though zip codes appear
to. be continuous-valued numbers at first
glance. It makes sense for the output to be
renormalized for a 0-100 value, which
would represent percentage of likelihood of
buying a condo. The sample pattern shown
would be translated into a 38% probability
of purchase. It could be decided that this
person should be contacted in a few years.

TYPES OF DATA

Let’s talk about some very special types of
data and how they should be handled. But
finst, we need to discuss how a neural net-
work sees trending data or time-oriented

data such as financial forecasting data. A
{‘C\\' ncuru]-network xnodels hzwe some sus-
taining memory of previous data, but most
don’t. Most networks consider all the exam-
ples but only one example at a time. No ex-
plicit memory of the example has been pre-
viously seen. Therefore, you cannot simply
present your data in a sequential order (first
Monday’s data, then Tuesday’s data, and so
on) and expect it to find the trend.

When you think about a time-oriented
problem such as predicting tomorrow’s
stock price, you consider how the stock
price has been changing each day for the
last week or two (or some similar time peri-
od). Similarly, a neural network needs a lot
of historical data. Each training example has
some input data that spans several time per-
iods and the output is the data for the next
time period. Figure 3 shows an example fi-
nancial neural network.

When the information is pictorial, the
data has a wide range of possibilities at ev-
ery point in the picture and is best suited to
a nondistributed scheme. For example, in a
black-and-white picture, each input neuron
receives a number representing the intensi-
ty of one pixel (picture element) of the visu-
al field.

Translation of picture images is more
complicated but generally involves numeric
values that correspond to a light/dark level
for each pixel (dot) in the picture. The big-
gest problem with pictures is that often too
many pixels are used to train a neural net-
work in a reasonable amount of time. If a
camera image is 1,024 pixels on a side, the
number of necessary input neurons is more
than a million. If vou assume that your soft-
ware could handle that amount, it could
take months or vears to train. The problem
size should be reduced to something along
the order of a few thousand inputs to train
in any realistic amount of time. This reduc-
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tion can be done by using only the area of
»lxv Pi\_\.u\\; \.uululln')ns sumu :III}JUI Tani Cctr
ture, by tiling, or by performing a fast Four-
ier transform on the data. Tiling means
grouping some adjacent pixels (a 16-by-16
square in this case) into a single value. A
Fourier transform is a mathematical process
that finds the frequencies of things.

One approach for feature extraction uses
Fourier descriptors of the items to be recog-
nized. For example, an application devel-
oped with BrainMaker reads a chemical
drawing (comprised of characters and
graphics) and translates it into a chemical-
structured database. The chemical drawings
are read into a PC from a scanner; some
mathematical processing is performed to
provide Fourier descriptors that are then
fed into a neural network for recognition
and translation into bonds and atomic sym-
bols. Characters and graphics have frequen-
cy magnitude and phase “signatures” that
can be recognized by the neural network.
The neural network’s output is formatted
into a connection table and transmitted to a
host computer database.

Fourier analysis of waveforms can also be
useful. An example application developed
with BrainMaker involves the analysis of
sound waves obtained by nondestructive
testing of concrete to determine whether
flaws exist. A large metal object strikes the
concrete, and a nearby transducer picks up
the reflected sound waves. The frequency
content of the digitally recorded waveform

1DOW CHANGE(LA
i UNEMPLOYMENT.

is then obtained using the fast Fourier trans-
{orm Lccllniquc. A s;ngle large amplitud‘e
peak at the frequency corresponds to multi-
ple reflections of the pulse between the top
and bottom plate surfaces. If a flaw occurs,
the peak shows up at other frequencies. The
value presented to each input neuron repre-
sents the amplitude at a particular frequen-
cy range. In this way, the neural network
can “see” the flaw, which is also visible on
the waveform. Similar processing can be
done with EKGs and other electronic signals.

DATA TYPE AND QUANTITY
Some important training considerations can
affect the type and quantity of data you col-
lect. Let’s examine a few of these factors.
Choice of data. You don’t need to deter-
mine formulas or rules to train a neural net-
work. All you need to know is which kinds
of information are important in solving a
problem. If you're unsure, include it. A neu-
ral network can learn to ignore inputs that
have little or nothing to do with the prob-
lem, provided you supply enough examples.
It is rarely the case that too many kinds of
data are used. More often, not enough data
is used and correlations become difficult to
find. When not enough kinds of data exist
to make proper associations, the training
time may become excessive. This situation
can be evident with back-propagation net-
works when a very large number of hidden
neurons is required to train the network.
The danger with too many hidden neurons

el

—— DOW AVERAGE CHANGE
¢ FORNEXT MONTH

NEURAL
NETWORK
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FIGURE 3.
Example financial
neural network.
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is memorization. This method is symptom-
atic ot a network that trains well but tests
poorly on new data.

Data organization. A big difference in
how data gets organized occurs between su-
pervised models in which the training data
includes associated outputs (known answers)
and unsupervised models, where it does not.
If prediction, evaluation, or generalization
is your goal, use a supervised model.

Supervised neural networks basically learn
to associate one set of input data with a dif-
ferent set of output. For example, a neural
network can associate a rise in GM stock
price with a decrease in the price of steel.
To predict the price of GM stock, you would
specify the price of steel and other econom-
ic indicators as the input to the neural net-
work. Naturally, you’d collect lots of histori-
cal data in which the indicators were paired
with the corresponding GM stock price. Un-
supervised models, such as Kohonen net-
works, are best applied to classification or
recognition types of problems.

For example, you could store some de-
scriptions of criminals (albeit a rather limit-
ed number). All the available data is input
for training. When a new criminal case
comes in with a partial suspect description,
the neural network would look at the de-
scription and output the stored criminal
that it most closely resembles.

Data collection. With a supervised mod-
el, the more examples you can collect for
training and testing, the better. You must

A big difference in how data
gets organized occurs

between supervised models

in which the training data
includes associated outputs
(known answers) and
unsupervised models, where

20 it does not.

have enough examples of a sufficient variety
for training that the network will be able to
make valid correlations for unfamiliar cases.
The variety must include a good distribu-
tion of possible inputs and outputs. If your
network will perform an evaluation such as
the flight-readiness of an airplane, you must
include examples of good and bad results in
fairly even proportions. If you include 1,000
examples of the plane being ready and 10 of
it not, the network will have a lot of trouble
learning those 10. Even if it does learn
them, when running it may tend to predict
that the plane is ready more than it should.

You must have an ample training set so
that you can set aside some amount for test-
ing the neural network. Having the neural
network learn a training set perfectly is not
important, but having the network able to
provide correct answers for data it has never
seen is. A random sampling of examples
should be set aside for testing. If you have
very few examples with which to begin, you
can use the “leave-k-out” procedure to train
several networks each with a different sub-
set of most of the examples; then test each
with a different subset. Leaving a different
set of examples (k) out of the training and
subsequently testing on a different set will
greatly enhance your ability to assess the
network’s effectiveness and may show you
where more examples are needed. It will
also give you a good idea of whether a net-
work trained with all of the examples can
generalize well.

If you don’'t have very many examples
available, it may be all right to create a
training set of data. If you’re working with a
supervised network (most commonly the
case), the output for each pattern must be
correctly evaluated by an expert, or it can
be produced by a simulator. No one wants
to look at all the generated patterns, so start
by rating the obvious ones. Several experts
can rate the examples. A single network
might be trained on the sum total of what
everyone thinks, or one might be trained
for each person’s opinion to see which gives
the best results after training.

If you decide to fabricate examples, try to
find the *“border” patterns (examples in
which the output just begins to be differ-
ent). An example of a border pattern for a
neural network that determines if the ma-
jority of inputs are true is the pattern in
which the number of true inputs is one less
than half the number of input units, such as
seven of 15 inputs are true. The output for
this pattern is false because a majority of in-
puts are not true. A minor change in the in-
put pattern (only one more input made
true) changes the output to true; hence it is
a border pattern. Research has shown that
the failure rate of a trained neural network
decreases rapidly as the number of border
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training patterns used increases.

nranu{"a\;\.ur\:d Lra'lnllng 3Cl us'lng both
border patterns and diverse-valued training
patterns is substantially better. You can easi-
ly generate a list of patterns using a simple
computer program. The number of possi-
bilities for any continuous-valued input is
simply limited by using a certain meaningful
interval, such as every five thousand dollars
in the range of the price of a home.

Randomly chosen training patterns are
not the best, because any one set may arbi-
trarily emphasize the wrong conceptual
points. The most easily identifiable patterns
must be included for the network to learn
the basics. There is no guarantee that a ran-
domly chosen training set will include these
basic patterns in the proper proportions.

Data that covers too long a time span can
introduce problems. It is important to con-
sider whether changes that have occurred,
such as the introduction of new equipment,
are related to a change in results. When the
behavior has changed over time, you should
limit the collection to a time period of simi-
lar behavior.

For example, the strongest influences on
the value of the yen today may not be the
same as those of 10 years ago, or a hospital
may have acquired some new equipment
two years ago that substantially improved
treatment results. Designers of financial-
forecasting neural networks often retrain
their networks, throwing out the oldest data
and adding newly collected examples to
their training set. In the hospital case, you
could still use all the data if you added an in-
put that indicated if the equipment was
present or not.

With most unsupervised models, the
number of examples that can be stored is
limited by the number of neurons. When
too many examples are used, they begin to
interfere with one another, and the net-
work’s recall ability diminishes. Autocorre-
lators (also called Hopfield nets) are able to
store and perfectly recall at most n / (2logn
+ loglogn) number of patterns with n num-
ber of neurons.

There is much to consider when you be-
‘gin developing a database for a neural net-
work. The format of the data (continuous,
binary, and so on) and the range of values
represented (border and diverse-valued pat-
terns) require careful attention. Remember,
neural networks, like most computer pro-
grams, are very literal. They only under-
stand what you say, not what you mean. %
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