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Section I – Introduction
Learning Basics

&

Machine

This section describes Vaimal features, installation and introduces machine learning as
it relates to Vaimal. We also cover concepts for decision trees, support vector
machines, and neural networks.
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Chapter 1 – Introduction
Vaimal is a tool to create, train, and test machine learning models in Excel. Once a
model is trained, Vaimal can be used to predict outcomes, given new input data.

Features
•
•
•
•
•
•
•
•

•

•
•

Decision trees.
Support vector machines.
Multi-layer perceptron neural networks.
Generalized regression neural networks.
Probabilistic neural networks.
Voting ensembles.
Bagging ensembles.
Data preprocessing
o Data checking
o Feature scaling
o Standardization
o Categorical data encoding
o Missing data utilities
o Transpose data
o Preprocessing templates
o Variable importance
Data for training, cross-validation, and testing can be:
o Randomly selected
o Stratified
o Manually selected
Models can be tested against new data to determine their effectiveness.
Single case and batch prediction.

System Requirements

Excel Version: Excel 2007 to Excel 2019 (32 and 64 bit)
Systems: 32 bit and 64 bit
Windows: Vista to Windows 10

Installing Vaimal
Place the Vaimal add-in file in a folder that you have access.

Before Installation

Depending on your system settings, you may have to unblock the Vaimal add-in file
prior to installing. Right click on the Vaimal add-in file and click on Properties. The
following window will appear:
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Figure 1 - File Properties

Check Unblock if it is not already checked. Then click OK.

Excel 2007 Installation Procedure
Click the Office Button in the upper left corner of the Excel window.

Figure 2 - Office Button

Click on the Excel Options button.
Click on Add-ins menu item.
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Figure 3 - Excel Options>Add-Ins

In the Manage drop-down box, select “Excel Add-ins” and click the Go button.
In the new window, click Browse and select the Vaimal add-in file.
Check the box next to Vaimal.

Figure 4 - Add-ins Window
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Excel 2010 - 2019 Installation Procedure

Click the File tab in the upper left corner of the Excel window.

Figure 5 - File Tab

Click on Options menu item.
Click on Add-ins menu item.

Figure 6 – Excel Options>Add-Ins

In the Manage drop-down box, select “Excel Add-ins” and click the Go button.
In the new window, click Browse and select the Vaimal add-in file.
Check the box next to Vaimal and click OK.
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Figure 7 - Add-ins Window

Uninstalling Vaimal
1.
2.
3.
4.
5.
6.
7.

Go to the manage Add-ins window (see Installation section).
Uncheck Vaimal.
Close Add-ins window.
Delete the Vaimal file or move it to a different folder.
Go to the manage Add-ins window.
Click on the Vaimal check box.
A pop-up message will appear that Vaimal cannot be found.
from list.
8. Close Add-ins window.

Click Yes to delete

Trust Center Settings

Depending on the Trust Center settings, Vaimal may not run or a warning may appear
when Excel is started. To allow the add-in to run or to avoid a warning message on
start-up make sure the Trust Center Settings below are correct.
To open the Trust Center, click the Office Button in the upper left corner of Excel or
the File tab depending on the version of Excel. Then click on the Excel Options button
or Options menu item.
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Figure 8 - Excel Options>Trust Center

Click the Trust Center Settings button to open Trust Center. Click on Add-ins menu
item. Make sure all checkboxes are unchecked.

Figure 9 - Trust Center>Add-Ins
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Chapter 2 – Machine Learning
Machine learning is a sub-field of artificial intelligence. Within machine learning, there
are numerous algorithms used to make predictions based on what it has learned from
a training data set. Vaimal uses decision trees, support vector machines and neural
networks to carry out machine learning tasks. This chapter provides basic concepts of
machine learning and the process of training. In subsequent chapters we will look at
the specifics of the algorithms.
For the purposes of discussion, we will refer to a model as a trained algorithm on a
given set of training data.
Vaimal can perform two types of tasks:
Classification An observation is predicted to be in a class based on the input data.
Regression A dependent variable’s value is predicted based on the input data.

Machine Learning Workflow
The workflow for creating and using machine learning models, and how Vaimal fits into
the process, is shown below.
1. Import Data Place data in an Excel worksheet.
2. Data Preprocessing Deal with missing data, data normalization, and encoding
categorical inputs. Vaimal has several utilities for preprocessing data.
3. Select a Model to Use and Design it. Select which model to use and the design
parameters.
4. Train the Model Using training data with known outputs, train the model.
5. Test the Model Using different data than the training data, test the model’s ability
to predict versus known outputs.
6. Prediction Use the model to make predictions of data with unknown output.
We will cover each step in more detail as we go.

Import Data

All data that will be used for training, testing and prediction must be placed in an Excel
worksheet with each data item in its own cell. Each case must be in rows and each
variable in columns. Input variables must all be in adjacent columns. Output
variables must all be in adjacent columns (MLP regression only, all others have one
output column). Input variables do not need to be adjacent to output variable(s).
It’s important to note that all variable columns must be in the same order regardless
of whether the data set is for training, testing, or prediction.

Data Preprocessing

Regardless of the model used, all inputs must be numerical for the software to handle
the data. When data is textual, it must be converted to a numeric representation prior
to training or prediction. Performance is generally improved when numeric data is of
the same scale. This section will cover different types of data, and the preprocessing
required when working with Vaimal.
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Data Types
Categorical Input Data
Categorical data fits into discrete categories, and often is non-numeric.
examples of categorical data are shown below.
Data
Color
Income
Length

Some

Categories
Red, green, blue
< $50,000/year, >= $50,000/year
Short, medium, long

Categorical data is generally reserved for 3 or more possible values. If there are only
two possible values, such as yes or no, this is a binary data type. Vaimal treats
categorical and binary data the same, so we will only refer to categorical data from
here on.

Numeric Input Data
Numeric data is by nature, data whose magnitudes are relevant. Although categorical
data may be encoded with numeric categories, their numerical magnitudes are not
important. Some examples of numeric data include height, weight, and speed.

Classification Output Data
Vaimal outputs classification predictions using a 1 to n scheme. The first class is
encoded as 1, the second as 2, and so on. Depending on the nature of the data, the 1
to n encoding may or may not denote ranking between values.

Regression Output Data
When regression is performed, the model output is a real number whose magnitude is
usually important. Sometimes a problem can be attacked with either classification or
regression, but generally regression outputs a numeric value where the value itself is
important.

Categorical Data Encoding

Categorical data must be converted to numeric values prior to feeding them to a
model. Vaimal has tools to convert data to 1 to n, 1 of c, 1 of c-1, and one vs. all
encoding schemes. Examples of each are shown below.
1 to n Encoding
1 to n encoding simply replaces each category with an integer. The order of encoding
does not necessarily imply a ranking among categories. Vaimal requires that all
output data used for classification training must be encoded as 1 to n with no missing
classes in the data. For example, suppose the output data has classes encoded as 1,
2, 4, 5. Since there is no class 3, an error message will appear. In this case, the data
will need to be re-encoded from 1 to 4.
Raw Data
Red
Green
Blue
Yellow

Encoded Data
1
2
3
4
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1 of c Encoding
In the example, we replace a single categorical variable with four dummy variables.
When the variable is green, the green dummy variable is 1 and all others are 0. This
is also known as one hot encoding.
Raw Data
Red
Green
Blue
Yellow

Red
1
0
0
0

Encoded Data
Green
Blue
0
0
1
0
0
1
0
0

Yellow
0
0
0
1

1 of c-1 Encoding
In the example above, we have c = 4 categories. In 1 of c-1 encoding, we replace the
single categorical variable with c-1 = 3 dummy variables. When the variable is the
last value (yellow) all dummy variables have a value of -1. The advantage of this
encoding scheme is fewer dummy variables which improves training processing speed.
Raw Data
Red
Green
Blue
Yellow

Red
1
0
0
-1

Encoded Data
Green
0
1
0
-1

Blue
0
0
1
-1

One vs. All Encoding
Let’s say we want to turn the problem into a binary classification task. We want to
classify data as red or not red. To do this we use one vs. all encoding where the “one”
is red. All data identified as red will be encoded as 1, and all others as 2.
Raw Data
Red
Green
Blue
Yellow

Encoded Data
1
2
2
2

Numeric Data Normalization

Normalizing numeric data so that each variable has a similar scale often improves the
predictive performance of a model. Vaimal has several options to normalize data.
Feature scaling Data can be rescaled on [0,1] or [-1,1].
Standardization Data can be converted to the standard score.
When normalizing data, there are additional steps required. Feature scaling uses the
minimum and maximum variable value to scale the data. Standardization uses the
mean and standard deviation of the data. These statistics should only be calculated
on the training data. All subsequent data, such as testing data or new data that will
be predicted, must be normalized using the training data statistics. Vaimal has
preprocessing templates that store these statistics to normalize new data.
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Select a Model to Use and Design it

Vaimal has five basic models to choose from:
1. Decision trees
2. Support vector machines
3. Multi-layer perceptron neural networks
4. Probabilistic neural networks
5. Generalized regression neural networks
We will discuss the basic models in more detail in Chapters 3 through 5.
Sometimes an individual model does not have the necessary predictive power and a
more effective solution is needed. Ensemble methods help solve this problem by
using multiple models that together provide more effective predictions. Vaimal has
two ensemble methods:
1. Voting ensembles
2. Bagging ensembles
Both ensembles can have different basic models in them which provides diversity.
This diversity helps to improve the accuracy (or other measures) of the overall model.

Voting Ensembles
Voting ensembles are a meta-model that combines individual machine learning models
to form a stronger model. Each model contained within the ensemble is called a
component model. When a prediction is made, a prediction is made by each
component model.
Voting models combine classification models by a majority voting method where a
class is predicted by selecting the class that was predicted by the most models. In the
case of ties, the lowest class number of the tied classes is selected as the winner.
To illustrate, consider a simple example. The ensemble consists of four models and
we make a prediction.
The output class number for each component model’s
prediction is shown in the table. Three of the four models predicted class 2, so the
ensemble’s prediction is class 2.

Predicted Class

Model 1
3

Ensemble
Model 2
Model 3
2
2

Model 4
2

Regression is performed by taking the average output of all component models.

Bagging Ensembles
Bagging (bootstrap aggregating) ensembles are a meta-model that combines
individual machine learning models to form a stronger model. Bagging is different
from voting ensembles in the way each component model is trained. For each model,
the training data is randomly sampled with replacement from all data flagged as
training. This means that some data points can be represented in the “bag” more
than once for a model. Other training data may not be represented at all in a model.
This sampling method creates different training sets for each model which increases
model diversity.
Bagging models combine classification models by a majority voting method where a
class is predicted by selecting the class that was predicted by the most models. The
16

procedure is the same as described for voting ensembles. Regression is performed by
taking the average output of all models.

Training
Supervised Learning
Vaimal employs supervised learning to train a model. In supervised learning, a
training data set has known inputs and output. With the output known, we can
compare what the model predicts with the actual outcome to determine how well the
model does at predicting the training set. The difference between predicted output
and known output is training error. We can adjust factors of the model to reduce
error, hopefully to an acceptable level.

Overtraining
The goal of training is not to reduce training error to zero so that the model predicts
the training set perfectly. This may be possible, but not necessarily desirable. We
want to use the model to predict future data, so our goal is to train the model to
generalize to other data that is similar in nature.
When a model predicts the training data very well, i.e. low training error, it may not
predict similar data as well. This is known as overtraining. The model has learned
characteristics of the training set that may not be present in other data.

Cross-Validation
Cross-validation is a technique to reduce the possibility of overtraining by “crossvalidating” the model against a separate set of data. Vaimal allows for three different
cross-validation schemes:
• Holdout cross-validation
• K-fold cross-validation
• Leave one out cross-validation
Holdout Cross-Validation
Two sets of data are partitioned, the training set and the validation set. The model is
trained on the training set and error is calculated on the validation set during training.
The model parameters that result in the lowest validation error are saved.
K-Fold Cross-Validation
The data is partitioned in k number of sets (folds). One of the folds is used as
validation, and the remaining k-1 folds are used as the training set. Training is
repeated k times where each fold is used as the validation set. K-fold is used when
there isn’t enough data to split the data into train, validation, and testing sets. The
results are averaged and provide an estimate of the model’s performance.
The general procedure is:
1. Split data into k folds. 10 folds are commonly used which results in 10% of the
data used for validation on each training run. You specify the data and Vaimal
performs data partitioning.
2. Train k models using each fold as the validation set. Vaimal does this
automatically.
3. Average the results to get an estimate of performance. Vaimal creates a
summary of the k-fold cross-validation when finished.
4. Train a final model using all data as training data. If selected, Vaimal will
automatically train a final model on all data and save the model.
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K-fold allows for out of sample validation while using the full set to train the model.
K-fold is also useful for optimizing hyper-parameters of the training process to allow
for better training of the final model. A grid search of hyper-parameters is performed
while doing repeated k-fold cross-validations.
Leave One Out Cross-Validation
If the number of folds is the same as the number of training data, this is known as
leave one out validation. In other words, all but one case is used for training, and one
case is used for validation. This is extremely intensive since the number of models
trained is the same as the total number of training cases.

Imbalanced Classes
Often data sets have classes that are not equally distributed. This makes it more
difficult to correctly classify classes with fewer instances. A technique to improve
performance is to alter the training set to better balance the number of instances of
each class. This is done by over sampling, under sampling and balance sampling.
Over Sampling For classes that don’t have the most instances, additional copies of
data points are added to the training set.
Under Sampling For classes that don’t have the least instances, some data points
are removed from the training set.
Balance Sampling The average of the classes with the most and least instances is
calculated. This average is used to over or under sample each class so that all
classes have the same number of instances.

Hyperparameters
In machine learning, parameters that affect the training of the model are called
hyperparameters. These parameters affect how well and how fast the model trains.
Training a machine learning algorithm is often not simply a matter of choosing a set of
hyperparameters related to the algorithm used and letting the software train on the
data. For non-trivial problems, there is often a lot of work involved in tuning the
algorithm to perform as well as possible.
Tuning these parameters often requires many training runs to get appropriate values.
This tuning can be done from experience, trial and error, or a systematic grid search.
A grid search involves changing hyperparameters within a range for each training run
and recording performance.

Accuracy of Classification
It’s tempting to use accuracy to assess if a classification model is effective. This is
often not a reasonable measure of a model’s performance. Consider a binary
classification problem where 99% of the data is class 1 and 1% is class 2. We could
construct a classifier that always chooses 1, and it would be 99% correct.
In this
case 99% accuracy sounds good but is no better than picking the most likely class
every time.
When assessing if a model is viable, other considerations may be more important than
accuracy. If identification of a negative condition is vital, and false negatives (type II
error) are tolerable, then we want to know how well it does at identifying negatives
while not having false positives (type I error). In this case we are more interested in
specificity, or true negative rate. This is defined as:
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

Where:
TN = number of true negatives predicted
FP = number of false positives predicted
There are other measures of classification performance that may be more relevant
depending on the goal of the task. For binary classification, Vaimal calculates the
common measures used to evaluate performance.

Testing
Testing After Training
Vaimal allows for automatic testing of a separate testing set after training has
completed. This testing set is a third, separate set from training and validation data.

Testing an Existing Model
If you have new data with known outcomes, you can test an existing model to
determine how well the model performs.

Prediction

Once we’ve trained the model and tested it for validity, we can use it to make
predictions. Prior to predicting, the input data must be imported and preprocessed in
the same manner as the training data. Vaimal allows for single predictions of one
case, or batch predictions of multiple cases.
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Chapter 3 – Decision Trees
Decision trees are useful machine learning models that have several unique
advantages over other models. A decision tree is a “white box” model where you can
see how the tree arrives at a prediction by following a path through the tree. Support
vector machine and neural networks are “black boxes” that make it difficult to see how
they arrive at a prediction. Decision trees are amenable to ensemble methods that
further improve their performance. They also can handle missing data using surrogate
variables. Finally, we can use a decision tree to identify unimportant inputs that may
not be necessary to train a final model, thus keeping the data to a minimum and
reducing complexity.
In this chapter we will cover the basics of decision trees as they are implemented in
Vaimal. Decision trees can be used for classification and regression.
A decision tree begins with a single root node at the top of the tree. One of the input
variables is used to split the data. All cases with a value less than the split point go
left to the next layer. All cases with a value greater than or equal to the split point go
right. This splitting occurs at each decision node until a leaf node is reached. The
splits at a node may use different input variables which we will discuss later. A leaf
node is the end of a path through the tree. The leaf node makes a prediction of the
class by selecting the class that has the most instances for the cases that reach it
during training. Note that the tree is inverted such that the root is on top and leaf
nodes at the bottom.

Figure 10 - Example Decision Tree
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The example decision tree shown in Figure 10 shows how a decision tree makes a
prediction. The squares are decision nodes and the triangles are leaf nodes. The
training data set contains 150 cases. Starting at the root node, we see that the split
rule is that if variable 4 is less than 0.8 then go to the left child node. If variable 4 is
greater than or equal to 0.8 then go to the right child node.
If going left, the node is a leaf node and the prediction will be class 1 since this node
has 50 training cases and all 50 are class 1.
If going right, the node is another decision node. The split variable is again variable 4.
If variable 4 is less than 1.75, then go to the left child node, otherwise go to the right
child node.
If going left, the leaf node has 49 of 54 training cases being class 2. Therefore, the
prediction is class 2. If going right, the leaf node has 45 of 46 cases being class 3.
The prediction would be class 3.

Training a Decision Tree
Node Purity

During training, each decision node is evaluated to find the input variable that, when
split, results in the greatest purity of classes in the child nodes. That is, we want to
split the data so that the classes in each child node have mostly one class of data in
each of them. By separating data repeatedly, hopefully each leaf node will contain
mostly one class that increases the accuracy of prediction.
Depending on the task, purity is measured differently. For classification, Gini impurity
is used. The goal is to find a split variable and split value that minimizes Gini
impurity. For regression, the variance of case outputs in a node is used. The goal is
to find a split variable and split value that minimizes variance in the child nodes.
It’s possible that with enough nodes, we could separate the data completely so that
each leaf node contains only one case and there would be zero training error. This
means that decision trees are susceptible to overtraining. A zero-training error will
likely not do well at predicting new data.
There are several methods to avoid overtraining in Vaimal.
1. Limit the number of layers which limits the number of nodes.
2. Set a minimum number of cases in each leaf node. If a node split results in
less than the minimum going to a child node, the node is not split and changed
to a leaf node.
3. Use holdout validation and stop growing the tree when validation error is at a
minimum.
4. Prune the tree. This will be discussed later.

Gini Impurity (Classification)

Suppose we have N cases that were sent to a node. There are k classes among all
cases in the node. To compute the Gini impurity at the node we use the following:
𝑘

𝐺𝑖𝑛𝑖 𝑖𝑚𝑝𝑢𝑟𝑖𝑡𝑦 = 1 − ∑ 𝑝𝑖 2
𝑖
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Where pi is the proportion of class i in the node.
As the proportion of one class approaches 1, the Gini impurity approaches zero
(perfect purity).

Variance (Regression)

The variance of the output values for all cases is calculated.

Finding the Best Split

To find the best split rule (variable and split value), the software uses a greedy search
algorithm that maximizes impurity reduction or variance reduction when the node is
split. It does not look forward to split the data at a point where future node splits
would benefit. For input variables with less than 25 unique values, the variable data is
sorted ascending and potential split points are evaluated midway between values. For
input variables with 25 or more unique values (this is usually the case for continuous
variables) the potential split points are set at 4% quantile increments. This avoids
extremely long computation time to evaluate split points between every unique value.
Once the potential split points are set, each variable is evaluated at every split point to
determine the reduction in Gini impurity or variance. The variable and that variable’s
split point that results in the largest reduction in Gini impurity or variance is chosen as
the split rule.
Suppose there is a decision node denoted by A and child nodes denoted by A left and
Aright. The reduction in Gini impurity or variance is shown below.

Impurity Reduction = IA – pAleftIAleft - pArightIAright
Where:
IA is Gini impurity of node A.
pAleft is fraction of training cases going to node A left.
pAright is fraction of training cases going to node A right.
IAleft is Gini impurity of node Aleft.
IAright is Gini impurity of node Aright.

Variance Reduction = VA – Vleft – Vright
Where:
VA is variance of training target values in node A.
Vleft is variance of training target values going to node A left.
Vright is variance of training target values going to node A right.

Error Calculation

For classification, error is calculated as the fraction of cases that were incorrectly
classified.
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =

𝑛𝑜. 𝑜𝑓 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =

𝑛𝑜. 𝑜𝑓 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑐𝑎𝑠𝑒𝑠
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For regression, error is calculated as the mean absolute error:
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =

∑|𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑡𝑎𝑟𝑔𝑒𝑡 𝑜𝑢𝑡𝑝𝑢𝑡 |
𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =

∑|𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑡𝑎𝑟𝑔𝑒𝑡 𝑜𝑢𝑡𝑝𝑢𝑡 |
𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑐𝑎𝑠𝑒𝑠

Missing Data and Surrogate Variables
Decision trees can handle missing data using surrogate variables and default split
rules.
Surrogate Variable If the value of an input variable is missing and that variable is
used to split at a node, a surrogate variable (another input variable) can be used to
make the split. A good surrogate variable splits the data similar to the primary split
variable.
Default Split Rule If there are no surrogates available, the default split rule is
employed where all cases are sent to the child node with the most training cases.
Surrogate variables are found by comparing the correct number of cases sent to each
child node as compared to the primary split variable. This is done for each potential
split point of the surrogate variable and the split value with the greatest correct cases
is chosen. The surrogate variable’s accuracy is also compared to the default split
rule’s accuracy. If the surrogate variable is less accurate than the default split rule, it
is eliminated as a surrogate.
When a tree is created with surrogates, the tree data sheet will show an association
value for each surrogate. This is a measure of how well the surrogate splits the data
as compared to the primary split variable. Association is calculated by the following
equation.
𝐴𝑠𝑠𝑜𝑐𝑖𝑎𝑡𝑖𝑜𝑛 =

𝐶𝑆 − 𝐷𝑅
𝑁𝐶 − 𝐷𝑅

Where:
CS = number of cases sent to correct child node by surrogate variable
DR = number of cases sent to correct child node by default split rule
NC = number of cases in node prior to splitting

Pruning

Vaimal uses a pruning technique called reduced error pruning. The pruning process
starts at the decision nodes just above leaf nodes and changes them, one at a time, to
leaf nodes. If the error does not increase, the change is kept, and the descendants of
the decision node are pruned from the tree. This error checking and pruning process
continues until the root node is reached.
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Variable Importance

Decision trees can be used to determine variable importance. Some variables will be
more important in prediction and Vaimal has a tool to evaluate variable importance
from decision trees. Refer to Chapter 6 for more information on how to use this tool.
Variable importance is dependent on the following factors:
• How often it’s used as a split variable.
• How many training cases are in nodes where a variable is used as the split
variable.
• How often it’s used as a surrogate variable.
• A surrogate variable’s association with the primary split variable.
• The impurity or variance reduction in nodes where a variable is a split or
surrogate variable.
Variable importance is calculated by the following:
𝑛

𝑛

𝑖

𝑗

𝑛𝑜𝑑𝑒 𝑐𝑎𝑠𝑒𝑠
𝑛𝑜𝑑𝑒 𝑐𝑎𝑠𝑒𝑠
𝐼𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒𝑋 = ∑ (
∙ ∆𝐼 ) + ∑ (
∙ 𝑎𝑠𝑠𝑜𝑐𝑖𝑎𝑡𝑖𝑜𝑛 ∙ ∆𝐼)
𝑡𝑜𝑡𝑎𝑙 𝑐𝑎𝑠𝑒𝑠
𝑡𝑜𝑡𝑎𝑙 𝑐𝑎𝑠𝑒𝑠
Where:
x = variable
i = node that uses variable x as primary split
j = node that uses that uses variable x as surrogate split
n = total number of decision nodes
node cases = number of training cases in node
total cases = total number of training cases
∆I = reduction of Gini impurity or reduction of variance
association = variable x association to primary split variable
A higher importance means the variable is more important than a variable with a
lower importance. All importance values are scaled so that the maximum importance
is 100.
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Chapter 4 – Support Vector Machine Basics
A Support Vector Machine (SVM) is a binary classifier that picks between two possible
classes of data. SVMs can be extended to multi-class problems by constructing one
vs. all binary classifiers for each class.

Perfect Separation
To start, let’s consider the simple data set shown below. The data set consists of two
dimensions (input variables) X1 and X2. The data consists of two classes where the
triangles are class 1 and the circles are class 2. Note that in most SVM literature,
classes are denoted by -1 and 1, however to maintain consistency with multi-class
problems, the software converts 1 to 1, and -1 to 2 which extends to classes greater
than 2 later.
In this problem we can use a linear SVM. In other words, the two classes can be
separated by a linear hyperplane. Now we can draw two parallel hyperplanes that
touch the nearest data points on either side of the hyperplane. These data points are
called support vectors.
The goal is to maximize the distance between these
hyperplanes to give the maximum margin. This is an optimization problem that the
software attempts to solve.

Figure 11 - Linear Support Vector Machine

Our binary classifier is determined by:
𝑓(𝑥) = 𝑠𝑔𝑛(𝒘 ∙ 𝒙 − 𝑏)
The distance between the hyperplanes is

2
‖𝑤‖

Therefore, we want to minimize the magnitude of the w vector.
problem can be expressed as the following.

The optimization
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𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒

1 𝑇
𝑤 𝑤
2

Subject to:
𝑦𝑖 (𝒘 ∙ 𝒙𝒊 − 𝑏) ≥ 1
Where:
yi = training target value of -1 or 1.

Imperfect Separation
Up to now we’ve assumed that the data is linearly separable, and therefore all data
points lie outside the zone between hyperplanes. This condition can be relaxed by
allowing data points to be in the separation zone (or on the wrong side altogether) and
adding a penalty for this imperfect separation.
With slack variables, we now have:
𝒘 ∙ 𝒙 − 𝑏 ≥ 1 − 𝜉𝑖 for yi = 1
𝒘 ∙ 𝒙 − 𝑏 ≤ 1 − 𝜉𝑖 for yi = -1
𝜉𝑖 ≥ 0,

∀𝑖

The optimization problem is now:
𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒

𝑚
1 𝑇
𝑤 𝑤 + 𝐶(∑ 𝜉𝑖 )
2
𝑖

m is usually set to 1 so we have:
𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒

1 𝑇
𝑤 𝑤 + 𝐶 ∑ 𝜉𝑖
2
𝑖

Subject to:
𝑦𝑖 (𝒘𝑻 ∙ 𝒙𝒊 − 𝑏) + 𝜉𝑖 ≥ 1,
𝜉𝑖 ≥ 0,

∀𝑖

∀𝑖

Dual Form of Optimization Problem
Using Lagrange multipliers, αi, the optimization problem can be stated in a form more
suitable for non-linear SVMs, as we’ll see later. For simplicity, we won’t go into the
math to get from the optimization problem above to the dual form. If you’re
interested, please refer to numerous derivations available online.
The dual form of the Lagrangian is expressed as the following optimization problem.
𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝐿(𝛼) = ∑ 𝛼𝑖 −
𝑖

1
∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝒙𝒊 ∙ 𝒙𝒋
2
𝑖,𝑗

Subject to:
0 ≤ 𝛼𝑖 ≤ 𝐶
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∑ 𝛼𝑖 𝑦𝑖 = 0
𝑖

Note that the slack variables do not appear in the dual form, and the C penalty only
appears as a constraint on each alpha. Also note that if C approaches ∞ then we have
the hard margin case shown earlier.
To calculate the classifier function, we start with the earlier expression and show its
equivalent using Lagrangian multipliers:
𝑁

𝑓(𝑥) = 𝑠𝑔𝑛(𝒘 ∙ 𝒙 − 𝑏) = 𝑠𝑔𝑛(∑ 𝛼𝑖 𝑦𝑖 (𝒙𝒊 ∙ 𝒙) − 𝑏)
𝑖=1

For a linear SVM, we don’t need to use the dot product so the first expression is used
with vector w to calculate SVM output. This results in much faster computation for
linear versus non-linear SVMs. Non-linear SVMs use the second expression with the
dot product replaced by a kernel function which we discuss next.

Non-Linear SVMs

Not all data is linearly separable. In this situation we can employ a non-linear SVM
that maps the feature space to higher dimensions that can allow the data to be
separable.
To use non-linear SVMs, we replace the xi∙xj dot product in the dual Lagrangian
problem and the associated output function with a kernel function K(xi,xj). Vaimal has
the following kernel functions available.
Linear: K(xi,xj) = xi∙xj
Polynomial: K(xi,xj) = (xi∙xj + c)d
Gaussian: K(xi,xj) = exp(-γxi∙xj)
Hyperbolic Tangent = tanh(-γxi∙xj + c)

Multi-Class SVMs

SVMs as implemented in Vaimal are binary classifiers. They can be extended to multiclass problems using a one versus all strategy. For each class, a binary SVM is
created with the current class as 1 and all other classes lumped together as class 2.
For c classes, this results in c binary SVMs. This requires much more training time
versus binary since we now must train c SVMs.

Training Time

Because of the time spent computing dot products, non-linear kernels result in a much
longer training time. This problem is compounded as the number of training cases
increase.
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Optimization

Vaimal uses sequential minimal optimization (SMO) to adjust alphas to reduce training
error. SMO changes two alphas at a time while conforming to the constraints.
Initially, the SMO algorithm loops through all alphas and changes any that violate the
Karush-Kuhn-Tucker (KKT) conditions. Then the algorithm loops through all nonbound alphas repeatedly until all non-bound alphas do not violate KKT. This process is
repeated until all alphas do not violate KKT or until another stopping condition is met
(min error, max loops, time limit, or manual stop).

KKT Conditions

If we define yi as the known output (target), and u i as the predicted value then
prediction error is:
Ei = ui – yi
If we define Ri as:
Ri = yiEi
Then KKT is satisfied if:
𝛼𝑖 = 0 𝑡ℎ𝑒𝑛 𝑅𝑖 ≥ 0
0 ≤ 𝛼𝑖 ≤ 𝐶 𝑡ℎ𝑒𝑛 𝑅𝑖 ≈ 0
𝛼𝑖 = 𝐶 𝑡ℎ𝑒𝑛 𝑅𝑖 ≤ 0
If we introduce a convergence tolerance, tol we can relax the KKT conditions. With
convergence tolerance, the two situations where KKT is violated are:
𝛼𝑖 < 𝐶 𝑎𝑛𝑑 𝑅𝑖 < −𝑡𝑜𝑙
𝛼𝑖 > 0 𝑎𝑛𝑑 𝑅𝑖 > 𝑡𝑜𝑙

Error Calculation

Error is calculated as the fraction of cases that were incorrectly classified.
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =

𝑛𝑜. 𝑜𝑓 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =

𝑛𝑜. 𝑜𝑓 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑐𝑎𝑠𝑒𝑠
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Additional Background Material

Burges, C. “A Tutorial on Support Vector Machines for Pattern Recognition”, Data
Mining and Knowledge Discovery, 1998, Vol. 2, pp. 121-167. Can be retrieved from:
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.117.3731
Platt, J. “Sequential Minimal Optimization: A Fast Algorithm for Training Support
Vector Machines”, Microsoft Technical Report MSR-TR-98-14, April 21, 1998. Can be
retrieved from: http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.43.4376
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Chapter 5 – Neural Network Basics
This chapter is an introduction to the neural networks that can be employed by
Vaimal. There are three types that are available in Vaimal:
MLP Multi-layer perceptron
PNN Probabilistic neural network
GRNN Generalized regression neural network
There are other neural networks used in practice, however they are beyond the scope
of this chapter.
Neural networks are generally used for two purposes:
• Classification
• Regression
Classification takes attribute data (inputs) and predicts a category for the data. For
example, we could use a neural network to identify the type of flower based on input
attributes such as color, number of petals, etc.
Regression takes attribute data and predicts a numerical output.

Multi-layer Perceptron Neural Networks

MLPs are also referred to as vanilla neural networks. An MLP consists of several layers
of neurons: an input layer, one or more hidden layers, and an output layer. An
example MLP network is shown below.
MLPs consist of several layers:
1. Input layer
2. Hidden layer(s)
3. Output layer
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Figure 12 - MLP Neural Network

Input Layer Calculation

There is no calculation of input neurons. Each input attribute is simply fed to each
neuron in the first hidden layer.

Hidden and Output Layer Calculation
Vaimal allows for up to ten hidden layers. Each hidden layer has a bias neuron which
shifts the output of downstream neurons like a y-intercept in a linear function. The
output of each bias neuron is 1, and the adjustment is made using the weights from
the bias neuron to subsequent neurons.
Input neurons simply take input attributes and distribute them to the first hidden
layer. Hidden and output neurons are calculated by summing the outputs of the
previous layer’s nodes multiplied by their weights. The summation is then fed to an
activation function, f(x) which results in the neuron output.
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Figure 13 - Neuron Function

Vaimal has four hidden layer activation functions available:
Leaky rectified linear unit, Leaky ReLU, 𝑓 (𝑥) = 𝑓 (𝑥) = {

0.01𝑥, 𝑥 < 0
𝑥, 𝑥 ≥ 0

Figure 14 – Leaky ReLU Function
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Rectified linear unit, ReLU, 𝑓 (𝑥) = 𝑓 (𝑥) = {

0, 𝑥 < 0
𝑥, 𝑥 ≥ 0

Figure 15 – ReLU Function

Hyperbolic tangent function, 𝑓 (𝑥) =

1−𝑒 −2𝑥
1+𝑒 −2𝑥

Figure 16 - Hyperbolic Tangent Function
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Logistic function, 𝑓 (𝑥) =

1
1+𝑒 −𝑘𝑥

where k = 1.

Figure 17 - Logistic Function

For regression, the output layer activation function is linear:
Linear function, 𝑓(𝑥) = 𝑥

Figure 18 - Linear Function

Leaky ReLU results in an output between -∞ and ∞. ReLU results in an output
between 0 and ∞. The hyperbolic tangent function results in a neuron output between
-1 and 1. The logistic function results in a neuron output between 0 and 1. The linear
function simply outputs the sum; therefore, the output is between -∞ and ∞.

Designing an MLP Network

Because of the flexible nature of MLPs, several factors are required to design a
network. The number of hidden layers, number of hidden neurons, and activation
function define the network topology. These factors can greatly affect performance,
and building an MLP often involves trial and error, or at least repeated, systematic
testing (grid search) to find the best performing network.
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Hidden Layers
Vaimal allows for up to ten hidden layers. Generally, one hidden layer is enough for
most situations.
Number of Neurons in Hidden Layer(s)
Finding the correct number of hidden neurons is a matter of debate. An online search
will reveal several rules of thumb, but the wise choice is to use the smallest network
possible. This often requires repeated trials while varying network topology. A smaller
network not only reduces training time but will likely reduce the potential for
overtraining. If a network does not have a high success rate, increase the neuron
count and repeat training.
Number of Neurons in the Output Layer
The number of output layer neurons is determined automatically by the software. For
regression tasks, there will be one neuron for each output. For classification tasks,
there will be one neuron for each class. For example, a binary classifier will have two
output neurons.
Activation Function
Activation functions are used for each hidden and output layer neuron. A non-linear
activation function is used for hidden neurons to introduce non-linearity to the
network. This allows the network to better learn features of the data. You can select
the hidden activation function prior to training the network.
The output layer activation function is determined by the task. For regression, the
linear activation function is used on the output neuron(s). For classification, the linear
activation function is used on the output neuron(s) and then the softmax function is
applied to the outputs.
The softmax function is defined as:
𝑆𝑗 =

𝑒 𝑜𝑗
∑𝑘𝑗=1 𝑒 𝑜𝑗
Where:
o = output neuron value
j = output neuron 1 to k

After softmax is applied, all output neurons have a value in the range (0,1] and sum
to 1.

Training an MLP Network

Vaimal uses supervised training to train a network. This requires a set of data with
known outputs. The training data is fed to the neural network and an output is
calculated. This output is compared to the known output to generate an error value.
The weights of the network are then adjusted to minimize the error. This is an
optimization problem where weights are variables and the objective function is the
error.
Particle swarm optimization is used to train MLP networks. A swarm of particles is
randomly initialized in the search space. A particle is a set of weights for the network.
Using global and local elements of the algorithm the swarm searches for an optimum
solution of weights. Each particle’s personal best values for weights and the global
35

best set of weights are stored and used to guide the swarm. There is also an element
of randomness introduced in the algorithm to search new spaces for a better solution.
When thinking of an optimization problem, let’s consider a very simple problem with
one variable x. We want to minimize f(x) using some optimization algorithm. The
function is shown below and has several local minima and a global minimum. Often
an optimization algorithm will settle in a local minimum. To get out of the local
minimum we introduce randomness in the PSO algorithm to hopefully climb out and
find a better solution.

Figure 19 - Local vs. Global Minimum

Inertia is another factor that affects the algorithm’s ability to search the space. If
inertia is greater than one, the algorithm’s next move will be greater than what it
calculated. If inertia is less than 1, the next move will be less than the next calculated
step.
The default inertia is 0.7, and usually can be left at this value. During training, inertia
can be changed if desired.
Training an MLP network consists of the following steps.
1. Feed the network with training cases that have known outputs.
2. Calculate the network using each training case inputs.
3. Compare predicted output with known output and calculate the error. Error is a
function of the difference between predicted outputs and known outputs.
4. Adjust weights to reduce error. This is an optimization problem where error is
minimized. Vaimal uses particle swarm optimization to find the optimum weights.

Error Calculation for MLP Networks
For classification, the output neuron values are converted using the softmax function.
Error is calculated using the cross-entropy loss function. Target values (outputs of the
training data) are automatically converted to 1 of c encoding, and therefore have
dummy variables consisting of ones and zeros.
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𝑛

𝐸𝑟𝑟𝑜𝑟 = ∑ −𝑡𝑖,𝑐 ∗ ln(output neuroni,c )
𝑖=1

Where:
n = number of training or validation cases
t = target value
c = target class
output neuron = softmax output of the output neuron corresponding to the correct class.
When a target’s dummy variable is one (the correct class), we multiply it by the
natural log of the output neuron that corresponds to the correct class. Therefore,
error is a function of how far from 1 the value of the output neuron corresponding to
the correct class.
Example: For a single case, the target class is class 2. The target value is 1 for class 2
and zero for all other classes. Therefore, we don’t calculate error on the other classes
since the value of t is zero, and error would be zero. The predicted output of the
second output neuron (corresponding to class 2) is .72. The error for this case is:
𝐸𝑟𝑟𝑜𝑟 = −1 ∗ ln(.72) = .328
For regression, the output neurons use the linear activation function. Error is
calculated as the mean absolute error:
𝐸𝑟𝑟𝑜𝑟 =

∑|𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑜𝑢𝑡𝑝𝑢𝑡 |
𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠

For multi-output regression, error is the sum of absolute errors for each output divided
by training cases.

Regularization
Regularization can be employed to help prevent overtraining. This can help the model
generalize to other data. Weights with large absolute values may be the result of
overtraining so we can add a penalty to the error for larger weight magnitudes.
Vaimal has two types of regularization for MLPs: L1 and L2 regularization.
In both cases, a penalty is added to the error function. The penalty increases with
larger weights, both negative and positive. Therefore, if two sets of weights produce
the same error, the set with the smaller absolute weights is preferred since it’s error
with regularization is lower. A parameter, lambda, is also used to control the
magnitude of the penalty.
𝐸𝑟𝑟𝑜𝑟𝐿1 =

∑𝑛𝑖 𝐸𝑟𝑟𝑜𝑟𝑖
+ 𝜆 ∑|𝑤𝑒𝑖𝑔ℎ𝑡𝑗 |
𝑛
𝑗

𝐸𝑟𝑟𝑜𝑟𝐿2 =

∑𝑛𝑖 𝐸𝑟𝑟𝑜𝑟𝑖
+ 𝜆 ∑ 𝑤𝑒𝑖𝑔ℎ𝑡𝑗 2
𝑛
𝑗
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Without regularization, training error will either stay the same or decrease each epoch.
For each epoch, the PSO algorithm is looking for a new global best error. If a new
global best is not found it keeps the current global best error.
With L1 or L2 regularization, training error may increase between epochs. In this
situation the PSO algorithm sees actual training error plus a penalty for the sum of
weights. What is shown in the progress window is actual training error with the
regularization penalty removed. If one epoch has a relatively low error plus high
regularization penalty, and the next epoch has a relatively higher error but lower
regularization penalty, then the first epoch will show lower error than the second.
However, the second epoch had a best sum of weights that was lower.

Probabilistic Neural Networks

Probabilistic neural networks (PNN) are used for classification. The model stores all
cases used for training as part of the model. These are also known as exemplars.
Refer to [Specht, 1990] for more detail on PNNs.

PNNs consist of four layers:
1. Input Layer Used to distribute input attributes to the pattern layer.
2. Pattern layer The pattern layer consists of n groups of patterns, or exemplars. The
number of groups is equal to the number of possible output classes. Each pattern is
a training case that belongs to its associated class.
3. Summation Layer The summation layer consists of n nodes, where n is the number
of possible output classes. Each node sums the pattern outputs for its class.
4. Output Layer The output (class) is chosen from the maximum value of the
summation layer.

Input Layer Calculation
There is no calculation of input nodes.
pattern layer node.

Each input attribute is simply fed to each

Pattern Layer/Summation Layer Calculation
The activation function for the pattern layer is a probability density function that is
estimated from the training exemplars. Vaimal uses kernel density estimation with a
Gaussian kernel to approximate the probability distribution.
If a single sigma is used for the model, the summation layer neuron output is
calculated by:
𝑙𝑔

𝑛

𝑖=1

𝑗=1

𝑔

(𝑥𝑖𝑗 − 𝑥𝑗 )2
1
∑
(∑
)
𝑦𝑔 (𝑥) =
𝑒𝑥𝑝
𝑙𝑔 2𝜋 𝑛/2 𝜎 𝑛
2𝜎 2
Where:
lg = number of exemplars in class g
xij = the jth element of the ith training vector (i = 1 to lg) of class g
xj = the jth element of the prediction input vector (inputs for the prediction)
σ = the smoothing factor
n = number of input variables
If a sigma for each input variable is used, the summation layer neuron output is
calculated by:
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𝑙𝑔

𝑛

𝑖=1

𝑗=1

𝑔

(𝑥𝑖𝑗 − 𝑥𝑗 )2
1
(𝑥)
∑
(∑
)
𝑦𝑔
=
𝑒𝑥𝑝
𝑙𝑔 2𝜋 𝑛/2 ∏𝑛𝑗=1 𝜎𝑗
2𝜎𝑗 2
Where:
lg = number of exemplars in class g
xij = the jth element of the ith training vector (i = 1 to lg) of class g
xj = the jth element of the prediction input vector (inputs for the prediction)
σj = the smoothing parameter of the jth input variable
n = number of input variables

Figure 20 - PNN

Output Layer Calculation
The predicted class is the class associated with neuron in the summation layer that
has the maximum output.
𝐺(𝑥) = 𝑎𝑟𝑔 max(𝑦𝑔 (𝑥))
𝑔
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Training a PNN

When a PNN is trained, the only factor to change is σ. Vaimal allows two variations of
how σ is handled. In one embodiment, a separate σ for each input attribute can be
used. In the other embodiment, one σ for all pattern nodes is used. In addition, you
can specify a single σ without training.
Vaimal uses particle swarm optimization (PSO) to minimize error by finding the
optimum sigma(s). For more on PSO, refer to MLP training.

Error Calculation for PNNs
Vaimal uses the “hold one out” method to train the network. This is done by
withholding one training case from the network and using the remaining training cases
to calculate the training error of the held-out case. This is repeated for each training
case and the average of these errors is the training error.
Error is calculated as the fraction of cases that were incorrectly classified.
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =

𝑁𝑜. 𝑜𝑓 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =

𝑁𝑜. 𝑜𝑓 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑐𝑎𝑠𝑒𝑠

Generalized Regression Neural Networks

Generalized regression neural networks (GRNN) are used for regression. That is, the
output is a numeric value that we are trying to approximate. The model stores all
cases used for training as part of the model. These are also known as exemplars.
Refer to [Specht, 1991] for more detail on GRNNs.

GRNNs consist of four layers:
1. Input Layer Used to distribute input attributes to the pattern layer.
2. Pattern Layer The pattern layer consists of n patterns, or exemplars. The number
of patterns is equal to the number of training cases. Each pattern is a training case.
3. Summation Layer The summation layer contains two nodes. One sums output
from each pattern and calculates the numerator for the output layer. The other node
sum output from each pattern and calculates the denominator for the output layer.
4. Output Layer Output = ∑N/∑D

Input Layer Calculation
There is no calculation of input nodes.
pattern layer node.

Each input attribute is simply fed to each

Pattern Layer Calculation
If a single sigma is used for the model, the activation function of each pattern layer
neuron is:
𝑛

𝑝𝑖 = 𝑒𝑥𝑝 (− ∑
𝑗=1

(𝑥𝑖𝑗 − 𝑥𝑗 )2
)
2𝜎 2
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Where:
xij = the jth element of the ith training vector (i = 1 to n)
xj = the jth element of the prediction input vector (inputs for the prediction)
σ = the smoothing factor
n = number of input variables
If a sigma for each input variable is used, the activation function of each pattern layer
neuron is:
𝑛

𝑝𝑖 = 𝑒𝑥𝑝 (− ∑
𝑗=1

(𝑥𝑖𝑗 − 𝑥𝑗 )2
)
2𝜎𝑗 2

Where:
xij = the jth element of the ith training vector (i = 1 to n)
xj = the jth element of the prediction input vector (inputs for the prediction)
σj = the smoothing parameter of the jth input variable
n = number of input variables

Figure 21 – GRNN

Summation Layer Calculation
𝑛

𝑆𝑢𝑚 𝑁 = ∑ 𝑦𝑖 𝑝𝑖
1

Where:
yi = the ith output value
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𝑛

𝑆𝑢𝑚 𝐷 = ∑ 𝑝𝑖
1

Output Layer Calculation
𝑂𝑢𝑡𝑝𝑢𝑡 =

𝑆𝑢𝑚 𝑁
𝑆𝑢𝑚 𝐷

In effect, the predicted output is a weighted average of all training outputs weighted
exponentially by the Euclidean distance of their input attributes to the input
attributes of the prediction case. In other words, the closer a training exemplar is to
the inputs of the prediction, the more weight the exemplar contributes to the
predicted output.

Training a GRNN

When a GRNN is trained, the only factor to change is σ. Vaimal allows two variations
of how σ is handled. In one embodiment, a separate σ for each input attribute can be
used. In the other embodiment, one σ for all pattern nodes is used. In addition, you
can specify a single σ without training.
Vaimal uses particle swarm optimization (PSO) to minimize error by finding the
optimum sigma(s). For more on PSO, refer to MLP training.

Error Calculation for GRNNs
Vaimal uses the “hold one out” method to train the network. This is done by
withholding one training case from the network and using the remaining training cases
to calculate the training error of the held-out case. This is repeated for each training
case and the average of these errors is the training error. Error is calculated as the
mean absolute error:
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =

∑|𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑜𝑢𝑡𝑝𝑢𝑡 |
𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =

∑|𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑜𝑢𝑡𝑝𝑢𝑡 |
𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑐𝑎𝑠𝑒𝑠

Overtraining

No matter what type of neural network used, it’s possible that a network is trained to
the point where training error becomes extremely small and it predicts the training
data very well. However, the network may do a poor job of predicting another subset
of the overall dataset. This is called overtraining. Vaimal allows for the data set to be
split into two subsets of training and validation data. The validation data can be used
to test the network during training. If this cross-validation is used, the weights or
sigmas associated with the lowest validation error will be saved in the model instead
of weights or sigmas associated with the lowest training error.
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Comparison of Neural Network Types
Task
Classification
MLP
PNN
GRNN

●
●

Single Output
Regression
●

Multi-Output
Regression
●

●

Advantages of MLPs
•
•

Better for larger data sets.
Multiple outputs for regression.

Disadvantages of MLPs
•
•

Take a long time to train.
Network topology has many factors that affect performance. Determining the best
topology often requires trial and error.

Advantages of GRNNs and PNNs
•
•

Don’t have to define network topology.
Train quickly for small datasets.

Disadvantages of GRNNs and PNNs
•

Models can grow extremely large as training cases increase.
unwieldy.

This makes training

Additional Background Material

Specht, D. “A General Regression Neural Network”, IEEE Transactions on Neural
Networks, Vol. 2, No. 6, November 1991, pp. 568-576.
Specht, D. “Probabilistic Neural Networks”, Neural Networks, Vol. 3, 1990, pp. 109118.
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Section II – Operation
This section describes the operation of Vaimal.
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Chapter 6 – Data Manager
Data Manager contains utilities for preprocessing data prior to training or using a
model. The eight utilities are:
Data Flags Data flags are used to mark rows of data for training, validation or
testing.
Data Check A range of data can be scanned for missing, non-numeric, or all same
values.
Normalize Scale Data Numerical variables can be feature scaled on [0,1] and [1,1], and standardized.
Encode Categorical Data Categorical variables can be numerically encoded
automatically.
Encode One vs. All A primary class label is chosen, and any output values that
match the label is assigned a value of 1. All other labels are assigned a value of 2.
Transpose Data Data can be changed from columns to rows, and vice versa.
Missing Data Missing numerical data can be filled in with one of several methods,
rows with missing data can be deleted, or cells can be cleared based on specified
values.
Variable Importance A decision tree can be trained on data and the variable
importance tool shows the relative importance of each input variable. This can be
used to eliminate unimportant variables when training the final model.

Data Arrangement

After data has been imported in Excel, it must be arranged for use with Vaimal. We
will cover the requirements of data arrangement here. A sample data set is shown
below for reference.

Data Arrangement Requirements
Each variable must be in a column.

All input variable columns must be aligned and adjacent to each other. Columns A
through D of the example.
If more than one output (MLP regression only), all output variable columns must be
aligned and adjacent to each other. Output data does not need to be adjacent to
input data. Column F of the example.
Every input and output must be a number.
Every training, validation case must have data flag as shown in column G of the
example. If testing after training, each test case must also have a data flag. Data
flags can be anywhere but must be in one column.
All rows of data used in an operation, for example training, must be continuous with
no missing rows. This includes any validation data or data used for testing after
training.
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Figure 22 - Example Data Set

Data Manager

Ribbon>Vaimal tab>Data Manager button

Clicking the Data Manager button on the ribbon will show the Data Manager form.

46

Data Flags

Data flags are used during training to identify where a row of data is used. There are
three types of data flags:
Training Each row corresponding to a training flag will be used to train the
model.
Validation Each row corresponding to a validation flag will be used as part of
the cross-validation data set.
Testing Each row corresponding to a testing flag will be used as part of the
test set after training ends.
All data flags must be in a single column. Data flags can be anywhere but must have
the same number of rows as the data you’re working with. Each row number of the
data flag range corresponds to the same row number in the input and output data
ranges. Example: The 16th row of the flag range corresponds to the 16 th rows of input
and output data ranges.

Figure 23 – Data Manager > Data Flags

Data Range
Select all the data for at least one variable. This is used to determine the size of the
data flag range.
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Location
The data flags can be placed in a new workbook or you can select the upper left cell
where the data flags will be in an existing workbook. Any existing data where the
data flags are placed will be overwritten. The number of flag cells will be the same as
the number of rows in the range selected.

Randomly Create Flags
Data rows can be randomly chosen for training, validation, and testing. The software
will randomly choose rows for validation and flag them with “VALIDATION”. Then it
randomly chooses rows for testing and flags them with “TESTING”. All remaining rows
will be flagged with “TRAINING”. A pseudo-random number sequence is used to select
test rows. To repeat the process, a seed value can be provided to repeat the random
number generation sequence. If you are having trouble getting the random number
sequence to repeat, refer to Appendix C.

Create Flags in Order
Data flags can be created where the first x rows are flagged for training, y rows for
validation, and the remaining rows are flagged for testing. The number of rows for
each type is determined by the percentage of rows used for validation and testing that
is specified in Data Partition.

Stratify Data
Data flags can be ordered in such a way that the proportion of output classes in the
train, validation, and test sets are approximately the same as the complete set.
Stratification is for classification tasks only. The output data that will be selected must
already be encoded 1 to n, prior to creating stratified data flags.
Stratification is approximate if the number of items for each class is not wholly
divisible in each partition (train, validation, test). For example, if we have 100 data
points that are comprised of four classes with 25 cases for each class. Therefore, each
class makes up 25% of the data set. We are going to partition it into 90 training
cases and 10 validation cases. To stratify the data, we want the following:
Cases for each class in training set = 90*.25 = 22.5
Cases for each class in validation set = 10*.25 = 2.5
Since the number of cases are not whole numbers, we cannot perfectly stratify the
data. In this case, two of the classes will have 23 cases in the training set and the
other two will have 22 cases. Similarly, two classes will have 3 cases in the validation
set, and the other two will have 2 cases.

Data Partition
Specify the percentage of data rows to use for cross-validation and testing. The
balance of rows will be used for training. To not include validation or testing flags,
enter a value of zero.
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Data Check

Data check is a tool that scans a data range and checks for missing values, nonnumeric values and if all values in a column are the same.
A missing value is a blank cell. Cells that contain spaces are not considered blank. A
cell with one or more spaces is non-numeric.
The reason data check looks for non-numeric cells is in the case of numeric variables.
A non-numeric cell in a variable that is supposed to be numeric is a problem. A nonnumeric cell in a categorical variable is not an issue, although the categorical variable
will need to be encoded. Therefore, when reading the results, if a variable has nonnumeric values, it may or may not be a problem.
When a column contains all the same values, it will be a problem in the following
situations:
• The column is numeric and will be normalized. When feature scaling, if
minimum is the same as maximum, a divide by zero error will result. When
standardizing, if all values are the same then standard deviation is zero and a
divide by zero error will result.
• The column is categorical and will be encoded as 1 of c-1. 1 of c-1 encoding
requires at least two classes.

Figure 24 - Data Manager > Data Check
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Data Range
Multiple columns can be selected. The data check is processed by each column.

Normalize Data

Figure 25 – Data Manager > Normalize Data

Data Range
Multiple columns can be selected. The normalization is processed by each column.

Location
The processed data can be placed in a new workbook or you can select the upper left
cell where the data will be in an existing workbook. If you want to overwrite the
existing data with the processed data, select the Replace Data button.

Normalize Method
All operations are performed on data contained in each column. If there are two
columns, data in column 1 will be normalized based only on the data in column 1.
Data in column 2 will be normalized based only on the data in column 2 and so on.
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Rescale on [0,1]
𝑁𝑒𝑤 𝑣𝑎𝑙𝑢𝑒 =

𝑟𝑎𝑤 𝑣𝑎𝑙𝑢𝑒 − 𝑐𝑜𝑙𝑢𝑚𝑛 𝑚𝑖𝑛𝑖𝑢𝑚
𝑐𝑜𝑙𝑢𝑚𝑛 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 − 𝑐𝑜𝑙𝑢𝑚𝑛 𝑚𝑖𝑛𝑖𝑛𝑢𝑚

Rescale on [-1,1]
𝑁𝑒𝑤 𝑣𝑎𝑙𝑢𝑒 = 2 ∗

𝑟𝑎𝑤 𝑣𝑎𝑙𝑢𝑒 − 𝑐𝑜𝑙𝑢𝑚𝑛 𝑚𝑖𝑛𝑖𝑚𝑢𝑚
−1
𝑐𝑜𝑙𝑢𝑚𝑛 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 − 𝑐𝑜𝑙𝑢𝑚𝑛 𝑚𝑖𝑛𝑖𝑚𝑢𝑚

Standardize
𝑁𝑒𝑤 𝑣𝑎𝑙𝑢𝑒 =

𝑟𝑎𝑤 𝑣𝑎𝑙𝑢𝑒 − 𝑐𝑜𝑙𝑢𝑚𝑛 𝑎𝑣𝑒𝑟𝑎𝑔𝑒
𝑐𝑜𝑙𝑢𝑚𝑛 𝑠𝑡𝑑. 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

Encode Categorical Data

Figure 26 – Data Manager > Encode Categorical Data

Data Range
Only one variable column can be selected. To encode multiple categorical variables,
repeat the encoding process for each variable.
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Location
The encoded data can be placed in a new workbook or you can select the upper left
cell where the data will be in an existing workbook. Any existing cell contents where
the data is placed will be overwritten.

Variable Name
Enter a variable name. This name will be used in column headings.

Encoding Type
For more on encoding types, refer to the Data Preprocessing section of Chapter 2.

Encoding Scheme
The encoding scheme is a key that is used to decode a 1 to n encoding. The software
can automatically create an encoding scheme, or you can use an existing encoding
scheme. The encoding scheme is created by assigning 1 to the first category found, 2
to the second category, and so on. For convenience, you can edit an existing
encoding scheme as needed in the worksheet.
When a new encoding scheme will be created, select the upper left cell where the
scheme will be placed. When using an existing encoding scheme, select the entire
scheme as shown below.

Figure 27 – 1 to n Encoding Scheme

Mode
Speed mode places data in arrays for faster processing. When working with a very
large data set, running in speed mode may cause the computer to run out of memory.
To avoid this problem, run in large dataset mode. Data is left in the worksheet while
processing, but this comes at a speed cost.

Encode One vs. All

Encode one vs. all is a tool that takes data with multiple classes and encodes it as
binary classes of 1 and 2.

Data Range
Only one variable column can be selected.
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Location
The encoded data can be placed in a new workbook or you can select the upper left
cell where the data will be in an existing workbook. Any existing cell contents where
the data is placed will be overwritten.

Value to match for 1
Value to match for 1 is the value that will be encoded as class 1. If any value in the
data range does not match this value it will be encoded as class 2. The matching
process is case-sensitive.

Figure 28 - Data Manager > Encode One vs. All
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Transpose Data

The transpose data utility can transpose data that is in columns to data in rows, or
vice versa.

Figure 29 – Data Manager > Transpose Data

Data Range
Multiple columns can be selected. Note that when transposing from vertical to
horizontal (columns to rows), there is a limit on the number of cells that can be
transposed due to there being less columns than rows in a worksheet. Excel has
16,384 columns, and 1,048,576 rows.
For example, if a column of 20,000 rows of data is in column A, and we want to locate
the transposed data starting in cell A1, we can only transpose the first 16,384 rows
before running out of columns on the worksheet. Placing the data in columns to the
right will result in even fewer allowable data rows.

Location
The transposed data can be placed in a new workbook or you can select the upper left
cell where the data will be in an existing workbook. Any existing cell contents where
the data is placed will be overwritten.

Transpose
Example: From vertical to horizontal
Data located in the range C3:C10 is transposed to a new location with upper left cell
located at cell D3. The data will now be in the range D3:K3.
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Example: From horizontal to vertical
Data located in the range B1:Z1 is transposed to a new location with upper left cell
located at cell A1. The data will now be in the range A1:A25.

Old Data
Select an option for what to do with the old data prior to transposing. If keep old data
is selected, the data will be left in its original location and a copy of the data will be
transposed to the selected location.
If delete old data is selected, the original data will be deleted, and transposed to the
selected location.
NOTE: If the new location of the transposed data overlaps with the original data, the
original data will be overwritten with transposed data.

Missing Data

Figure 30 – Data Manager > Missing Data

Data Range
Multiple columns can be selected. If you will be deleting rows with missing data, you
must select all input and output data so that the entire case is deleted.

55

Location
The processed data can be placed in a new workbook or you can select the upper left
cell where the data will be in an existing workbook. If you want to overwrite the
existing data with the processed data, select the Replace Data button. Any existing
cell contents where the data is placed will be overwritten.

Missing Data
Numeric data can be replaced with various artificial values such as the mean of the
values in its column.
Rows in the selected range can be deleted based on the criterion selected.
Cells in the selected range can be cleared based on the criterion selected.

Variable Importance
Variable importance makes use a decision tree that has been trained on the data. This
decision tree is a preliminary tree for identifying any unimportant variables that do not
add to the predictive power of the model. If one or more variables do not have much
relative importance, they may be left out when training a final model. Note that the
final model can be created using any algorithm. Refer to Chapter 3 for more on
variable importance.

Figure 31 - Data Manager > Variable Importance
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Select a Model
Select the decision tree that you want to analyze.

Include Surrogate Variables
Surrogate variables have an impact on variable importance as was shown in Chapter
3. You can leave them out of the variable importance calculation, but generally they
should be included.
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Chapter 7 – Preprocessing Templates
Preprocessing templates allow you to create a procedure for handling the
preprocessing of input data. This is a useful tool for performing preprocessing of data
that will be predicted in a production setting. It also provides documentation for how
data was preprocessed for training. Vaimal has two tools related to templates, the
Create Template tool and the Apply Template tool.

Create Template

Ribbon>Vaimal tab>Create Template button

To create a template, we need to do two things:
1. Define the data that contains each category of categorical data and statistics
used for normalization of numeric variables.
2. Define the nature of each variable and the preprocessing to be performed.
It’s preferable to use only the training data when defining a template, but this is not a
requirement. When defining categorical variables, all categories must be represented
by the data, so the template can capture all possible categories.
When normalizing numeric data, the training data must be specified by data flags or
by only using training data to create the template. The reason for this is that when
normalizing data, the software uses statistics such as minimum, maximum, mean, and
standard deviation. These statistics should only be calculated from the training data,
otherwise all new data will not be correctly normalized.
Clicking the Create Template button on the ribbon will open the Create Preprocessing
Template form.
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Figure 32 - Create Preprocessing Template Form

Define Training Data
Template Name
Enter the template name. A new worksheet will be created using this name.

Data Range
Select the range that contains the data. A template only processes input data so do
not include output data.

Data Flag Range (optional)
A data flag range can be specified to filter out non-training cases. This is useful if data
will be normalized since only training data should be used to calculate normalization
statistics.

Apply Range Button
When the name, data range, and data flag range (if chosen) are entered, click the
Apply Range button. The list box will be populated with a row for each column in the
data range. Once the range has been applied, it can no longer be changed. If the
wrong data range or flag range was entered, close the form and reopen.

Define Data Columns

Once the list box has been populated with each data column, we must define what the
data is and how to process it. For each column, select it in the list box and enter the
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appropriate information. A column can also be edited by clicking on it, making
changes, and clicking the Save button.

Name (optional)
Enter the name for the column.

Type
Select the data type.
Depending on the type, instructions for encoding or
normalization must be entered.

Normalization
When type is numeric, the Normalization drop-down will appear. Select the type of
normalization to do for this column.

Figure 33 - Numeric Data
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Encoding
When the type is categorical, the Encoding drop-down will appear. Select the type of
encoding to do for this column.

Figure 34 - Categorical Data

Once all data columns have been defined, click Create button to create the template.

Template Data Sheet

Template information is stored in a worksheet as a template data sheet.
template, the workbook containing the template data sheet must be open.

To use a

IMPORTANT!
The location and contents of template sheet cells should not be altered; otherwise the
template cannot be used.
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Figure 35 - Template Data Sheet

Apply Template

Ribbon>Vaimal tab>Apply Template button

Once a template has been created it can be used to process data. It’s important to
remember that the variables must be in the same order as they were when the model
was trained and the template was defined.
The Apply Template form will appear.
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Figure 36 - Apply Template Form

Select a Template
Select a template to apply to the data. The drop-down box will show all templates in
all open workbooks.

Data Range
Select the range of data to process.

Location
Select the location to place the processed data. If new workbook is selected, the data
will start in cell A1 of sheet 1 in a new workbook. If the data will be placed in an
existing workbook, select the upper left cell location. Any existing cell contents will be
overwritten.

63

Chapter 8 – Decision Tree Setup
The Decision Tree setup form is used to train a decision tree.

Decision Tree Setup

Ribbon>Vaimal tab>Decision Tree button

After clicking the Decision Tree button, the Decision Tree Setup form will appear.

Figure 37 - Decision Tree Setup
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Name
Enter a name for the tree. A new worksheet will be created in the current workbook
containing this name. This worksheet defines the tree for future use.

Data
Select the range of cells that contains the input data. All input variables must be in
adjacent columns. Cases are in rows.
Select the range of cells that contains the output data. Variables should be in
columnar form with each row being a case. Only one column of output data can be
selected. Vaimal requires that all output data used for classification training must be
encoded as 1 to n with no missing classes in the data. For example, suppose the
output data has classes encoded as 1, 2, 4, 5. Since there is no class 3, an error
message will appear. In this case, the data will need to be re-encoded from 1 to 4.
Select the range of cells that contains the data flags. The number of data flags
selected must match the number of cases. Only one column of data flags can be
selected.
Sampling Method
The sampling method (classification only) is used to adjust training data to better
handle imbalanced classes. The possible selections are listed below.
As is Training data is used as selected with no changes.
Over-sample For classes that don’t have the most instances, additional copies of
data points are randomly added to the training set.
Under-sample For classes that don’t have the least instances, some data points are
randomly removed from the training set.
Balance-sampling The average of the classes with the most and least instances is
calculated. This average is used to over or under sample each class so that all
classes have the same number of instances.
When over-sampling or under-sampling is selected, a balance ratio must be specified.
For over-sampling, the balance ratio determines the ratio of training cases in the class
with the most instances to other class training cases.
𝑂𝑣𝑒𝑟 𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝐵𝑎𝑙𝑎𝑛𝑐𝑒 𝑅𝑎𝑡𝑖𝑜 =

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠𝑐𝑙𝑎𝑠𝑠 𝑤𝑖𝑡ℎ 𝑚𝑜𝑠𝑡 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠𝑐𝑙𝑎𝑠𝑠≠𝑚𝑜𝑠𝑡 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

A balance ratio of 1 will result in all classes having the same number of training cases.
Under the following conditions, the balance ratio will not be met:
Over-sampling: If a class has more cases than required to meet the balance ratio, the
additional cases will stay in the training set. For example, a three-class set where
class 1 has 1000 cases, class 2 has 700 cases, and class 3 has 100 cases. If the
balance ratio is 1.5, then class 3 will be over-sampled to get (1000/1.5) = 667 cases.
Since class 2 already has 700 cases, all 700 of the class 2 cases will be used and oversampling is not needed.
For under-sampling, the balance ratio determines the ratio of training cases of classes
that don’t have the least number of instances to the training cases of the class with
the least number of instances.
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A balance ratio of 1 will result in all classes having the same number of training cases.
Under the following conditions, the balance ratio will not be met:
Under-sampling: If a class has fewer cases than required to meet the balance ratio,
the class will just use the existing cases. For example, a three-class set where class 1
has 1000 cases, class 2 has 125 cases, and class 3 has 100 cases. If the balance ratio
is 1.5, then class 1 will be under-sampled to get (100*1.5) = 150 cases. Since class 2
has 125 cases which is less than 150, all 125 of the class 2 cases will be used and
under-sampling is not needed.

Cross-Validation
Holdout
When holdout is selected, cross-validation is performed using a single train/validation
partition. The training data is used to train the model, and the validation data is used
to calculate validation error. The best model parameters are saved when validation
error is lowest.
K-Fold
In k-fold, all data flagged as training or validation is lumped together. Then the data
is partitioned into the specified number of folds. After partitioning, k models are
trained, where each time one of the folds is used for validation and the remaining folds
are used for training. After training, a summary of each model’s performance is
shown and can be saved to a worksheet. Each model’s statistics are calculated based
on the lowest validation error.
If the number of cases is not wholly divisible by the number of folds, the last fold will
contain any leftover cases. For example, if there are 104 cases and 10 folds, the first
nine folds will each have 10 cases. The 10 th fold will have 14 cases.
If the task is regression, a tolerance must be specified to determine successful
predictions. All accuracy calculations are based on this tolerance.
Test after training is not available when k-fold is selected.
K-Fold Data
There are three options for how to populate the folds with data.
Do nothing Data is placed into the training array in the same order as it is in
the worksheet.
Shuffle Data is randomly shuffled prior to creating the folds.
Stratify (Classification only) Data of each class is placed in each fold in
approximately the same proportion as the total data set.

Training Stop Criteria
Training can be stopped using by two methods:
• Minimum error. Enter the minimum error that, when reached, training will
stop. If cross-validation is used, training will stop when validation error
reaches minimum error, otherwise training error is used.
• Manually clicking the Stop button during training.
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Testing
If a test set has been flagged, it can be tested after training has stopped. Select the
Test after training ends check box. If the task is regression, you will be asked to
specify a tolerance to determine if a case is considered a success. For more
information on how testing statistics are calculated, refer to Chapter 14.

Parameters
Task
Select the task, either classification or regression.
Maximum Layers
The number of layers in the tree can be limited using this setting. Limiting the
number of layers can help to avoid overtraining by limiting the number of nodes. If
you don’t want to limit the number of layers, leave this field blank.
Minimum cases in leaf nodes
The minimum number of training cases in leaf nodes can be controlled with this
setting. If a split at a decision node results in fewer cases than the minimum going to
a child node, the decision node is not split and is converted to a leaf node.
For example, suppose the minimum is set at 4. A decision node split has been found
which sends two cases to the left child node and 8 to the right child node. Since the
two cases in the left node is less than four, the child nodes will not be created, and the
original decision node will become a leaf node.
This setting is used to avoid overtraining by limiting the number of nodes in a tree. If
you do not want to set a minimum, leave the box blank.
Create surrogate splits
Checking this option will cause the software to search for surrogate variables that can
be used in place of the primary split variable when data is missing. Refer to Chapter 3
for more on surrogate variables.
You can also limit the number of surrogates for a node by entering the maximum
surrogates. If you do not want to limit the number of surrogates, leave the box blank.

Training Progress

Once training has started, the training progress form will appear. It will show the
current layer in the tree growing process and the training error. If cross-validation
was selected, it will also show the cross-validation error. For k-fold cross-validation,
the layer number restarts to 1 for each fold since a new tree is being grown.
If pruning is selected, the pruning error will be shown in the third box. Pruning starts
at the bottom of the tree and works up to the root node. If a node is a leaf node,
there is no pruning since it has no child nodes and the box will show “leaf”. The
pruning error is the error of the tree when a node’s descendants are pruned from the
tree.
Training can be paused and restarted by clicking the pause button.
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Training can be stopped by clicking the Stop button. If using k-fold cross-validation,
clicking the stop button will move to the next fold.
The Abort button is used to stop as soon as possible and discard all training.
A training log can be saved to a worksheet that will show layer numbers and errors for
both training and validation. If pruning is employed, it will also show the error at each
node when its descendant nodes are pruned.

Figure 38 - Decision Tree Training Progress Form

Test After Training

If test after training was selected during set-up, a test on data flagged as “TESTING”
will be performed. Once the test is complete, the testing results form will appear.
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Figure 39 - Testing Results Form

K-Fold Results

If k-fold cross-validation was selected during set-up, the k-fold results form will
appear after training is complete. It contains the relevant statistics from each fold.
The results can be saved to a worksheet. If train on all data when done was selected
during setup, the model data sheet for the model that was trained on all data will be in
the current workbook.

Figure 40 - K-Fold Results Form
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Decision Tree Model Sheet

When a decision tree is trained, a new worksheet is created to define the parameters
of the tree. This allows the tree to be used for prediction of future cases.

IMPORTANT!

The location and contents of model sheet cells should not be altered; otherwise the
model cannot be used for testing or prediction.

Figure 41 – Decision Tree Model Sheet
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Chapter 9 – Support Vector Machine Setup
The SVM setup form is used to train a support vector machine.

SVM Setup

Ribbon>Vaimal tab>SVM button

After clicking the SVM button, the SVM Setup form will appear.

Figure 42 - SVM Setup
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Name
Enter a name for the SVM. A new worksheet will be created in the current workbook
containing this name. This worksheet defines the SVM for future use.

Data
Select the range of cells that contains the input data. All input variables must be in
adjacent columns. Cases are in rows.
Select the range of cells that contains the output data. Variables should be in
columnar form with each row being a case. Only one column of output data can be
selected. Vaimal requires that all output data used for classification training must be
encoded as 1 to n with no missing classes in the data. For example, suppose the
output data has classes encoded as 1, 2, 4, 5. Since there is no class 3, an error
message will appear. In this case, the data will need to be re-encoded from 1 to 4.
Select the range of cells that contains the data flags. The number of data flags
selected must match the number of cases. Only one column of data flags can be
selected.
Sampling Method
The sampling method (classification only) is used to adjust training data to better
handle imbalanced classes. The possible selections are listed below.
As is Training data is used as selected with no changes.
Over-sample For classes that don’t have the most instances, additional copies of
data points are randomly added to the training set.
Under-sample For classes that don’t have the least instances, some data points are
randomly removed from the training set.
Balance-sampling The average of the classes with the most and least instances is
calculated. This average is used to over or under sample each class so that all
classes have the same number of instances.
When over-sampling or under-sampling is selected, a balance ratio must be specified.
For over-sampling, the balance ratio determines the ratio of training cases in the class
with the most instances to other class training cases.
𝑂𝑣𝑒𝑟 𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝐵𝑎𝑙𝑎𝑛𝑐𝑒 𝑅𝑎𝑡𝑖𝑜 =

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠𝑐𝑙𝑎𝑠𝑠 𝑤𝑖𝑡ℎ 𝑚𝑜𝑠𝑡 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠𝑐𝑙𝑎𝑠𝑠≠𝑚𝑜𝑠𝑡 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

A balance ratio of 1 will result in all classes having the same number of training cases.
Under the following conditions, the balance ratio will not be met:
Over-sampling: If a class has more cases than required to meet the balance ratio, the
additional cases will stay in the training set. For example, a three-class set where
class 1 has 1000 cases, class 2 has 700 cases, and class 3 has 100 cases. If the
balance ratio is 1.5, then class 3 will be over-sampled to get (1000/1.5) = 667 cases.
Since class 2 already has 700 cases, all 700 of the class 2 cases will be used and oversampling is not needed.
For under-sampling, the balance ratio determines the ratio of training cases of classes
that don’t have the least number of instances to the training cases of the class with
the least number of instances.
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A balance ratio of 1 will result in all classes having the same number of training cases.
Under the following conditions, the balance ratio will not be met:
Under-sampling: If a class has fewer cases than required to meet the balance ratio,
the class will just use the existing cases. For example, a three-class set where class 1
has 1000 cases, class 2 has 125 cases, and class 3 has 100 cases. If the balance ratio
is 1.5, then class 1 will be under-sampled to get (100*1.5) = 150 cases. Since class 2
has 125 cases which is less than 150, all 125 of the class 2 cases will be used and
under-sampling is not needed.
Data Density
Vaimal has a data density setting that allows for improved training time depending on
the nature of the data. Choose either Sparse data or Dense data if most of the data
falls into one of these categories. If you’re unsure which one to use, choose the
sparse setting. For more on sparse vs. dense data, refer to Appendix D.

Cross-Validation
Holdout
When holdout is selected, cross-validation is performed using a single train/validation
partition. The training data is used to train the model, and the validation data is used
to calculate validation error. The best model parameters are saved when validation
error is lowest.
K-Fold
In k-fold, all data flagged as training or validation is lumped together. Then the data
is partitioned into the specified number of folds. After partitioning, k models are
trained, where each time one of the folds is used for validation and the remaining folds
are used for training. After training, a summary of each model’s performance is
shown and can be saved to a worksheet. Each model’s statistics are calculated based
on the lowest validation error.
If the number of cases is not wholly divisible by the number of folds, the last fold will
contain any leftover cases. For example, if there are 104 cases and 10 folds, the first
nine folds will each have 10 cases. The 10 th fold will have 14 cases.
If the task is regression, a tolerance must be specified to determine successful
predictions. All accuracy calculations are based on this tolerance.
Test after training is not available when k-fold is selected.
K-Fold Data
There are three options for how to populate the folds with data.
Do nothing The data is placed into the training array in the same order as it
is in the worksheet.
Shuffle Data is randomly shuffled prior to creating the folds.
Stratify Data of each class is placed in each fold in approximately the same
proportion as the total train/validation data set.
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Training Stop Criteria
Training can be stopped using by five methods:
• (Optional) Minimum error. Enter the minimum error that, when reached,
training will stop.
If cross-validation is used, training will stop when
validation error reaches minimum error, otherwise training error is used.
• (Optional) Maximum loops. Enter the maximum number of loops to run.
• (Optional) Time limit. Enter the time limit in minutes.
• (Optional) Manually clicking the Stop button during training.
• When the solution has converged, training will stop automatically.
Minimum error, maximum loops, and time limit are optional. If they will not be used,
leave them blank with no spaces. Minimum error, maximum loops and time limit can
be entered, and training will stop when the first of these stop criteria is met.
If k-fold cross-validation is selected, time limit is not available.

Testing
If a test set has been flagged, it can be tested after training has stopped. Select the
Test after training ends check box. For more information on how testing statistics are
calculated, refer to Chapter 14.

Parameters
Parameters control the type of SVM you will create.
The C parameter controls the margin penalty; refer to Chapter 4 for more on this
parameter.
Convergence tolerance controls how close to the KKT conditions is considered
converged.
Normally this can be left at the default value.
Decreasing the
convergence tolerance will result in longer training time and increasing it will shorten
training time.
Select the kernel to be used, and enter any parameters associated with the kernel.
Refer to Chapter 4 for information on the kernels.

Training Progress

Once training has started, the training progress form will appear. It will show the
current loop in the optimization process, the training error, and the number of pairs
changed. If cross-validation was selected, it will show the cross-validation error. For
multi-class and k-fold cross-validation, the loop number restarts to 1 for each class
and fold. For multi-class training, the errors shown are errors for each one vs. all
classifier. This means it’s the misclassification of the current class vs. selecting all
other classes.
Training can be paused and restarted by clicking the pause button.
Training can be stopped by clicking the Stop button. If this is a multi-class SVM,
clicking the stop button will stop training on the current class and start training on the
next class. If using k-fold cross-validation, clicking the stop button will move to the
next class in the current fold and to the next fold if the current class is the last class.
The Abort button is used to stop as soon as possible and discard all training.
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A training log can be saved to a worksheet that will show loop numbers and errors for
both training and validation.

Figure 43 - SVM Training Progress Form

Test After Training

If test after training was selected during set-up, a test on data flagged as “TESTING”
will be performed. Once the test is complete, the testing results form will appear.

Figure 44 - Testing Results Form
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K-Fold Results

If k-fold cross-validation was selected during set-up, the k-fold results form will
appear after training is complete. It contains the relevant statistics from each fold.
The results can be saved to a worksheet. If train on all data when done was selected
during setup, the SVM model sheet for the model that was trained on all data will be in
the current workbook.
For multi-class models, the error shown in the training log and progress form is the
misclassification error for each class vs. all other classes. The error shown in the KFold Results form is the overall misclassification error for all binary one vs. all
classifiers combined.

Figure 45 - K-Fold Results Form

SVM Model Sheet

When an SVM is setup and trained, a new worksheet is created to define the SVM.
This allows the model to be used for prediction of future cases.

IMPORTANT!
The location and contents of model sheet cells should not be altered; otherwise the
model cannot be used for testing or prediction.
A linear SVM model sheet is shown below. Since this is a multi-class SVM, there are
three b values, and three w vectors.
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Figure 46 - Example Linear Multi-Class SVM Model Sheet

A non-linear binary SVM model sheet is shown below. Since this is a binary classifier,
only one b and one set of alphas and support vectors are saved.
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Figure 47 - Example Non-Linear Binary SVM Model Sheet

A non-linear multi-class SVM model sheet is shown below. In this case, there are
three classes, so there are three b values, 3 sets of alphas and associated support
vectors.
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Figure 48 - Example Non-Linear Multi-Class SVM Model Sheet
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Chapter 10 – Neural Network Setup
The neural network setup form is used to design and train a new neural network.

Neural Nets Setup

Ribbon>Vaimal tab>Neural Net button

After clicking the Neural Nets button, the Network Setup form will appear. There are
three types of neural networks that can be created from this form:
• Multi-layer perceptron neural network
• Generalized regression neural network
• Probabilistic neural network
To select the type of network you want to create, select a neural network from the left
menu.

Figure 49 – MLP Setup
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Network Name

Enter a name for the network. A new worksheet will be created in the current
workbook containing this name. This worksheet defines the network for future use.

Data
Select the range of cells that contains the input data. All input variables must be in
adjacent columns. Cases are in rows.
Select the range of cells that contains the output data. Variables should be in
columnar form with each row being a case. Vaimal requires that all output data used
for classification training must be encoded as 1 to n with no missing classes in the
data. For example, suppose the output data has classes encoded as 1, 2, 4, 5. Since
there is no class 3, an error message will appear. In this case, the data will need to
be re-encoded from 1 to 4.
Select the range of cells that contains the data flags. The number of data flags
selected must match the number of cases. Only one column of data flags can be
selected.
Sampling Method
The sampling method (classification only) is used to adjust training data to better
handle imbalanced classes. The possible selections are listed below.
As is Training data is used as selected with no changes.
Over-sample For classes that don’t have the most instances, additional copies of
data points are randomly added to the training set.
Under-sample For classes that don’t have the least instances, some data points are
randomly removed from the training set.
Balance-sampling The average of the classes with the most and least instances is
calculated. This average is used to over or under sample each class so that all
classes have the same number of instances.
When over-sampling or under-sampling is selected, a balance ratio must be specified.
For over-sampling, the balance ratio determines the ratio of training cases in the class
with the most instances to other class training cases.
𝑂𝑣𝑒𝑟 𝑆𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝐵𝑎𝑙𝑎𝑛𝑐𝑒 𝑅𝑎𝑡𝑖𝑜 =

𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠𝑐𝑙𝑎𝑠𝑠 𝑤𝑖𝑡ℎ 𝑚𝑜𝑠𝑡 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠𝑐𝑙𝑎𝑠𝑠≠𝑚𝑜𝑠𝑡 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠

A balance ratio of 1 will result in all classes having the same number of training cases.
Under the following conditions, the balance ratio will not be met:
Over-sampling: If a class has more cases than required to meet the balance ratio, the
additional cases will stay in the training set. For example, a three-class set where
class 1 has 1000 cases, class 2 has 700 cases, and class 3 has 100 cases. If the
balance ratio is 1.5, then class 3 will be over-sampled to get (1000/1.5) = 667 cases.
Since class 2 already has 700 cases, all 700 of the class 2 cases will be used and oversampling is not needed.
For under-sampling, the balance ratio determines the ratio of training cases of classes
that don’t have the least number of instances to the training cases of the class with
the least number of instances.
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A balance ratio of 1 will result in all classes having the same number of training cases.
Under the following conditions, the balance ratio will not be met:
Under-sampling: If a class has fewer cases than required to meet the balance ratio,
the class will just use the existing cases. For example, a three-class set where class 1
has 1000 cases, class 2 has 125 cases, and class 3 has 100 cases. If the balance ratio
is 1.5, then class 1 will be under-sampled to get (100*1.5) = 150 cases. Since class 2
has 125 cases which is less than 150, all 125 of the class 2 cases will be used and
under-sampling is not needed.
Data Density
Vaimal has a data density setting that allows for improved training time depending on
the nature of the data. Choose either Sparse data or Dense data if most of the data
falls into one of these categories. If you’re unsure which one to use, choose the
sparse setting. For more on sparse vs. dense data, refer to Appendix D.

Cross-Validation
Holdout
When holdout is selected, cross-validation is performed using a single train/validation
partition. The training data is used to train the model, and the validation data is used
to calculate validation error. The best model parameters are saved when validation
error is lowest.
K-Fold
In k-fold, all data flagged as training or validation is lumped together. Then the data
is partitioned into the specified number of folds. After partitioning, k models are
trained, where each time one of the folds is used for validation and the remaining folds
are used for training. After training, a summary of each model’s performance is
shown and can be saved to a worksheet. Each model’s statistics are calculated based
on the lowest validation error.
If the number of cases is not wholly divisible by the number of folds, the last fold will
contain any leftover cases. For example, if there are 104 cases and 10 folds, the first
nine folds will each have 10 cases. The 10 th fold will have 14 cases.
If the task is regression, a tolerance must be specified to determine successful
predictions. All accuracy calculations are based on this tolerance.
Test after training is not available when k-fold is selected.
K-Fold Data
There are three options for how to populate the folds with data.
Do nothing Data is placed into the training array in the same order as it is in
the worksheet.
Shuffle Data is randomly shuffled prior to creating the folds.
Stratify (Classification only) Data of each class is placed in each fold in
approximately the same proportion as the total data set.
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Training Stop Criteria
Training can be stopped using by four methods:
• Minimum error. Enter the minimum error that, when reached, training will
stop. If cross-validation is used, training will stop when validation error
reaches minimum error, otherwise training error is used.
• Maximum epochs. Enter the maximum number of epochs to run.
• Time limit. Enter the time limit in minutes.
• Manually clicking the Stop button during training.
More than one stop criterion can be entered, and the first criterion to be met will stop
training. If no stop criteria are specified, training will stop when error is within 10
decimal places of zero. If cross-validation is used, training will stop when validation
error is zero or if training error reaches zero. If cross-validation is not used, training
will stop when training error reaches zero.
If k-fold cross-validation is selected, time limit is not available.

Testing
If a test set has been flagged, it can be tested after training has stopped. Select the
Test after training ends check box. If the task is regression, you will be asked to
specify a tolerance to determine if a case is considered a success. For more
information on how testing statistics are calculated, refer to Chapter 14.

Multi-layer Perceptron Network (MLP)
Network Parameters
Task
Select the appropriate task.
Hidden Activation
Select the activation function that will be used with hidden neurons.
activation functions, refer to Chapter 5.

For more on

Swarm Size
Select the swarm size. A larger swarm requires more computation time but allows for
a larger search population to find the optimum set of weights. A smaller swarm has
fewer particles searching, but it will update faster allowing for more epochs in a given
time than a larger swarm. Generally, a balance must be struck between these
competing factors. The default swarm size is 15 and can usually be left at this setting.
Reinitialize
If the PSO algorithm is in a local minimum, it can be reinitialized from the progress
form during training, or automatically using this setting. Each particle’s weights will
be reinitialized with a random number allowing the swarm to search across a new part
of the search space.
Regularization
L1 and L2 regularization schemes can be employed. If regularization is selected, you
will be asked to enter a value for Lambda. For more on regularization, refer to
Chapter 5.
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Hidden Layers
Enter the number of neurons in each hidden layer. If a layer is not used, enter 0.
There cannot be any hidden layers with zero neurons between layers with non-zero
neurons.

Generalized Regression Neural Network (GRNN)
Network Parameters
Swarm Size
Select the swarm size. A larger swarm requires more computation time but allows for
a larger search population to find the optimum set of weights. A smaller swarm has
fewer particles searching, but it will update faster allowing for more epochs in a given
time than a larger swarm. Generally, a balance must be struck between these
competing factors. The default swarm size is 15 and can usually be left at this setting.
Reinitialize
If the PSO algorithm is in a local minimum, it can be reinitialized from the progress
form during training, or automatically using this setting. Each particle’s sigmas will be
reinitialized with a random number allowing the swarm to search across a new part of
the search space.

Sigma
There are two ways to determine sigma:
• A sigma for each input.
• A single sigma for the entire model.
When Find best sigma for each input or Find best single sigma is selected, PSO will be
used to find the optimum sigma(s).
When Specify single sigma is selected, the model is created without training. Since
sigma will not change, cross-validation is not allowed with this option.
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Figure 50 – GRNN Setup

Probabilistic Neural Network (PNN)
Network Parameters
Swarm Size
Select the swarm size. A larger swarm requires more computation time but allows for
a larger search population to find the optimum set of weights. A smaller swarm has
fewer particles searching, but it will update faster allowing for more epochs in a given
time than a larger swarm. Generally, a balance must be struck between these
competing factors. The default swarm size is 15 and can usually be left at this setting.
Reinitialize
If the PSO algorithm is in a local minimum, it can be reinitialized from the progress
form during training, or automatically using this setting. Each particle’s sigmas will be
reinitialized with a random number allowing the swarm to search across a new part of
the search space.

Sigma
There are two ways to determine sigma:
• A sigma for each input.
• A single sigma for the entire model.
When Find best sigma for each input or Find best single sigma is selected, PSO will be
used to find the optimum sigma(s).
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When Specify single sigma is selected, the model is created without training. Since
sigma will not change, cross-validation is not allowed with this option.

Figure 51 - PNN Setup

Training Progress Form

Once training has started, the Training form will appear. For large datasets, the form
will be blank while data is segmented into partitions, and the algorithm is initialized.
Training error is updated every epoch. Validation error, if using cross-validation, is
updated every epoch. Depending on the network, the current best weights (MLP), or
current best sigmas (PNN & GRNN) will be updated immediately when found. The best
weights or sigmas shown depend on whether cross-validation is being used. If crossvalidation is used, the best weights or sigmas are the ones that resulted in the lowest
validation error. If cross-validation is not used, the best weights or sigmas are the
ones that resulted in the lowest training error.
The order of best weights is as follows:
Input Layer to Hidden Layer 1
Bias into hidden layer 1, neuron 1
Bias into hidden layer 1, neuron 2
Bias into hidden layer 1, neuron m
Weight from input 1 to hidden layer
Weight from input 2 to hidden layer
Weight from input n to hidden layer
Weight from input 1 to hidden layer
Weight from input 2 to hidden layer
Weight from input n to hidden layer

1,
1,
1,
1,
1,
1,

neuron
neuron
neuron
neuron
neuron
neuron

1
1
1
2
2
2
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And so on for input layer to hidden layer 1
Hidden Layer to Hidden Layer
Bias into hidden layer 2, neuron 1
Bias into hidden layer 2, neuron 2
Bias into hidden layer 2, neuron m
Weight from hidden layer 1, neuron 1 to hidden
Weight from hidden layer 1, neuron 2 to hidden
Weight from hidden layer 1, neuron n to hidden
Weight from hidden layer 1, neuron 1 to hidden
Weight from hidden layer 1, neuron 2 to hidden
Weight from hidden layer 1, neuron n to hidden
And so on for hidden layer 1 to hidden layer 2
And so on for hidden layer x to hidden layer y

layer
layer
layer
layer
layer
layer

Last Hidden Layer to Output Layer
Bias into output neuron 1
Bias into output neuron 2
Bias into output neuron o
Weight from last hidden layer, neuron 1 to output
Weight from last hidden layer, neuron 2 to output
Weight from last hidden layer, neuron n to output
Weight from last hidden layer, neuron 1 to output
Weight from last hidden layer, neuron 2 to output
Weight from last hidden layer, neuron n to output
And so on for last hidden layer to output layer

2,
2,
2,
2,
2,
2,

neuron
neuron
neuron
neuron
neuron
neuron

neuron
neuron
neuron
neuron
neuron
neuron

1
1
1
2
2
2

1
1
1
2
2
2

The order of best sigmas from top to bottom is the same order as the input columns
from left to right.
Training can be paused to check error convergence over time. To resume, click on the
> button. Training can be stopped by clicking the Stop button. If using k-fold,
training will move to the next fold. Once stopped, if test after training ends was
selected, the software will perform a test.
Reinitialization creates a new swarm to look for an optimum solution in a new location.
This helps if the algorithm is stuck in a local minimum and error has not been reduced
for a while. You can manually reinitialize the swarm by clicking the Reinitialize button.
Note that repeatedly clicking the Reinitialize button will likely hurt performance since
the swarm cannot converge on a better solution since it is repeatedly being destroyed
and recreated elsewhere.
Clicking the Abort button will end training at the next epoch. The model data sheet
will not be saved.
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Figure 52 - Training Progress Form

A training log can be saved to a worksheet that will show loop numbers and errors for
both training and validation.

Test After Training

If test after training was selected during set-up, a test on data flagged as “TESTING”
will be performed. Once the test is complete, the testing results form will appear.

Figure 53 – Test Results Form
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K-Fold Results

If k-fold cross-validation was selected during set-up, the k-fold results form will
appear after training is complete. It contains the relevant statistics from each fold.
The results can be saved to a worksheet. If train on all data when done was selected
during setup, the model data sheet for the model that was trained on all data will be in
the current workbook.

Figure 54 - K-Fold Results Form

Neural Network Model Sheet

When a neural network is setup and trained, a new worksheet is created to define the
parameters of the network. This allows the network to be used for prediction of future
cases.

IMPORTANT!
The location and contents of model sheet cells should not be altered; otherwise the
model cannot be used for testing or prediction.
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Figure 55 - MLP Model Sheet
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Figure 56 - GRNN Model Sheet
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Figure 57 - PNN Model Sheet
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Chapter 11 – Voting Ensembles
Voting ensembles are a meta-model that combines individual machine learning models
to form a stronger model. Voting models combine classification models by a majority
voting method where a class is predicted by selecting the class that was predicted by
the most models. Regression is performed by taking the average output of all models.

Voting Ensemble

Ribbon>Vaimal tab>Voting Ensemble button

Figure 58 - Voting Ensemble Setup
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Name
Enter the name of the ensemble.
information using this name.

A worksheet will be created to store model

Task
Select the task that the ensemble will perform.

Classes
If the task is classification, enter the number of output classes in the training data.

Select a Model
Select a model to add to the ensemble from the drop-down box. The drop-down will
have all models in all open workbooks. Once a model is selected, click the Add button.
If the model is OK, it will be added to the list box. Models can be removed from the
list box by selecting a model and clicking the Remove button.

Voting Ensemble Model Sheet

When a voting ensemble is setup, a new worksheet is created to define the
parameters of the model and the names and location of component models. This
allows the ensemble to be used for prediction of future cases.

IMPORTANT!
The location and contents of ensemble model sheet parameter cells should not be
altered; otherwise the model cannot be used for testing or prediction. If editing
component models, all models must be in adjacent rows and the model count must be
updated. Refer to Chapter 13 for editing of ensembles.

Figure 59 - Example Voting Ensemble Model Sheet
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Chapter 12 – Bagging Ensembles
Bagging (bootstrap aggregating) ensembles are a meta-model that combines
individual machine learning models to form a stronger model. Bagging models
combine classification models by a majority voting method where a class is predicted
by selecting the class that was predicted by the most models.
Regression is
performed by taking the average output of all models.
Bagging is different from voting ensembles in the way each component model is
trained. For each model, the training data is randomly sampled with replacement
from all data flagged as training.
This means that some data points can be
represented in the “bag” more than once for a model. Other training data may not be
represented at all in a model. This sampling method creates different training sets for
each model which increases model diversity.
Vaimal allows for the creation and training of multiple models of a given algorithm at
the same time. Other models of a different algorithm can be added to the ensemble
by simply adding the model name and workbook to the ensemble data sheet.
Since each component model will have its own model data sheet, a large model count
will add a lot of worksheets. It’s recommended to create a bag ensemble in a new
workbook, especially when testing model parameters. This will prevent having to
delete many worksheets if the ensemble will not be saved for future use.

Bagging Ensemble

Ribbon>Vaimal tab>Bagging Ensemble button

Name
Enter the name of the ensemble.
information using this name.

A worksheet will be created to store model

Models
Enter the number of models to create.

Bag Size
Enter the number of training cases to sample from all cases flagged as training. Each
training case in the bag will be randomly selected, with replacement. This means
some training cases may be selected more than once, and some will not be selected at
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all. Note: if out of bag error is used to save the model, the maximum bag size is one
less than the number of training cases. This ensures that at least one training case
can be used to calculate out of bag error.

Figure 60 - Bagging Ensemble Setup

Data
Select the range of cells that contains the input data. All input variables must be in
adjacent columns. Cases are in rows.
Select the range of cells that contains the output data. Variables should be in
columnar form with each row being a case. Vaimal requires that all output data used
for classification training must be encoded as 1 to n with no missing classes in the
data. For example, suppose the output data has classes encoded as 1, 2, 4, 5. Since
there is no class 3, an error message will appear. In this case, the data will need to
be re-encoded from 1 to 4.
Select the range of cells that contains the data flags. The number of data flags
selected must match the number of cases. Only one column of data flags can be
selected.

Save Model Based On …
Model parameters can be saved when one of the following events take place:
Low training error Model parameters are saved at the lowest training error.
Holdout cross-validation Model parameters are saved at the lowest error of
the validation data set.
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Out of bag error All training cases that are not selected for training are
considered out of bag.
Error is calculated for these cases and model
parameters are saved at the lowest out of bag error.

Training Stop Criteria
This is the same criteria as basic model training. For more information refer to
Chapter 8 for decision trees, Chapter 9 for SVMs and Chapter 10 for neural networks.

Parameters
These are the same parameters as basic model training except for feature bagging
with decision trees. For more information refer to Chapter 8 for decision trees,
Chapter 9 for SVMs and Chapter 10 for neural networks.
Feature Bagging with Decision Trees
Feature bagging is the random selection of input variables to use when training an
individual tree. Any variables not selected are discarded for the tree but may be
selected for a different tree. This has the effect of further model diversification since
all trees in an ensemble do not use the same input variables.

Bagging Ensemble Model Sheet

When a bagging ensemble is setup, a new worksheet is created to define the
parameters of the model and the names and location of component models. This
allows the ensemble to be used for prediction of future cases.

IMPORTANT!
The location and contents of ensemble model sheet parameter cells should not be
altered; otherwise the model cannot be used for testing or prediction. If editing
component models, all models must be in adjacent rows and the model count must be
updated. Refer to Chapter 13 for editing of ensembles.
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Figure 61 - Example Bagging Ensemble Model Sheet
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Chapter 13 – Editing an Ensemble
As discussed in Chapters 11 and 12, ensembles are defined by their ensemble model
sheets. This sheet contains information about the model such as input, output, and
class count for the data. It also lists each component model that makes up the
ensemble. Ensembles can be edited to add or remove component models.
Before adding models, make sure the following is true:
• The model is trained on the same type of data as other component models.
• The model was trained on data with same preprocessing as existing models in
the ensemble. Preprocessing needs to be consistent since the ensemble must
have the same preprocessing when making predictions.

IMPORTANT!

If a component model’s sheet name or workbook name is changed, it must be updated
in the ensemble data sheet.

Adding Component Models

Component models are added to the ensemble by placing their sheet names and
workbook names below the last model row. Refer to the example shown below. Cell
C7 must be updated to the new model count.

Removing Component Models

To remove a component model, delete the model name and workbook from the
component models list. Remove the blank row so that there are no blank rows
between models. Cell C7 must be updated to the new model count.

Figure 62 - Editing an Ensemble Model Sheet
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Chapter 14 – Testing an Existing Model
If you have new data with known outputs, you can test an existing model using the
test tool. This can be used when training data is separate from testing data, or if you
are looking at new data and testing to see if the model is still valid.

Test

Ribbon>Vaimal tab>Test button

After clicking the Test button, the Test Existing Model form will appear.

Figure 63 – Testing Form
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Select a model
Select a pre-trained model from the drop-down box. The drop-down box will show
any model names and the name of the workbook. The data to be tested can be in a
different workbook as the model, however the data workbook and model workbook
must be open.

Input data range
Select the range of cells that contains the input data. All input variables must be in
adjacent columns, and their order must match the order of variables when the
network was trained. Cases are in rows.

Output data range
Select the range of cells that contains the output data.
columnar form with each row being a case.

Variables should be in

Data flag range
The use of data flags is optional. When a data flag range is selected, only the cases
marked for TESTING will be tested. This is useful when the data to be tested is mixed
among other data. The data flags must be in a single column. The selected data flag
range must have the same number of rows as the input and output data ranges.

Testing tolerance band – (Decision trees, MLP and GRNN neural
networks)
When performing regression, a tolerance band must be specified to determine a
successful result. If a test predicted value is within the tolerance band of the test data
output, it is considered a success.
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Figure 64 – Testing Form > Ready to Test

Classification Test Results

If the task is classification, the test result will include a confusion matrix. For multiclass classification, accuracy will be calculated. For binary classification, additional
statistics will be calculated. The figure below shows a binary confusion matrix as
implemented in Vaimal.

Predicted
Class

Actual Class
Positive (class 1) Negative (class 2)
Predicted positive
(class 1)

True positive

False positive

Predicted negative
(class 2)

False negative

True negative

Figure 65 - Binary Confusion Matrix

Binary classification statistics are calculated as follows:
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁
𝑃+𝑁

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑇𝑃
𝑃
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𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑁
𝑁

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑣𝑒 𝑉𝑎𝑙𝑢𝑒 =

𝐹1 𝑆𝑐𝑜𝑟𝑒 =

𝑇𝑁
𝑇𝑁 + 𝐹𝑁

2(𝑃𝑃𝑉 ∗ 𝑇𝑃𝑅)
𝑃𝑃𝑉 + 𝑇𝑃𝑅

𝐼𝑛𝑓𝑜𝑟𝑚𝑒𝑑𝑛𝑒𝑠𝑠 = 𝑇𝑃𝑅 + 𝑇𝑁𝑅 − 1
𝑀𝑎𝑟𝑘𝑒𝑑𝑛𝑒𝑠𝑠 = 𝑃𝑃𝑉 + 𝑁𝑃𝑉 − 1

Where:
P = number of actual positive cases (class 1)
N = number of actual negative cases (class 2)
TP = number of true positives predicted
TN = number of true negative predicted
FP = number of false positives predicted
FN = number of false negatives predicted
PPV = positive predictive value (precision)
TPR = true positive rate (sensitivity)
TNR = true negative rate (specificity)
NPV = negative predictive value
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Figure 66 - Completed Test – Binary Classification

Indeterminate Statistics

Sometimes a statistic cannot be calculated because of division by zero. In this
situation, any statistics that are indeterminate will return -1.#IND. For example, if all
predicted values are class 2, then there are no true positives or false positives. When
precision is calculated, the denominator is the sum of true positives and false positives
which is zero. A division by zero error will occur and precision will be -1.#IND.

Regression Test Results

If the task is regression, the test result will include accuracy within the specified
tolerance and coefficient of determination. Regression statistics are calculated as
follows:
𝐼𝑓 (1 − 𝑡𝑜𝑙𝑒𝑟𝑎𝑛𝑐𝑒) ≤

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑣𝑎𝑙𝑢𝑒
≤ (1 + 𝑡𝑜𝑙𝑒𝑟𝑎𝑛𝑐𝑒) 𝑡ℎ𝑒𝑛 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙
𝑡𝑎𝑟𝑔𝑒𝑡 𝑣𝑎𝑙𝑢𝑒

𝑡𝑜𝑡𝑎𝑙 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙
𝑡𝑜𝑡𝑎𝑙 𝑐𝑎𝑠𝑒𝑠

Note: tolerance is specified as a percentage, but the software converts tolerance to a
fraction when calculating accuracy.
MLPs can have multiple regression outputs. For a case to be considered a success, all
output values for a case must fall within the tolerance.
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Coefficient of determination, R2 is calculated by:
𝑛

1
𝑦̅ = ∑ 𝑦𝑖
𝑛
𝑖=1

𝑆𝑆𝑡𝑜𝑡 = ∑(𝑦𝑖 − 𝑦̅)2
𝑖

𝑆𝑆𝑟𝑒𝑠 = ∑(𝑦𝑖 − 𝑓𝑖 )2
𝑖

𝑅2 = 1 −

𝑆𝑆𝑟𝑒𝑠
𝑆𝑆𝑡𝑜𝑡

Where:
n = number of cases
𝑦̅ = 𝑚𝑒𝑎𝑛 𝑜𝑓 𝑡𝑎𝑟𝑔𝑒𝑡 𝑣𝑎𝑙𝑢𝑒𝑠
SStot = total sum of squares
SSres = sum of squares of residuals
Coefficient of determination cannot be calculated for the following:
• When only one case is tested.
• When all target values are the same.
When the coefficient of determination cannot be calculated, it will return as DIV/0.
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Figure 67 - Completed Test - Regression

106

Chapter 15 - Prediction
Once a model is trained and validated it can be used to predict outcomes on new data.
The prediction tool allows you to make predictions on one or more cases at the same
time.

Predict
Ribbon>Vaimal tab>Predict button

After clicking the Predict button, the Prediction form will appear.

Figure 68 - Prediction Form
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Select a model
Select an existing model in the current workbook. The drop-down box will show any
model names and the name of the workbook. The data to be tested can be in a
different workbook as the model, however the data workbook and model workbook
must be open.

Input data range
Select the range of cells that contains the input data. All input variables must be in
adjacent columns, and their order must match the order of variables when the model
was trained. Cases are in rows.
Once the predictions are complete they will appear in the bottom pane. Predictions
are made in the same order as the input data rows.

Figure 69 - Completed Prediction - Binary Classification

The results can be pasted into a worksheet by using the Paste Results button and
selecting the top cell location.
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When an MLP or PNN model is used for classification, probabilities for each class are
determined. You can save these probabilities to a new worksheet by checking Save
probabilities to worksheet. An example is shown below. Probabilities are rounded to
four decimal places.

Figure 70 - Probabilities for MLP Prediction

109

Figure 71 - Completed Prediction - Regression

110

Figure 72 - Completed Prediction - Multi-Output Regression
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Chapter 16 – Decision Tree Visualizer
The decision tree visualizer draws the structure of a decision tree to see how it arrives
at predictions. The diagram will be created in a new worksheet in the active
workbook. Decision nodes are drawn as squares and leaf nodes as triangles.

DT Viz

Ribbon>Vaimal tab>DT Viz button

After clicking the DT Viz button, the Create Decision Tree Diagram form will appear.

Figure 73 - Create Decision Tree Diagram
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Select a model
When the form is opened, all decision tree models in all open workbooks will appear in
this drop-down box. Select the model you want to draw.

Show on Nodes
Select the text fields to show on the diagram. Node number is the same as what is
shown on the tree data sheet.
Split rule will appear in the form var x < split value. When this rule is true, the path
will go to the left child node, otherwise it will go to the right.
For classification, target value is the class with the most training cases in the node. If
the node is a leaf node, this class would be the prediction. For regression, target
value is the average of all targets in the node. If the node is a leaf node, this value
would be the prediction.
For classification, targets/node cases show the ratio of cases in the target value class
to the total number of training cases in the node. For regression, the numerator will
be zero unless there happens to be a target in the node that is the same as the mean
of all targets.
Labels can also be added to the text fields to identify what they mean.

Text Placement
Text fields will be shown in two text boxes adjacent to the nodes. These text boxes
can be placed at the top and bottom of the node or to the left and right. The left/top
text box will contain node number and split rule. The right/bottom text box will
contain target value and targets/node cases.

Node Height and Width
Node size can be set with this setting. A point is 1/72 of an inch.

Text Offset from Node
Text boxes can be spaced from the node shape with this setting.

Connector Type
There are three types of connectors available: straight, elbow and curved.

Connector Routing
Connector routing can be ordered or shortest. Ordered routing connects nodes at
specific points on each node depending if the connector is exiting or entering the node.
Shortest routing draws the connector using the shortest path between nodes.

Outgoing Connection Point
When ordered routing is used, select the side of the node where the connector exits
the node. The connector exits a node when going from a decision node to a child
node.

Incoming Connection Point
When ordered routing is used, select the side of the node where the connector enters
the node. A connector enters a node when it is coming from a parent node.
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Diagram Orientation
Top to bottom orientation will draw the diagram with the root node at the top and leaf
nodes at the bottom. Left to right will draw the diagram with the root node at the left
and leaf nodes to the right.

Node Spacing
The nodes will be spaced on the diagram according to these settings. Spacing should
allow for text boxes to not overlap.

Diagram Margins
The diagram will be drawn so that the node that is farthest left will be set at the left
margin from the left side of the worksheet. The diagram will be drawn so that the
node that is highest will be set at the top margin from the top of the worksheet.
When setting margins, enough room must be given for textboxes.

Figure 74 - Diagram with Labels
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Chapter 17 – Using a Machine Learning Model in a
Simulation
Vaimal has a worksheet function, RVMLSIM() that makes in-cell predictions that can
be used with a Monte Carlo simulation. The Monte Carlo simulation is performed using
the Simulation Master add-in (purchased separately), or in limited cases, the
simulation can be performed using Excel.
Simulation Master allows for more
probability distributions of random variables and more efficient calculation during
simulation. Empirical distributions can also be used (sampling from data) with
Simulation Master.
A machine learning model can be used in place of an analytic model and the inputs to
the machine learning model are random variables. The machine learning model itself
can be simulated, or it can be an input to an analytic model that is ultimately
simulated.

Entering the RVMLSIM Function in a Cell

The RVMLSIM is entered in the desired worksheet cell in the following form:
=RVMLSIM (range, “model name”)
Where:
range is a range of random variable cells that are inputs to the machine
learning model. The range must be a single row of inputs that are in the
same order as the inputs when the model was trained.
model name is the name of the model worksheet of the machine learning
model. Model name must be entered in quotation marks.
Each time the workbook is calculated, the random variables in the range will sample
new values for each input. These inputs are fed to the machine learning model and a
prediction is made. The prediction value will appear in the cell where RVMLSIM is
located.

Setting Up the Input Range

The input range must be populated with cells that generate random variable values for
each model input. The cells corresponding to each input must be in the same order as
the input variables of the training data used to train the model.
There are a few things to consider when using RVMLSIM:
• The probability distributions for each input variable must be specified, or data
must be supplied to sample from an empirical distribution.
• For numeric variables, they cannot be normalized during training of the
machine learning model since they cannot be normalized when creating
random variables.
• Values generated for categorical variables must use the same encoding as the
training data.
In the numeric variable examples that follow, we will be using a previously trained
machine learning model called Example Model as part of the simulation. It has four
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input variables X1 through X4 and we will use RVMLSIM to generate a prediction using
the model. The output of the model has three classes encoded as 1, 2, and 3.

Numeric Variables – Use Simulation Master Functions
Simulation Master has 21 functions that can sample from continuous and discrete
probability distributions. We can make use of these to generate numeric variable
values. The example below shows how to use these functions in conjunction with
RVMLSIM.

Figure 75 - Numeric Variables with Simulation Master Functions

Numeric Variables – Use Excel Inverse Distribution Functions
Monte Carlo simulation can be done directly in Excel, however there are a limited
number of inverse distribution functions and you must copy all random variables and
outputs for the number of simulation trials. We also need to make use of Excel’s
RAND() function to generate a random number used to sample from the distribution.
In our example, we will assume all input variables, X1 through X4 are normally
distributed. The setup for one trial is shown below. To do additional trials the row
must be copied for the number of trials and the worksheet recalculated.

Figure 76 - Numeric Variables with Excel Functions
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Categorical Variables – Use RVCATEGORICAL Function
If an input variable is 1 to n encoded, and the number of categories is 10 or less,
Simulation Master’s categorical distribution function can be used to generate the
random variable. This function is RVCATEGORICAL and will generate an integer value
from 1 to n, with a maximum value of 10. Refer to the Simulation Master user manual
for more on this function.
To show this in an example, suppose we have a previously trained model called
Example Model2 with four output classes. It has three input variables X1, X2, and X3.
X1 has three categories. X2 and X3 each have two categories. The probability of each
category is shown below.
Variable/Category
X1, category 1
X1, category 2
X1, category 3
X2, category 1
X2, category 2
X3, category 1
X3, category 2

Probability
.25
.45
.3
.4
.6
.3
.7

We can use these probabilities to sample from the categorical distribution using the
RVCATEGORICAL function shown below.

Figure 77 - Categorical Variables, 1 to n Encoded, RVCATEGORICAL

Categorical Variables – Sample from Uniform Distribution
If an input variable is 1 to n encoded, 1 of C, or 1 of C-1 encoded, the variable can be
randomly generated by using a random number on (0,1). To do this, assign a subrange on (0,1) that corresponds to the probability for a category. If the random
number falls in the sub-range, then the corresponding category is generated.
To show this we will use the previous Example Model2 and use 1 of C encoding to
illustrate the procedure.
Since we are using 1 of C encoding, we will have dummy variables for each category.
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Figure 78 - Categorical Variables, 1 of C Encoded

Simulating the Machine Learning Model
If the output of the machine learning model is the simulation output, choose the cell
where the RVMLSIM function is located as the simulation output cell. Refer to the
Simulation Master user manual for how to perform a Monte Carlo simulation.

Figure 79 - Simulating RVMLSIM Output
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Using RVMLSIM as an Input to Another Model

The RVMLSIM output can also be used as an input to an analytic model. In this case,
the analytic model’s output is being simulated and will be chosen as the simulation
output cell. This is shown schematically below.
During simulation each random variable is sampled from its probability distribution.
The machine learning model predicts an output. The machine learning prediction,
along with the random variables that are inputs to the analytic model are used to
calculate an output from the analytic model.

Figure 80 - RVMLSIM as Input to Another Model
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Appendix A – Specifications
Specifications
Pseudo-random number generation: Excel RAND function or multiplicative congruential
generator algorithm (MCG). RAND is used in optimization algorithms, and the MCG is
used for data flag generation. The MCG allows for a seed to be specified to repeat the
random number sequence.
RAND interval: Excel RAND generates a number on the interval [0,1).
MCG interval: (0,1)
MCG seed values: 0 < seed <= 231-2
Maximum data rows (cases): 1,048,576[1]
Maximum number of input variables: 16,384[1]
Decision Tree Training Time: Limited by processor speed, number of training cases,
and number of input variables.
SVM Training Time: Limited by processor speed, number of training cases, number of
input variables, and kernel selected. A linear kernel will train much faster than nonlinear kernels.
MLP Training Time: Limited by processor speed, number of training cases, number of
input variables, hidden neurons, and number of outputs.
GRNN and PNN Training Time: Limited by processor speed and number of cases. Each
training case becomes part of the network. Therefore, the more training cases, the
larger the network will become.
[1] Maximum data rows and input variables are just theoretical limits. Practical limits
are much lower, depending on available memory and processor speed.

Error Functions

The error function for each model is shown below. It’s useful to understand how error
is calculated when monitoring training progress.
Model
DT
DT
SVM
MLP
MLP
PNN
GRNN

Task
Classification
Regression
Classification
Classification
Regression
Classification
Regression

Error Function
Inaccuracy
Mean absolute error
Inaccuracy
Cross-entropy
Mean absolute error
Inaccuracy
Mean absolute error
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Inaccuracy
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =

𝑁𝑜. 𝑜𝑓 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =

𝑁𝑜. 𝑜𝑓 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑐𝑎𝑠𝑒𝑠

Cross-Entropy
𝑛

𝐸𝑟𝑟𝑜𝑟 = ∑ −𝑡𝑖,𝑐 ∗ ln(output neuroni,c )
𝑖=1

Where:
n = number of training or validation cases
t = target value
c = target class
output neuron = softmax output of the output neuron corresponding to the correct class.
Mean Absolute Error
𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟 =

∑|𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑜𝑢𝑡𝑝𝑢𝑡 |
𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑐𝑎𝑠𝑒𝑠

𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =

∑|𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 − 𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑜𝑢𝑡𝑝𝑢𝑡 |
𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑐𝑎𝑠𝑒𝑠
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Appendix B – Checklists
Data Preprocessing
➢
➢
➢
➢
➢
➢
➢
➢

All variables in columns (each case in rows).
All input variables in adjacent columns.
All output variables in adjacent columns (MLP regression only).
No missing values for training and validation data. Decision trees can handle missing
data when making predictions, all others cannot.
All cells contain numeric values.
All categorical data encoded.
(optional) Numeric data normalized.
All training, validation, and testing data have data flags.

Decision Tree Setup & Training

➢ All training and validation data are in same worksheet.
➢ If testing after training, testing data must be in same worksheet with training data,
and in same input and output ranges as the training data. For example, rows 11000 are training data, rows 1001-1100 is testing data with no missing rows
between training and test data.
➢ Data preprocessed.
o For classification, output variable is encoded as 1 to n.
o For classification, no missing classes between 1 and n.
➢ Data flags created for each training, cross-validation, and testing case.

SVM Setup & Training

➢ All training and validation data are in same worksheet.
➢ If testing after training, testing data must be in same worksheet with training data,
and in same input and output ranges as the training data. For example, rows 11000 are training data, rows 1001-1100 is testing data with no missing rows
between training and test data.
➢ Data preprocessed.
o Output variable encoded as 1 to n.
o No missing classes between 1 and n.
➢ Data flags created for each training, cross-validation, and testing case.

Neural Network Setup & Training

➢ All training and validation data are in same worksheet.
➢ If testing after training, testing data must be in same worksheet with training data,
and in same input and output ranges as the training data. For example, rows 11000 are training data, rows 1001-1100 is testing data with no missing rows
between training and test data.
➢ Data preprocessed.
o For classification, output variable is encoded as 1 to n.
o For classification, no missing classes between 1 and n.
➢ Data flags created for each training, cross-validation, and testing case.

Testing an Existing Model

➢ Workbook containing model is open. Data to be tested can be in a separate open
workbook.
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➢ Data preprocessed in same manner as training data.
o If classification, output variable is encoded as 1 to n with same scheme as
training data.
➢ Data column order must match training data.

Prediction

➢ Workbook containing model is open. Data to be predicted can be in a separate open
workbook.
➢ Data preprocessed in same manner as training data. Consider creating and using a
preprocessing template.
➢ Data column order must match training data.
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Appendix C – Troubleshooting
Out of memory error while segmenting data at the start of training
Vaimal places data into arrays as a double precision data type prior to starting the
training process. Therefore, large data sets (~> 500 MB) may cause an out of
memory error. This problem is most likely to occur on 32-bit versions of Excel 2007
and 2010. The Excel memory limit for these versions is 2 GB of RAM. 32-bit versions
of Excel 2013 through 2019 have a memory limit of 4 GB.
Possible software solutions:
• If using 32-bit Excel 2007 or 2010, upgrade to newer version of Excel.
• If using 32-bit Windows with 32-bit Excel 2013 through 2019, you must
manually enable the increased memory limit. Refer to Microsoft documentation
for how to do this. With 64-bit Windows systems, this is done automatically.
• Consider switching from 32-bit Excel to 64-bit Excel.
Possible work arounds:
• Instead of training on the full data set, train on a smaller sub-set of the data.
• Train multiple models on sub-sets of the data and combine them with an
ensemble.

Overflow error during MLP training
When training MLPs, the optimization algorithm may try large magnitude weights
(positive or negative). When regularization is employed, especially L2, it sums all
weights and squares the sum. The squared sum may approach Excel’s maximum limit
for double precision numbers. This will result in an overflow condition, and the
training will stop. To prevent overflow, try one of the following methods:
• If using L2 regularization, try L1 where the sum of weights is not squared.
• Use no regularization.
• Normalize numeric data to reduce the potential for high magnitude weights.
• Reduce inertia to make smaller changes to the weights.
• Try a network topology with fewer hidden neurons.

Cannot repeat random number sequence
Due to variations in Excel’s calculation sequence, it cannot be guaranteed that two
runs with the same seed value will result in the same results.
To maximize
repeatability, follow these guidelines:
• Disable multi-threaded calculation.
This setting can be turned off in
File>Options>Advanced.
• Do not add any cells that will require calculation anywhere in the workbook after
the first run.
• Do not have extra workbooks open.
• Turn off auto-calculation.

When the stop button is clicked during training, does not stop
immediately
The software checks if the stop button was clicked every pass through the algorithm.
For large data sets, it may take an appreciable time to finish the loop and then stop.
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When the abort button is clicked during training, does not stop
immediately
The software checks if the abort button was clicked every pass through the algorithm.
For large data sets, it may take an appreciable time to finish the loop and then stop.

1 to n encoding using an existing scheme, encoding is not correct
To work with an existing 1 to n encoding scheme, all scheme cells including the title
must be selected.

When performing data cleaning on missing values, some blank cells do
not get processed
If a cell contains spaces, even though it’s blank, the cell contains a value (a space).
In this situation Vaimal will not treat it as a missing value. Each cell must with a
space must be cleared by selecting the cell, right clicking, and selecting “Clear
Contents”. Then the missing value can be processed.
If there are a lot of cells with spaces, use Data Manager’s missing data utility to clear
cells. Enter a space in the box.

Errors or garbage output of testing or prediction
Verify that the model data sheet cells have not been moved or altered. During testing
and prediction, the values in the model data sheet are used to reconstruct the model.
If the location or value of the data is not where or what it should be, it will not work
correctly.

When training SVM, an error message says there are no support
vectors
Depending on the kernel and kernel parameters used, as well as the data itself, there
could be a couple of reasons for this error:
•
•

The best solution was to assign all data to the same class.
The data could not be separated with this kernel type.

Try different kernel parameters or change the kernel type.

When training a model for classification, an error message says there
is a missing class in the output data
Vaimal requires that all output data used for classification training must be encoded as
1 to n with no missing classes in the data. For example, suppose the output data has
classes encoded as 1, 2, 4, 5. Since there is no class 3, an error message will appear.
In this case, the data will need to be re-encoded from 1 to 4.
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Appendix D – Data Density
Data density can have a major impact on training time. For example, if the data has
many input variables that are 1 of c encoded, there will be a lot of data columns for
the dummy variables. These dummy variables contain mostly zeros and the data is
said to be sparse. An example of sparse data is shown in Table 1. This is a
classification problem and all input variables are encoded 1 of c. Because of the
dummy variables, there are a lot of zeroes.
On the other hand, a regression problem may have all numeric inputs where each
value is non-numeric and must be calculated as an input to the model. This data set
is said to be dense. An example of dense data is shown in Table 2. With this data, we
must calculate every input when determining error.
For SVMs and MLPs, Vaimal allows you to specify whether your data is sparse or
dense. When sparse is selected, data points with zeroes are not calculated since they
have no impact on error, thus speeding up training speed. Choosing sparse or dense
will not affect the results, just the speed.
While there is a speed penalty for using the sparse setting on dense data, it is less
than using the dense setting on sparse data. Therefore, if the data is not clearly
sparse or dense, choose the sparse setting.

Output
Value

A1 = 3

A1 = 2

A1 = 1

A1 = 4

A2 = 2

A2 = 3

A2 = 4

A2 = 1

A3 = 4

A3 = 1

A3 = 3

A3 = 2

1

1

0

0

0

1

0

0

0

1

0

0

0

3

1

0

0

0

0

1

0

0

0

1

0

0

1

0

1

0

0

0

1

0

0

1

0

0

0

2

1

0

0

0

1

0

0

0

0

0

1

0

1

0

0

1

0

0

0

1

0

1

0

0

0

1

0

1

0

0

0

0

0

1

1

0

0

0

3

0

0

0

1

0

0

1

0

0

0

0

1

2

1

0

0

0

0

1

0

0

1

0

0

0

3

1

0

0

0

0

0

1

0

0

0

0

1

2

0

0

0

1

0

0

1

0

1

0

0

0

2

0

0

0

1

1

0

0

0

1

0

0

0

0

1

0

0

0

1

0

0

3
1
0
0
0
Table 1 - Example of Sparse Data
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Output
Value

$A$1

$A$2

$A$3

35.97997

6.069524

14.0753

15.83515

34.64446

5.319592

10.63161

18.69326

28.78669

3.259455

11.67913

13.8481

27.62046

3.63142

9.395807

14.59323

23.4229

5.205508

8.73075

9.486645

28.56701

4.806114

12.72075

11.04014

34.56961

5.451893

10.90354

18.21418

26.10187

4.839266

7.773237

13.48936

32.85378

5.606285

12.80919

14.43831

23.93671

4.340255

7.34191

12.25454

39.50079

5.356661

13.06074

21.08339

33.46101
4.012607
9.542444
19.90596
Table 2 - Example of Dense Data
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Appendix E – Glossary
Attribute An aspect or property of the system being modeled. For example, weight
and height can be attributes.
Case An instance containing an input vector of attributes. For training and test data,
the output(s) are known. This is also known as a data point.
Category Sometimes interchanged with class.
For categorical input variables,
category refers to a possible value that the variable can assume.
Class A discrete value that an output variable may assume. For example, the variable
color may assume red, green, or blue. Class can also refer to binned data such as
intervals, greater than, or less than values. In machine learning, class is sometimes
interchanged with category or label.
Classification Using a machine learning algorithm to predict which class a dependent
variable (output) belongs.
DT Decision tree.
Epoch A cycle through the training data during the training of a neural network.
Exemplar PNNs and GRNNs store each training case as an exemplar that is used to
make predictions on new data.
GRNN Generalized regression neural network.
Input Variable A set of values for an attribute.
Loop A cycle through the training data during the training of a support vector
machine.
MLP Multi-layer perceptron neural network.
Model A trained decision tree, support vector machine, neural network, or ensemble.
Network Topology Parameters of an MLP that define how it’s designed. These
parameters include number of hidden layers, number of hidden neurons, and
activation functions.
Output Variable The dependent variable in a case. For prediction, we have known
input variables, and are using a model to predict the output variable.
PNN Probabilistic neural network.
Regression Using a model to generate a numeric output whose magnitude is
important.
ReLU Rectified linear unit. Used as an activation function in MLP neural networks.
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SVM Support vector machine.
Target A known output. With training data, the outputs are known and sometimes
referred to as targets.
Tolerance When testing a decision tree or neural network for regression, a tolerance
band of +/- X% is specified. If the predicted value is within the tolerance band of the
test data value, then the prediction is considered a success.
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