
8.Testing models built

Before considering tests, let us still study briefly a
simple method called Bayesian decision (classification)
rule. Thus far, we got acquainted with nearest neighbor
searching for classification and K-means clustering that
can also be used in supervised manner for
classification. The approach of Bayesian decision rule is
different from those two, because it applies no distance
or similarity measure, but merely probabilities. Thus, it
is also simple and fast to execute.
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8.1 Bayesian classification rule
The method is also called naive Bayes rule. If there are
only two classes, we can consider two conditional
probabilities for continuous variable X. Let us assume
that the probability densities for classes c1 and c2 are,
e.g., such as in Fig. 8.1. From probability theory, we
know that the following relations hold for a priori
(prior) p(ci) and a posteriori (posterior) probabilities
with conditions

where p(X) represents an unconditional probability
density function for variable X. We get the sum:
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Fig. 8.1 An example of probability densities.
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While using discrete variables, term frequency function
P is used instead of density function p. Further, we
generalize for C classes. According to Bayes’s rule or
theorem the conditional probability can be given in the
following way.

Along the preceding formula (p. 291), this can be
written as follows.
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Here a single variable X was considered. When it is
replaced with vector x representing an entire data case
we obtain:

Case x is classified by computing probabilities with
i=1,2,…,C and selecting the greatest one.
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8.2 Testing

When a large data set composed of known inputs
corresponding to known outputs exists, a model can be
tested – in principle – by splitting the available data into
two parts: the training set and test set. The split is made
randomly so that we may assume both sets to follow the
class distribution of the original population of the data. The
former set is used for building the model that is tested with
the latter. However, this situation may often be quite
exceptional, because it should be a situation where there
are perhaps n/2 equal to 10 000 or more cases in both sets.
This 50% vs. 50% split maximizes a test set. For smaller data
sets, a test set is better to decrease down to 40% - 20% to
attain more training data for model building.
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No precise (lower) bound can be determined for n, because
it depends greatly on how many cases, variables and classes
the data set contains. If there were hundreds or even
thousands of variables in tens of classes, the number of
cases should be high so that a training algorithm could train
a model. If there were thousands of variables, their
reduction would be a compulsory preprocessing task.
The ”difficulty degree” of data distribution also affects. For
instance, if the classes are rather overlapping or mixed in
the variable space, a large quantity of data may be required
so that some part of it can first be cleaned out in order to
achieve such a ”purified” data set that can facilitate building
a model.
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The properties of a machine learning algorithm
selected are also of paramount importance. Algorithms
are often very different. For instance, those simple
presented nearest neighbor searching, naive Bayes’s
rule and K-means clustering are very straightforward.
At least, the first two of them are usually fairly
insensitive to scarcity of data. Because the former
utilizes local search of k nearest neighbors, it does not
”care” about a larger part of search space. The latter is
based on probabilities that may be possible to be
determined with relatively small numbers of cases,
depending on the conditions set.
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Some other algorithms may require a great number of
cases to be able to train models from the data.
Typically, artificial neural networks are such, since in
them several weight values have to be learnt from the
data. Therefore, no great numbers of variables can be
perhaps used, say, more than a few hundred, because
such networks would require tens of thousands of
training cases. Even if there were so many, the running
times for training might become too huge.
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Very rarely one test run only applying one split of the
entire data is enough in reality. More reliable results
are achieved when such runs are repeated – after
having randomly taken a new pair of train and test sets
- several times, 50 or even more, if possible, subject to
running times. Finally, their mean and standard
deviation of accuracy values are computed.
Typically, data sets are of limited sizes. Then k-fold
cross-validation is a proper testing technique. The
whole data set is divided randomly into k subsets so
that these follow approximately the class distribution of
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the original data set. This is important. Let us imagine that
there exists a small class. If either training set or test set
included no or just a couple of cases of this small class,
either the training algorithm could not obviously learn it for
a model or tests subject to the small class could not be
made reliably for the model built.
The usual value of k is 10. A training set is constructed from
9 subsets and the 10th subset is its corresponding test set.
Thus there are 10 such pairs that are all run and accuracies
computed. Those 10 disjoint test sets cover the whole data
set. In addition, 10 random splittings are often repeated,
e.g., 10 times and all tests made for them. This way we
obtain 100 tests. This is particularly required while using
such methods as neural networks that employ some
random values for initializations in training.
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There are also other testing techniques. These always
consist of the same framework: repeating tests with
randomly taken training and test sets (following data
distributions in these chunks of data) and putting normally
more data to the training set. Ultimately, means and
standard deviations of accuracy values are computed.
Machine learning is always like using ”statistical machines”.
Thus, it is essential to build tens, hundreds or sometimes
even thousands of models (when an algorithm include
some regulation or control parameters as support vector
machines do) in order to find best model structures.
Running one or a few models only may give almost random
results at its worst about what might occur!
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8.3 Accuracy values to be computed

Accuracy of classification or prediction is used to assess the
success or goodness of results. There are several measures
designed for evaluation purposes of classification results.
For some of them different names are used in different
application areas.
While classifying tests cases, the testing or validation
program has to count how many cases of the class of
interest, say A, are classified correctly in A. These are called
true positive (TP). Those tests cases from the opposite class
B that are classified correctly are counted and called true
negative (TN). Other cases from A classified incorrectly into
B are called false nagative (FN) and those from B incorrectly
classified into A are called false positive (FP) according to
Table 8.1
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However, if there are more than two classes, we deal
with classes in the manner of one-vs.-the other (or
one-vs.-all) class by class and obtain such results for
every class separately that are then summed up, e.g,
for all true positive as follows.

Table 8.1 Accuracy rates Classification of the
model: positive

Classification of the
model: negative

Truth: positive TP FN

Truth: negative FP TN
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Ultimately, we are able to compute classification or
prediction results (some main measures), where N is
the number of the test cases in a test set:
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Table 8.2 shows an example of the classification of five ”bug”
classes. These are from the data of Henry Joutsijoki’s thesis19,
where he studied classification of benthic macroinvertebrates
(their microscope images), small animals living at the bottom of
a river. The environmetal application in the background is the
investigation of freshwater basins. Existence, absence and
distributions of different benthic macroinvertebrate species
(classes) can be used as biomarkers expressing the properties of
water quality. These small animals were caught, prepared,
screened and classes defined by hydrobiologists from Finnish
Environmental Institute (SYKE) in Jyväskylä region. They
prepocessed their image data and extracted features.

19 H. Joutsijoki: Variations on a theme: The classification of benthic
macroinvertebrates, University of Tampere, 2012.
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Table 8.2 shows a confusion matrix of five classes and
classification results as numbers (instead of per cent).
Classification was accomplished with the leave-one-out
method, where the training set includes n-1 cases from
the entire data and each test set one case only. This is
the extreme form of cross-validation, where the size of
a training set is maximal. It is suitable for small data
sets. The aim is to utilize data for training in the
maximal manner. Altogether, n models are constructed.
It may be very time consuming depending on n and
classification methods used. Fig. 8.2 shows samples
from five ”bug” classes.
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Example: Confusion matrix
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Class BAE DIU HEP PEL SIL

BAE 108 0 1 1 6

DIU 0 124 1 0 4

HEP 0 1 154 0 17

PEL 4 3 1 91 3

SIL 8 4 22 1 236

Rows indicate true classes and columns represent predicted
class labels. Classes are BAE=’Baetis rhodani’, DIU=’Diura
nanseni’, HEP=’Heptagenia sulphurea’, PEL=’Hydropsyche
pellucidulla’ and SIL=’Hydropsyche siltalai’. Classification
trees were used for classification which was performed
using the leave-one-out method and 24 features (including
geometrical and intensity-based features).



Fig. 8.2 (a) Baetis rhodani (BAE), (b) Diura nanseni (DIU)
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Fig. 8.2 (c) Heptagenia sulphurea (HEP), (d) Hydropsyche
pellucidulla (PEL)
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Fig. 8.2 (e) Hydropsyche siltalai (SIL).
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