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Abstract-Model

building in artificial neural networks (ANN) refers to selecting the “optimal”
network architecture,
network topology, data representation,
training algorithm, training parameters,
and terminating criteria, such that some desired level of performance is achieved. Validation, a critical
aspect of any model construction,
is based upon some specified ANN performance measure of data that
was not used in model construction.
In addition to trained ANN validation, this performance measure
is often used to evaluate the superiority of network architecture,
learning algorithm, or application of
a neural network. This paper investigates the three most frequently reported performance measures
for pattern classification networks: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
and percent good classification.
First the inconsistency of the three metrics for selecting the “better”
network is examined empirically. An analysis of error histograms is shown to be an effective means
for investigating and resolving inconsistent network performance measures. Second, the focus of this
paper is on percent good classification,
the most often used measure of performance for classification
networks. This measure is satisfactory if no particular importance is given to any single class, however,
if one class is deemed more serious than others, percent good classification will mask the individual
class components.
This deficiency is resolved through a neural network analogy to the statistical
concept of power. It is shown that power aa a neural network performance metric is tuneable, and
is a more descriptive measure than percent correct for evaluating and predicting the “goodness” of a
network.
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aspect of any model construction.
Although, there does not exist a well
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for ANN model validation,
the usual practice is to base
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measure of data that was not used
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(a “test set”). In addition to trained network validation,
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measure is often used to evaluate the superiority
of network architecture,
learning algorithm,
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consistency
for selecting the “better” network for the classification
of a well-established
pattern classification
problem demonstrates
the necessity of examining
all
three commonly used metrics. An analysis of error histograms is shown to be an effective means
for investigating
and resolving inconsistent
performance
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Percent good classification
is the preferred measure of performance
for classification
networks
since it is consistent
with the task. It is a normalized
measure of the number of correct classifications summed over all classes. This measure is satisfactory
if no particular
importance
is given
to any single class. However, if determining
membership
in one class is deemed more important
or serious than others, percent good classification
could mask the individual
class components.
In Section 4, this issue is addressed through a neural network analogy to the statistical
concept
of power. It is shown that power as a neural network performance
metric can be adjusted by
the relative importance
of detecting the target class. In addition, power is demonstrated
to be a
more descriptive measure than percent correct for evaluating and predicting the “goodness” of a
network. A brief outline of power as a statistical
concept is included in Section 4 to familiarize
the reader with its definition,
interpretation,
and the effects of its related parameters.
The statistical concepts introduced
are then adapted to the area of ANN models. Several neural network
experiments
are presented to empirically support parallels drawn between the power of a statistic
and the power of an ANN trained on the same pattern classification
problem. Finally, the utility
of “power” as a general neural network concept is discussed.
Included in this introduction
is a brief description
backpropagation
training algorithm for those readers
may refer to [7,8] for a more complete explanation.
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Artificial neural networks are massively parallel computing mechanisms.
Neural networks store
model knowledge in their many interconnecting
weights, which during training
move from an
initially random state to a stable state. These variable weights hierarchically
connect nodes both
in parallel and in sequence.
The entire mechanism
processes vector input through the network
of nodes and weights, arriving at a vector output.
There is typically an input layer, an output
layer and one or more hidden layers between the former and the latter. The networks utilized in
this work are feedforward; i.e., neuron activation
flows from the input layer through the hidden
layer(s), to the output layer. Recurrent
networks, on the other hand (not used in this work),
permit the activation
to flow laterally or back to hidden and/or input layers.
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This unipolar activation function produces output; between 0 and 1. Each layer is constructed
of
one or more neurons.
Before the model can be used to predict classification,
the weight matrix W consisting of all. the
weight vectors w, is modified from an initial random state to a fixed equilibrium
state. Weight
modification
or training,
is the process of finding the ‘best’ W. The most well known of the
supervised
training
algorithms-backpropagation-was
chosen for this work. The backpropagation algorithm adjusts initially randomized
weights during training according to the steepest
gradient along the error surface [9,10]. Weights are adjusted in proportion
to their contribution
to the output by recycling the squared error signal back through the layers of weights.
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The hidden layer y, neurons 1 to J error signal is the weighted sum of

for j = 1,2, . . , J,
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and z is the normalized input vector for the pattern vector p.
Weights between the hidden neurons 1 to J and the output neurons 1 to K are adjusted by
wkj
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(10)

and weights between the input neurons 1 to I and the hidden neurons 1 to J are adjusted by
forj=1,2
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,...,

J
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,...,

I,

(11)

where n is the step size, or rate at which the gradient descent occurs.
Training proceeds by presenting each normalized input vector, z, and its corresponding output
target vector d, until each X(w) is smaller than the maximum allowable error X(w),,,.
Presentation of the entire set of training vectors to the network is called an epoch. Sometimes training
is halted after a specified number of epochs if X(W)~~~ is not reached.
The validation of a trained neural network model is conducted similarly to, but not as rigorously
as, statistical regression [11,12], where the “goodness” of the network is judged on how well
the network predicts classification of data it has never seen before; i.e., how well the network
generalizes to a test set of data not in the training set. Both the training and the test sets should
be sampled from i.i.d. (independently and identically distributed) populations.

3. EXAMINATION
AND

OF PERFORMANCE
THEIR CONSISTENCY

MEASURES

As stated in the Introduction, performance measures are used to select the “better” network
model in terms of architecture, training algorithm, training parameters, etc. This section examines the inconsistencies of the three most commonly used performance measures for selecting the
“best” network in terms of training parameter-tolerance.
3.1. Definition

of Common

Performance

Measures

The definitions for RMSE, MAE and percent good classification are given in equations (12),
(13) and (14).
RMSE is defined as:
(12)
MAE is defined as:
MAE

=

Cfl Pi - %I
n

03)

In neural computing, rules are employed for classifying a correct response to a given test input
vector. There are two commonly used interpretive schedules for binary output:
for interpretive schedule I:
if Id, - op[ < 0.5 then Yp = 1, else Y = 0,
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training tolerance. The training rate was set to 1.0 with an added smoothing factor of 0.9. The
smoothing factor allows for current weight changes to be based in part on past weight changes
[17]:
Ap wij = n (CXAp_ 1 wij (1 - CX)O~~)
1

(15)

where: A w,~ is the change in weight for input vector p, and CYis the smoothing factor. All weights
were initialized to the same random point on the error surface at the start of each training session.
3.3. Training

Tolerance

Investigation

Typically, networks are trained to decreasingly lower tolerances X (w),,,,
in an attempt to
achieve the “best” performing network. This assumes that lower training tolerances equates with
improved performance. To examine three commonly used performance metrics (RMSE, MAE,
percent good classification) several networks were trained and tested in order to measure the
effects of lowering the training tolerance on performance measures for the two statistical pattern
classification problem described in Section 3.2.
A total of 13 different networks were trained, each to a different training tolerance. Training
tolerances ranged from 0.08 to 0.6 for normalized input between 0 and 1. During training, a
response was considered correct if the output was within * a prespecified training tolerance of
the target value (0 or 1). Training iterations continued for each network until each of the 396
training samples was deemed correct according to the specified training tolerance. Note that the
tolerance that was used to train the network is an upper bound to the final training tolerance of
the trained network, since the maximum acceptable error is applied to the worst training vector.

0

0.1

0.2

TRAINIliG

0.3

0.4

0.5

0.6

TOLERANCE

Figure 2. Test set results for Root Mean Squared
Error (RMSE) vs. training tolerance.

0

0.1

0.2
TRAINING

0.3

0.4

0.5

0.6

TOLERANCE

Figure 3. Test set results for Mean Absolute
(MAE) vs. traning tolerance.

Error

Figure 2 is a plot of Root Mean Squared Error (RMSE) vs. training tolerance for the test set
of 1000. This plot indicates that the RMSE resulting from networks trained at tolerances between
0.08 and 0.13 vary to some degree about a RMSE of 0.14. The RMSE for networks trained to
tolerances from 0.14 to 0.40 steadily declines to a minimum of 0.11. At training tolerances of 0.5
and 0.6 there is a sharp increase to an RMSE of 0.24. The result of the mid-range training
tolerances having the smallest RMSE is not expected. The minimum RMSE is often used as a
criteria for selecting the “better” neural network. Based on this criteria, the network trained to
a tolerance of 0.4 would be chosen as the “better” network. This inconsistent phenomenon will
be explained in Section 3.4.
Figure 3 is a plot of the test set results for Mean Absolute Error (MAE) vs. training tolerance.
These results, aside from some slight variations at the lower training tolerances, are closer to what
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at 0.4 would have the lowest RMSE.
penalty

increased,

bimodal

large training

There
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a few less sure classifications

tolerance

takes on a Gaussian-like
of 0.6.

range.)

representing

As the training

and 0.6 the distributions
tolerance

covers

the spikes,
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I error;

LYvalues are typically

the Null hypothesis.

I error results
constant;

whether

in an increase

i.e.,

with a decrease

failing

or not the phenomenon

i.e., the probability

exits.

rejecting

It
the

set very low in order to reduce the

The consequences
in the probability

to reject

of wrongly
of reducing

the probability

of committing

the Null hypothesis

in U. In the design of a statistical

a Type

if it is false.
test,

II

Since

the investigator
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must weigh the seriousness of committing
a Type I error vs. a Type II error. An investigator
may set Q to be .05, and P to equal .80, which results in p equal to .20. Type I error is, therefore
four times as serious as a Type II error (.20/.05 = 4).
4.1.2.
The

Reliability of sample results and sample size (n)
reliability

parameter;

of a sample

value

is the closeness

it approximates

the population

i.e.,
Sample

The reliability

of a sample

Z
s

+
-+
-+

n

-+

increases; i.e., an increase
needed in order to increase

Population
/J
lY
N

value may or may not be dependent

and distribution,
but is always dependent
upon
as n increases toward the size of the population,

4.1.3.

to which

upon the population

parameters

the size of the sample, n. For a given QI level,
N, the chances of detecting the phenomenon

in P. The natural question which follows is “How large a sample is
P to a specified value ?” This question is addressed in the next section.

Effect Size (ES)

Effect size (ES) is the measure of the degree to which the phenomenon
is present and is
expressed as the difference between two population
parameters
or the departure of a population
parameter
from a constant.
The larger the ES, the greater the P. Effect size is measured in
terms of the given sample statistic, e.g., the difference between two means or the ratio of two
standard
deviations.
In statistics, P, a, ES, and n are computationally
related; knowing any three defines the fourth.
Therefore, questions such as the one posed above on n may be readily determined.
For example,
an investigator
has chosen a: = 0.05, specifies P = 0.6, and expects an effect size of ES = 0.4.
According to the methods described in [18], n = 30.
4.2.

“Power” as a Neural Network Concept

Halbert White in his 1989 article
spective” [l] asserts that the weights
set) are a “(vector valued) statistic,”
on sample data. As the sample mean
from a training set of size n is to the
size N:

“Learning in Artificial Neural Networks: A Statistical
Perresulting from a network trained on sampled data (training
much like an average or standard deviation which are based
is to the population
mean so is the results of a set of weights
results of a set of trained weights from a population
set of

3 + PN,

wn -+WN
W,

where for backpropagation:
selected, so that

is a function
w,

72:

sample

T:

gradient

of gradient

descent

and a particular

= TL,A,I(&,&)

size or number

L:

learning

algorithm

network

architecture

of patterns

I :

starting

point

2,:

input

d,:

desired

on the error surface

vector
output

(# nodes, connections,

vector.

set

(16)

descent

A:

training

layers, etc.)

Performance

Statistical
example,
stated

hypotheses

Measures,

are formulated

a null hypothesis

concerning

Consistency,

and Power

to make inferences

about

253

population

the mean of some characteristic
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For
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Ho : PN = 6.
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be true or false.

Instead,
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However,
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Again
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if the population
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with certainty.
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by WN.
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Having
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to provide
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are known,

are rare.
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were available,
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for
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analogy

input

may be used to infer the classificat,ions

as such,

may ensue.

in which the network
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that

a

has been posed only

of power can be made.

Type I and Type II errors of a neural network (cy and j3)

4.2.1.
White

theorizes

that

“the analytical

can be used to describe
learning
2-class
that

these

test of this hypothesis

a framework

(N)

as:

Given WN, assign input vector x as coming

Ho:

made

population

are used to infer, or test the null hypothesis.

neural network,

network

p would be known and the assertion

cases where the entire

procedures”
pattern

the behavior

[l].

that

of statistics

Therefore,

classification

tools

the

network

“P”

problem,

specifically

obtained

associated

relative

models
errors.

and in neural
In neural

given test input vector,
below in Section

4.2.2.
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To minimize
seriousness
criminant
between
That

Function

networks

and,
(18)

0 / Class 1).

models,

the objective

is to minimize
a correct

the su.m of

response

3.1, may not meet the desired objective,
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trained

with the implicit,

to a

as shown

and perhaps

that Q = /3.

each type of error,

analysis

(17)

1 1Class 0)

the total sum of cy and @, while enabling
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concluding
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1).

the rules used for classifying

to in Section
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assumption

network
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referred

network

Type I and Type II errors may be defined as
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from statistical
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i error,
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In the following

section,
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Figure 6. Minimization

0

of sum of Type I and Type II errors.

0.2

0.4

0.6

0.8

1

CUTOFF
Figure 7. The effects of changing cutoff points on relative errors.

4.2.2. Type

I (cx) and Type

II (p) errors

results

A single network was selected from the set of networks described in Section 3.2 (network trained
to a tolerance of O.l), in order to illustrate the proposed classification scheme (19). Figure 6 is a
plot of total test set percent error vs. cutoff. Total percent error is equal to the sum of Type I
and Type II errors. The plot indicates that the minimal error occurs at cutoff equal to 0.3.
To demonstrate the relationship of Q to P, and to examine the effects of weighing the relative
seriousness of one error type more heavily than the other, a plot of percent test set error vs.
cutoff is shown in Figure 7. The solid line represents percent incorrect classifications of Class 0
or Type I error (a). The dotted line represents percent incorrect classifications of Class 1 or
Type II error (0); the complement is P. The plot indicates that as cy decreases, so does P.
The lines intersect at cutoff 0.2, where percent error is 0.17 for both error types. The ratio or
relative seriousness of Type II error to Type I error is 1.0. Moving the cutoff point from 0.2 to 0.1
decreases the ratio of a Type II error to Type I error from 1.0 to 0.6. Moving the cutoff point in
the opposite direction toward a cutoff of 0.9 increases the ratio from 1.0 to 6.3, where the chances
of committing a Type II error is more than 6 times as great as committing a Type I error; i.e.,
at 0.9 cutoff a Type I error is much less likely to occur than a Type II error. At cutoff 0.3, where
the minimum sum of the two errors occurs, the ratio of Type II to Type I errors is 1.5. For

Performance

classification
of errors
errors

schedule

and Power

2, where the cutoff occurs at 0.5, it is incorrectly

are given equal

as Type I errors

Measures, Consistency,

importance.

In fact there

are more than
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assumed

two times

that

both type

as many

Type

II

at a cutoff of 0.5.

This plot illustrates
how the cutoff point of the classification
schedule can be adjusted
reflect the relative seriousness of Type I vs. Type II errors for a given neural application.

to
In

fact,. it demonstrates
that power curves must be examined to ascertain the relative proportion
of
&ssification
errors to be expected for the model under consideration.
Reliance upon an implicit
assumption
of a: = ,# will usually prove false when the actual trained network and its power
cha.racteristics
4.2.3

Training

are investigated.
set size (n) and biased

training

set results

As indicated
earlier, sample data is obtained due to the infeasibility
of collecting the entire
population
of data when building a model.
The goal in sampling for training
purposes
LSto
obtain a representative
sample that will produce a reliable estimate of WN.
To examine the

relat,ionship between training set size, n, and P,
classification
problem described in Section 3.2.
diffc,rent training set size, ranging from 60 to 400
wad increased to 25 in order to accommodate
the
to the t,raining tolerance of 0.1.

seven individual
networks were trained on the
Each of the seven networks were trained on a
samples per class. The size of the hidden layer
larger sample sizes. Not all networks converged

Figure 8 is a plot of percent test set correct vs. number of training samples per class. The
I&H I)arallels the results found in statistics,
in that an increase in P (Class 1 percent correct)
is associated
with a nonlinear
increase in training
set size. The a.ddition of 340 sample:; per
(,lnss (from 60 to 400) increases P from 72 to 88 percent correct.
Since Class 0 is an “easier”
classification
task, it reaches maximum percent, correct [l - c~] (90 percent correct) at 71,= 60 per
&%S.

0

lG0

200

NUMBER OF TRAINING

300

400

SAMPI.ES

500

PER CLASS

Figure 8. The relationship of increased training set sizes and power

Not discussed in Section 4.1.2. is the assumption
that the data from which the statistic
is
dorived be a representative
sample of the population,
i.e., an unbiased sample.
Large s.%mple
sizes can diminish the amount of bias, but again large sample sizes are not) easily acquired, and
an investigator
may have to rely upon sampling techniques to obtain a representative
sample of
the population.
A representative
training set for an ANN 2-class classification
problem is typically
comprised of both classes in equal proportions.
To study the effects of nonrepresentative
or ‘aiased
t,raining sets on P, nineteen individual networks were trained for the same classification
problem.
Each network was trained on a training set size of 12 = 200 with a different proportion
of Class 1
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samples. Proportion of Class 1 samples ranged from 0.1 to 0.9; where 0.5 is unbiased. The test
set contained equal proportions of both classes. Figure 9 is a plot of percent test set correct
vs. Class 1 proportion of training set; the solid line represents Class 0 (1 - CY)and the dotted
line Class 1 (P). The plot shows that an increase in proportion of Class 1 results in an increase
of percent correct classification of Class 1 (P) and a decrease in percent correct classification of
Class 0. Figure 9 exhibits a well known neural network attribute, that of performance robustness.
Classification accuracy is not severely impaired despite biased proportions ranging from 0.3 to 0.8.

0

0.2

0.6

0.4

1 PROPORTION

CLASS

0.8

1

OP TRAING

SET

Figure 9. The relationship of biased training sets and power.

4.2.4. Effect

Size (ES)

results

As indicated in Section 3.1.3, ES can be described as “the degree to which the phenomenon
exists” [18] and is measured according to the relevant parameters which describes the phenomenon. The same approach is applied to a single network trained on a somewhat different statistical
pattern classification problem (see Figure 10) which clearly demonstrates effect size. Again two
classes of data were randomly generated for both training and test sets. Class 0 training set consisted of 150 samples from a Gaussian (0.0, 1.0) distribution. Class 1 training set also consisted
of 150 samples, but were generated from 15 different Gaussian distributions having standard
deviations equal to 1.0 and means ranging from 0.15 to 4.0. Fifteen test sets from the same 15
Class 1 distributions were generated; one test set per distribution, each containing 500 samples.
One test set of 500 samples were generated from Class 0. The network was trained to a tolerance
of 0.1. Network architecture and all other training parameters were as described in Section 3.2.
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Figure 10. Depiction of second classification

problem

ES was then measured in terms of the distance between the p from which the classes were
sampled. More specifically, it is the number of standard deviations between the ,Uof Class 0 (0.0)
and the p of Class 1 (0.15 to 4.0). For pattern classification problems, ES is related to “overlap.”
Figure 11 is a plot of percent test set correct vs. ES. The plot shows a steady increase in P from

Performance

Measures, Consistency,

an ES of 0.15 to 1.5. This result is not surprising
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Figure 11. The relationship of increased clTect sizes and power.
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examination of the residuals is required. In regression a “good-fit” can be demonstrated by
a plot of the residuals versus the predicted values being scattered randomly about 0. A pattern
in the residuals would indicate that the model is not accounting for all of the variability in the

an

data. The development of a similar methodology for ANN is an area for future work.
In Section 4, it was shown that the P of a specific statistical test is related to the characteristics
of the statistical test and the properties of the population. This research has established that
there is an ANN analogy to the statistical
that the statistical

concept of power. The empirical results have shown

correlates of P (a and p, n, ES) are also correlated with the P of a trained

neural network. In statistics, the real value of P lies in its relationship to cy, n, and ES and
that knowing any three, the fourth may be computed. It was demonstrated that the P of an
ANN parallels those relationships. Further research in this area could result in a methodology for
predicting an interval containing P, when n, E S, and cr are known for an ANN, or calculating n
for a given ES and a prespecified a and ,8.
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