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Abstract

This work combines an attempt to predict weight loss in obeseindividuals using
artificial intelligence methods with the performance assessment of neural network
training on the fairly new heterogeneous multicore IBM CELL processor.

One part of this work is therefore dedicated to the implementation of a neural
network simulator for the CELL processor. Therein two established paralleliza-
tion strategies for neural networks are implemented. Exemplar parallelism (EP)
and node parallelism (NP). EP distributes the dataset rows and NP distributes
the neural network structure. It is found that both strategies give a significant
improvement regarding computation time over a scalar and non distributed im-
plementation running on the PowerPC core (PPE) of the CELL processor. In the
current implementation EP is the superior method and shows atop speedup over a
single vector processor of the CELL (SPE) of 4.9 for a network of 87-65-43 topol-
ogy, using a dataset of 20000 rows and all 8 SPEs of a single CELLprocessor. For
node parallelism the top speedup is 1.34 on a network of 200-150-100 topology
using a dataset with 20000 rows and 4 SPEs. The developed neural network simu-
lator also incorporates a feature selection heuristic to support the identification of
crucial factors for the prediction of weight loss. However,this was only vectorized
but not distributed in the current version of the simulator.

For the second objective of this work it was decided to interpret the predictive
task as a pattern classification problem, thus to predict if an individual either loses
a certain amount of weight in a certain time frame or not. Therefore two classes
of weight loss were defined (delta weight< 7% versus≥ 7% of initial weight).
The delta was thereby calculated using the initial weight ofeach individual and a
second measurement point within a time frame of 12±2 weeks. This second point
was set according to findings based on two of the used datasetswhich showed
that the individual’s weight at this point is nearly identical to the weight after
one year. It was then tried to predict the weight loss class ofindividuals from
three different datasets and at the same time reduce the initial feature set of each
dataset to the most crucial factors for this prediction. This was done using the
developed CELL based neural network simulator using resilient backpropagation
learning (RP) and the MATLAB neural network toolbox which wasconfigured to
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use the Levenberg-Marquadt learning algorithm (LM). The feature selection was
issued on both systems using the Artificial Neural Net Input Gain Measurement
Approximation (ANNIGMA) wrapper around the basic neural network training.
For the datasets the following results are reported.

The largest dataset (ETZ: 1063 subjects) contains only a fewfeatures: sex,
age, weight, height and raw data of body impedance analysis (resistance and re-
actance). A 4-17-1 multilayer perceptron network with one hidden layer (MLP)
with tanh2-lin (a modified hyperbolic tangens as hidden layer activation function
and a linear activation at the output layer) activation function combination and LM
algorithm achieved the best prediction results with an areaunder the receiver op-
erating characteristics curve (AUROC) of 65% and high sensitivity but low speci-
ficity of 90% and 41%, respectively at the optimal operating point (OOP). How-
ever, these results are probably not sufficient for practical use. The second dataset
(MIRA: 305 subjects) contains 54 features covering the abovementioned ones
plus program, special treatment group and many anthropometric, haemodynamic,
biochemical, quality of life related, behavioral, nutritional and physical exercise
related features. For this dataset a 2-16-1 MLP (tanh2-lin,LM) performed best
at the selected OOP (sensitivity and specificity about 70%) having program and
a special physical activity score as selected features. This MLP could have prac-
tical importance. The third dataset (MIRANP: 305 subjects) contains all but two
of the most predictive MIRA features (program and special treatment group). For
this dataset a 17-16-1 MLP (tanh2-lin, RP) delivered the bestprediction results
(AUROC: 60%) at the selected OOP (sensitivity 55%, specificity 83%).

Here, the MATLAB based feature selection was able to identify most of the
features which were significantly different when the two classes were compared
by conventional non parametric statistics. Interestingly, for the more complicated
prediction of weight loss outcome in the MIRANP dataset (because of removal
of leading predictive features) a combination of ANNIGMA and the newly devel-
oped neural network simulator performed best. Additional features included by
this approach, in comparison to the results delivered by MATLAB, were related to
quality of life and behavioral characteristics. Accordingto the conducted statisti-
cal analysis these features were not significantly different between the two classes
but some hints in the literature suggest that they may indeedhave a influence in
weight loss outcome.

Hence, this work shows for the first time that MLPs can be used to predict
weight loss outcome. It further demonstrates that the time consuming process of
MLP training can be accelerated significantly using the heterogeneous multicore
architecture of the new CELL/B.E. processor of IBM.
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Glossary

(A)NN, (Artificial) Neural Network

A computational model which is based on the idea to model the human
brain. However, the neural nodes (neurons) used in such a network are only
extremely simple abstractions of the neurons found in biology. Neverthe-
less, it is possible to train the neural network to perform useful functions.
A neural network normally consits of a number of layers in which the neu-
rons are located. The neurons are further interconnected, whereby each
connection has a specific strength or weight. During the course of the train-
ing/learning of the network these connection weights are adapted on the
basis of external or internal information that flows throughthe neurons and
along the connections. Several types of neural networks exist. They can be
distinguished by the kind of neuron interconnections, the type of neurons
used, the layout and the learning algorithm. Commonly known network
types are the multilayer perceptron (MLP), the Kohonen selforganizing map
and the Hopfield network.

AUC, AUROC, Area under the curve or area under the ROC curve

BCM, Body Cell Mass

The total mass of all the cellular elements in the body which constitute all
the metabolically active tissues of the body.

BEI, Broadband Engine Interface

A unit connected to the EIB which can provide access to I/O devices and
even extend the EIB to another CELL processor.

BIA, Body Impedance Analysis, Bioelectrical Impedance Analysis

A technique used to measure the body composition. It uses a weak alternat-
ing current with different frequencies. For every frequency the resistance
and reactance is measured. From these two measured values combined with
the size and weight of the subject the body composition is calculated. The
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BIA is well known today and although it is not the “gold standard” it is
quiet established. For more details on the BIA and a critical review see for
example [74].

BP, Standard Backpropagation

The most basic implementation of the backpropagation algorithm as intro-
duced by Rumelhart, et. al in 1986 [17]. During BP gradient descent on a
given performance function (usually the MSE) is used to adapt the weights
of the neural network.

CBE(A), Cell Broadband Engine (Architecture)

The heterogeneous multicore processor (architecture) jointly developed by
Toshiba, Sony and IBM. It consists of a modified PowerPC core (PPE) and
8 vector processors (SPEs). With CELL’s architecture it is tried to mitigate
the three performance issues of modern processors. These are the power
wall, the memory wall and the frequency wall. Two major techniques used
to achieve this goal are: the use of a hierarchical memory architecture and
the specialization of the processing elements to fit control(PPE) or pure
computation code (SPE).

DMA, Direct Memory Access

If data has to be transferred from main memory to the local store of the
SPEs it is done via a DMA transfer. Thus, the SPE can access notonly its
local store but also through a DMA command the RAM of the PPE.

EIB, Element Interconnect Bus

The EIB is the central bus on the CELL/B.E. it connects all the SPEs, the
PPE, the Flex I/O and the MIC. The maximal theoretical peak bandwidth of
the EIB is 204.8 GB/s.

Epoch (neural network)

An epoch describes one single, complete presentation of allrows of the
dataset to the neural network.

ETZ, ETZ-M.Scholz

Short hand for Ern̈ahrungsberatungs- und Trainingszentrum - Marion Scholz
which is a center for nutrition education and training - Marion Scholz in En-
glish. The ETZ is located in Leipzig and was founded in 1993. Since then
it has educated well over 4500 people. The ETZ kindly supplied the ETZ
dataset and also contributed various parameters to the MIRA dataset. Both
of these datasets were the basis for the predictive task of this work.
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FS, Feature selection

Feature selection describes the choice of the appropriate attributes or fea-
tures which are most important for a given classification task.

GA, Genetic algorithm

A genetic algorithm is a search technique which is based on the evolutionary
principle of the survival of the fittest. Thus, the algorithmis inspired by evo-
lutionary processes such as inheritance, mutation, selection and crossover.
GAs are usually applied to problems where the computation ofan exact
solution using a problem specific algorithm would take too long and an ap-
proximation of the result is sufficient.

IfP, IfP Leipzig

Short hand for Leipziger Institut für Pr̈aventivmedizin which means insti-
tute for preventive medicine in English. The IfP is a center for operating,
controlling and evaluating medical studies for pharmaceutical or biotechno-
logical companies. The IfP was also the director of the MIRA studies which
were realized in corporation with the ETZ. The MIRA dataset that was used
in the evaluation here has been kindly supplied by the IfP.

IWQOL, Impact of weight on quality of life

A questionnaire which was developed to investigate how the quality of life
is influenced by obesity.

LHS, Lean Habits Study

The Lean Habits Study is considered by its initiators to be the world-wide
largest prospective study on the association between behavior and the devel-
opment of body weight. In the study nearly 7000 patients wereinvestigated
with regard to behavior, body weight and body composition and were fol-
lowed up for three years. The aim of the study was the identification of
behavioral strategies to enhance long-term success in the treatment and pre-
vention of overweight and obesity, which may be easily put into practice.
The data was gathered using an questionnaire which was exclusively devel-
oped for the LHS. This questionnaire was also answered by theMIRA par-
ticipants and is therefore also included in the MIRA dataset.Hence, when
using the term LHS in this work it is usually referred to the questionnaire
not the study.

LS, Local Store

The local memory of a SPE. It is 256 KB in size and holds data as well as
code of which both must be transferred to the LS from main memory via
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DMA transfers. The local store has no caches or similar facilities, its access
time is around 6ns.

MFC, Memory Flow Controller

The MFC is dedicated to DMA transfers to and from the SPE. It iscon-
nected directly to the EIB and working completely independent of the SPU.

MIRA, Mit Intelligenz Richtig Abnehmen

MIRA describes a concept developed by the IfP to proof ambulatory pro-
grams for adiposity therapy on their efficiency. MIRA could betranslated
with “intelligent reduction of weight the right way”. The developed MIRA
concept was realized in three separate, consecutive studies to proof the pro-
grams of the DGE and the PreCon on their success. These studiesare the
MIRA studies. They were jointly supervised by the IfP and the ETZ. The
MIRA dataset which was used in the predictive task contains most of the
parameters which were acquired in these studies.

MLP, Multilayer Perceptron

The MLP is an artificial neural network which consists of at least three
layers of nodes. The input layer, the hidden layer and the output layer.
The MLP is further a forward connected neural network without any recur-
rences. The MLP plays an important role in this work as it is the network
type which was selected for the realization of the defined objectives.

MSE, Mean Squared Error

The mean squared error is the preferred performance function for neural
network learning. It is computed by subtracting the networkoutput from
the targetted output and squaring the result. It can be calculated for a single
pattern or a number of patterns, where in the latter case it isaveraged over
the number of patterns.

Online Learning, Incremental Learning

A term from the field of neural networking that describes an attribute of
the learning algorithm. Thus, the learning algorithm can beapplied either
directly after the presentation of a single input vector, i.e. a dataset row,
which is called online/incremental learning or after the presentation of the
input matrix, i.e. the complete dataset, which is called offline/batch learn-
ing. Most of today’s learning algorithms used with feedforward networks
are offline learning algorithms.
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Offline Learning, Batch Learning

See online learning.

PPE, PowerPC Processor Element

The PPE is the PowerPC core of the CELL/B.E. The PPE is 64-bit processor
which can execute code written for a compatible PowerPC processor. Thus,
code from other Power platforms can usually be easily portedto the CELL.
However, the PPE is also the computation core with the least processing
power on the CELL and should therefore only be used for controlintensive
code like the operating system or the handling of the SPEs.

PPSS, PowerPC Processor Storage Subsystem

Handles memory requests from the PPE, external I/O devices and the SPEs.
Contains the L2 cache of 512KB size.

PPU, PowerPC Processing Unit

Handles the instruction execution in the PPE. Contains a 32KBsized data
cache and a 32KB sized code cache.

SIMD, Single Instruction Multiple Data

Describes a technique for exploiting the data level parallelism in large datas-
treams. This is very common in multimedia applications. A good example
for applying SIMD is a modification of a digital image were allthe values
representing a pixel (for example in an RGB color scale these are three val-
ues) need to be modified using the same mathematical operation. SIMD can
speed up arithmetic (and also other operations) by applyingthis transforma-
tion at once (meaning in one single instruction) to all values of a pixel. The
concrete number of values on which SIMD instructions can be issued de-
pends on the size of the vectors and datatypes the specific SIMD extensions
operates on.

SPE, Synergistic Processing Element

Eight of these processing elements are present and usable ona regular CEL-
L/B.E.1 The SPEs are vector processors which means that they always work
on 128 bit registers even when only a single integer value is modified. The
SPEs are optimized for heavy computation tasks and are the real workhorses
of the CELL. At 3.2 Ghz each SPE can deliver a theoretical peak perfor-
mance of 25.6 GFLOPS. However, the SPEs have to be programmedwith
care. For instance, it should be avoided to have lots of branches in the code

1In contrast to the CELL processor used in the Playstation 3.
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as a SPE has no branch prediction facilities and a priori always assumes
that a conditional branch is not taken.2 The SPE is built of the SPU and the
MFC.

SPU, Synergistic Processing Unit

The computational core of the SPE without the MFC. The SPU consists of
the local store and the Synergistic Execution Unit (SXU).

2However, it is noteworthy to mention that while there are no automatic branch prediction
facilities it is possible for the programmer himself to issue branch hints.
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Chapter 1

Introduction

1.1 Background

The number of overweight people and even people suffering from obesity world-
wide is increasing rapidly. At the same time the prevalence of diseases associated
with obesity like diabetes mellitus, coronary heart disease, peripheral arterial dis-
ease but also of malignant diseases is on the rise. The problem has grown to a
degree that also leading german politicians are now encouraged to act. On the
other hand there are currently only very few programs shown to lead to a success-
ful longterm improvement of lifestyle together with a reduction of body weight
and body fat, respectively. In the year 2000 german professional societies have
defined the success criteria for weight reduction programs in an ambulatory set-
ting [32]. Nevertheless, it is still not known today which factors are crucial to the
success of such programs. Because there is only a limited amount of money and
socio-economical power available to fight the obesity epidemic, the prediction of
the probability of the individual’s success is crucial.

Since 1993 the center for nutrition education and training -Marion Scholz
in Leipzig (ETZ or ETZ-M.Scholz1) guides obese individuals to improve their
lifestyle while reducing body fat and enhancing fitness. There are two main
schemes for intended weight loss used by the ETZ. One is with and one is without
a temporary nutritional replacement by a formula diet. Since 2000 two different
programs (DGE-without formula and BCM-with formula diet) forweight reduc-
tion in obese individuals were repeatly reviewed in randomized, longterm, two-
tailed studies by the ETZ-M.Scholz. The study design, data acquisition and eval-
uation were done according to the principles of a concept called “Proper Weight

1An acronym for the german phrase “Ernährungsberatungs- und Trainingszentrum - Marion
Scholz”
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Loss with Intelligence” (MIRA2) which was developed by the institute for pre-
ventive medicine in Leipzig (IfP3).

Already published [30] and preliminary results [73] show that although there
is usually a better one year outcome when using the formula diet there are some
individuals with considerable weight loss in the non formula group. On the other
hand there are some individuals in the formula group with very limited success.
Why these obese individuals differ in their outcomes is not known. It is possible
that already at the start of a program a single parameter or a group of parameters
determines the outcome of an individual. It is therefore theaim of this work to
try to predict the outcome of the subjects whose parameters are included in the
datasets and to find the primary factors that enable this prediction. As it was
not yet tried to perform this prediction using artifical intelligence methods it was
decided to attempt this task using neural networks.

However, the use of artificial neural networks (ANNs) has several drawbacks
which are discussed in detail in chapter4. One of the biggest disadvantages is the
time it takes to compute the algorithm. This gets even worse if a feature selection4

routine is applied. And although there have been different advances in the neural
networking field which speed up the original learning algorithm the training phase
is still very computation intensive. Another way of making the analysis based on
neural networks more feasible is parallelizing the algorithm.

In the last years the semi-conductor industry has started topush multicore chips
to the market. Where “multi” at the time of this writing usually means two or at
most four homogeneous cores the end of this process can not yet be foreseen.
The reason for this switch from high frequency singlecores to lower frequency
multicores is found in the dropping efficiency of the latest single-core chips (see
also chapter3).

Of course, the “titan of IT” – IBM – also hasn’t missed this trend. Since 2000
IBM has worked together with Sony and Toshiba on a completely new chip design
taking more than four years of development, involving around 400 engineers and
consuming about half a billion dollars [39, 3]. The idea of this architecture was
not only to have a parallel processing enabled chip with multiple cores but also to
overcome several performance issues recent desktop processors face today.

The chip using this new architecture is called CELL a shorthand for CELL
Broadband Engine (CBE) and the name of the architecture is CELL Broadband
Engine Architecture (CBEA). The first performance numbers published for this
new architecture were really promising. A theoretical peakof 230 GFLOPS (sin-
gle precision) for a single chip could be achieved. Also comparisons to recent pro-

2An acronym for the german phrase “Mit Intelligenz Richtig Abnehmen”.
3An acronym for the german name “Leipziger Institut für Pr̈aventivmedizin GmbH”.
4Feature selection describes a process of evaluating the most important or necessary inputs to

a statistical or learning algorithm (see for example [12, 56, 61, 53] ).
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cessors using well-known benchmarks (e.g. Linpack, [69] ) showed the CELL’s
power. Thus a processor which should have the potential to make neural network
algorithms more feasible and which is available today to everyone who can afford
about $400. This is the current price of Sony’s gaming console Playstation 3;
its heart being a modified5 CBE chip. With this thesis being written in the IBM
R&D Lab, Böblingen, I was gratefull to have access to a CELL blade with dual
processor configuration6 for the software development part.

1.2 Objectives

The goal of this thesis is split up into two main tasks.
First, the implementation of a prototype of a parallel neural network simula-

tor optimized for the heterogeneous multicore CELL architecture. This includes
selecting an ANN type which is able to perform a prediction onthe present data
as well as chosing and implementing a feature selection algorithm which can be
combined with the chosen neural network type.

And second, using the implemented simulator to try to predict the outcome of
obese individuals to an acceptable degree7 and extract the crucial factors of the
prediction. These subtasks involve analyzing the available data pool, discussing
how it was populated and how it has to be modified for training the neural network.
It also implies defining the term “successful weight reduction” so it can be used
as a classification criterion.

5Instead of nine processing elements the Playstation 3 has only seven such elements available
to linux based CELL programs.

6As pointed out in chapter3.2 the CELL processor initially supports switching two CELL’s
together.

7Meaning that the prediction error on unseen data is acceptable small.
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Chapter 2

Training data and background

The data that was provided by the ETZ and the IfP has several special character-
istics. Thus, before creating the training datasets for theartificial neural network
it has to be discussed which kind of data is present, how it wasgathered and fi-
nally what dataset configurations make sense. Further, already discovered results
should be used to define the classification criterion for the neural network training.

Therefore the structure of this chapter is as follows: in thefirst section the two
weight reduction programs which are applied in the ETZ untiltoday and which are
evaluated and also compared to each other in the MIRA studies are described. This
is followed by a description of the first dataset provided by the ETZ. Thereon the
MIRA studies are introduced and the resulting (second) dataset is detailed. This
section also contains a brief review of the results of the studies which are relevant
to this work and their implications on the classification criterion. Leading to the
final two sections in which reasonable dataset configurations for training and the
transformations necessary to create them are discussed.

2.1 Two weight reduction programs

As noted before there are two different weight reduction programs available in the
ETZ. The “Ich nehme ab” (I’m slimming) program also called DGE program of
the German Society for Nutrition (DGE1 e.V.) and the BCM program developed
by the PreCon GmbH & Co.KG. The first is originally a self-help aid while the
latter is a counseling based commercial program. In the ETZ the DGE program is
also offered as a program accompanied by counseling.

The BCM program, which is also known as PreCon program due to the com-
pany that invented it [13], received its name from the Body Cell Mass (BCM)
which describes the oxygen consuming fatless part of the human body. It is also

1Acronym for the Deutsche Gesellschaft für Ern̈ahrung
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the name of the formula diet used by the BCM program. The basic concept of
the BCM program is the initial replacement of two main meals by ahypocaloric
formula - the BCM diet. At the same time the individuals nutritional habits and
food selection are trained. During the further course of theprogram the partic-
ipants body composition is determined in control intervalsof 14 days using the
Body Impedance Analysis or Bioelectrical Impedance Analysis(BIA) which is
described later. On the basis of these repeated measurements and the individual’s
performance the BCM diet is replaced step by step by normal nutrition in a more
favorable and healthier composition than what the participant consumed before.

The DGE program as described in [76] is built of 12 nutrition education lessons
and its aim is a permanent change of an individuals physical exercising and nu-
tritional habits. This is realized through behavioral training coupled with a gentle
weight reduction followed by a phase of weight stabilization. An explicit reduc-
tion of the energy intake is not part of the program. The participants learn to
recognize there current nutritional behavior, to change itand to make the change
permanent. The program also includes training of a flexible control of nutritional
behavior as well as advices for physical exercises and theirduration and frequency.
Relaxation and anti stress methods are also part of the program. The DGE pro-
gram is not making use of a formula diet. In the ETZ-M.Scholz individuals par-
ticipating in the DGE program are also measured using the BIA to control if the
applied methods lead to the expected results.

2.2 The ETZ dataset

The ETZ dataset is a dataset containing the time series data of 14 years of nutri-
tion teaching and physical activity stimulation. Which means it consists of about
32,000 dataset rows of time series data of about 4,500 participants. It also includes
data of MIRA-participants (DGE and BCM), DGE-participants andparticipants
of other programs. These were all eliminated to have a final “study free” and ho-
mogeneous ETZ dataset containing only participants of the BCMprogram. The
steps of the reduction are shown in table2.1and are detailed in the last section of
this chapter.

The data in this final ETZ dataset represents the “real life” situation in the ETZ
since 1993, when the PreCon program, previously called the “Gesellschaft f̈ur
Gesundes Leben (GGL) or Deutsche Gesellschaft für Gesundes Leben (DGGL)”
program, was started as the preferred weight reduction method in this institu-
tion. The principles of the program (replacement of meals byformula, BIA-
measurement and behavioral training) have not changed verymuch since 1993.

Each of the rows of the dataset represents a specific date on which a partici-
pant visited the ETZ and was measured using a single frequency BIA operating



2.2 The ETZ dataset 7

Table 2.1: The selection procedure and the final population of the ETZ dataset.

Selection step Number of participants

First recruitment 4521

Complete data records (week 12± 2) 1489

Final number of true BCM participants (Ex-
cluded: MIRA participants (DGE and BCM),
DGE participants and participants of other
programs.

1063 (934~, 129|)

at 50kHz. BIA describes a measurement method using a weak alternating current
to acquire the two types of resistance the human body offers to an electrical cur-
rent (for more details on the BIA see for example [74]). The resistive R called
resistance (R) and the capacitive R called reactance (Xc). Combined with the pre-
viously acquired valuesweight, height, date of birthandsexof the subjectR and
Xcare used to determine thephase angle, total body water (TBW), lean body mass
(LBM), body fat (BF), extra cellular mass (ECM) and body cell mass (BCM).

Additionally, the dataset contains the body mass index (BMI), group id and an
id field. Table2.2 gives a short description of each of the variables. It is also
typical for the ETZ dataset that the time series data of the participants is very
irregular. Meaning that the visiting interval of a participant varies frequently –
although it should be 14 days.

Table 2.2: Attributes of the ETZ dataset and their description.

# Attribute Description

1 date of birth The participants date of birth.

2 height Body height in meters.

3 sex Sex of the participant.

4 BMI Body mass index of the participant. The BMI provides
a simple numeric measure to classify a person into cat-
egories of weight status reaching from underweight to
obese. It is directly derived from weight and size.
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# Attribute Description

5 phase angle The phase angle is directly proportional to thenumber of
cells and density of the cells (surface). A high phase angle
usually means a good nutritional state.

6 TBW The total body water is distributed mainly in three com-
partments, the intracellular fluid, the blood plasma and the
intercellular fluid.

7 LBM The lean body mass denotes the fat free mass of the body.
It is composed of the BCM and the ECM.

8 BF Body fat acts as an isolator to an alternating current. Hence
its cells barely have a capacitive resistance unlike the cells
of the BCM for example. The body fat is computed from
the difference of body weight and LBM.

9 ECM The part of the LBM which lies outside the cells is aggre-
gated in the extra cellular mass. This includes connective
tissues, bones, plasma and water which is not included in
the TBW for special reasons. The index ECM to BCM is
also used to value the nutritional state.

10 BCM The body cell mass is rather a functional definition than an
anatomical one. The BCM is the sum of all cells partici-
pating in the metabolism of the organism. For this reason
it mainly consists out of cells of the muscles and inner or-
gans. The BCM is the control variable of the energy con-
sumption of the body and defines the basal metabolic rate.
Holding the level of BCM or increasing it is the central
task of all kinds of nutritional therapy.

11 R Resistance as measured using the BIA.

12 Xc Reactance as measured using the BIA.

2.3 The MIRA studies

The national and international increase of the number of obese and overweight
people makes the use of successful prevention and therapy programs inevitable.
To investigate the success, efficiency and potential risks of such programs a sci-
entific evaluation is required. Until now this has only been done on a handful of
programs. In corporation with the ETZ-M.Scholz, the IfP hasdeveloped a strategy
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for proofing ambulatory programs for adiposity therapy on efficiency, guarantee
of success and concordance to the guiding principles (for a recent version of the
principles see [31]) of the german specialized societies. This strategy or concept
is called MIRA and was introduced in 2001 and first published in2002 [30].

In its first applications the MIRA concept was used in three consecutive stud-
ies called MIRA1 to MIRA3. The MIRA studies are prospective, controlled, non
drug-induced, two-tailed, longterm intervention studieswith an active interven-
tion phase of 12 months and a follow up period of 2 years. Two-tailed in this
context meant that the initial population of each of the studies was split into two
groups. One receiving the BCM and the other receiving the DGE program. In
the first MIRA study the participants were randomized into these two groups. In
MIRA2 group selection was according to the wish of the participant only. In
MIRA3 participant and trainer discussed advantages and possible disadvantages
of both programs and the participation was an “agreement” between participant
and trainer. The study population and selection steps for the MIRA population is
shown in the following table.

Table 2.3: The selection procedure and the final population of the MIRA dataset.

Selection step Number of participants

First recruitment 488

Enrolled (according to inclusion and exclu-
sion criteria)

339

Complete data records (week 12± 2 ) 305 (259~, 46|)

Thereof DGE/BCM 140/165

Inclusion criteria

The following criteria were considered for inclusion in thestudies: Agreement to
accept recommendations for diet, behavior and physical activity during the study
and signed agreement for radiological investigations, women and men at the age
from 18 to 70 years, BMI≥ 25 kg/m2 as recommended in [80], weight fluctuations
in the last 6 months≤ 3 % or≤ 1 kg/m2, at least one cardiovascular metabolic or
hemodynamic risk factor and/or at least one risk indicator for the metabolic syn-
drome with possible association to an increased viszeral fat accumulation (table
2.4).
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Table 2.4: Risk factors and indicators for inclusion into theMIRA studies.

Risk factor Value

Waist (cm) Females> 80, Males> 94

Fasting blood glucose (capillary blood)
(mmol/l)

> 5.5

2 hour oral glucose tolerance test (mmol/l) > 7.8

HbA1c (%) > 6.4

Cholesterol (mmol/l) > 6.0

LDL-Cholesterol (mmol/l) > 4.0

HDL-Cholesterol (mmol/l) < 1.0

Triglyceride (mmol/l) > 2.3

Apolipoprotein B (g/l) > 1.5

Lipoprotein (a) (g/l) > 0.3

Blood pressure (mmHg) systolic> 140, diastolic> 85

Uric acid (µmol/l) > 400

Exclusion criteria

The exclusion criteria to the studies were as follows: stroke less than 12 monts
ago and/or myocardial infarction less than 6 months ago, acute coronary syn-
drome, acute disturbances of cerebral and peripheral bloodcirculation, acute or
insufficiently treated heart failure (NYHA degree III and IV), tuberculosis, ma-
lignancies, diabetes mellitus treated with oral antidiabetics or insulin, psychiatric
diseases, lactose intolerance. Further excluded were pregnant women, lactating
women and women with pregnancy intention as well as persons taking cytostatic,
immunsuppressive or anticoagulant medication.

2.3.1 Concept

The idea of the MIRA concept is to provide an accurate method toevaluate and
improve ambulatory programs for adiposity therapy. Following the guidelines
[31] these programs should fulfill several quality criteria [32].

These include an effective, longterm reduction of weight inhalf of the partici-
pants of at least 5% and in at least 20% of the participants a weight loss of around
10% from the initial body weight. Additionally, an improvement of the risk factors
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associated with adiposity, of the quality of life and of health related behaviour is
stipulated. To allow a statement regarding these requirements a longterm screen-
ing with numerous parameters is neccessary.

Therefore the MIRA concept is covering a timeframe of three years and ac-
quiring several parameters in different intervals. The first year is the active inter-
vention phase. Besides additional measurement points the basic interval of this
phase is 14 days in which the participants are taught and onlya few parameters
are determined.

The last two years are the control phase with one measurementpoint at the
end of each year where all parameters are determined. The parameters and their
measurement intervals in the first year are shown in table2.5.

The DGE and BCM programs as described before could not be used directly
with the MIRA concept and had to be adapted.

For this reason the 12 lessons of the DGE program were spread over the 28
nutritional teaching units of the active intervention phase (complete year 1). This
resulted in the first half of the year being an active behaviorund physical exercise
modification phase and the second half being a stabilizationand weight holding
phase. The BIA data which were measured with every visit are not part of the
program and were therefore not used in the training sessions. The data were shown
to the participants only at the end of the study.

At the same time the BCM program was converted to a program for closed
groups. The content of the training sessions was identical to the recommendations
of the DGE e.V. except for the fact that the most recent BIA dataof the individuals
were discussed and acted upon.

Because of the negligible differences between the parametersets of the MIRA
studies and to grow the data pool available for neural network training the datasets
of all three studies have been combined.

2.3.2 Results

So far several results of the studies were published [29, 85, 23, 86, 68, 51, 50].
An extract of these results which has direct implications onthis work will now be
discussed.

Expected high predictive power of the program parameter

In [86, 50, 29] the results of the evaluation of the DGE program were published:
After the intervention phase (first year) 80% of the participants had a reduced or
constant body weight with an improvement of body composition and cardiovas-
cular risk factors. The paper’s conclusion is that the program is adequate for use
as a basic program for changing the individuals lifestyle. In the counseling based
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Table 2.5: List of parameters and their intervals in the MIRA studies.

Point of measurement Parameters

only once before the
start of each study

mira number (group), weight reduction program
(program)

at the beginning and at
52 weeks

quality of life using the IWQOL questionnaire [1]

at the beginning and at
8 weeks and 52 weeks

Lean habits questionnaire [35]

at the beginning and
every 14 days

body weight, body height, BIA data

at the beginning and
every 4 weeks

blood pressure, pulse, girth of neck, waist and hip

in the 0th, 12th, 24th

and the 52nd week
intake of energy, fats, carbohydrates, protein, alcohol
and dietary fiber, basal metabolic rate, fasting value
of blood sugar, triglycerides, total cholesterol, LDL-
cholesterol, HDL-cholesterol, creatinine, urea, uric
acid, alanine aminotransferase, aspartate aminotrans-
ferase, gamma-glutamyl transpeptidase, albumin and
HbA1c

design the program is able to partially meet the quality criteria for structured,
ambulatory programs for adiposity therapy.

In [51] and [28] the results of the evaluation of the BCM program were pub-
lished: After the intervention phase of one year over 90% of the participants
showed a reduced or constant weight. Nearly 70% of the participants reduced
their weight by 5% or more. 30% of the participants reduced their weight by 10%
or more. At the same time body constitution and risk factors were improved.

The author’s conclusion is that the BCM program is an adequate instrument
for improving the nutritional and health related behavior as well as fighting the
adiposity epidemic and its secondary diseases.

The BCM program meets the mentioned quality criteria. This is avaluable
discovery because it translates to the fact that theprogramattribute which keys
the weight reduction program in the dataset must have a strong influence on the
outcome. Therefore, although not every subject that took part in the BCM pro-
gram succeeded, it should be a crucial factor for the prediction and show up as
an important feature in the feature selection algorithm. Ofcourse, the network
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should also be trained without theprogramparameter to allow the feature selec-
tion to discover other predictive factors which might else be covered by the strong
predictive power of theprogramparameter.

Figure 2.1: The upper chart is taken from “Evaluation of the DGE program” [29]
and the second chart is taken from “Evaluation of the MIRA-studies” [28]. In
both charts the mean± SD of the weight reduction performance of participants of
either the DGE or the BCM program in each of the studies is plotted. Thereby the
y axis denotes the weight in kilograms and the x axis denotes the time in weeks.
The upper line, on which the measurement points are marked asrectangles, is
the performance of the weight reduction of the male participants. The lower line
shows the performance of the female participants. In the upper chart the perfor-
mance of the participants of the DGE program in MIRA1+2 (N=119, 96~and 23
|) and in the lower chart the performance of the participants of the BCM program
of MIRA1+2+3 (N=186, 157~and 29|) is shown.
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Performance of weight reduction

In the publication “Evaluation of the DGE program” [29] and the publication
“Evaluation of the BCM program” [27] a diagram was printed showing the one
year weight reduction performance of men and women in the corresponding tail
of the study. The interpretation of these charts, which are shown in figure2.1, lead
to the statement that for most of the individuals participating in either of these two
programs the weight loss which is reached within the first 12 weeks is usually also
the weight loss which is reached at the end of the intervention phase – after one
year. This is a very useful finding.

For the ETZ dataset as mentioned above the visiting/measurement frequency
of the participants is very variable. As time goes by most of participants visit the
ETZ rarely or stop since they have reached there weight reduction aims, not had
the success they would have liked or due to other motivation problems. Being able
to set the point for the classification quite early in the 12th week allows to include
a lot more participants than when using one year data, for example.

To further increase the number of inclusions for the ETZ dataset it was also
decided to allow a variance of± 2 weeks. Although not as strong as for the
ETZ dataset this discovery also had a positive effect on the MIRA dataset. As
with every study also in the MIRA studies there were several participants not
completing the studies (drop outs). Luckily all of them participated at least until
the 12th week. So the complete dataset of 339 participants could havebeen used,
if all of them would have had a full set of parameters. As already mentioned after
removing the participants with incomplete datasets 305 participants remained.

Definition of the term “successful weight loss”

In respect to the results of the MIRA studies we have defined thetime frame for
which the weight loss of the participants shall be predicted. What still needs to be
defined is the magnitude of the weight reduction which is described by the term
“successful weight loss” and which is needed to categorize the subjects into one
class or the other. From a medical point of view a successful weight reduction
implies the reduction of risk factors connected to overweight or adiposity. But
the targetted weight reduction should also be realistic in the time frame defined
before.

According to Buse et al. [40] the attainable weight reduction lies between 7%
to 10% from the initial weight in one year. Which is, as previously shown, equal
to the defined time frame of 12±2 weeks for the data used here. Also in the same
paper a weight reduction of 5% to 7% is recommended for the primary prevention
of cardiovascular disease (CVD) in people with diabetes.

In another paper published in 2002 by the Diabetes Prevention Group [78] a
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weight reduction of at least 7% was defined as the goal of a lifestyle intervention
program with the aim to delay or prevent the development of diabetes in subjects
at risk. After the end of the first curiculum (24 weeks) 50% of the participants in
this program had actually reached or even surpassed the defined goal. The paper
also gives a chart showing the average weight development which is comparable to
the given DGE and BCM charts, that is a strong weight reduction in the beginning
of the program followed by a slow ascent until a plateau is reached after about 3.5
years.

On the other hand Douketis et al. [41] points out that in most of the studies
concerning weight loss the reached weight reduction is lessthan 5% and that
not every person which achieves to reduce body weight by morethan 5% can
actually also reduce health risk. Nevertheless, Douketis also adds that individuals
with already existing risk factors will most likely benefit from a weight reduction.
As the reader might remember the inclusion and exclusion criteria of the MIRA
studies: included subjects had to be obese and had to have at least one additional
cardiovascular or metabolic risk factor.

Finally there is the paper of Pi-Sunyer from 2007 [84] who also recommends a
weight reduction goal of 7% or more for a longterm improvement of risk factors
in diabetics (thus, individuals with a very strong cardiovascular risk). The results
reported after one year for participants that reached the defined goal showed a
significant improvement in fitness and health risk.

From the reported results it was decided that a “successful weight loss” is herein
defined as a weight loss of at least 7% of the initial weight.

2.4 Classification criterion

According to the previous section the classification criterion is defined as follows:

An individual that has a measurement point in the 12th±2 week belongs to

class 1 when a body weight reduction of at least 7% of the initial
body weight is reached within a timeframe of 12± 2 weeks
or belongs to

class 0 in any other case.

(If an individual does not have a measurement point in the 12th± 2 week it is
removed from the dataset.)



16 2 Training data and background

2.5 Dataset configurations for training

The purpose of this section is to discuss which dataset configurations shall be
evaluated using the feature selection. As said before a valuable experiment should
be training the network with and without theprogramattribute. However this is
only of interest for the MIRA dataset, since in the ETZ datasetall participants
of other programs except the BCM program were removed. Therefore there are
three datasets to be evaluated: the ETZ dataset, the MIRA dataset and the MIRA
dataset without theprogramid.

Since it is also a good idea to remove depending parameters inorder to allow
optimal neural network training [12, 56], it is further needed to take a look at the
kind of data acquired in the different sets. In the ETZ dataset and the BIA data in
the MIRA dataset a large degree of dependency and correlationis present. This
is due to the fact that all other parameters described in table 2.2 are derived only
from sex, weight, height, date o f birth, XcandR.

For these reasons and although the derivation formulas are nontrivial [74, 73]
all parameters except those six parameters where removed from the BIA data
in all datasets. This leads to table2.6 describing the dataset configurations for
evaluation. The table further sets the names of the datasetsby which the will be
handled in this document from now on.

Table 2.6: The datasets to be evaluated.

Source dataset Configuration Name

ETZ ETZ dataset without correlated BIA pa-
rameters

ETZ

MIRA MIRA dataset without correlated BIA
parameters

MIRA

MIRA MIRA dataset without correlated BIA
parameters and without the parameters
programandgroup

MIRANP

2.6 Generating the training datasets

To extract the training datasets shown in table2.6from the two main datasets and
make them good candidates for neural network training several transformation
steps had to be applied.
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Although the two original datasets were both provided by thesame institutions
the way they were populated differs a lot. While the MIRA dataset was filled up in
a defined time period using the same software and hardware, the ETZ dataset has
grown in a timeframe of about 14 years to its recent size. It has further undergone
several hardware, software and even user changes. Therefore the first step that
was necessary for the ETZ dataset was to validate its integrity. Meaning that
dataset rows containing incomplete data in on of the six defined attributes were
removed. Additionally data of participants which did not have a measurement
point, as required by the classification criterion, in the 12th±2 week after their
first visit were removed. Individuals not taking part in the BCMprogram were
also removed. In the end and only including the defined uncorrelated parameters
of the BIA data 1063 (934~, 129|) participants were left in the ETZ dataset.

For the MIRA dataset the preparation for network training basically meant join-
ing several tables with various different parameters together to one unified master
table and removing the correlated BIA parameters. Thereafter the dataset was in-
spected for missing values and 24 dataset rows (subjects) were removed. Giving a
total of 305 participants (259~, 46|) for evaluation. The MIRANP dataset was
then extracted from the MIRA dataset by simply removing the attributesprogram
andgroup.

As a next step the dataset rows of the ETZ dataset had to be transposed to a ma-
trix containing one dataset row per participant. When applying this transposition
all parameters of the visits of this participant were dropped except the parameters
of the first visit and the weight which was measured on a date closest to the 12th

week as described below. Additionally the attributedate o f birthwas replaced by
the attributeagewhich was computed using the date of the first visit. These two
transformations were only applied to the ETZ dataset since the MIRA dataset was
already formatted in a similar way.

Next, a new attribute calledclass, keying the class the participant belongs to
(either 1 or 0 as described in2.4), was introduced in both datasets. The class
was derived from the initial weight andδweight which was computed as shown in
formula 2.1 wheren is the closest (after the scheme given in the formula) mea-
surement point to the required 12 weeks.

δweight = weight0−weightn (2.1)

where

n = MIN(ABS((date0 +12weeks)−date10th week), . . . ,

ABS((date0 +12weeks)−date14th week))

This led to the final dimensions for each of the datasets as given in table2.7.
The last transformation step was scaling the values of all attributes to the same
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Table 2.7: Dimensions of the datasets selected for evaluation.

Dataset # parameters (+class) # rows

ETZ 6 + 1 1063

MIRA 54 + 1 305

MIRANP 52 + 1 305

range (0,1) which was necessary for the feature selection asdescribed later. The
scaling was done for every cell valuex of every columnX of the dataset using
equation2.2.

xnew=
xold−min(X)

max(X)−min(X)
(2.2)



Chapter 3

A heterogeneous multicore
architecture – The CELL/B.E.

The CELL/B.E. - CELL broadband engine architecture is a new heterogeneous
processor architecture which was jointly developed by Sony, Toshiba and IBM.
Since there is already a lot of documentation about the CELL processor available
this chapter only gives a brief summary of its features. To get a more in depth
knowledge of the subject it is advisable to read the publications that were used as
background material for this chapter [66, 67, 39, 3, 60].

3.1 Introduction

The CELL Broadband Engine Architecture (CBEA) is a heterogeneous multicore
architecture designed to mitigate the three main performance issues of today’s
desktop CPUs. These performance issues are the power wall, the memory wall
and the frequency wall.

The power wall represents the fact that the limiting factor to processor perfor-
mance more and more becomes the power dissipation rather than the availability
of transistors and wires on the chip. Thus to further increase processor perfor-
mance it is also required to increase power efficiency. The CBEAachieves this
goal through specialization. It offers a processing element for control and branch
intensive code called PowerPC Processor Element (PPE) and several processing
elements for computation intensive code called Synergistic Processing Elements
(SPEs).

The memory wall describes the growing gap between memory latency and pro-
cessor frequency. On modern processors the memory access times approach up
to 1000 processor cycles. This results in memory access times determining pro-
gram performance. Although there are hardware cache mechanisms; compilers



20 3 A heterogeneous multicore architecture – The CELL/B.E.

and programmers are also increasingly managing data movement to improve pro-
gram performance by themselves. To close this gap CBEA introduces a three level
memory hierarchy and asynchronous DMA transfers. The memory hierarchy is
built of the main storage (RAM), the local store (LS) on the SPEs and third the
large register file of these processing elements (PEs). Asynchronous DMA trans-
fers describe the feature of being able to execute program code and DMA transfers
at the same time on the same processing element.

The frequency wall is a synonym for the current limit in processor operating
frequency. Deepening the instruction pipeline to achieve ahigher operating fre-
quency has been a common technique to increase processor performance in the
last years. But nowadays the returns are diminishing and evennegative if power is
taken into account. CBEA overcomes this wall by specializing.Since the PPE is
optimized for control and the SPE for compute intensive tasks both are designed
without excessive overhead. For example it was not neccessary to implement reg-
ister renaming into the SPE because of its large register fileof 128 registers. For
this reason the CELL can be operated efficiently at a high clockfrequency. The
current frequency of the CELL is 3.2 Ghz.

Since the CBE manages to mitigate the problems posed by power, memory and
frequency it can provide up to the ten-fold peak performanceof a common pro-
cessor. This of course varies with the type of application ported to this platform.

3.2 Architecture

CBEA was built on the existing IBM PowerPC 64 architecture and iscomposed
of a total of nine processing elements of two different types. These elements are
connected through a high bandwidth memory coherent bus called element inter-
connect bus (EIB). In the following subsections the main elements of the chip are
introduced to the reader. A general scheme of the CELL is shownin Figure3.1.
The two interfaces sketched in the figure but not described inextra subsections of
this chapter are the memory interface controllor (MIC) and the Cell Broadband
Engine Interface (BEI). The MIC allows access to the physicalRambus Extreme
Data Rate memory. If the access is distributed evenly across the RAM banks the
MIC can provide a peak bandwidth of 25.6 GB/s to the other elements on the bus.
The BEI unit can provide access between the EIB and possible I/O devices. The
BEI is capable of extending the EIB to another CELL processor.

3.2.1 The PPE – PowerPC processor element

The PPE is a general-purpose PowerPC architecture compatible 64-bit RISC pro-
cessor. For this reason it is possible to run unmodified PowerPC code on the core.
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Figure 3.1: Scheme of the CELL Broadband Engine and its preferred PPE oper-
ating system from [67].

Like the recent Power processors the PPE also incorporates avector/SIMD1 ex-
tension named AltiVec. The AltiVec unit implemented in the PPE has 32 128-bit
vector registers and a mature vector instruction set.

The task of the PPE is running the operating system and managing the SPEs.
Although it uses the PowerPC instruction set, its design is much simpler than the
common PowerPC architecture. Instead of out-of-order execution it is an in-order
execution architecture. This results in a smaller amount ofcircuitry and power
consumption. But it also leads to a big loss of performance. Itwas tried to mitigate
this loss by increasing clock rate, memory bandwidth and adding dual threading
capabilities. Nevertheless the performance of the PPE, next to the transfer laten-
cies for DMAs tends to be the bottleneck in most CELL applications which is the
reason why the PPE should mainly be used as a supervisor and controller for the
other cores on the chip.

As shown in figure3.2the PPE is build of two main units. The PowerPC Proces-
sor Unit (PPU) which performs the instruction execution andwhich has a level-1
instruction cache of 32 KB and a level-1 data cache of 32 KB. Andthe Pow-
erPC Processor Storage Subsystem (PPSS) which handles memory requests from
the PPU and external requests from the SPEs or I/O devices. The PPSS is built
around a level-2 instruction cache which is 512 KB in size andis unified for data
and code. The cache line size for all caches in PPU and PPSS is 128 bytes.

It should also be noted that like all PowerPC architectures the CBEA is a load-
/store architecture. Meaning that an operand which should be modified in a com-
putation has to be loaded, computed and then stored back to the target location.

1Single Instruction Multiple Data
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Figure 3.2: A block diagram of the PPE from [66].

There are no computational instructions that modify main storage directly.

3.2.2 The SPE – Synergistic processing element

The SPE is a 32-bit vector/SIMD processor using its own machine language opti-
mized for data-rich operations. It does not have direct access to the main memory
instead it is provided with its own small local memory calledlocal store (LS). This
is a key feature of the CBEA architecture because it breaks downthe memory wall
(see above). LS access times are low at about 6 cycles, a cacheis not present.

The SPE can transfer data in-between LS and main memory usingthe Mem-
ory Flow Controller (MFC). Since the MFC and the Synergistic Processing Unit
(SPU) are seperate parts of the SPE (see figure3.3) a DMA transfer can be issued
without influencing the SPUs execution of program code. The maximum amount
of data for one DMA transfer is 16 KB. The SPU loads and stores data between its
single register file and the LS. The register file has 128 registers each being 128
bits wide.

The SPU is further equipped with a channel interface for communicating with
its MFC, the PPE and other devices (including other SPEs). TheSPUs Synergistic
Execution Unit (SXU) has two instruction pipelines – an odd and an even pipeline.
Therefor it is capable of issuing and completing up to two instructions per cycle.
The decision which pipeline is used depends on the type of theinstruction issued.
In principle data move operations (like load/store, permute, etc.) are directed to
the odd pipeline while computational instructions are put to the even pipeline.

Since the SPE is optimized for computation intensive tasks several features of
common general-purpose processors have been removed. These include branch
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Figure 3.3: A block diagram of the SPE from [66].

prediction, out-of-order processing and load and store address translation. The
peak performance of one SPE is 25.6 Gflops/s which is reached when executing
one fused multiply add operation (madd) in a SIMD fashion (onfour 32-bit values
at once) in every clock cycle.

3.2.3 The EIB – Element interconnect bus

The Element Interconnect Bus (EIB) is the CELL’s communicationbackbone. As
shown in figure3.4 it is the connection between all SPEs, the PPE, the on-chip
controllers and the I/O interfaces. Each of these components is connected to the
bus by a 16 Byte in and out data path which can be used simultanoeusly. The EIB
runs with half the speed of the processing elements on the chip; which is 1.6Ghz.
And because it supports full memory-coherent and symetric multiprocesser oper-
ations a CBE can be connected directly to another CBE as in the dualCELL blade
used for software development here.

The EIB is made of four 16-Byte-wide data rings. Of which two are running
clockwise and two counter clockwise. Each ring can process three concurrent,
non-overlapping transfers at once. This summes to a bandwidth of 96 Bytes2 per
processor cycle and grants a bandwidth of 25.6 GByte/s to every 16 Byte data
port/path.

296 Bytes = 3 transfers of 16 Bytes multiplied by 4 rings divided by 2 (since the EIB is running
at half the clock frequency of the processing elements)
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Figure 3.4: A diagram of the EIB as taken from [60].



Chapter 4

Artificial neural networks

This chapter is divided into two main sections. In the first section the fundamen-
tals of the field of neural networking are briefly explained while in the second part
the focus lies on the special requirements and challenges for using ANNs on the
objectives of this work. As the first part is more or less a repetition of common
neural network knowledge the informed reader might jump directly to page34
which is the start of the second section. Literature that hasbeen used intensively
for this chapter, besides the references given in the text, are [12, 33, 53].

4.1 Fundamentals

This section starts with a brief description of the history of the field of neural
networking. This is followed by an overview over the most popular types of neural
networks and their field of application. Finally the MLP and the backpropagation
algorithm are detailed and the general challenges associated with the appliance of
neural networks are discussed.

4.1.1 History

In the 1940s McCulloch and Pits published the work which created the field of ar-
tificial neural networking. In [77] they showed that networks of artificial neurons
are, in principle, able to compute any arithmetic or logicalfunction. Then in 1949,
Hebb proposed a mechanism for learning in biological neurons [18], today widely
known as hebbian learning or Hebb’s rule. When Rosenblatt in 1958 built a per-
ceptron network which was able to perform pattern recognition [21] the interest in
neural networking grew rapidly. A similar network and algorithm was proposed
by Widrow and Hoff in [8] at about the same time. Unfortunately both network
approaches had the same limitations in terms of complexity of the trainable net-
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works. But although Widrow and Hoff were aware of these limitations they did
not succeed in modifying their learning algorithm to overcome this problem. In
1972, Kohonen [71] as well as Anderson [38] independently of each other devel-
oped neural networks that were able to memorize data and in 1976, Grossberg
did some very active research in the field of self-organizingnetworks [65]. Then
in the 1980s the availability of more powerful computers andnew ideas revived
neural network research. In 1982, Hopfield [43] introduced the use of statistical
methods to explain a certain class of recurrent network which could be used as an
associative memory. And in 1986, Rumelhart and McClelland [17] published the
most influencing work about the backpropagation algorithm.Until today the field
of neural networking is quite active but the interest has shifted from pure research
to the application of ANNs.

4.1.2 Types of neural networks

Neural networks are distinguished by their type, their structure and their learning
algorithm. Therefore a very short description of the most commonly used network
types and their field of application is now given.

The perceptron

The perceptron as introduced by Frank Rosenblatt in 1958 is a very simple feed-
forward neuronal network. Feedforward thereby defines thatall nodes of the pre-
vious layer are forward connected to all nodes of the following layer. The percep-
tron is built of only two layers. An input layer which acceptsbinary input only
and an output layer which generates only binary output. Learning is supervised1

and realized using Hebb’s rule. Since the net is using a hard limiter activation
function2 it is only able to solve simple AND or OR problems. Therefore it is
used for simple logical operations and pattern classification.

The multi-layer-perceptron (MLP)

The MLP is an extended perceptron consisting of an input layer, an output layer
and one or more hidden layers. It is by far the most popular type of neural network
used today. Since the MLP has several layers and is mainly used with a sigmoid
activation function it can solve AND, OR and even XOR problems. Arbitrary

1Meaning that the output of the perceptron to supplied input values is compared to an expected
output and the difference is used to adapt the perceptron’s weights.

2A function used to transform the activation level of a neuroninto an output signal. Typically,
activation functions have a “squashing”. Common activation functions are: hard limiter, signum
and sigmoidal functions.
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input values are possible and the network is usually trainedsupervised using the
backpropagation algorithm. The network is mainly used for complex logical op-
erations, pattern classification and speech analysis. It has been shown that MLPs
with one hidden layer can approximate arbitrarily well any functional continuous
mapping if the number of hidden nodes is large enough.[12] The MLP is explained
in detail in chapter4.1.3.

The Hopfield network

The Hopfield network as introduced in 1982 is a recurrent or feedback network
with a single layer of neurons. Hereby recurrency means thatthe output of the
network is fed back as the network’s input once the network isin operation. This
is realized by connecting every neuron with each of the otherneurons but not to
the neuron itself. In contrast to feedforward networks, where the output for a fixed
input is constant and only a function of the network input andthe layer weights,
the output of a recurrent network is also a function of time. Thus the state of a
single neuron depends up on the activities of all other neurons at a previous time
step.

The weight connections between two specific neurons are symmetric in that
they are equal for input and output connections. Because of this symmetry and
the net’s architecture there exists an energy function which is minimized during
the networks weight adaption (learning process) and the continuous input-output-
input loops. It is possible given the correct initialization that the network con-
verges to a fixed point on this energy function which it does not leave again.

Due to this behavior the Hopfield net can be used as an associative memory.
Besides it may also be used for pattern recognition as well as optimization prob-
lems.

The Kohonen feature map

Discovered in 1982, Kohonen’s neural network is also known as self organizing
map (SOM). The SOM aims at designing and simulating the learning process of
the human brain where multidimensional input data is mappedand processed in
a planar or linear topology. In biological neural systems this is solved by sending
signals which are similar to each other to neurons which are close to each other.
Thus, the space of the training samples is discretized to a two dimensional map.
To simulate a comparable behavior the SOM has a specific architecture: it con-
sists of an input layer and an output layer. While the input layer has no special
organization the neurons of the output layer are usually arranged on a two dimen-
sional grid. Each neuron of the input layer is further connected to each neuron
of the output layer. Therefore the input to each of the neurons on the grid is an
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N-dimensional vector, with N being the number of input neurons.
The original Kohonen network uses an unsupervised algorithm (Kohonen learn-

ing algorithm) which means that the output of the network is not compared to an
expected output. The task of the SOM is therefore to categorize the data albeit
the lack of any additional information. The Kohonen algorithm works roughly as
follows: First, select the neuron of the output layer which is to be activated for
the presented pattern. This neuron which is also called winner neuron is the neu-
ron which has the maximal input3, as with most neural network types the input is
hereby the weighted sum of the outputs of the connected neurons. As the winner
neuron is the only neuron which is activated for the current pattern the selection
process can also be seen as a competition of the output layer neurons for the ac-
tivation. Therefore the output layer is also often referredto as competitive layer
and the learning procedure is often called competitive learning. In the next step,
the weights are adjusted. At first the weight to the winner neuron are adapted to
match the current pattern even better. Thereafter the weights of the neighboring
neurons of the winner neuron are adjusted. This is done in dependence on the
distance on the two dimensional grid from the winner neuron.Usually the radius
around the winner in which the neighbors’ weights are adapted and the strength
of the adjustment decrease over time i.e. over the learning iterations.

In the end the SOM has build an internal representation of thepresented pattern
space. Where close neurons react to close patterns. Thus, each set of similar
patterns has a distinct area on the map.

SOMs are used for pattern recognition tasks, for data-mining, as data visualiza-
tion tools and to support the research of biological neural systems.

4.1.3 The MLP and the learning algorithm

The multi-layer perceptron (MLP) is by far the most commonlyused type of neu-
ral network today. It is therefore quite well known and evaluated. Also several
optimizations to the original model have been proposed. As reasoned later in this
chapter the MLP is also the type of network which is selected to accomplish the
objectives of this work. Therefore a more in depth description of the MLP is now
given.

The structure of a simple MLP

As said further above the multilayer perceptron is an enhancement of the per-
ceptron invented by Rosenblatt. The power of the MLP lies in the additional

3Another measure which is commonly used is the minimum euclidean distance between the
input vector and the connection weights.
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Figure 4.1: A simple 2-2-1 multi-layer perceptron.

layer(s) between input and output nodes. These are called hidden layers and en-
able the MLP to approximate any functional mapping arbitrarily well [ 12]. A
simple model of an MLP built of three layers of nodes is shown in figure4.1.
The rectangles symbolize the neurons of the network while the numbers along the
edges of the graph denote the weights which are used for calculating or weighting
the inputs to the next layer. These weights are normally aggregated in matrices
called weight matrices. The number of weight matrices is thenumber of hid-
den layers plus one. The weights are the key to the networks ability to learn and
they are adapted by the learning algorithm to fit the problem space. The numbers
directly located beneath the neurons are their outputs which are computed by sum-
ming and activating each neuron’s inputs. In this context activating usually means
applying a sigmoidal function that provides a non-linear mapping of the input val-
ues. It is facile to see that the input values of the first layerare propagated through
the network to the last layer.

The learning algorithm

The learning algorithm of neural networks consists of two main parts. The for-
ward propagation and the backpropagation. The backpropagation in it’s original,
standart form is a gradient descent algorithm, in which the weights of the net-
work are moved along the negative of the gradient of a performance function. The
term backpropagation thereby refers to the manner in which the gradient is com-
puted. To train a network a set of input patterns with associated output patterns
is required. During training the weights and biases of the network are iteratively
adjusted to minimize a performance function which describes how good the net-
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work approximates the input patterns to the corresponding outputs. For neural
networks this performance function is normally the mean squared error (MSE),
which is computed for every pattern as shown in equation4.1.

F(x) = (t−a)2 (4.1)

Thereby doest denote the target value (the associated and hence expected output)
and a the output produced by the network.x represents the vector of network
weights and biases. If the network has several output nodes the previous formula
generalizes to:

F(x) = (t−a)T(t−a) = eTe (4.2)

As the MSE is used to measure the performance of the network itis the basis for
the backpropagation phase of the learning algorithm. However, to compute the
MSE for a pattern it is first needed that the network produces an output vector.
This is done in the forward propagation phase.

Forward propagation describes the process of presenting an input vector to the
network which is then passed through the network while activating the neurons.
Activating the neurons thereby means triggering the activation function of each
neuron. Formula4.3 shows the computation which is done for every neuron in
the network except the neurons of the first layer, which simply serve as injection
points of the input values. The process is also pictured in figure4.2.

Figure 4.2: Illustration of the forward propagation for a single node as shown in
formula4.3.
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In this formula,am
j is the activated output of nodej of the current layermandgm

j is
the corresponding activation function of that node. Thewm

i j represents all weights



4.1 Fundamentals 31

of this layer which connect nodej to a nodei in the previous layer (m−1). The
activated output of a nodei in the previous layer is also given witham−1

i . Hence,
the output of a node of the current layer is the activated sum of all weighted outputs
of the nodes of the previous layer. This formula is applied consecutively from the
second layer to the last layer for every node. When the output layer is reached the
second part of the learning algorithm is started.

The backpropagation algorithm minimizes the error which was calculated us-
ing the performance function. To achieve this goal every neuron’s participation
in the total output error is computed in order to adapt the connection weights of
the current layer’s neurons to the next layer. A working algorithm for networks
with multiple layers has been found around 1986 by several researchers but most
widely known is the publication by Rumelhart et al. [17].

For the original or standart backpropagation algorithm (BP), which updates the
network weights using the negative of the gradient, two learning schemes are pos-
sible. These are online or incremental learning and offline or batch learning. In
online learning the weights are updated after the presentation of each single pat-
tern, while in offline learning the weights are updated afterall patterns have been
presented to the network thus, the network’s weights are updated once at the end
of each epoch.

The backpropagation algorithm is the application of the chain rule for every
layer (m) of the network in order to compute the influence of each weight in the
network with respect to the performance functionF :
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=

∂F
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i

∂nm
i
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i j

(4.4)

In the given equationwm
i j is the weight along the connection from neuronj in

layerm−1 to neuroni in layermandnm
i is the sum of the weighted outputs of the

current layerm. Therefore the last term can be easily computed as it is simply the
activated outputa of node j from the previous layer:
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What is still needed to solve equation4.4 is the calculation of the first term∂F
∂nm

i
.

This term is often referred to as sensitivity [53] or delta [12] and will also be
called delta in this work. Thereforeδ m

i describes the delta ofF to changes in the
ith element of the net input at layerm. To compute theδ m

i another application of
the chain rule is required, leading to the equation shown below.

δ m
i = g′mi (ai)

Jm+1

∑
j

w ji δ m+1
j (4.6)
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Hereg′mi is the derivative of the activation function and the corresponding input
ai of the nodei. The sum iterates over all connections from all nodes of the next
layer (m+ 1) to the ith node in the current layer. In each iteration the connec-
tion weights from nodej (on the next layer) to nodei (on the current layer) are
multiplied by the delta of nodej. Therefore the computation of the delta value
is a recurrence relation in that the calculation of a delta ina layerm requires the
previous calculation of all delta values in layerm+1. The calculation process is
also illustrated in figure4.3. Hence, the first delta that needs to be computed is

Figure 4.3: The calculation of the deltas as shown in formula4.6.

the delta for the output layer. This is calculated for each node i of the output layer
M when using the MSE function as performance index as given in the following
equation.
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This is simplified to the final formula with :

δ M
i =−2g′Mi (nM

i )(ti−ai) (4.8)

With the calculation of theδs described we can now write the general formula for
weight adaption using gradient descent for each weight of the network for a single
pattern as:

wm
i j (t +1) = wm

i j (t)− εδ m
i am−1

j (4.9)

Here ε is the learning rate and defines the speed or sizing factor by which the
weights are modified. After this formula has been applied to all weights of the
network the learning algorithm is restarted and the next pattern is presented to
the network and propagated using forward propagation. Thisis also illustrated in
figure4.4.
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Figure 4.4: Illustration of the weight adaption as summarized in formula4.9.

For batch backpropagation/offline backpropagation on the other hand the
weight update is performed after all patterns are forward propagated through the
network and theirδ m

i am−1
j ’s (gradients) were computed and added to a special

batch matrix∆B, with elements∆bm
i j and the same dimension as the original

weight matrices. This is shown in equation4.10.
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Thereby∑ runs over all patterns of the training set. At the end of the epoch the
original weights are updated using:

wm
i j (t +1) = wm

i j (t)− ε
∆bm

i j

P
(4.11)

HereP is the number of patterns that were presented to the network in this epoch.
After all entries in the batch matrix∆B are zeroed the batch algorithm restarts by
presenting patterns to the network.

4.1.4 Common challenges when using neural networks

If used on an appropriate problem with the correct parameters a neural network
can be a very powerful tool. But besides the computational demand of the learn-
ing algorithms there are also some common challenges that are introduced when
utilizing neural networks.

One of these challenges is overfitting which leads to the inability to generalize
the acquired knowledge to unseen data. This problem is also known as the bias-
variance dilemma and is discussed in detail in [64]. Overfitting can occur when a
neural network having “enough” hidden nodes is trained on the same input vectors
(dataset rows) in the same order in every epoch. After a few (depending on the
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learning algorithm) iterations the network will converge because it will memorize
the order in which the inputs were presented.

But overfitting is also a problem for batch BP. Although the order of the dataset
rows does not play a role for batch learning (which is the major reason why batch
BP usually gives a better generalization than incremental BP)training for too
many epochs will also lead to overfitting. Thus, the network approximates exactly
to the supplied data points. On real-life datasets this is a critical behavior since
there is usually also a lot of noise included in the supplied data, leading to false
prediction or to implausible results when untrained inputsare presented.

To avoid this behavior several methods can be applied. A feature selection
algorithm (as introduced later in this chapter) can be implemented. This will help
eliminating unnecessary and possibly distorting values from the input set so that
the algorithm can focus on the relevant inputs.

Another possibility is the use of a cross validation scheme around the learning
algorithm. This changes the previous static dataset to a variable dataset from the
networks point of view and hence makes it very hard for the network to predict
outcomes by memorizing the sequence of presentation. It further allows to stop
training when the error on the validation set increases, so even for batch BP cross
validation offers a possibility to avoid overfitting.

However, most influenced is the network’s generalization capability by the
number of hidden layer nodes. This is also still a weak point in the theory of
neural networks. Until today there is no law or formula to compute the optimal
number of hidden nodes for a network model, learning algorithm or problem.
Therefore finding the right number of hidden nodes is usuallya trial and error
approach. If the number of hidden nodes is too large overfitting will occur, if it is
too small the network will never learn.

Another problem that can be encountered when applying neural networks is the
possibility to get stuck in a local minimum when learning. A common way to
prevent this behavior is training the network several timeswith different weight
matrix initializations.

A different problem is the learning of irrelevant data. However, this can also be
solved by implementing a feature selection algorithm or by increasing the effort
of preprocessing the input data.

4.2 An adequate network for this task

The multi-layer perceptron, as described in chapter4.1.3, was chosen for finding
a solution to the predictive task as defined in the first chapter of this work.

Several aspects led to this decision. One of the strengths ofthe MLP is pattern
classification which is exactly the problem that should be tackled in this work –
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the prediction of the success of weight reduction (classification into class 1 or 0) in
different participants (patterns). Furthermore the MLP isone of the best explored
types of neural network today which it is due to its broad fieldof application [53].
In the field of the problem faced here namely medical decisionsupport the use of
MLPs has had a steady growth in interest since the 90s. Therefore MLPs can be
seen as an established tool in this field today [59, 42].

To further support this decision this section begins with a discussion of the pros
and cons of the usage of neuronal networks in medical decision support. There-
after optimizations to the standard backpropagation algorithm as previously intro-
duced are given and a faster converging learning algorithm is selected. Then a
few methods for speeding up convergence independently of the selected learning
algorithm are introduced. Thereon three different featureselection algorithms are
reviewed and one is selected for the implementation. This isfollowed by an anal-
ysis of the major strategies of parallelizing neural networks and their feasibility
for the CBEA. The section ends with a consolidation of the acquired facts in the
network setup for the objectives defined in the beginning of this work.

4.2.1 Using neural networks to predict medical outcomes

In medical decision support several techniques are available for building clini-
cal prediction rules. Among these are a variety of statistical methods like linear
and logistic regression, discriminant analysis, expert knownledge and others. For
predicting dichotomous outcomes in medical contexts logistic regression is the
favored statistical approach.

The goal of this subsection is therefore to give a view on the prediction of
medical outcomes using neural networks compared to logistic regression. The os-
tensible question is: Why should effort be put into the designand implementation
of a neural network when prediction using logistic regression (LR) would be eas-
ier to realize and produce better results? Several works comparing the multilayer
perceptron with logistic regression analysis have been published, see for example
[45, 62]. In table4.1 the advantages and disadvantages are displayed. This is an
extended version of the table presented in [45]. While the advantages should be
clear to the reader, the disadvantages require further discussion. The second fact
from the list of disadvantages is thereby excluded a priori since reducing compu-
tation time is one of the driving forces of this work.

Missing transparency and black box character of the neural network describe
the fact that relationships mapped within the network are hard to identify. This is
an obvious issue in that the understanding of the problem’s solution - which the net
might have found - requires the researcher to be able to interpret the knowledge the
net has accumulated in its weight matrices. Which is as one caneasily imagine
a nontrivial task. Although not very convenient this can be solved by applying
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Table 4.1: Advantages and disadvantages when using neural networks compared
to logistic prediction.

Advantages over logistic regression

Require less formal statistical training.

Ability to implicitly detect complex nonlinear relationships between depen-
dent and independent variables. May produce a model of greater discrimina-
tion than LR.

Ability to detect all possible interactions between predictor variables.

Availability of multiple training algorithms.

Ability to predict outcomes for individual patients.

Disadvantages when compared to logistic regression

Transparency, black box character and limited ability to explicitly identify
possible causal relationships.

Requires greater computational resources.

Model development is empirical and many methodological issues remain to
be resolved.

Might be difficult to use in the field.

external4 algorithms which can extract rules from the networks weightmatrices.
However, as the main goal of this work is to investigate if a prediction is possible
and if so extract the crucial factors this issue has no impacthere. Even if it should
turn out in the end that further knowledge is desirable a ruleextraction algorithm
can still be applied to the final weight matrices.

Another disadvantage listed in the table is the empirical development of the
network. Although [45] was published in 1996 this is still true today. This is not
to say the tender spot of neural network theory. For example there are no formulas
or rules to calculate the correct number of hidden nodes for aproblem. Neither
is there a book or a catalog which lists the optimal topologies of neural networks
for specific problems. And although there are advises to be found in the literature,
to find an optimal or near optimal setting of the network staysa trial and error
approach. This in turn increases the demand for a faster learning network even
more. Since this reason is also one of the motivations for this work, where it is

4Meaning that the algorithm is working independently of the neural network algorithm al-
though it processes the network’s weight matrices.
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tried to improve learning speed by parallelizing, this factor is also rejected.
The last disadvantage on the list is the possible difficulty of using ANNs in the

field. What is meant here are the problems that may arise from the wish to publish
the acquired network data so others can use it in practice. This of course, is not
as easy as with the LR where it is sufficient to publish the regression coefficients.
But today’s methods of publishing the results are broader than in the year 1996.
If the results were really to be published a possibility would be for example to
create a web based form like the authors of [62] did and supply the users with
realtime results of their query. On the other hand it is planed to publish the soft-
ware implemented during the creation of this work under the open source license
GPLv2 anyway. This will allow any interested person to freely use and modify
the application. For this reason the usability of a possibleresult is not an issue and
this last disadvantage is also rejected.

Tu [45] concludes his comparison of LR and MLP with the statement that there is
no golden rule to prefer one method over the other. While in general this is still
true today, several papers proofing the advantage of neural networks over regres-
sion analysis in medical decision support are available.

For instance in the publication by Voss et al. in 2002 [62] the researchers
showed that for their task of predicting the risk of coronaryevents in middle-aged
men an ANN could substantially improve risk prediction compared to logistic re-
gression or a probabilistic neural network (PNN). Their conclusion was that the
MLP may help to prevent 25% of the events where LR and PNN wouldonly allow
a prevention of 15% and 10%.

A more recent paper written in 2005 by P.J. Lisboa and A.F.G. Taktak [59]
discusses the use of neural networks for decision support incancer. They give a
profile of the usage of ANNs in this field over ten years and showamong other
facts that in most of the trials the use of ANNs was beneficial over the traditional
methods and for the remaining trials they performed at leastas well.

Therefore and to answer the initial question: since the MLP based approach
to solving the task is at least as good as the LR based analysisit is plausible
to make the effort of implementing the ANN and evaluating thedatasets with this
technique. Further on it should not be forgotten that this work should also evaluate
if neural networks can generally benefit from the CBEA.

4.2.2 Optimizations of the backpropagation algorithm

Since standard backpropagation (BP) as introduced before usually needs an im-
practical amount of time before converging to a local minimum, neural network
research has always been focused on developing improved learning algorithms.
Therefore several methods for reducing learning time are known today. Among
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these are parallelization strategies of neural networks and algorithmic optimiza-
tions. While the parallelization strategies are discussed later in this chapter, some
of the algorithmic optimizations are now investigated.

As previously mentioned there are two general schemes by which neural net-
work learning can be applied: Online learning and batch learning. While Rumel-
hart et al. [17] could show that batch learning converges to a local minimumand
can give a better generalization capability than online learning, it will also take
longer to reach the desired error goal (in terms of a defined minimal MSE).

This is not the case for the optimized algorithms that were proposed during
the last decades. The majority of these algorithms is based on the batch learn-
ing scheme and outperforms the original backpropagation byfar which led to the
decision to prefer one of the faster algorithms over the original backpropagation.

However, when this decision was made the original backpropagation algorithm
was already implemented in an initial version of the neural network simulator,
therefore an algorithm had to be found that not only improvedlearning speed
and respected the given hardware constraints but also allowed reusing the already
created code base.

In general there are two classes of advances to the standard backpropagation
algorithm – numerical optimizations and heuristic approaches. While numerical
optimizations are usually well known techniques of which some have already been
investigated back in the 17th century, the heuristic approaches have been found by
analysis of the original backprop algorithm.

In [33] a comparison of the most commonly used backpropagation algorithms
on some of the datasets from the UCI Machine Learning Repository [2] is given.
Although different algorithms perform better on differentdatasets there is one
algorithm which nearly always converges to a low error in minimal time. This is
the Levenberg-Marquardt algorithm (LM).

Optimizations of the BP algorithm – the Levenberg-Marquardt algorithm

The Levenberg-Marquadt algorithm (LM) is a non-linear, numerical optimization
method which was first presented as a learning algorithm for neural networks by
Hagan and Menhaj in 1994 [54]. The algorithm is a variation of Newton’s method
and was originally designed for minimizing functions that are sums of squares
of other linear functions. However, this fits perfectly withthe previously defined
most commonly used performance index for neural networks, the MSE, since it is
identical to the sum of squares when each pattern occurs in the training set with
equal probability. As we will see later, the feature selection which is chosen to
solve the predictive task of this work also incorporates theLM algorithm.

For these reasons a brief description of the algorithm is nowgiven. Formula4.12
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shows the performance indexF for the Levenberg-Marquadt algorithm.

F(x) =
P

∑
p=1

(

K

∑
k=1

(tkp−akp)
2

)

(4.12)

Here x = (w1 w2 . . . wN)T is a vector representing all the weights of the
network. Similar to before when the MSE was definedtk is the expected value
of thekth output neuron and thepth pattern anda is the produced output for the
kth node and thepth pattern. Further doesP denote the set of all patterns andK
represents all output nodes. For simplicityF(x) is written as:

F(x) = ETE (4.13)

with E = (e11 . . . eK1 e12 . . . eK2 . . . e1P . . .eKP)T . Thus,E is the
cumulative error vector for all patterns. From formula4.13the Jacobian matrixJ
is now defined as follows.
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As the Jacobian is defined the weights can be adapted using thefollowing formula.
Therein all operands on the right side of the equal sign are operands based on the
current statet of the network:

w(t +1) = w−
(

JTJ+ µI
)−1

JTE (4.14)

Here I is the identity matrix andµ is a learning parameter.J is the Jacobian of
m output errors with respect ton weights of the neural network. The parameter
µ which is adapted during the learning process influences the behavior of the
algorithm. For increasingµ the algorithm approaches steepest descent with small
learning rate while forµ = 0 the algorithm becomes Newton’s method. Initially
µ is set to a small value like 0.01.

If a step does not produce a smaller value forF(x) then the step is repeated
with µ increased by a predefined factor. IfF(x) is decreased thenµ is reduced
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so that the algorithm approaches Newton’s method and therefore converges faster.
For this reason the algorithm provides a nice compromise between the speed of
Newton’s method and the guaranteed convergence of steepestdescent.

From the description of the algorithm as given above it is easily seen that the
number of arithmetical operations required per epoch and the needed computation
time for each complete forward propagation and the following weight update is
much higher than with standart batch BP. On the other hand the net error is reduced
at such a high pace that the total time it takes to reach comparable results with
other algorithms is much higher.

Nevertheless, although the LM algorithm shows a superior performance on
function approximation tasks over other available algorithms, it does not perform
so well on pattern recognition [33] – which is the task in this work. Another major
drawback are the memory requirements of the algorithm whichare quite demand-
ing. These requirements originate from the computation of Jacobian matrix which
is done in every iteration of the algorithm and which has a dimension ofP×N
whereP is the number of patterns andN is the number of weights. As one can
imagine, for bigger networks and datasets, this can exceed the memory available
for data and code in a local store of 256KB quite fast.

On the other hand there are modifications to the algorithm [33, 9] which divide
the Jacobian into submatrices and with this avoid the need ofstoring the matrix as
a whole in RAM/LS. But in turn, these efforts create an additional overhead for
the management and handling of the submatrices which reducethe performance
advantage of algorithm. Additionally it has to be noted thatfor an implementation
of the LM algorithm on the CELL/B.E. only a small portion of the already created
code base could be reused.

For these reasons it was decided to chose a different learning algorithm over LM
as the learning algorithm for the application to be developed. It should however
be an interesting task to port this algorithm to the CBEA.

Optimizations of the BP algorithm – the Resilient backprop algorithm

While LM can not always convince on pattern recognition tasks, the resilient back-
propagation algorithm [49] can. As shown in the performance analysis in [33] the
resilient backprop (RP) performs best on the pattern recognition datasets while it
is not as good as LM or others on function approximation tasks. However, the
performance on function approximation is not of such great interest in this work.
Another interesting fact of RP is that its memory requirements are relatively small
compared to all other algorithms (excluding the original BP). In fact, it only needs
fourfold the space of the original BP, or 4N bytes whereN is the space the weights
occupy in BP. For these reasons the RP algorithm is now described.
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The RP algorithm is a heuristic optimization of BP and was proposed in 1993
by Riedmiller and Braun of the University of Karlsruhe and is subtitled “A fast
Adaptive Learning Algorithm”. Like LM this algorithm is also a batch algorithm
which means that the weight update is usually done at the end of each epoch (see
formula4.9, on page32 for reference).

One problem with this update rule in BP is that the arbitrary variable ε, the
learning rate, has an important effect on the time needed until convergence is
reached. If it is set too small, too many steps may be needed toreach an acceptable
solution; but when it is too large it will possibly lead to continuous oscillation and
prevent the error from falling beneath a certain value.

Therefore the main idea of RP is to adapt the weights independent of an arbi-
trary variable and instead consider the topology of the error functionF as a factor
for weight adaption. For this reason every single weight in the net receives its own
specific update value∆um

i j which evolves during the learning process according to
its own specific sight of the error functionF .

This individual update value is computed at the end of each epoch (before the
update of the weights) for each weight as shown in the following formula. Please
note that as all values are only valid for a single weight in a specific layer the
indexesi j andmhave been omitted.

∆u(t) =







∆u(t−1)η+ , if ∆b(t−1)∆b(t) > 0
∆u(t−1)η− , if ∆b(t−1)∆b(t) < 0

∆u(t−1) , else
(4.15)

In the equations aboveη− and η+ are predefined real number for which 0<
η− < 1 < η+ holds true. On the basis of the calculated∆u the ∆w can now be
computed. This is done using the following formula which is an extended version
of the “Manhattan-Learning”-rule (first case has been added).

∆w =


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









−∆w(t−1) and∆b(t−1) = 0 , if ∆b(t−1)∆b(t) < 0
−∆u , if ∆b > 0
+∆u , if ∆b < 0

0 , else

(4.16)

The weight update, which is issued as usually with batch learning after each
epoch, is now simply realized using formula4.17.

w(t +1) = w(t)−∆w(t) (4.17)

With these modifications over the original batch backpropagation algorithm the
weight changes are now no more connected to the magnitude of the gradientb but
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only to the sign of two succeeding gradientsb(t) andb(t−1). It can be seen that
∆w is increased until the current gradient has a different signthan the previous
gradient. Thus, the algorithm accelerates in shallow regions.

If the gradient changes its sign it means that the algorithm has jumped over a
local minimum because∆w was too large. For this reason the first rule of equation
4.16was introduced: it reverts the corresponding weight back toits previous value
by setting∆w to the weight delta of stept − 1 with negated sign, additionally
∆b(t) is set to 0 – this prevents the modification of∆u in the next iteration. At the
same time∆u, which is not used in this iteration, is reduced byη−. Hence, for
the next iteration of the algorithm the weight will have the same value as before
the local minimum was passed but∆u will be smaller. The initial values of the
∆us are uncritical but usually set to a low value like 0.06, η+ is set to 1.20 and
η− = 0.5. To avoid underflows and avoid strong oscillation it is further defined
that 1e−6 < ∆u < 50.

It is quite facile to see that the RP algorithm although providing a considerable
speedup over the original backpropagation does not change the basic procedure.
There’s a forward propagation phase (of course, this also true for the LM algo-
rithm) and a backpropagation phase which is exactly the sameas in batch BP.
The sole difference is how the summed gradients are used to modify the weights,
which is a minimal change to the algorithm.

It further requires memory only for the following matrices:weight matrix,
batch matrix, previous batch matrix and delta matrix, whichis twice as much of
what the original batch BP needs but considerably less of whatthe LM algorithm
requires. Hence, the resilient backpropagation algorithmneeds less memory than
LM and is capable of producing better results for the patternclassification task of
this work.

For these reasons the RP algorithm was chosen to be implemented in the neu-
ral network simulator for CELL.

4.2.3 Other applicable optimizations

In the previous section an algorithm for improving the learning speed of neural
networks over the standart backpropagation was selected. The aim of this section
is to introduce other methods which can increase the speed ofconvergence but
which are not directly related to the learning algorithm. Hence, we will focus here
on an alternative activation function and an optimized initialization of the network
weights. In most neural network publications the activation function proposed for
sigmoidal hidden neurons is the logistic (log) function as shown in the following



4.2 An adequate network for this task 43

formula.

f (x) =
1

1+exp(−x)
(4.18)

The outputs of this function lie in the range (0,1). More preferable than the use
of the log function might be the use of the symmetric tanh function [12, 88] as
shown in equation4.19. While the tanh function is just a linear transformation of
the logistic function it was empirically found that tanh gives a faster rise to con-
vergence. Another reason is that the outputs produced by a symmetric sigmoidal
functions are on average close to zero. The following formula shows the tanh
functions and its relation to the logistic function.

f (a) = tanh(x) =
exp(x)−exp(−x)
exp(x)+exp(−x)

(4.19)

In [87, 88] it is further proposed to use a modified hyperbolic tangent (known as
tanh2 from now on) as shown in equation4.20so that the variance of the outputs
of the function is close to 1.

f (x) = 1.7159∗ tanh(
2
3

x) (4.20)

Due to the benefits which are reported in the cited literaturethis function is im-
plemented in the neural network simulator for CELL.

Another optimization that has a significant effect on the training process is the
optimization of the starting point of the search – the initialization of the connec-
tion weights. While there are several suggestions on how to initialize the network
weight, for example to draw the weights randomly from a uniform distribution
with special attributes [88], the method which usually yields the smallest error and
fastest convergence [4] for three layer networks is the Nguyen-Widrow method.

The Nguyen-Widrow method which was developed in 1990 [16] achieves this
by initializing the weights between input and hidden layer so that they are dis-
tributed fairly evenly over the range of the inputs. This hastwo major advantages
over randomly initialized weights. First, fewer hidden units are “wasted” since
the active regions of all units are in the input space and second, the speed of con-
vergence is enhanced due to the fact that each area or interval of the input space
has active regions.

In the following, the steps for weight initialization, as proposed by Nguyen and
Widrow and as implemented in the neural network simulator for CELL in a neural
network for the weights between input and hidden node layer,are shown.

• initialize matrix with random numbers in the range (-1, 1)
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• normalize all input weightswi j to a hidden nodei usingwi j = wi j ni where

ni =

√

1

∑J
j=0w2

i j

• define a scale factorF = 0.7H
1
I , whereH is the number of hidden nodes

andI is the number of input nodes

• adjust the weightswi j of all weight vectorsWi usingwi j = wi j F

• adjust the bias weights for each hidden nodei to wbi = sign(wi1)Fsi where
si = 2

H−1i−1

• in the last step the weights are now linearly scaled to account for the differ-
ent ranges of the inputs and the active ranges of the activation functions of
the hidden nodes

4.2.4 Feature selection

A training pattern which is fed into a supervised learning algorithm like a neural
network is built of a set of attributes. Each of these attributes has a different impact
on the performance of the prediction. The aim of a feature selection algorithm is
therefore to select the appropriate attributes or featureswhich are most important
for a given classification task.

The classical definition of an appropriate set of features isa set in which no
correlated and irrelevant features are contained [11]. This optimal set of attributes
will make the classifier more efficient, the understanding ofthe classification
model easier, the ability to generalize better and the data acquisition cheaper be-
cause the number of variables which have to be collected is minimized. In this
work the feature selection algorithm is especially important since it might reveal
the most crucial factor(s) from the presented datasets for the prediction of weight
loss. In general, feature selection algorithms usually utilize one of two main mod-
els.

The first is the filter model which is driven by the classical definition of an
optimal feature set as given above. It operates independently of the actual classi-
fication algorithm and can be seen as plugged in between the initial input features
and the induction algorithm; this is illustrated in figure4.5. As detailed by John
et al. in 1994 [26] this technique has several drawbacks. Primarily its indepen-
dence from the performance of the induction algorithm is problematic. Therefore
John et al. claimed that the filter model should be replaced bya more accurate
approach: the wrapper model.
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Figure 4.5: A sketch of the filter model for feature subset selection.

As shown in figure4.6in this model the feature selection method wraps around
the induction algorithm. Hence, it is possible to evaluate the results of the induc-
tion algorithm directly and extract the best performing feature subset in the end.
But therein lies also one of the disadvantages of the model: the search for the
best performing subset needs a lot of runs of the induction algorithm which can
make the approach unfeasible very fast. Different algorithms have been proposed

Figure 4.6: A sketch of the wrapper model for feature subset selection.

to address this problem. Three of these shall now be reviewedin the order of their
publication. In the end a conclusion is given which supportsthe selection of the
ANNIGMA wrapper approach as method of choice.

NNFS

The neural network feature selector (NNFS) was introduced in 1997 by Setiono
and Liu of the National University of Singapore [61]. As its name implies it has
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been developed for neural networks only. The NNFS follows the wrapper ap-
proach but it is very tightly coupled with the learning algorithm. In fact the ANN
backpropagation error function is replaced by an augmentederror function. This
function which is minimized using a quasi-Newton learning algorithm consists of
two parts. The first part is a measure of network accuracy and the second is a
measure of network complexity.

NNFS is based on the idea that a network will have connection weights with
large magnitude only for those inputs that are important forthe prediction. On
the other hand attributes with smaller weights are not as important and can be
removed from the network’s input vector without a strong decrease in network
accuracy, if the network is retrained.

Attributes which should be removed are identified as follows. At first the
network is trained with all attributesN until the minimum required accuracy is
reached. ThenN new neural networks are created which have exactly the same
connection weights as the original trained network except that the connections of
one attribute from input to hidden layer are set to zero.

These new networks are then tested and ranked according their accuracy on the
test set. Starting with the highest ranked network it is now evaluated how the
network performs on the test set when it is retrained with thetraining set. If the
currently tested networks accuracy is not below a thresholdwhich is previously
defined it is set as the new “original” network and the featurewhich had its con-
nection weights set to zero is removed. The algorithm terminates when none of
the ranked networks can deliver a network accuracy within the range defined by
the threshold. Thus the algorithm runs as long as its possible to remove features
without degrading the prediction performance beneath a certain threshold.

Setiono and Liu tested NNFS on six artificial datasets and four real world
datasets. All of them were gathered from the UCI Repository [2]. They reported
that for the artificial datasets the algorithm was able to identify the relevant fea-
tures in most of the experiments and in the real world datasets it could eliminate
a great number of attributes from the original set and thereby improve prediction
performance over the original neural network.

A DistAl based genetic algorithm (GADistAl)

The use of genetic algorithms (GAs) in combination with neural networks or neu-
ral network structures is possible in a variety of ways.[47] In 1997, Yang and
Honovar [37] proposed a GA for subset selection of features for neural network
learning. This wrapper-like approach is supported by the fact that GAs are gener-
ally quite effective for searching large multimodal searchspaces while ANNs are
particular effective at finding a fine-tuned solution.[47]

Nevertheless, since a typical run of a GA involves many generations and as
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every single individual of a generation (network with different attribute configu-
ration) must be evaluated (trained) using the fitness function (rate the accuracy of
the network) the naive approach to this proposal is unfeasible in terms of compu-
tation time. Additionally, Yang and Honovar note that sincethe space of network
topologies has to be searched on top of the attribute space the computational de-
mands of this approach are even more increased.

For this reason the researchers suggested the use of DistAl as the induction al-
gorithm. DistAl is an inter-pattern distance-based constructive learning algorithm
developed by Yang et al. in 1997 [36]. The algorithm generates a multilayer per-
ceptron with one hidden layer of hyperspherical threshold neurons. It starts with
an empty hidden layer and begins to add neurons one at a time. This is done using
a greedy strategy that ensures that each hidden neuron correctly classifies a max-
imum of training patterns belonging to a single class. Patterns that are correctly
classified are removed from the training set. The algorithm terminates when the
set is empty, that is when the whole training set is correctlyclassified.

As one might already have assumed the computational expenseof evaluating
which patterns belong to a single class and modifying the weights and thresh-
olds of the constructed network is far less expensive than training the network
using conventional methods. Nevertheless, the researchers reported that the cre-
ated classifiers were quite comparable to neural networks which were trained us-
ing standart algorithms. Additionally, DistAl finds an acceptable solution to the
network topology problem.

On this basis the GA was implemented around DistAl using a rank-based se-
lection strategy. In general the algorithm works as alreadysketched above: Each
feature subset is an individual of the population and is represented by a binary
vector in which each element indicates that the corresponding feature is used (1)
or not used (0) in this individual. For every individual DistAl creates a neural net-
work. The fitness is evaluated using the accuracy of the neural network on a test
set and the cost of the acquirement of the features used. The cost of acquirement
is a measurement for the risk or financial cost of gathering the selected attributes.
The idea behind the introduction of this additional term is to provide an additional
variable which might allow the GA to produce results having agood accuracy at
moderate risk/cost.

Like the NNFS algorithm the GA was also tested on the datasetsof the UCI
Repository. The first thing the researchers noticed was that the GA using the
combined fitness function outperformed the GA using the accuracy-only fitness
function in every experiment in terms of number of features,generalization ac-
curacy and the number of hidden neurons. The argumentation for this finding is
that the combined approach forces the reduction of the number of features and
therefore leads to a better generalization performance.

It was also shown that GADistAl delivered very good results on the UCI Datasets
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compared to other feature selection methods at the time of the publication of the
GADistAl paper. In fact, it outperformed all previously applied methods includ-
ing NNFS in terms of network accuracy. However, these results must be seen
critical, since the individuals (networks) produced by theGA were only evaluated
using the same dataset which was used for their training. Thereal generalization
performance of GADistAl is therefore not known.

ANNIGMA

The ANNIGMA wrapper approach to fast feature selection for neural networks
was introduced in 1998 at the 10th IEEE Conference on Tools with AI in Taipei
by Hsu and Schuschel [11]. The approach is also supported by [7] wherein it is
explained why a heuristic guided wrapper approach can be effective. As reasoned
in more depth in the next section the ANNIGMA wrapper is the method which
was selected to solve the objectives defined in this work. Therefore it will be
described in more detail than the previous approaches.

ANNIGMA is an abbreviation for Artificial Neural Network Input Gain Mea-
surement Approximation and represents a heuristic method for directed feature
subset search. This search is done on the basis of a relevanceranking of all fea-
tures. The relevance is hereby defined by the trained connection weights and the
classification performance of the neural network on a test set. Since the algo-
rithm is not relying on the weights alone the impact of occasional occurring errant
weights can be minimized.

For the actual selection of features several search strategies have been proposed.
These are forward selection (FS),greedy backward elimination (BE), backward
elimination with backtracking (BEB) and backward stepwise elimination (BSE).
While FS starts with an empty set of features and greedily addsthe next best
ranked feature, BE and BEB both start with all features and iteratively remove
the one with worst ANNIGMA score. The difference is that BEB will add the
removed feature again when the performance degradation is higher than a pre-
viously defined delta while BE just terminates the search and uses the previous
subset configuration. BSE is similar but makes uses of a more complex rule set
and will remove or readd more features at once.

The researchers found that different strategies are more appropriate than others
on specific datasets. FS performs well for datasets that onlyneed a small number
of features. As it is also the fastest search strategy it is also recommended for
datasets with a large number of features. On datasets with many features BSE is
also very effective while it is more conservative than FS when dropping features.
It is also considerably faster than BEB. BEB on the other hand performs quite
well on datasets having a smaller number of features. For large sets it is very
slow due to its single step (single feature at a time) backtracking procedure an
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may also include too many features in the result. The pure BE works satisfying
for most of the datasets but may remove important features because of the lack of
backtracking.

As said before ANNIGMA similar to NNFS operates on the connection weights
of the neural network. Both approaches make use of the property of the learning
algorithm to assign low weights to nonrelevant features andhigh weights to more
influential features. ANNIGMA is based on a three layer perceptron using back-
propagation learning. For such a three layer MLP in which allhidden nodes utilize
the same sigmoidal activation functiong2 the value of an output nodea3

k having a
linear activation functiong3

k can be expressed as follows.

a3
k = g3

k ∑
j

g2

(

∑
i

a1
i wi j

)

w jk (4.21)

The notation is oriented on the introduction of the MLP as presented starting from
page28. Thus, theam

i represent the output of a nodei of layerm. Form the pos-
sible values for the three layer MLP here are 1,2,3 representing the input, hidden
and output layer, respectively. Form= 1 it is assumed in the ANNIGMA model
that no activation function is used. Thus, the elements of the input vector pass
right through the input layer without being changed and input nodes are simply
the injection points of the input vector elements to the network. As before thewi j

are the connection weights between nodei and nodej. In the formulai, j andk
correspond to the input, hidden and output nodes.

With the given formula it is possible to isolate a single input element/nodei and
represent the remaining weighted node inputs as a constant valueCi j which acts
as a setpoint on the curve of the hidden node activation function.

a3
k = g3

k ∑
j

g2(a1
i wi j +Ci j

)

w jk (4.22)

Although of this simplification the function is still to complex to analyze directly.
Therefore Hsu and Schuschel decided to approximate the total relative gainG of a
particular input nodei to a specific output nodek by substituting a linear factorF
for the sigmoidal activation functiong2. To reduce the error of this approximation
the input values have to be scaled to the same range, which wasdone in this work
as described in chapter2.6. After the substitution formula4.22is transformed to
formula4.23.

a3
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F
(
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i wi j +Ci j

)

w jk (4.23)

The local gainLG is then defined as shown in formula4.24. And sinceg3
k andF

are common factors to the ANNIGMA’s numerator and denominator they can be
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dropped which leads to formula4.25.
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The final ANNIGMA score which is the basis of the ranking for the heuristic
search algorithms is then computed using theLG normalized to a scale of 100:

ANNIGMAik =
LGik

max(LGk)
∗100 (4.26)

This ranking is done in every iteration of the outer loop of the ANNIGMA wrap-
per. In this loop (wrapper cycle) the next feature subset is selected based on the
ranking and the classification performance of the network which is evaluated in the
training cycle. The selection is performed using one of the search strategies. In the
inner loop (training cycle) the network is trained using theLevenberg-Marquardt
algorithm and the given feature configuration and tested in every iteration of the
10-fold-cross validation against the remaining 10th block. Thereby the test er-
rors and the annigma scores of each of the 10 runs of the cross-fold validation are
summed up. These sums are the basis for the evaluation of the feature selection by
the search algorithms. Additionally, it is compared if the currently achieved error
sum is the smallest sum of errors until this iteration. If this is the case the attribute
configuration is stored. For the analysis of the performanceof the ANNIGMA
wrapper in the original publication the wrapper cycle itself was run 30 times. For
every iteration, after the wrapper cycle terminated, the stored attribute configura-
tion was used to average the test error on the hold out datasetfrom ten independent
training/test runs of the network. The best performing set of features is then se-
lected based on this averaged error. An overview of the wrapper and the training
cycle in pseudocode is shown in algorithm 1. ANNIGMA was successfully tested
on several UCI datasets and in two real-world applications bythe researchers.
Comparing the results on the UCI datasets ANNIGMA could outperform most of
the recent advances in terms of the number of features and prediction accuracy.
However, it could not achieve such good results as GADistAl.Nevertheless, the
values provided for GADistAl have to be seen critical as theywere only deter-
mined for prediction on the training set. Additionally, GADistAl handled feature
reduction quite conservatively.

The researchers conclude that ANNIGMA offers an interesting approach to the
wrapper model for feature subset selection but on large dataset it still requires
a lot of training cycles. This could be improved however if itwould be known
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Algorithm 1 The wrapper cycle and the training cycle of ANNIGMA
function ANNIGMA -WRAPPER(TrainingDataset,HoldoutDataset)

net← newMLP ⊲ create a new MLP feedfwd network
n← 10 ⊲ set the number of validation cycles
A←{Attributes, /0} ⊲ set initial A depending on selected search heuristic
term← f alse ⊲ set termination variable for wrapper to false
heuristic←{FS,BE,BEB,BSE} ⊲ set search heuristic
while term== f alsedo ⊲ wrapper cycle

total err← 0
total ann← 0
TD← randomlyOrder(TrainingDataset)
for i← 0, ..,n−1 do ⊲ training cycle

net.InitWeights() ⊲ reinitialize networks weights
net.train(A,TD−TDi) ⊲ train network
neterr← net.test(A,TDi) ⊲ test network
total err← neterr+ total err
ann← calcAnnigma(A,net.weights(),neterror) ⊲ ANNIGMA
total ann← ann+ total ann

end for
if total err < best total err then ⊲ keep only best feature subset

best total err← total err
Best A← A

end if
[A, term]← selectAttributes(A,Attributes, total ann, total err,heuristic)

end while
return (Best A,best total err)

end function

how many training cycles are really needed to allow the evaluation of the optimal
feature subset through the ANNIGMA heuristics. In the end ofthe paper they also
note that since there are still datasets in the UCI repositoryon which no feature
selection strategy works satisfyingly well for the global dataset it might be needed
to discover algorithms which are able to find locally relevant attribute selections.

Choice of a feature selection algorithm

The three algorithms introduced above have all delivered good results on the se-
lected datasets of the UCI repository. However, only one is chosen for the final
implementation. The prediction performance of all three algorithms and the pro-
duced number of features is summarized in table4.2. Additionally, the perfor-
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mance values of a neural network using the initial number of features is given.
The table is an extended version of that shown in [11]. Therein also the datasets
are described in detail. It is also required to note that the the table only allows a
rough comparison of the algorithms, since they have all beenrun with different,
unknown parameter sets (learning algorithm, number of epochs, preprocessing,
etc.).

The table shows that GADistAl performed best in terms of accuracy while AN-
NIGMA usually produced the smallest feature subsets with worse but acceptable
prediction results. Although NNFS also performed well on the datasets it can
not keep up with the results of the former algorithms. For this reason NNFS is
discarded at this point from further consideration. On the other hand GADistAl
delivers very good results, has the GA-typical potential for parallelization and ad-
ditionally solves the network topology problem. Nevertheless, the performance
numbers acquired with GADistAl are hard to rate as the authors have evaluated
the network’s prediction performance using the training data and therefore the
delivered results allow no statement about generalizationperformance.

Another aspect is that - although the GA has the potential forparallelization -
the use of DistAl requires the creation and maintenance of two distance matrices
which grow quadratically with the size of the training set. Since the local store
of the computation cores of the CBE are quite small this would probably lead
to a lot of data transfers between local store(s) and main memory. In addition
the GAs selection of features seems to be quite conservative, in comparison with
ANNIGMA or NNFS. A good example therefor is the vote dataset:While AN-
NIGMA and NNFS identified two features as the main input variables, GADistAl
holds up the accuracy and keeps nine features in the set. Thisbehavior could
make finding the most influential features for prediction hard. It might however
be overcome by adjusting the costs of the features.

Anyhow, it was decided to use ANNIGMA as the feature selection method
which will be used in this work. ANNIGMA seems to produce a minimal set of
features with acceptable generalization performance “outof the box”. Another
advantage is that the ranking of the features is directly derivable from the calcu-
lated ANNIGMA scores. Which is beneficial for the determination of the most
important factors. Finally, the authors of the ANNIGMA wrapper approach are
the only researchers allowing an in depth look at their algorithm since they also
published the MATLAB code of their work.



4.2 An adequate network for this task 53

Table 4.2: Performance of the different feature selection algorithms. The values
have been taken from [11, 61, 37]. The bold values are the minimal number of
features or the minimal prediction error in percent for the corresponding dataset.

Dataset
NN ANNIGMA GADistAl NNFS

Feat# Err% Feat# Err% Feat# Err% Feat# Err%

3P 13 9.3
±14.7

3.0
±0.0

0.0
±0.0

6.6
±1.6

0.0
±0.0

N/A N/A

Monk3b 15 2.8
±0.0

2.2
±0.4

2.8
±0.0

N/A N/A 3.9
±1.8

1.6
±1.7

Cancer 9 4.2
±6.3

2.8
±1.1

4.6
±2.5

5.4
±1.4

0.7
±0.9

2.7
±1.0

5.9
±1.0

Credit 15 14.0
±2.1

6.8
±2.8

12.0
±1.1

8.0
±2.1

8.5
±2.8

N/A N/A

Heart(Clv) 13 22.8
±4.4

3.3
±2.2

23.9
±0.3

7.3
±1.7

7.1
±3.6

N/A N/A

Heart(LB) 13 20.0
±0.0

2.8
±1.0

22.7
±2.5

7.1
±1.7

9.0
±5.7

N/A N/A

Ionosphere 34 11.4
±3.9

3.0
±1.4

11.1
±3.4

17.3
±3.5

1.4
±2.4

N/A N/A

Pima 8 24.1
±5.0

2.5
±0.9

24.7
±4.0

3.8
±1.5

20.5
±3.1

2.9
±0.2

25.7
±3.3

Promotors 57 34.5
±6.5

2.3
±0.6

29.1
±3.0

28.8
±3.3

0.0
±0.0

N/A N/A

Sonar 60 15.8
±3.2

10.5
±3.0

19.5
±2.0

30.7
±3.7

2.8
±2.9

3.9
±0.8

6.2
±2.8

Vote 16 3.2
±0.0

2.0
±0.2

3.2
±0.1

8.9
±1.8

1.2
±1.2

2.0
±0.2

5.2
±1.6

4.2.5 Parallelization of neural networks

Due to the computational demands of artificial neural networks the idea of using
their natural given parallelism to increase the training or/and classification speed
is not new. In 1992, Tomas Nordström and Bertil Svenson published a paper
about using and designing massively parallel computers forartificial neural net-
works [72]. Therein they identified four main strategies of parallelizing ANNs:
training session parallelism, exemplar parallelism, nodeparallelism and weight
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parallelism.
In the following those four strategies are analyzed for their use with the CBEA.

The analysis is supported by the work of Pethick et al. published in 2003 [48].
Therein all four methods were dissected for the use on a cluster computer with
a maximum of 32 Pentium II nodes. The decisions and remarks inthis paper
provided a good guideline for an efficient implementation onthe CELL, since
when applying a parallelization strategy on a cluster of nodes connected through
a 100MB switched ethernet LAN the communication cost is considerable more
crucial than on a multicore architecture with a high bandwidth interconnection.

Thus, methods giving a significant speedup on a cluster computer should, in
principle, also give good results on the CELL. On the other hand it is possible that
methods which were discarded on the cluster yield good performance on CELL.
The analysis, description and selection of the parallelization strategies is followed
by a discussion of the suitability of the vector/SIMD instruction sets in the CELL
for neural network simulation.

Training session parallelism

Training session parallelism is based on the fact that the backpropagation learn-
ing algorithm might need several attempts to find a good classifier since it can
get stuck in local minima during the search. As described in section4.1.4a near
optimal solution can normally be found by changing the starting point of the algo-
rithm in the search space thus running the algorithm multiple times using different
initial connection weights.

The idea behind training session parallelism is therefore to simply spread those
independent, consecutive runs across the available computation nodes and select
the best performing network in the end. This strategy can be especially useful
when searching on a very noisy error surface. Training session parallelism is
ideal for parallel execution because it requires no communication and is there-
fore not susceptible to the law of diminishing returns (a special case of Amdahl’s
law) and should theoretically lead to peak performance. Whenall nodes are uti-
lizing the same architecture this technique is additionally very convenient since
no code modifications are required because the sequential algorithm can be run as
is. However, for the CBEA this is not quite true since the user will want to take
advantage of the powerful vector/SIMD instructions available on the architecture,
which might make it necessary to improve the code manually toget optimal re-
sults.

All in all the training session parallelism is an interesting strategy but no specific
study of a parallel algorithm for neural network learning. Therefore it was not
implemented on the CBEA in this work.
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Weight parallelism

Weight parallelism is the most fine grained approach to parallelizing neural net-
works. The idea of this strategy is to calculate the input signals to the neurons
on the next layer in parallel that is the weighting of the outputs of the previous
layer is parallelized. The summing is done using an appropriate communication
scheme. This approach is probably most useful for an array ofmany small not so
powerful nodes with high speed interconnections. A modern system similar to the
connection machine as developed by Hillis et al.[79] might be a good platform for
the application of this strategy. For the CELL/B.E. as for a cluster computer this
strategy does not seem feasible since it needs a large numberof (short) messages
and the computation time for weighting a single input value takes considerably
less time than transferring the data to the computational node. Optimizing this
strategy to make it more for feasible e.g. by combining the weighting and sum-
ming operations for one specific neuron so it can be done on onecluster element
and thus reducing communication load leads more or less to variants of the node
parallelism which is the next strategy to be discussed.

For these reasons this strategy was also not considered for implementation on
the CBEA.

Node parallelism

Node parallelism makes use of the natural parallelism of neural networks im-
plied by their structure. This strategy in its most basic form allocates every single
neuron to a node of the cluster. Thus, every cluster element has to compute the
activation function of one specific neuron. As this would lead to a comparable
inefficiency as in weight parallelism a number of neurons of the same layer is nor-
mally mapped to one cluster node along with their associatedconnection weights.
Thus, the cluster nodes not only compute the activation function of a number of
neurons they also multiply their input values by the corresponding connections
weights and sum them together.

In the following it is also assumed that the last layer of hidden nodes addi-
tionally holds the weight matrix to the output layer and hence also computes the
partial sums of the output layer. This last constraint is notgiven in the paper by
Pethick et al., however, their formula for the number of messages which is dis-
cussed below can only be achieved when combining the last hidden layer and the
output layer. If online learning is required the maximal parallelism achievable is
the layer parallelism meaning that only the output of all neurons belonging to a
single layer can be computed in parallel. The reason is clear: the output values
of those neurons are mandatory for the computation of the next layer. However,
if batch learning is used a pipeline based or buffered approach with a subset of
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processes for every layer could be realized.
Although node parallelism generates a relatively large number of small mes-

sages with a good neuron-to-cluster node mapping it could lead to a speed up in
comparison to a sequential version of the algorithm and was hence implemented
by Pethick et al. on their cluster computer. Note: the algorithm implemented by
the researchers is an algorithm based on online learning. The following commu-
nication scheme was used for forward propagation:

1. The Master broadcasts the previous layer’s output vector.

2. Each node computes its subset of the current layer’s output vector.

3. The Master gathers the current layer’s output vector fromall nodes. Go to
1 until last layer is reached.

and for the backpropagation:

1. The master scatters the sum of products of deltas and weights (partial delta)
of the preceding layer (closer to output layer) to the nodes.

2. Each node:

• computes the delta values for each assigned neuron by multiplying the
derivative of the corresponding activation function and the partial delta
(see eq.4.6, pg. 31 for reference).

• computes one addend for the partial delta for each node of the previous
layer (closer to input layer) by multiplying the deltas of each node with
its corresponding incoming connection weights.

• sends these addends to the master.

• adapts the connection weights using the output of the previous layer
(which is still known to the node from the forward pass).

3. The master sums together all addends of one node of the previous layer
(partial delta) in preparation for the next round. Go to 1 until input layer is
reached and all weights are adapted.

Based on the given procedure the total number of messages needed for one epoch
of online training was evaluated. Initially, the master sends the input values and
the expected output values to each of the cluster nodes. Giving P−1 messages,
whereP is the number of processes or computational nodes. Since themaster
itself is such a node one message can be omitted. Then, after the nodes have
finished processing these inputs they would send their results back to the master
which would then spread these again to all the nodes. Giving the final number
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of messages with(H + 1) ∗ (P− 1) for one pattern, whereH is the number of
hidden layers. For unknown reasons in [48] it was decided to use a different
communication pattern to broadcast the results computed bythe nodes. In fact,
they used a tree based broadcast method, communicating the results from every
node directly to every other node. Therefore their approachrequires sending(P−
1)+ H ∗P∗ log2(P) messages. As said before it is not clear why they used this
method because as shown later for exemplar parallelism Pethick et al. also chose
to use the other approach. They might have done this in order to keep the message
size small or to do a partial summation of the final error already on the way to the
master but it is not reasoned in the paper.

For the backward propagation there are 2∗ (P−1) messages to be sent. This
describes the master scattering the error vector to every node and, after updating
and computing, the nodes sending their error contribution back to the master. This
results in a total number of messages for one epoch as implemented by Pethick et
al. as shown in the following formula

#Messages= T ∗
(

(P−1)+
L−2

∑
i=1

(P∗ log2(P)+2∗ (P−1))

)

(4.27)

and theP−1 based approach as shown in formula4.28

#Messages= T ∗
(

(P−1)+
L−2

∑
i=1

4∗ (P−1)

)

(4.28)

In the equations aboveL denotes the number of layers (including input and output
layer) andT is the number of total training patterns. Albeit the numerous mes-
sages which are generated when using this approach the researchers reported a
significant speedup. They further found a strong correlation between the perfor-
mance and the size of the network when driving the tests with three layer MLPs
with increasing node numbers. The smallest tested network they tested had 250
input nodesN and the biggest network had 2000. The remaining two layer were
always adapted to be34N nodes for the hidden layer and12N nodes for the output
layer. The networks were also tested with different datasetsizes ranging from
100 to 20000 rows but only a very weak correlation between dataset size and per-
formance was found. The worst case for node parallelism is therefore a small
network size with a large dataset which will lead to message latency determining
training speed and hence a degraded performance.

As it is expected that the node parallelism strategy can provide a speedup over a
non parallel neural network it was selected for implementation on the CELL/B.E.
Additionally and much to the support of this choice, the learning algorithm used
in this work uses a batch update scheme and should therefore allow a superior
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performance in comparison with the work of Pethick et al. Note, however that
for reasons of simplicity in the first implementation of nodeparallelism for the
CELL architecture the advantages of the batch update for performance improve-
ment against online update were disregarded. Due to time constraints an opti-
mized version of node parallelism was only theoretically designed. Thus, the cur-
rent implementation of node parallelism (chapter6.1.2) could also be used with
an online learning scheme.

Although it is quite probable that node parallelism will be less efficient than
exemplar parallelism, it should be interesting to investigate how the size of the
hidden layer influences the speedup and how the approach scales with rising di-
mensionality of the network on this new architecture.

Exemplar parallelism

This strategy uses the training dataset as base for the parallelization in that the
dataset is spread across all computational nodes. All of these nodes have a full
neural network on their own. Each of these networks is initialized with the same
state that is the same weight matrix values. Then the nodes/processes train their
local nets using a offline learning based scheme. Thereby theforward propagation
phase is run as is using the assigned dataset rows of the process. But instead of
adapting the weights when running the backpropagation the weight changes are
accumulated in a weight change matrix. After each epoch the weight change
matrices from all nodes are summed up and averaged over the total number of
presented patterns. The result is a gradient matrix which isused to update the
original weight matrix. For the next epoch this new weight matrix replaces the
former matrices on all cluster nodes. The steps of this algorithm are summarized
as follows:

1. The network is initialized on a master node.

2. The master sends the corresponding part of the dataset to every node.

3. The master broadcasts the neural network’s weight matrixto every node.

4. Each node:

• computes the weight change necessary for all of the input patterns for
the received training set and accumulates their weight changes in a
matrix.

• sends this matrix back to the master.

5. The master uses the received matrices to modify the original matrix. Go to
3 until stopping condition (convergence, maximum number ofiterations) is
reached.
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It is obvious that this technique should allow a significant speedup over the se-
quential training. The only requirement is that the datasethas enough rows so the
distributed training can compensate the communication latency for the transfer of
the weight change matrices to the nodes. When using a small cluster of maxi-
mal 32 nodes like [48] or 8/16 nodes like on the CBE/double CELL blade this is
usually not a problem.

The number of messages necessary for the training of one epoch is:

#Messages= 2∗ (P−1) (4.29)

The number is preferably small since there are only two broadcast messages nec-
essary. This is also the reason why exemplar parallelism wasidentified in [63] as
the preferred strategy for neural network parallelization.

It is facile to see that the performance gain exemplar parallelism can deliver
requires batch learning. The use of exemplar parallelism incombination with on-
line learning will lead to a degradation of performance. This is obvious as a global
weight matrix update would get necessary for every single pattern, converting the
parallelization strategy back to a very slow sequential algorithm. In contrast, node
parallelism may also give a performance improvement when online learning is
used. The performance results report by Pethick et al. for exemplar parallelism
are convincing: A maximum speedup of 16.66 for all 32 nodes could be achieved.
As expected the researchers further found that exemplar parallelism exhibits a
strong correlation between dataset size and performance but only a weak corre-
lation between network size and performance. However, for very large networks
performance may degrade. This is apparent since the size of the network deter-
mines the length of the messages to be sent. When the network islarge enough
the transfer latency for the weight matrices might overshadow the performance
benefit of the distributed calculation.

Anyways, the good performance results reported for exemplar parallelism makes
it an inevitable candidate for the implementation on the CELL/B.E. For the CEL-
L/B.E. implementation of exemplar parallelism it is also expected that the point of
degradation reported by Pethick et al. due to network size sets in much later be-
cause of the much higher communication speed between the SPEs in comparison
to the nodes of a cluster computer.

Vector/SIMD extensions for neural network simulation

In the previous sections the parallelization of neural networks across the process-
ing elements was discussed and two strategies having the potential to decrease
runtime were selected. In the CELL/B.E. however three levels of parallelism are
available. These are thread parallelism – since the PPE can execute two threads at
once, core parallelism – as discussed previously and data level parallelism (DLP).
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The suitability of DLP which is supported through the vector/SIMD extensions
on PPE and SPE for the neural network algorithm is examined inthe following.
To exploit these extensions to achieve a further speedup on top of the chosen par-
allelization techniques two general requirements must be met. First of all it is
needed that the performed computations use operands which can be read from
contiguous memory locations. And second, the precision required for the results
should fit to the vector extension i.e. it should be possible to use the most efficient
operands on the specific hardware without losing so much precision that the re-
sult is rendered useless. In the case of the CELL/B.E. the preferred precision for
floating point operations is therefore 32-bit [69].

An analysis of the presented learning algorithm shows that requirement one is
fulfilled directly. In fact, the most time consuming operations of the algorithm are
matrix-vector operations which are perfectly suited for the vector extensions. And
since the results produced by such vector operations are normally also stored in a
contiguous way the remaining operations (i.e. activation function) which process
these values also meet this criterion by design. The second requirement is also
satisfied since Holt and Hwang could show that for a neural network of the MLP
type even a precision of 16-bit is sufficient in most of the applications[44]. A
thorough analysis and comparison of the suitability of several SIMD extensions
for neural network training has been done by Strey [5] in 2003. Therein he made
several observations. First of all he noted that a medium to high acceleration of the
learning algorithm could be achieved on all vector extensions tested. Further on
he noticed that SIMD-parallel fixed point operations are always faster than their
SIMD-parallel floating point counter parts. And finally he found that the vector
extensions giving the most speedup to the learning algorithm were AltiVec and
MMX while AMDs 3DNow! provided the highest performance on pure float-
ing point operations. Strey closed his work with proposals of enhancements of
the vector extensions which would allow to improve learningspeed even more.
Thereby he particularly criticized the inability of some units to round low preci-
sion integer results which denies the use of a fixed point approach on these units.
A feature the well performing AltiVec unit is capable of.

The conclusions of his findings for this work are that, as assumed earlier, the
use of SIMD instructions for neural network learning shoulddeliver a significant
speedup over a purely scalar implementation and that this should hold especially
true for the CELL/B.E. since the vector extension of the PowerPC core is an Al-
tiVec unit and the SPEs are vector processors which are even more powerful than
the AltiVec unit in terms of speed and the number of registers. As a further speed
improvement the use of SIMD integer operations on 16-bit fixed point encoded
floating point numbers (8 operations at once) instead of SIMDfloating point op-
erations with 32-bit floating point numbers (4 operations atonce) is an option.



4.2 An adequate network for this task 61

4.2.6 Setup for performance evaluation and prediction

In this chapter methods and algorithms have been reviewed and selected which
should allow to speed up network learning compared to common, sequential im-
plementations and to solve the predictive task as defined in this work’s objectives.
Thus, what is now needed is the conflation of all those considerations to setup
the parameters of the different neural networks. At hand there are two classes of
tasks : the performance evaluation of the created parallelization strategies and the
evaluation of the previously described datasets using the ANNIGMA wrapper. In
the following the setup parameters for both classes are presented.

Network setup and datasets for the performance evaluation

To explore if the speed of neural network learning is improved over common, se-
quential implementations when applying parallelization strategies to a heteroge-
neous, multicore architecture like the CELL/B.E. and to provide results which are
comparable to other studies of parallelized neural networks (for example [48]), a
special setup is needed which is now described. In [48] the two selected strategies
were evaluated using different sized three layer perceptrons along with different
sized datasets. The network topologies were thereby set using N− 3

4N− 1
2N,

whereN is the number of input nodes. Values used forN were 250, 500, 1000
and 2000. On the other hand the evaluation of the behavior of the paralleliza-
tion strategies on the size of the datasets was tested by using datasets with 100,
1000, 10000 and 20000 rows. Where the number of input parameters and output
parameters per set was determined by the network topology. The researchers fur-
ther conducted their performance evaluation for speedup within the strategies by
measuring the execution times with different numbers of processes. The number
of processes used were: 2, 4, 8, 16 and 32. To create a completely comparable
analysis it would be required to use exactly the same settings which is not possible
here due to two hardware constraints.

At first, there is the fact that even on the dual CELL blade thereare only 16
SPEs (+2 PPEs, which are not taken into account) available. And second, the lim-
ited size of the local stores of the SPEs restricts the tests to anN of 300 for node
parallelism and toN of 100 for exemplar parallelism. It has to be noted that for
networks of these dimensions it is already needed to apply a sophisticated double
buffering approach (as shown in chapter6) to guarantee execution and perfor-
mance. As of the unavailability of 32 SPEs only the followingSPE configurations
were tested: 2, 4, 8 and 16.

For the problem concerning local store memory, it was decided to reduce the
network dimensionN to: 12, 25, 37, 50, 62, 75, 87, 100 with additional values of
N for node parallelism of 150, 200, 250 and 300. Values ofN greater than 100
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could be tested with NP because this parallelization strategy implies dividing the
network across the 2, 4, 8 or 16 nodes which in turn reduces memory requirements
for the single node. The dataset sizes were not reduced. Instead to allow a more
thorough exploration of the behavior of the ANN simulator additional intermedi-
ate sizes were introduced. Hence, the dataset sizes to be tested were 100, 500,
1000, 2500, 5000, 10000, 15000 and 20000 rows.

There are two main reasons why it was decided to reduceN instead of the
dataset size. For large datasets, as said before, a double buffering approach can be
applied, while there is no simple solution for this problem for network architecture
(except, of course, for node parallelism itself). Second, for most of the realworld
experiments a smallerN is often sufficient.

In contrast to Pethick et al., who were only comparing the performance between
the two selected parallelization strategies and within each strategy when using a
different number of computation nodes, here a comparison with other sequential
implementations incorporated in the neural network simulator for CELL/B.E. will
also be given. To allow a fair comparison of the results the number of training
epochs was set to 50 as the time for the transfer of the SPE codeto the SPE nodes
is also measured and might have a considerable influence on the performance
results when training only a single epoch.

Network setup for the prediction

Apart from the performance analysis the aim of this work is the prediction of
weight loss in obese individuals and the identification of crucial factors. However,
it has to be noted that the feature selection was implementedin the current, pro-
totyped version of the network simulator only for the singleSPE execution mode.
Although in principle possible, there are several pitfallswhen modifying the used
ANNIGMA implementation to take advantage of the incorporated parallelization
strategies. Therefore and as it was not mandatory to use the parallelized network
learning within the feature selection, the realization of this task was removed from
this work and may be realized as an independent project.

As discussed in chapter2 there is a total of three different datasets which are
evaluated using the ANNIGMA wrapper. Since it is the aim of this work to find
the best possible feature configuration for each of these datasets it was decided
to not only use the neural network software developed withinthis thesis but also
the MATLAB reference implementation to evaluate the datasets. This decision
allowed to evaluate the outcome of ANNIGMA on the datasets with different
activation functions and a different learning algorithm – as said before the original
implementation of ANNIGMA uses the Levenberg-Marquardt (LM) algorithm for
training the feedforward networks, while the developed application here it uses the
resilient backpropagation algorithm (RP).
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To allow at least a rough comparison of the results deliveredby the CELL based
ANNIGMA wrapper, from now on called ANNIGMA@nncell and the MAT-
LAB based original ANNIGMA wrapper, from now on called ANNIGMA@MATLAB,
the modified tanh (tanh2) which was described before was alsoimplemented into
MATLAB. Further on, it was needed to increase the number of epochs for the RP
algorithm to allow a comparable performance to the LM algorithm which needs a
smaller number of epochs to converge. First, it was needed todefine the number of
epochs for the LM algorithm within ANNIGMA@MATLAB. In the ANNIGMA
paper the authors tested a variety of different artificial and reallife datasets and
found that an adequate setting usually lies between 8 to 15 epochs. As the datasets
used here have either a large number of rows and a small numberof attributes or
a large number of attributes and smaller number of rows whichpotentially require
the network to adapt to a large number of different network inputs the number of
epochs for ANNIGMA@MATLAB and thus for the LM algorithm, wasset to 15
for all three datasets. Based on this setting it was decided touse 250 epochs for the
CELL-based implementation of the resilient backpropagation learning algorithm
(RP). This decision was made after revising the results of thelearning algorithm
comparison given in [33].

With these preparations several activation/transfer function combinations were
selected for the evaluation. Among the tanh2-linear activation function setting,
which is used by ANNIGMA@nncell, all combinations that performed best in
at least one case in the results published by the ANNIGMA authors were selected.
The transfer functions are: linear activation (lin), logarithmic activation (log) and
standard hyperbolic tangent (tanh). Table4.3shows the different transfer function
combinations that were selected for the evaluation on each of the neural network
simulators.

With the activation function combinations defined, the nextparameter to be set
was the number of hidden nodes to be used with every dataset. As there is no
rule/formula for setting this parameter it was determined experimentally using the
following scheme which was inspired by [83]:

1. Separate dataset into training and hold out set (80% training, 20% hold out)
where both sets have the same prevalence as the original set.

2. Train network with current hidden node setting on training set until training
error (MSE) is acceptable small.

3. Evaluate generalization error on hold out set.

4. If generalization error and training error are acceptable small or the maximal
number of epochs is reached terminate, else modify the number of nodes
and go to 2.
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Table 4.3: Transfer functions used for the evaluation of thedatasets. TF1 thereby
denotes the activation or transfer function of the hidden layer and TF2 denotes the
activation function of the output layer.

Evaluation system TF1 TF2

ANNIGMA@nncell. tanh2 lin

ANNIGMA@MATLAB

log lin

log log

tanh lin

tanh log

lin lin

tanh2 lin

As it is mentioned in the first point of the list for this schemeto work it is necessary
to divide the dataset into training and test set and keep the prevalence in both sets
equal to the original set. As prevalence describes the totalnumber of positive
cases (dataset rows belonging to class 1) in the population (dataset), this was done
by evaluating the number of class 1 dataset rows and distributing these so that the
distribution of the cases in test and training set is equal. These test set - training set
combinations were then evaluated using the developed neural network simulator
using 30 different networks with hidden node counts from 1 to29 by training 1000
epochs and averaging the mean squared error and the generalization error over 30
trials. As the only activation function implemented innncell so far is the tanh2
this evaluation was done only for the activation function combination tanh2-lin.

From these results the hidden node numbers giving the best generalization error
and a good mean squared error were selected. For some datasets two different
node configuration were selected because those networks performed comparably
well. The results of this evaluation together with the prevalence of every dataset
and the number of dataset rows for training set and test set are shown in table
4.4. In a next step all datasets where randomly reordered again and the test set
and training set extraction was repeated. This was done to create new training
set - test set pairs independent of the previous evaluation.These new dataset
pairs were the input to the ANNIGMA wrapper and their resultsare presented
in chapter7.2. The same procedure of reordering and extracting was done again
when the best results produced by the ANNIGMA wrapper were evaluated for
the use as classifiers. This was done by selecting the best network configurations
found by ANNIGMA and using each of these configurations to train 30 nets using
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Table 4.4: Prevalence and dataset-row numbers of each of thedatasets test and
train tables.

Dataset Prevalence Testset size Trainingset size #Hnodes

ETZ 0.6 212 851 17

MIRA
0.34 61 245 2, 16

MIRANP

the previously defined number of epochs and the associated learning algorithm on
the newly created training dataset using only the set of features that was identified
as the best feature subset. Of these 30 nets the network having the best test set
error at the optimal operation point (as introduced in the next chapter) was selected
for further consideration. From these networks the ROC curves were drawn and
several statistical measures were calculated to allow a final statement of the quality
of the prediction of the classifier.

However, before ANNIGMA could be started and results could be generated it
had to be decided which of the ANNIGMA wrapper heuristic search algorithms
should be used on the datasets. As previously introduced there are four such
heuristics which can be divided into two classes. The BE/BEB/BSEclass and the
FS class. Following the ANNIGMA paper it was specified that all datasets should
be evaluated using FS. Since BE seems to perform well mostly onsynthesized and
non biological data it was not used in this trial. Instead it was decided to use BSE
on the datasets with a large number of features (MIRA, MIRANP) and BEB on
the sets with a small number of features (ETZ). These decisions are also supported
by the ANNIGMA paper in which it was reported that BEB is dramatically slower
on datasets having a large number of features and also removes less features than
BSE does. The heuristic setup is summarized in table4.5.

As the heuristics to be applied to the datasets are equal between the two NN sim-
ulation systems and the set of transfer function combinations used with the AN-
NIGMA@MATLAB contains the transfer function combination ANNIGMA@nncell

uses for the evaluation the most significant difference thatpersists is the learning
algorithm. However, due to the different epoch numbers in the two ANNIGMA
systems the outcomes should be comparable to some degree. A summary of the
setup for both systems is shown in table4.6.
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Table 4.5: The heuristics that were used to evaluate the three datasets. The heuris-
tic setup is identical on both neural network simulation systems.

Dataset Heuristics used

ETZ FS / BEB

MIRA
FS / BSE

MIRANP

Table 4.6: Aggregated network parameters for both neural network simulation
systems.

Parameter Setting

Network type multilayer perceptron

Learning algorithm RP or LM

Number of node layers 3

Number of input nodes depends on the number of attributes of the
corresponding dataset and feature selection

Input layer activation linear

Hidden layer activation see table4.3

Output layer activation see table4.3

Number of output nodes 1

Weight initialization Nguyen-Widrow

Feature selection algorithm ANNIGMA wrapper

Feature selection training 250 (RP) or 15 (LM) epochs per 10-fold-
cross iteration
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Statistics

In this chapter the methods used for the statistical analysis of the datasets and for
the assessment of the ANNIGMA based classifiers are briefly introduced. Further
on the optimal operation point for the prediction of weight loss is defined.

5.1 Descriptive statistics, tests and data configura-
tion

As presented in appendixB the ETZ and the MIRA dataset were divided in to
groups with weight loss of< 7 % and≥ 7 %. Differences in sex distribution were
analyzed using contingency tables with Fisher’s exact test. For all other variables
mean values with standard deviations were calculated. Someof the parameters
were not normally distributed (D’Agostino and Pearson omnibus normality test).
This circumstance was taken into account by using a nonparametric test (t-test
according to Mann-Whitney: U-test) to compare the groups. This statistical eval-
uation was completely independent of the ANNIGMA evaluation.

5.2 Performance evaluation of discrete classifiers

A discrete classifier, like a neural network with a threshold, will classify subjects
into four groups (two false and two true groups) according toa confusion matrix
as shown in the table below which is taken from [70]. In this matrix the “hy-
pothesized class” describes the class the classification system believes the subject
belongs to, while the “true class” is the real class of the subject. For a discrete
classifier or a binary classifier with a threshold the result of the evaluation of a test
set can be aggregated in such a matrix. Hence, each of the fourcells would hold
the number of correct or false classifications. From this matrix several equations
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Table 5.1: Confusion matrix

Hypothesized class
True Positives (TP) False Positives (FP)

False Negatives (FN) True Negatives (TN)

True class (Column totals) Positives (P) Negatives (N)

can be deduced which are used to calculate common metrics in order to asses the
classifier that produced it. In brief, these metrics are:

The false positive rate (fprate) which gives a hint of how many negatives were
incorrectly classified in respect to the total number of negatives in the set. The
fprate is therefore simply calculated as follows:

fprate=
FP
N

(5.1)

In turn, there is also a true positive rate (tprate) also calledsensitivitywhich de-
scribes the relation of correctly classified positives (TPs) to the total number of
positives (Ps).

tprate= sensitivity=
TP
P

(5.2)

A measure of how good a classifier can actually identify true negatives is the
specificitywhich is the opposite of thefprateand can be calculated as shown here.

specificity= 1− fprate=
TN

FP+TN
=

TN
N

(5.3)

Directly related to the previous measures we can define thepositive likelihood
ratio. This keys the probability of a true positive being classified correctly versus
the probability of a true negative being (wrongly) classified as positive. Thus, the
ratio ofsensitivityto fprateas shown below.

positive likelihood ratio=
sensitivity

fprate
=

TP
P

FP
N

(5.4)

Another statistical value is theprevalencewhich keys the information of how
many real positives are in the set in respect to the total number of subjects. Hence
theprevalenceis computed simply by:

prevalencedataset=
P

P+N
(5.5)
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While theprevalenceis an absolute measure of the test set (the number of real
positives in the set will never change) a classification system also has its own
prevalence:

prevalenceclassi f ier=
TP+FP

P+N
(5.6)

Further measures used in this work are the positive predictive value also known as
precision(eq. 5.7) and theaccuracy(eq. 5.8). While theprecisionis a measure
for the quality of the identification of a real true positive the accuracygives the
number of correct classifications in respect to the number oftotal cases to be
classified. The opposite of theaccuracyis the test error as shown in formula5.9.

precision=
TP

TP+FP
(5.7)

accuracy=
TP+TN

P+N
(5.8)

error = 1−accuracy=
FP+FN

P+N
(5.9)

5.3 Receiver operating characteristics (ROC) curve
analysis

5.3.1 ROC space, ROC curve and area under the ROC curve
as measure for discrete and binary classifiers

Two-dimensional graphs in which thetprateis plotted on the y-axis and thefprate
is plotted on the x-axis are ROC graphs. This kind of graphs allows to evaluate
the relative trade-offs between benefits (true positives) and costs (false positives),
independent of the class distribution. A discrete classifier like a neural network
with a threshold will produce only a single point in ROC spacesince there is only
a single (fprate, tprate) pair produced after evaluating a test set with the classifier.

However, if the threshold is omitted the network will produce an instance prob-
ability. This probability can be used to plot a curve in ROC space by calculating
fprateandtpratefor every possible threshold value i.e. moving an artificialthresh-
old repeatedly over the produced data points. An output above the threshold pro-
duces a TP or FP signal, whereas an output below the thresholdproduces a FN or
TN signal. A sequential change of the threshold produces different points in ROC
space: a ROC curve. From a ROC curve a variety of measures can be extracted to
assess the underlying classifier. The most obvious measure being the course of the
curve. A poor classifier for example that only guesses the outcomes with equal



70 5 Statistics

probability will have a ROC curve which is identical to a diagonal going from the
lower left (0,0) to the upper right (1,1) of the chart. On the other hand a classifier
that is able to exploit at least some information in the data should produce a curve
which is distinct from the diagonal. Another performance measure is the area un-
der the curve (AUC) but although the AUC is often used to evaluate classifiers,
it is not conclusive regarding classifier superiority for a certain population with-
out including other parameters (f.ex. optimal operating point with metrics and
misclassification costs).

5.3.2 Costs, decision thresholds and optimal operating point

Each point on a ROC curve corresponds to asensitivity/(1-specificity) pair which
represents the quality of the classifier’s prediction when using a specific thresh-
old. Therefore it is possible to select that point on the curve i.e. that threshold
which is best suited for the application of the classifier. This point is called the
optimal operating point (OOP). For classifiers used in patient management Zweig
et al.[52] pointed out that there are two major elements determining the best OOP.
(1) The relative cost or undesirability of errors i.e. falsepositive and false neg-
ative classifications but one might also consider the value or benefits of correct
classifications. And (2) the relative proportions of the twostates of health the
test should discriminate in between. This is related to theprevalenceas defined
before. To approximate (1) and (2) it is necessary to consider to which conse-
quences the misclassification and correct classification ofpotential participants of
future MIRA studies would lead:

True positives The subject will be stimulated to take part in the program, because
of a great theoretical chance to be successfull. If the number of correctly
identified positives is too low only few people will have thisstimulus. Thus,
the number of true positives should be considerably high.

False positivesThe subject would probably lose less weight (< 7%) than antici-
pated by the classifier. Therefore the participant would notbe very satisfied
at the end of the program. However, it is very likely that somehealth param-
eters of the subject improve even if the weight reduction success is limited.
Overestimation of this group is hence not considered critical.

True negatives The potential participant has to decide by him/herself if partic-
ipation in the study is acceptable although the weight reduction goal will
probably not be reached. True negatives might lose motivation if they are
informed about the result of the classifier.

False negativesThese potential participants will probably lose interest in the
study although there is a high chance that they will reduce atleast 7% of
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their initial weight. From all of the groups above subjects in this category
seem to have the biggest disadvantage due to misclassification.

Based on the previous considerations we conclude that the value of thefalse neg-
ative costshould be set higher than the value of thefalse positive cost. Therefore
we define:

false positive cost= 1

false negative cost= 1.5

Hence we aim to find an optimal operation point with a highsensitivity(e.g. 80%)
while also accepting a high level of false positives (e.g. 65%). For finding the
OOP a straight line was constructed with a slopemas follows [52]:

m=
false positive cost
false negative cost

∗ 1−prevalencedataset

prevalencedataset
(5.10)

To determine the OOP this line was then “droppend” onto the ROC curve. The
point in which line and curve first touch is the OOP. For all of the ROC plots
shown in this work the OOP was determined using this method and the specificed
slope.
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Chapter 6

Implementation

6.1 Results

In this section the focus lies on the details of the implementation of a prototype
neural network simulator optimized for the CELL/B.E. The section begins with
the definition of the requirements of the application which was developed over the
course of this work. These requirements are derived from thepreviously selected
algorithms and effective constraints. This is followed by adescription of how
the most important requirements were technically realized. Thereafter the results
of several functionality/correctness tests of the application are shown and finally
the performance data is presented. This last section also contains the optimization
proposal for node parallelism which could not be implemented into the application
due to time constraints.

6.1.1 Requirements

The considerations of the previous chapters and their technical implications lead
to the definition of various requirements for the implementation. These require-
ments are summarized in the following list.

• implement a neural network simulator capable of simulating MLPs with
three layers of nodes and variable dimensions

• the simulator shall be able to us the neural network in two main operational
modes:

– train: train the network on a given dataset until a user-defined minimal
error is reached, thereafter test the network on a part of thesupplied
dataset which was not used for training
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– annigma: do feature selection on a given dataset using the ANNIGMA
wrapper approach

• for the operational mode “training” the simulator shall support the following
execution modes

– single threaded, sequential algorithm on PPE (SEQ)

– single threaded, simdized algorithm on PPE (VMX)

– single threaded, simdized algorithm on a single SPE (SPE)

– distributed, simdized algorithm on a variable number of SPEs using
node parallelism to train and test the network (NP)

– distributed, simdized algorithm on a variable number of SPEs using
exemplar parallelism to train and test the network (EP)

• for the operational mode “annigma” the only required mode is

– single threaded, simdized algorithm on SPE (SPE)

• along with the previous requirements the following basic features are in-
evitable:

– ability to read: datasets, weight matrices

– ability to write: weight matrices

– user-defined parameters: number of hidden nodes, minimal error, max-
imal number of epochs, number of threads (maximal 16 on dual cell
blades), dataset, size of hold out set (size of test dataset in respect to
the total size of the supplied dataset)

6.1.2 Realization – thenncell neural network simulator

The defined requirements have been realized in a new softwarecallednncell, a
neural network simulator optimized for the CELL/B.E. In the following sections
the work environment and special issues of the implementation are presented.

Development environment

The software was implemented using the C programming language and it was
compiled using the GNU C compiler version 4.1.1. The hardware on which the
development and performance measurement took place was a dual CELL blade,
hardware revision 16. The operating system was linux using aspecially patched
kernel based on the vanilla kernel of version 2.6.20. The linux distribution used
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was Fedora core 6 which was the distribution required by IBM for their CELL
SDK 2.1. This SDK, which was lately released in version 3.0, is freely avail-
able1 and contains tools and documentation for developing CELL applications.
It further includes a simulator to allow development of CELL applications on
other platforms than CELL based systems and various libraries. Although these
libraries would have been helpful for the matrix multiplications and other mathe-
matical functions needed in the application, none of these libraries was used for
the development ofnncell. The reason is that their licenses are not GPLv2 com-
patible which is a problem since it is planned to publish the source code of the
developed software under the terms of the GPLv2.

Basic development procedure

In [67] a procedure for developing a new application for the CELL/B.E. is pro-
posed. The basic steps of this procedure are as follows: develop the algorithm as
a normal sequential algorithm, then simdize this algorithmfor the PPE, adapt and
move it to the SPE and finally distribute it across all SPEs. In[3] on the other hand
the authors recommend to skip the AltiVec/SIMD phase on the PPE as it would
only cost time. Since their document was not published when the development of
nncell was started and as defined in the requirements a PPE optimizedversion of
the code is needed anyway, the steps proposed in [67] were followed here. How-
ever, for a different project I would also recommend to skip the PPE optimization
phase unless it is necessary to perform some similar vector operations on the PPE
and the SPE. In principle, however and as reasoned in chapter3 heavy duty tasks
should be avoided on the PPE in any case.

SIMDization on PPE and SPE

Following the steps above, after developing a sequential version of the ANN al-
gorithm, it was analyzed for the potential of applying SIMD operations. This was
supported by the previously discussed paper by Strey [5]. In principle, all com-
putations performed were modified to support four operands of the 32-bit float
type at once by issuing the corresponding 128-bit AltiVec/SIMD operations. To
allow an efficient use of SIMD instructions however, it was necessary to adapt the
layout of the data to have the potential operands in consecutive order. For this rea-
son the weight matrices which were used in the naive sequential algorithm were
transposed as shown in figure6.1, resulting in a row-major order which means
that the matrices are mapped to memory by storing row after row. The figure
also illustrates how the connection weights are mapped to the matrices. In addi-

1As a starting point for acquiring the SDK see for example: http://www-
128.ibm.com/developerworks/power/cell/
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Figure 6.1: The orientation of the two weight matrices for scalar and sequential
code, respectively.

tion the memory area of the matrices was aligned to a 16-byte boundary. This
was necessary since both the PPE and the SPE vector instructions require a nat-
ural alignment boundary equal to their operand length.[22, 34] As the operands
of both instruction sets work on 128-bit wide vectors this boundary has to be a
multiple of 16-bytes. This also had to be done in order to support DMA transfers
to and from the SPEs. Among these modifications special effort was put into the
adaption of the matrix-vector multiplication and the computation of the activation
function as done during forward propagation and the weight update as done during
backpropagation. These modifications are now described in detail.

The matrix-vector multiplication as it was adapted to SIMD operations is illus-
trated in figure6.2. As shown there, four elements of the weight matrix and four
elements of the input vector are loaded into corresponding SIMD vectors. Then
the sum of products of these two vectors is computed. Since the dimensions of
the matrix and the input vector are usually greater than the number of elements
that fit into one SIMD vector this operation was accelerated using themadd SIMD
instruction. Asmadd allows to do multiplication and addition in one processor cy-
cle it was used to multiply the two operands and add them on topof a temporary
result vector. Thus, this vector holds the partial sums of anelement of the final
column vector. Therefore only after the lastmadd operation on this weight matrix
row has been processed the elements of the result vector are summed together and
stored in the corresponding element of the final column vector. To avoid condi-
tional branches in the matrix-vector multiplication routine and to align each of
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Figure 6.2: Basic matrix-vector multiplication as realizedin nncell. Omitted in
the illustration is the use of themadd operation utilizing a temporary result vector.

the rows of the matrix on a 16-byte boundary the dimensions ofthe input arrays
where made multiplies of four by filling their last vector with zeros.

The next part of the application which needed special attention for realization
using SIMD operations was the activation function. As said before it was decided
to use a modified tanh function (tanh2) as it has special advantages over the most
used logistic function. However, sincetanhwas not available as a GPLed function
using SIMD instructions it had to be implemented from scratch. The ideas for an
accurate realization were inspired by [81, 55]. In figure 6.3 the computation of
tanh(x) is displayed. As shown theretanhhas to be computed only for positive

Figure 6.3: The computation of the tanh activation functionas taken from [55].

x becausetanh(−x) =−tanh(x) so the sign ofx his removed during computation
and added again afterwards. The boundaries for IEEE-754 single precision have
been identified in [55] and were set as follows:

xsmall =
√

3∗2−12

xmedium=
ln(3)

2
xlarge = 12.5∗ ln(2)≈ 8.66

(6.1)

However, in other implementations like the GNU math libraryxlarge is usually set
to 22 therefore it was also used in this project’s code. For the approximation of
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tanh(x) for xsmall≤ x < xmediumthe rational polynomial developed by Cody and
Waite was used. It is not shown here because it is well documented in [81, 55].
For the computation oftanh(x) with x in the range fromxmedium≤ x < xlarge it is
further demanded to use the exponential function. As this was also not available in
an applicable form – that is under a suitable license – it had to be reimplemented
as well. The realization of the exponential function was also based on [81] and
the GNU math library implementation. Therein the argumentx is decomposed
into an integral partI and a fractional partF for which 0< F < 1 holds true. The
decomposition is shown in formula6.2and leads to the deductive chain as shown
in formula6.3.

x = x∗ log2e∗ ln(2) := (I +F)∗ ln(2) (6.2)

ex = e(I+F)∗ln(2) = eI∗ln(2)+F = 2I ∗eF∗ln(2) (6.3)

On the basis of the last term only the fractional part ofx needs to be approximated
using an appropriate polynomial while the integral part canbe put directly to the
exponent bits of the resulting IEEE-754 number. This is due to the way that IEEE-
754 single precisions numbers are stored in memory.[14] The polynomial for the
approximation of the remaining part of the number has been omitted since it is
documented in [81] and can also be found in the variouslibm implementations.

The final step to improve performance using SIMD instructions was to revise the
sequential routine for batch backpropagation and the weight update procedure as
presented in chapter4.2.2. While the latter was easily implemented using vector
arithmetic since it just requires iterating over all positions in the needed matri-
ces and applying the rules defined by Riedmiller et al., the accumulation of the
batch matrices needed more attention. As the network topology was defined to
be a feedforward neural network with two layers of weights the batch backprop
routine also consists of two basic parts. In the first part of the routine the gradi-
ents for the weights between hidden and output layer are summed and the delta
values, in preparation for the next layer of weights, are computed. In the second
part the gradients for the weights between input node and hidden node layer are
accumulated. Figure6.4shows the scheme for gradient accumulation. As visual-
ized in the figure gradient accumulation is realized in two nested for-loops with a
step width of four. Thereby the outer loop runs over the rows of the current batch
matrix which either denote the output or the hidden nodes while the inner loop
runs over the columns of the current batch matrix which either denote the hidden
or the input nodes according to the orientation of the matrices as shown before.

In the outer loop four values are read from the array containing the activated
outputs of the current node layer into a SIMD vectorO. Additionally, another four
values are read from the array containing the sum of the weighted deltas of the next
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Figure 6.4: Scheme of the SIMDized batch backpropagation for the weight matrix
connecting input and hidden node layer.

node layer into a SIMD vectorS. Then the derivativesD(x) of O are computed
and multiplied bySto give a new SIMD vectorδ which holds theδ values of four
nodes of the current layer (see formula4.6for reference). Each element of vector
δ is then spread to a new SIMD vector, giving four new, different vectors in which
all values are identical.

Then in the inner loop four values are read from the array which holds the acti-
vated outputs of the previous layer into a new SIMD vectorA which corresponds
to the four weights currently in the window of the inner loop’s iteration. Vector
A is then multiplied by one of the fourδ vectors and added to the corresponding
row of the batch matrix. This operation was realized utilizing the efficientmadd
instruction. Besides the implicit speedup due to the use of the SIMD instructions
it is also noteworthy that the number of branches compared toa scalar implemen-
tation is reduced by a factor of 16. However, since the numberof rows is not
required or ensured to be a multiple of four the remaining rows (numberof rows
mod 4) are handled using another for-loop construct where only one row is up-
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dated in each iteration of the inner loop.

Exemplar parallelism

Exemplar parallelism as introduced in the previous chapterwas realized on the
CELL/B.E. as presented in the UML sequence diagram shown in figure6.5. Therein,
three main components are visualized: the PPE, the RAM and a component called
eachSPE which represents every initiated SPE. This is valid since the SPEs, al-
though operating on different dataset rows, all perform thesame computations.

The process starts with the PPE loading the dataset and the weight matrices into
the prepared datastructures (1a). Then, based on the numberof SPE threads that
should be used for training the network, a number of dataset rows is assigned to
every SPE thread to be created (1b). Thereon the threads are created (1c).

While the PPE now starts to actively poll a dedicated area in RAMwhich indi-
cates if a specific SPE has sent its weight change matrices, the SPEs calculate how
to scale their double buffer (2a). This is done on the basis ofthe dimensions of
the weight matrices and the currently available free space plus some overhead for
function calls etc. After this is done the current weight matrices are fetched from
RAM (2b) and the first buffer is filled using the first dataset rows (2c). After all
DMAs were successfully accomplished the transfer for the next buffer is started
(2d).

Thereon the SPEs begin to process the dataset rows of the current buffer using
forward and batch backpropagation (2e), as previously described. This process of
starting a transfer into one buffer while processing the dataset rows of the second
buffer using batch backprop is repeated until all assigned rows of the dataset have
been processed. Then the accumulated gradients and the partial test set error are
send to RAM. The PPE registers this transfer (since it is busy polling the RAM
for all memory locations the SPEs will write their data to) and adds the gradients
to the total gradient matrix and the errors to the total errors (1d, 1e). If all SPEs
have messaged there matrices and errors the PPE leaves its busy polling loop.

It then updates the original weight matrices using the RP weight update rules on
the basis of the total gradient matrix (1f). Thereon the total error is averaged over
the total number of datasets trained (MSE) and compared against a user defined
value. Additionally it is checked if the epoch number has reached the user defined
maximum. If one of those two conditions is fulfilled the SPEs are messaged to
terminate. Thereafter the PPE terminates as well. As the attentive reader will
have noticed the number of messages defined in chapter4.2.5, formula4.29is not
quite accurate for this implementation. Reasons for this difference are the double
buffering and the notification signal at the end of the transfer. Additionally, the
formula presented earlier is based on the proposal that all nodes participate in the
learning process, which is not the case here. Instead, we have N nodes, the SPEs,
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Figure 6.5: UML based sequence diagram of exemplar parallelism for CELL/B.E.

processing the dataset rows and one node, the PPE, applying the weight changes.
Therefore the number of messages for the scheme used here is:

#Messagesinitial epoch = 2∗P+P+Bloads∗P+2∗P (6.4)

#Messagesf ollowing epochs = P+Bloads∗P+2∗P (6.5)

In the first equation the first part of the equation, namely 2∗P, describes the initial
data movement. That is: the loading of the code to the SPEs andthe gathering of
the control vector by the SPEs (this has been omitted in the UML diagram). Since
these are only initial transfers they are not taken into account for the message
number of the following epochs. The second part of the formula describes the
retrieval of the current weight matrices. The next part keysthe double buffering.
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Thereby isBloads= #Dataset rows
Bsize

+1 the number of transfers necessary to transfer

all of the assigned dataset rows to the local store andBsize= #Dataset rows
0.5∗ f reespaceis the

size of a single buffer. The last part of the equation corresponds to the sending of
the accumulated gradients and training set errors as well asthe notification sent by
the PPE if the SPEs shall continue (go to 2b) or terminate their learning process.

Node parallelism

In node parallelism the neural network structure is distributed across the pro-
cesses. Since the number of layers of the networks that can becreated in this
implementation is set to three and most of the computation isdone in combina-
tion with the hidden layer, the node parallelism approach for CELL focuses on
distributing the nodes/neurons of this layer. In the original node parallelism ap-
proach each neuron only represented the summation of the weighted inputs to
that specific neuron and the computation of the activation function. As these two
operations alone would not justify a distributed computation due to their short
processing time, the associated connection weights were also distributed. For the
neurons of the hidden this includes the connection weights of the previous layer
(input) and of the following layer (output). Hence, a subdivision of the weight
matrices as illustrated in figure6.6 was implemented. As with exemplar paral-

Figure 6.6: Example of a possible subdivision of the original matrices across two
SPEs.

lelism the scheme of distributed learning using node parallelism has been visual-
ized using an UML based sequence diagram shown in figure6.7. This scheme is
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now described. Again three main items are depicted: the PPE,the RAM and the
eachSPE object. Like before eachSPE represents every initiated/running SPE
for the current simulation of the neural network. The process starts with the PPE

Figure 6.7: UML based sequence diagram of node parallelism for CELL/B.E.

loading the datasets and the weight matrices to RAM (1a). Thenfrom the two
original weight matrices depending on the number of SPEs used for the simula-
tion several partial weight matrices are created (1b). Thisis done by evaluating
an appropriate mapping of the hidden nodes to the SPEs and by copying the cor-
responding connection weights of the matrices to a dedicated location for each of
the SPEs (1c). Thereon the SPEs are initiated, thus the compiled SPE binaries are
loaded into the local store of each SPE and executed (1d).
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After initialization the SPEs calculate how to scale their double buffer (2a). This
is done on the basis of the dimensions of the weight matrices and the currently
available free space plus some overhead for function calls etc. Thereafter the
current weight matrices are fetched from RAM (2b) and the firstbuffer is filled
using the first dataset rows (2c). After all DMAs were successfully accomplished
the transfer of the dataset rows for the next buffer is started (2d).

Thereon each SPE begins to process the dataset rows of the current buffer using
forward propagation (2e). The result of the forward propagation is a vector which
contains a partial result for every output node of the network. This result is written
back to main memory together with the MSE of the last iteration (2f). Upon
successful issue and transfer of this DMA the SPE stalls for an incoming message
on its mailbox.

If the PPE, which is busy polling the dedicated memory locations of the SPEs,
notices that all SPEs have sent their partial outputs it leaves its active polling loop
and accumulates the partial outputs to the final outputs of the network (1e). The
result is stored to a memory location that is known by the SPE processes (1f).
The PPE now checks if the currently active dataset row is the first row of a new
epoch, thus if a new epoch was just started. If this is the caseit is also evaluated if
the maximal number of epochs is reached or if the received MSEis below a user
defined threshold. Should one of these two conditions hold true a terminate signal
is sent to the SPEs. If both conditions are false the PPE just sends a continue
signal to the SPEs.

When the mailbox message is received by the SPEs it is evaluated. If it is
the term signal the learning and therefore execution is terminated and the partial
weight matrices are send back to RAM (2i) from where the PPE canreassem-
ble them. Is the received signal the continue signal then each SPE retrieves the
summed output from RAM (2g) and applies the batch backpropagation (2h) as
explained before. If the dataset row which was just evaluated using the forward
- backward pass is additionally the last row of the trainingset then the RP weight
update is also issued. Thereon the SPE continues with step 2c(fetching the rows
in buffer 0 or 1).

Again it is necessary to review the number of messages as there are obvious
discrepancies between the formula given in the previous chapter and the number
of messages actually needed in this implementation. In the following formulas
the number of messages for the entire dataset for the initialepoch and for the
following epochs are shown.

#Messagesinitial epoch = 3∗P+Bloads∗P+T ∗3∗P (+P) (6.6)

#Messagesf ollowing epochs = Bloads∗P+T ∗3∗P (+P) (6.7)

For equation6.6 the first part, namely the 3∗P, describes the initial data move-
ment. That is: the loading of the code to the SPEs, the gathering of the control
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vector by the SPEs (this has been omitted in the UML diagram) and the retrieval
of the partial weight matrices. Since these are only initialtransfers they are not
taken into account for the message number of the following epochs. As before
the next part describes the double buffering. Thereby isBloads= #Dataset rows

Bsize
+1

the number of transfers necessary to transfer all dataset rows to local store and
Bsize= #Dataset rows

0.5∗ f reespaceis the size of a single buffer. Then the third part in both equa-
tions, which represents the actual learning phase, with thetransfer of the partial
results, the continue/termination signal from the PPE and the gathering of the
summed up partial values of the output nodes for every dataset row. Finally the
last part describes the sending of the partial weight matrices from all SPEs back
to RAM before termination, it has been put in braces since it isonly done once
when one of the termination conditions is triggered.

In contrast, the number of messages calculated using the previously presented
formula4.28for a multilayer perceptron with a single hidden layer is given by:

#MessagesPethick= T ∗P+T ∗4∗P (6.8)

Note that theP−1 in the original equation was replaced byP here as the PPE is
not counted toP since it does not participate in the learning procedure. Comparing
eq. 6.8 and eq.6.6 we find that the most important difference in both equations
is theT ∗P for the cluster approach versus theBloads∗P of the CELL approach.
This term describes fetching the current dataset row (or rows). On the cluster this
is done for every single pattern. While on the CELL this is realized using double
buffering.

As it is very likely for most datasets that the number of “buffer-load-iterations”
is much smaller than the number of dataset rows there is a considerable saving
of the number of transfers necessary on the CELL. Note also that the duration of
the transfer which is increased in the new approach plays no important role as it
is hidden by the double buffering. Nevertheless, since it isstill needed for every
dataset row to transfer the partial errors and wait until thetotal error is computed
and received, there will probably be no performance gained from this reduced
number of messages. Anyways, it may be seen as a preparation for the optimized
node parallelism approach presented later in this chapter.

ANNIGMA wrapper

The realization of the ANNIGMA wrapper comes along with several requirements
to the training process. Most importantly it forces the use of 10-fold-cross valida-
tion. This is one of the reasons why it was decided to implement the ANNIGMA
support within this first version ofnncell for the single SPE mode only. To allow
the adaption to other execution modes later and for simplicity it was further de-
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cided that some operations required by ANNIGMA should be settled on the PPE.
These are:

• random reordering of the dataset

• initialization of the weight matrices

• heuristic search algorithm

Primary reason for locating the random reordering and the weight matrix initial-
ization on the PPE is the fact that data is just there as it is read from the harddrive
into RAM. Another reason was the unavailability of a GPLed random function for
the SPEs at the time of writing. Additionally, as the PPE allows to execute two
threads in parallel, the reordering can be done quite efficient in a “background”
thread while the feature heuristic is executed in the “foreground”. The heuristic
feature subset search algorithms were also delegated to thePPE since they are not
so demanding in terms of computation time but include a lot ofbranching. In the
following the ANNIGMA mode for a single SPE is described.

For the algorithm used with a single SPE the procedure is rather straight forward
and shown in figure6.8. However, it should be noted that in contrast to the previ-
ously presented parallel execution modes ofnncell in the SPE ANNIGMA mode
there is currently no double buffering implemented. Here’swhat happens in detail:

Figure 6.8: Sequence diagram of ANNIGMA used with a single SPE.

After the PPE has loaded the dataset and generated/initialized the weight matrices
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(1a), a second PPE thread is spawned which randomly reordersthe dataset in the
“background” (0). Now the SPE is initialized (1b) and thereon fetches the dataset
(2a) and the weight matrices (2b) and confirms the reception of the latter (2c).

At this point both PEs have entered the ANNIGMA n-fold-crossvalidation
loop. The PPE reinitializes the weight matrices (3) sends a “new weight matrices
ready”- signal to the SPE when finished (5). The SPE on the other hand trains the
network, evaluates the net error using the current n-fold block and computes the
ANNIGMA score (4a-c). Thereon it stalls on its mailbox for a message from the
PPE (4d) notifying the SPE that the weight matrices are initialized, this message
should however be already there.

If this is the 10th iteration of the loop it is left and execution continues withthe
SPE sending the total error, the total ANNIGMA score and thereafter a notification
signal to the PPE (6a, 6b). The PPE awaited this notification signal to start the
heuristic search on the received values (7).

In the meanwhile the SPE is stalling on its mailbox for a message from the PPE
(6c), indicating if the SPE should terminate since the feature subset search is over
or continue with step 2a. The continuation signal (8) is onlysent if the second
PPE thread has already finished reordering the dataset (0).

The total number of messages of this implementation is defined by:

#MessagesannigmasingleSPE= 2+FS∗ (1+10∗3+3) (6.9)

As before the first term of the equation describes the initialization of the SPE
(loading the code onto the SPE, transferring the control vector). In the second
part the feature selection is considered. Each run of the feature selection heuristic
implies the transfer of the complete, randomly reordered dataset to the SPE (+1)
where the complete 10-fold-cross validation loop is executed (+10∗3) in the end
the total error and total score is transferred and the PPE sends the continue or
termination signal (+3). The number of runs of the heuristic search algorithm
which is not previously known is represented byFS.

6.1.3 Tests

To ensure correct results and functionality of the developed application two kinds
of tests were performed: function tests and complex tests. Within the function
tests the output of every critical function on a set of input parameters was eval-
uated against expected return values. After all functions passed these low level
tests successfully, complex testing was performed. In complex testing the output
of the application as a whole was evaluated. Thus, for every operational and ex-
ecution mode test cases were developed. The expected results of these test cases
were generated using the trainrp training function of the MATLAB neural network
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toolbox [33] and the tanh2 activation function as described before.

The first part of the complex test was to evaluate the correctness of the learning
algorithm in every execution mode. This was achieved by training several neural
networks of equal architecture for 200 epochs 30 times on various UCI Reposi-
tory datasets. The average MSE over these 30 times was then compared to the
MATLAB reference values. The data was thereby scaled as described before. As
neural network learning is no deterministic algorithm which always produces the
same results (alone due to the fact that the weight matrix initializations are based
on random values), the result to be expected should be definedbefore. Therefore it
is defined that a execution mode whose result differs significantly from the refer-
ence implementation is expected to be not working correctly. As can be seen from
tableA.1 on page146all execution modes deliver results which are comparable to
those delivered by the MATLAB reference network. Thereforethe implementa-
tion of the learning algorithm RP in all execution modes ofnncell is considered
to be correct.

The second part of the complex test was to compare the selection performance
of the ANNIGMA wrapper heuristics implemented innncell to the performance
of the original ANNIGMA wrapper implementation. To allow a fair comparison
the original ANNIGMA implementation was modified to use the RPalgorithm
instead of the LM algorithm and the number of epochs was set toan identical
number of epochs on both systems (100) and the each heuristicwas run 10 times
on each dataset until a final feature set was found. The results were averaged
and are presented in tableA.2 and tableA.3. As no significant differences were
found between expected and retrieved results the ANNIGMA implementation is
considered to be correct.

6.1.4 Performance and optimization

This subsection is structured as follows: to get a first idea of how the paralleliza-
tion modes ofnncell perform in general, the performance of all five execution
modes supported bynncell is compared against each other on networks of dif-
ferent sizes and different sized datasets. Thereafter the speedups for node and
exemplar parallelism are given and a possible optimizationis proposed. However,
the optimization was not realized due to time constraints and can therefore only
be analyzed by theoretical means.

For the evaluation of the parallelization modes it is further needed to define the
speedupS. Thus,S is set to be

S(P) =
T(1)

T(P)
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whereT(1) is the time needed for the evaluation of the problem with a single
thread only, andT(P) is the time needed to process the problem usingP threads.

General performance evaluation

In the first test the runtimes of each execution mode (including the three sequential
execution modes) on a dataset of fixed size (1000 rows) and on several networks of
differentN were measured. As described in the network setup in chapter4 values
N were set to 12, 25, 37, 50, 62, 75, 87, 100 for each of the modes.Also fol-
lowing the setup, exemplar parallelism was tested with fourdifferent SPE thread
configurations. To get a better insight into the behavior of node parallelism it
was further decided to test this mode also with a fifth configuration using six SPE
threads. This was only done in the general performance evaluation. In figure6.9
the results of the performance evaluation for scalingN are presented.

From the graph the following observations are made: Scalar execution performs
worst for each tested network sizeN. Furtheron, VMX mode performs consider-
ably better than scalar mode but worse than single SPE mode. The distributed
mode EP outperforms all other modes in each of the tested configurations. EP
achieves its best results using node counts eight and sixteen. NP mode on the
other hand delivers results which range between scalar and VMX (NP-16, NP-8,
NP-6) mode and between VMX and single SPE mode (NP-2, NP-4). The more
nodes were used for NP the worse was the delivered performance. It should further
be noted that EP-16 first runs very close to the curve of EP-4 and later converges
to the curve of EP-8. The NP modes on the other hand all seem to have a common
behavior in that they all start with a steep curve which flattens at some specific
point.

In the second test the runtimes of each execution mode on a network of sizeN = 75
and on several datasets with sizes: 100, 500, 1000, 2500, 5000, 10000, 15000 and
20000 were plotted. The number of epochs was set to 50 as before. Also as in the
previous test EP was tested only using four differentN configuration while NP
was tested using five.

In figure6.10the result of the performance evaluation for scaling dataset size is
presented.
For scaling dataset size the following results are found: The EP modes are su-
perior compared to any of the other modes. Increasing the number of nodes also
increases the performance gain. The next best performance is achieved by the
single SPE mode. Thereafter follow the execution modes NP-2and NP-4 and
VMX. While NP-6, NP-8 and NP-16 are performing worse than all of the previ-
ous modes. The worst performing mode here, as before, is the scalar execution
mode.
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Figure 6.9: Performance of all execution modes supported bynncell when scal-
ing N and keeping the dataset size constant at 1000 rows. The performance of
the parallel modes has been evaluated for a different numberof nodes. For the
parallel modes EP keys the exemplar parallelism and NP the node parallelism.
Note further, that the graph is split into an upper part with large scale steps and
a lower part with smaller scale steps in order to allow a better inspection of the
faster algorithms.
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Figure 6.10: Performance of all execution modes supported by nncell when scal-
ing the dataset size and keeping N constant at 75. The performance of the parallel
modes has been evaluated for a different number of nodes. Forthe parallel modes
EP keys the exemplar parallelism and NP the node parallelism. Note further, that
the graph is split into an upper part with large scale steps and a lower part with
smaller scale steps in order to allow a better inspection of the faster algorithms.
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Performance evaluation for exemplar parallelism

For the performance evaluation of exemplar parallelism both steps of the general
evaluation are repeated but this time the curves are plottedagainst the speedup.
At first the performance of exemplar parallelism on scaling neural network size is
explored. The configurations tested are the same as before.

In the following the plot of network size against speedup forthose four modes is
presented.

Figure 6.11: Speedup of the exemplar parallel node configurations 2, 4, 8, 16
on networks of sizesN = 12, 25, 37, 50, 62, 75, 87 and 100. In the plotS(P)
denotes the speedup.T(1) was thereby determined by training the network using
the exemplar parallelism scheme on these network configurations with a single
SPE.

From the graph the following observations are made: EP-2 starts with a speedup
of 1.6. This speedup is further increased until the end of theobservation window
is reached. Thereby the final speedup of EP-2 is 1.78. The projected curve of
EP-2 shows a slight ascend with marginal oscillations. EP-4starts with a speedup
of 2.0 and continuously improves resulting in a final speedupof 2.78. EP-8 enters
the graph at 2.6 and reaches the border to the right at 3.5, close to its top perfor-
mance. EP-16 which first runs on the graph of EP-4 and then converges to the
graph of EP-8 shows its highest performance at 3.4.

As before, the second test considered various dataset sizeswhile keeping the num-
ber of hidden layer nodes constant. The tested configurationwere the same as in
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the general evaluation except thatN = 87 for all the tests. This was decided on
the basis of how the neural network nodes are distributed among the computation
nodes in node parallelism which is explained in more depth inthe next section.

The performance curves of all tested EP modes on scaling dataset size are
shown in the figure below.

Figure 6.12: Speedup of the exemplar parallel node configurations 2, 4, 8, 16 on
datasets of sizes 100, 500, 1000, 2500, 5000, 10000, 15000 and 20000. The net-
work sizeN was set to 87. In the plotS(P) denotes the speedup.T(1) was thereby
determined by training the network using the exemplar parallelism scheme on
these dataset configurations with a single SPE.

For EP-2 initial performance is 0.9 rising very steeply withthe next tested dataset
having 500 rows. Thereafter the curve flattens noticeably. Thus, speedup, starting
from a datasize of 500 to a dataset size of 20000, increases from 1.73 to 1.84,
with a small glitch at 1000 rows. For EP-4 performance increases rapidly until
a dataset size of 2500. Thereafter the curve also flattens andproceeds with con-
tinuous but not so significant improvement of performance. Thus, from a dataset
size of 2500 to a dataset size of 20000 performance increasesfrom 3.0 to 3.16.
For EP-8, which starts with a speedup of 1.6, the performanceis highly increased
until a dataset size of 5000 is reached. From thereon performance rises only mod-
erately until the end of the observation window. Top performance of EP-8 is 4.9
at 20000 rows. For EP-16 performance shows a rapid increase until a dataset size
of 10000 rows. There the speedupS(16) is 6.3. Thereafter although not as steep
as before, performance is further increased until the final point of measurement at
a dataset size of 20000 where the speedup is 6.6.
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Performance evaluation for node parallelism

The performance evaluation of NP was done using almost the same test setup
as the evaluation of the EP modes. At first performance of nodeparallelism
on scaling neural network size is explored. As NP distributes the neural nodes
across the SPEs, i.e. more memory is available in the local store as the network’s
weight matrices are distributed, it is possible to test larger networks with some
NP SPE thread configurations. Hence, the network dimensionswere extended to
N = 12,25,37,50,62,75,87,100,150,200,250,300. For NP-2 and NP-4 not the
full range of measurements could be performed as the memory limit was hit.

For reference of the calculation of the speedup the results of NP with a single
SPE were used. However, the single node version of the NP algorithm runs out
of memory even earlier than when using two or four nodes. Therefore for these
measurement points (allN > 100) the time taken for a single node was linearly
approximated on the basis of the acquired values forN = 12 to 100.

Another special attribute of the plot shown in the followingis the fact that the
curves of NP-2, NP-4, NP-8 and NP-16 do not start with the firstpossible point on
the x-axis, instead they seem to be shifted to the right of thegraph. To understand
why these values have been omitted in the plot, it is needed toexplain how the
network is distributed. As illustrated before the topologyof the simulated neural
networks was fixed to three layers of nodes, i.e. two layers ofweights. Where
the second node layer (hidden layer) is divided among the processing nodes. As
every basic element on a vector processor is a vector and a float vector on the
SPE can contain four elements the minimal number of hidden nodes necessary for
distribution across two SPEs was set to five (there is an additional handling of a
bias node which is not discussed here).

This may seem a lightheaded decision to the reader as there exist schemes which
would distribute the hidden layer nodes more wisely to the SPEs allowing a much
better general utilization of the CELL. However, one should not forget that each
additional computing node also generates a considerable amount of additional
traffic on the bus.

The distribution algorithm is further implemented to adaptthe number of SPE
threads used when the number of hidden nodes is too small to use all of the user
requested SPE threads. Hence, when tellingnncell to train a network of con-
figuration 12-9-6 using four SPEs, the program will adapt thenumber of SPEs
to the maximal number possible under the given constraints.In the case above
this would be three. In turn this means that for all points on the general graphs
where the number of SPEs requested does not fulfill #hidden≥ 4∗SPEsrequested
the next smaller, possible number of SPEs is selected. Therefore it was decided
to omit all points from the graph which are no real products ofthe requested SPE
thread configuration but instead of a configuration with lessthreads. This is also
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the reason whyN = 87 in the evaluation of the performance in respect to dataset
dimension. Only when using at least 87 hidden nodes all of 16 SPEs requested
with NP-16 are really used.

The plot for node parallelism using varyingN is shown in figure6.13.

Figure 6.13: Speedup of the tested node parallel processor configurationsP = 2,
4, 8, 16 on networks ofN = 12, 25, 37, 50, 62, 75, 87, 100, 150, 200, 250, 300.
While the dataset size was kept constant at 1000 rows. In the plot S(P) denotes the
speedup in comparison to a single node of exemplar parallelism which was also
tested on these configurations but is not shown here.T(1) was thereby determined
by training the network using node parallelism on these network configurations
with a single SPE.

From the graph the following observations can be made: NP-2 starts with a
speedup of about 0.82, dropping to 0.74 on the next measurement point. There-
after performance increases fast and atN = 50 first real speedup of 1.03 is reached.
From there the curve rises up to the highest point atN = 150 and a speedup of
1.33. NP-4 starts directly with constant improvement of speedup untilN = 150
is reached where the ascent of the curve loses steepness and continues in a flatter
shape untilN = 200 is reached. The last pointN = 200 of the curve of EP-4 with
a value of 1.34 is also the top point in respect toS(P) in the whole graph. NP-8
also shows a persistent improvement of speedup until the curve runs out of the
graph. The steepness of the performance increase is therebyalso smaller between
pointsN = 150 toN = 300 than before (forN = 50 toN = 150). Best speedup
is reached with 1.17 atN = 300. Finally, NP-16 which starts atN = 87 is rising
with moderate steepness until the last point on the curve. This last point shows
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the highest performance of all previous points on the curve of NP-16 with a value
of S(P) = 0.76.

In the second step of the performance evaluation speedup in respect to dataset
size was investigated. Setting of the test were identical tothe evaluation of the
EP mode (N = 87, dataset set sizes: 100, 500, 1000, 2500, 5000, 10000, 15000,
20000, epochs: 50).

The plot of speedup vs. dataset size for all tested modes is shown in figure6.14.

Figure 6.14: Speedup of the node parallel mode using 2, 4, 8, 16 SPEs on datasets
of sizes 100, 500, 1000, 2500, 5000, 10000, 15000 and 20000. In the plot S(P)
denotes the speedup in comparison to a single SPE mode of nodeparallelism
which was also tested on these configurations but is not shownhere.

From the graph the following observations can be made: With the smallest tested
network size all modes deliver the best result of the whole evaluation. Directly af-
ter the first measurement point each of the modes undergoes a considerable degra-
dation in speedup. Where the order of magnitude of the degradation is greatest
for EP-2 and smallest for EP-16. For the following measurement points all modes
converge to a constant speedup which they keep up until the end of the observation
window.

Proposal for optimization of node parallelism

Since the speedup of NP is not satisfying for network scalingand the results for
scaling dataset size are even worse, a proposal is made to improve performance of
NP.
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When analyzing the sequence diagram that was presented previously and dis-
secting the number of messages, it can be seen quite easily where the performance
degradation in NP comes from: for each dataset row three messages have to be
sent. The first containing the partial error, the second is the notification by the
PPE that the errors have been summed up and the third the transfer of the summed
error from RAM to each SPE’s local store.

For normal online learning this is a required procedure, since the weight ma-
trices have to be updated directly after each forward pass. However this is not
necessary for batch learning, since there the weight matrixupdate has to be done
once per epoch. Thus, it is not needed to wait for the PPE summing the error and
for the other SPEs transmitting their partial outputs to RAM.Therefore an opti-
mization to the previously presented is possible and is proposed in the following.

The basic idea of the optimization is derived from the previous analysis: instead
of waiting for the summation process on the PPE, the SPE writes its partial output
into an array which is transferred to main memory using another double buffer
approach within the already existing dataset double bufferloop.

If the SPE has finished computing all partial outputs of all rows of the dataset
and sent them to the PPE it waits for a mailbox signal. This mailbox signal in-
vokes either the start of the backpropagation or the termination of the SPE. When
the signal received is a continue signal the second part of the optimized node par-
allelism is launched.

If the continue signal is received another double buffer loop is entered which
again iterates over the dataset rows but also over an additional buffer. This second
buffer holds the summed up final output of the net for the corresponding rows
in the first buffer. The iteration of this loop continuous until all dataset rows are
processed, thus the partial weight matrices contain the final sum of the gradients.
Thereon the RP rules are used to update the weight matrices andthe SPE contin-
ues with the next epoch. So far for the basic description of the idea.

In the following the details are explained using UML based sequence diagrams.
For the purpose of a better illustration the sequence diagram for optimized node
parallelism has been split into two parts. In the first part the (well known) ini-
tialization procedure as well as the forward propagation are shown, while in the
second part the batch backpropagation is primarily described. In figure6.15the
first part of the procedure is presented.

The details are as follows: The PPE loads the datasets and initializes the weight
matrices (1a). Then from the two weight matrices depending on the number of
SPEs to be used for the simulation several partial weight matrices are created
(1b). This is done by evaluating an appropriate mapping of the hidden nodes to
the SPEs to be used and by copying the corresponding connection weights of the
matrices to a dedicated location for each of the SPEs (1c). Thereon the SPEs are
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Figure 6.15: UML based sequence diagram of the first part of optimized node
parallelism for the CELL/B.E.

initiated, thus the compiled SPE binaries are loaded into the SPEs local stores and
executed (1d).

After initialization the SPEs calculate how to scale the dataset double buffer
and the double buffer for the partial outputs (2a). This is done on the basis of
the dimensions of the weight matrices and the currently available free space plus
some overhead for function calls etc. Both buffers are thereby also sized to fit the
same number of dataset rows.

Then the current weight matrices are fetched from main memory (2b). Thereon
the first buffer is filled using the first dataset rows (2c). After all DMAs were
successfully accomplished the transfer for the next bufferis started (2d).

Now the SPEs begin to process the dataset rows of the current buffer using
forward propagation (2e). The results (partial output values) are stored in the
current buffer of the partial output double buffer. If all elements of the current
dataset buffer have been processed the current partial output buffer is sent to RAM
(2f). Depending on wether all dataset rows have already beenprocessed and this
was the last buffer to be transferred the SPE either stalls onits mailbox or returns
to 2c.

The PPE in the meanwhile has noticed that a SPE sent its partial output buffer.
Each row (=line vector) of the received buffer is then added to a line vector in
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RAM which corresponds to that dataset row which produced these partial outputs
(1e). For each SPE which transmitts its buffer, the receivedbuffer is processed row
by row and added to the corresponding row in RAM (1f). When all SPEs have
transferred their buffers and all dataset rows have been processed, there exists a
MxN matrix in RAM, at a dedicated location “known” by the SPEs, where M is
the number of dataset rows andN is the number of output nodes and each element
of the matrix holds a final and complete output of the output node corresponding
to that element.

At this point the PPE leaves its busy polling loop and the procedure continues
on figure6.16.

Figure 6.16: UML based sequence diagram of the second part ofoptimized node
parallelism for CELL/B.E.

The details of the second part of optimized node parallelismare as follows: After
the PPE has left its busy polling loop it evaluates the MSE of the previous epoch
which the SPEs have sent as an addendum to their partial output buffers. Addi-
tionally, the PPE evaluates the current epoch number and compares it against the
user-defined maximal number of epochs.

Depending on the outcome of this evaluation the PPE sends a terminate or a
continue signal to the SPEs. This signal awakes each SPE fromits stall. If the
received signal is a terminate signal each SPE simply transfers its partial weight
matrices (not shown in the diagram) back to RAM and terminates.
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If the received signal is the continue signal the next part ofthe procedure is
started – the batch backpropagation. Here (2g) each SPE enters another double
buffering loop for the consecutive transfer (2h) and processing of the dataset rows
(2i). Additionally, in the same loop and at the same time (2g,2h) another double
buffered transfer is used to fetch the complete outputs as summed by the PPE
from main memory. In each iteration of the loop the SPE uses the retrieved data
to update the partial weight change matrices stored in everySPE’s LS (2i).

After all dataset rows have been processed the RP weight update rules are eval-
uated and the network weights are updated (2j). Now the process is restarted as
the SPE continues with step 2c and the PPE returns to its busy polling loop on the
partial error buffer arrays (both shown on the first figure).

As for the previously presented parallelization schemes the number of messages
was also evaluated here and is given in the following two equations.

#Messagesinitial epoch = 2∗P+2∗Bloads

∗P+1∗P+2∗Bloads∗P(+P) (6.10)

#Messagesf ollowing epochs = 2∗Bloads

∗P+1+2∗Bloads∗P(+P) (6.11)

The first part in equation6.10is the only part which is different in the first epoch
compared to the following epochs. In this part the initial control vector (omitted
in the diagram) and the weight matrices are fetched from RAM. Then the double
buffered forward propagation is started. Thereby one buffer is read from main
memory while the other is written to main memory, i.e. 2∗Bloads∗P. Then the
SPEs stall on the mailbox for the PPE messaging its result (1∗P). Thereafter the
double buffered batch backpropagation is started. This also requires the transfer of
two buffers from every used SPE, hence again 2∗Bloads∗P. TheP in braces at the
end of the equation describes the transfer of the partial adapted weight matrices
back to the main memory after the receipt of the termination signal.

6.2 Discussion

6.2.1 Performance results

Sequential modes

Although the sequential non distributed modes ofnncell were not in the focus
of this work, performance results have also been supplied, and therefore need to
be discussed at least briefly. For both general performance charts presented in the
results section the order of the achieved performance for the sequential modes is
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identical. The worst performing mode is the scalar mode, followed by the VMX
and finally the sequential SPE mode.

None of these observations is a surprise. As presented earlier (see chapter3
for reference) the PPE is much less suited for computation intensive task than the
SPE. And although PPE execution speed can be enhanced using the well estab-
lished AltiVec extensions the SPE’s performance is superior.

It is further seen that the adaption of scalar PPE code to the use of SIMD in-
structions potentially provides a higher speedup than whenswitching from VMX
to SPE. Nevertheless, the speedup when comparing VMX and SPEis still so sig-
nificant that even tasks that can not be distributed so easilybut allow an efficient
use of SIMD instructions will normally benefit clearly from SPE based execution.

Exemplar parallelism

As said earlier exemplar parallelism was identified in [63] as the preferred method
of parallelizing neural networks. When looking at the presented general perfor-
mance plots this can be confirmed without exception. In all ofthe tested node,
network and dataset configurations exemplar parallelism was the superior method.

As the number of messages calculated for exemplar parallelism is low in com-
parison to NP this was an expected result. In fact, exemplar parallelism, leaving
the initial phase and the double buffering aside, only requires three messages per
epoch (send weight matrices containing partial gradient, receive notification that
PPE has summed up gradients and modified weight matrices, gather new weight
matrices) therefore the only factor that could lead to a noticeable performance
degradation is the network size since it controls the size ofthe data to be sent at
the end of each epoch. In fact, for very large networks it is likely that NP outper-
forms EP.

However, for the tested network sizes, no degradation in performance when
compared to the other modes is seen. In fact, even when approximating the further
course of the EP performance curves; a point at which node parallelism could
supersede exemplar parallelism can hardly be projected.

With these impressions from the general performance evaluation the speedup
shown for EP for scaling network size and dataset size is now investigated.

Scaling network size As shown in figure6.12 in which dataset size is plotted
against speedup all of the modes generate a speedup over single node EP of at least
1.6 and at most 3.5 in the used observation window. Additionally, with increasing
N all of the modes also increase their delivered speedup.

The light oscillation of EP-2 is probably related to minimalchanges in the ratio
between SPE processing time and SPE wait time (waiting for the PPE to finish
updating the weight matrices). If SPE processing time is greater than the wait
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time then performance is usually good (small peak) else performance is not so
good (pit).

Similar observations are made for EP-4. EP-4 starts with an initial speedup of
2 which is increased over the course of the curve up to 2.8. In comparison with
EP-2 the four node EP mode has a considerably steeper ascent and also shows
more oscillation. As said before this is related to the amount of wait and process
time the SPEs receive.

In EP-4 there are more nodes thus potential faster processing of the dataset but
in turn also the possibility of longer stalls as more matrices must be summed up by
the PPE and more SPEs must synchronize. Although EP-4 shows astrong ascent
for the first few values ofN the ascent is not continued so rapidly after passing
N = 50. The reason for this behavior is probably that the four nodes are already
well utilized and show a slight saturation by the task’s workload.

EP-8 shows the highest performance in the chart with 3.6 atN = 87. But al-
though there is still an ascent noticeable when EP-8’s curveleaves the area of the
graph, the curve has already lost much of its initial pace andit is therefore not
expected that EP-8 will give much more speedup than already achieved. This sat-
uration can also be explained by the good utilization of the SPEs which seems to
be nearly unaffected by any stalls or waits at this value ofN.

Finally, the graph of EP-16 also shows a steady ascent. Firstfollowing the
curvature of EP-4 and then getting closer to the plotted performance of EP-8.
However, in the observed window forN, EP-16 can not convince. Although it
uses the double of the nodes of EP-8 its performance is worse.But it is expected
that for larger networks EP-16 performs better.

Nevertheless, larger nets can not be simulated within the current implementa-
tion and when the curve of EP-16 leaves the chart it does not show a trend for
serious improvement over the previous shown performance. Why does EP-16
perform so bad when EP-8 and EP-4 look quite utilized? A possible reason is the
dataset size. With a dataset of 1000 rows each of the 16 nodes only receives about
63 rows. This in combination with the network size leads to relatively fast sends
of 16×43KB (atN = 100) for the partial gradient matrices to the PPE.

Additionally, the time which is needed to transfer eight of the 43KB blocks is
increased as eight of the SPEs are located on the other CELL chip. This CELL is
not associated with the PPE on whichnncell is executed. As those 8 SPEs also
have to write to the RAM of the first CELL all of their traffic is routed through
the FlexIO interface which connects the two processors leading to an increased
transfer latency. This in turn, forces stalls for each SPE before it can fetch the
updated matrices. For EP-16 to show its real potential one would therefore either
need a greater dataset, a larger net or distribute the data which is to be transferred
evenly over the RAM of the two CELLs.
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Conclusion for network scaling with EP EP can provide a considerable speedup
for network size scaling. However, due to fact that the network weight adaption
and gradient summation is based on the PPE a good bit of performance is lost.
Another fact, as said before, is that network size can not be increased further in
the current implementation. So, when looking at theS(P) vsN plot this shows the
final and absolute performance reachable for the used configuration for the current
version of the implementation.

Although a noticeable speedup (max 3.6) over single node EP could be re-
ported, a performance increase of 16.66 which is the top performance reported
by Pethick et al. could not be achieved. However, as this number was generated
when training nets of sizesN ≥ 500 with a dataset of 10000 rows it would have
been quite surprising to achieve this speedup when relying on the PPE so much
without using similar sized networks.

To conclude the observation of EP mode on scalingN it should be noted that
although EP’s main focus lies in the processing of large datasets, when wanting to
train larger networks with EP increasing the number of computational nodes will
provide a reasonable speedup unless the dataset is too small, i.e. EP also scales
considerably well on larger networks. However, if the performance gained is not
as expected, the dataset might be too small and it is advisable to test training the
network with EP modes with a smaller number of SPE threads.

Scaling dataset size As it can be seen from the general performance plot pre-
sented in the results section, all of the EP modes scale well with rising dataset set
size and outperform all the other modes.

In the plot shown in figure6.12 the performance of the EP modes on scaling
dataset size is compared to each other. It is no surprise thatEP modes which utilize
a greater number of nodes perform better than modes with lessnodes. Anyhow,
all of the modes behave quite comparable as they show a rapid increase in speedup
for the first few measurement points but beyond a specific point the performance
gained is only marginal. It is further observed that the higher the number of SPEs
used the later this point is encountered.

The reason for this behavior is easily found: The maximal utilization of all
SPEs is reached faster with increasing dataset size when less SPE threads are
used, with more threads the maximal utilization is also reached later. Maximal
utilization in this context means that increasing the dataset size further will not
yield a considerable performance increase. For the implementation and network
configuration shown in the plot points of maximal utilization are at 500, 2500,
5000 and 10000 for EP-2, EP-4, EP-8 and EP-16, respectively.
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Conclusion for dataset scaling with EP Exemplar parallelism yields a good
speedup when scaling dataset size. For the evaluation here it was possible to
report a top performance of 6.6 over the single EP mode for a network size of
87 and a dataset size of 20000 using EP-16. As reported by Pethick et al. it was
also found here that exemplar parallelism exhibits a strongcorrelation between
performance and size of the dataset. But while for Pethick et al. the performance
degrading factor is the communication time it does not play asignificant role here,
in fact, the time for DMA is much smaller than the time the SPEsmust wait for the
PPE. Therefore in this implementation the PPE was identifiedas the bottleneck.
Nevertheless the (modified) rule of thumb, as formulated by Pethick et al., for
exemplar parallelism holds: the larger the dataset the higher the ratio between
performance and SPE wait time (for Pethick: communication time) and thus the
higher the speedup.

Node parallelism

As node parallelism produces a large number of messages whenused for training
neural networks the expected performance gain is also reduced. In fact, the plots
shown in the results chapter imply the application of further improvements to
make NP feasible in practice.

Scaling network size and node parallelism From the general plot shown in
figure 6.9 a first impression of how NP performs for varying dataset sizes can
be received. There, comparable to EP but with a smaller effective reduction of
runtime, the curves of the NP modes start with a steep ascent which stops at a
certain point specific to each of the modes. Beyond this point the curve runs
considerably flatter than before until it leaves the observation window. To extend
these findings the speedup over single mode NP has been drawn for all tested
NP modes in the plot shown in figure6.13. For this plot it can be said that from a
broad point of view all thread configuration improve their performance as network
sizeN increases.

The only questionable point in the curve of NP-2 is the secondmeasurement
point where performance degrades for a moment. This behavior might be related
to the fact that at this point (N = 25) where the corresponding network is 25-18-
12 the SPEs are again (compared to pointN = 12) not so well utilized that their
performance could account for the increase of the size of themessages holding
the partial outputs. When referring to the increase in message size what is meant
is that while the previous network (12-9-6) only required sending 6 elements per
dataset the new network requires the sending of 12 elements per dataset. On the
other hand, the network size is also doubled resulting in more work for each SPE
thread. Hence, there might be another reason for the degraded performance in this
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point.
NP-4 starts with a low speedup since the small number of hidden nodes per SPE

can not account for the large number of messages which have tobe sent per dataset
per epoch. However, as larger nets are simulated the utilization of the SPEs also
increases. This leads to a rapid ascent of the speedup until the last measurement
point of NP-4.

NP-8 which also reached good but not overwhelming performance starts with
quite steep ascent until reaching the pointN = 150 whereupon the curve describes
a flatter path than before. This slight flattening of the curvemight be related to
a slow saturation of SPE performance as network size increases. Or which is
also probable since all three curves (NP-4, NP-8 and NP-16) are effected by this
loss in steepness at exactly the same point it could be related to an overoptimistic
approximation of the underlying NP-1.

NP-16 performs worse than all other modes but shows a trend that it could
provide noticeable speedup for networks of larger size. However, for the tested
network sizes the performance increase delivered by the 16 SPEs can not account
for the large number of messages created.

Conclusion for scaling network size with NP Although the reported perfor-
mance of NP for scaling network size is no surprise the parallelization strategy in
its current implementation is not satisfying. Of course, the performance outcome
was more or less expected since the networks that could be tested on the CELL are
too small to account for the large number of messages generated. But there could
have been a greater gain in performance due to the high speed of interconnection
between the computing nodes on the CELL/B.E.

However, when analyzing the work of Pethick et al. for their reported results
on node parallelism it turns out that the network sizes whichhad to be used for
performance evaluation here are considered by them as a worst case setting for
node parallelism.

Anyways, as it is currently not possible to practically asses the performance of
NP on larger nets there is only the possibility to increase performance of the algo-
rithm itself to deliver a higher speedup on the tested configurations. It is therefore
highly recommended to apply the proposed optimization to NPand reevaluate the
performance. When the proposal can be applied as thought the number of mes-
sages should be drastically decreased and allow a remarkable improvement over
the current performance.

Scaling dataset size and node parallelism In the general performance evalua-
tion for scaling the dataset size we find NP modes performing worse with increas-
ing number of nodes. This is confirmed for the analysis of the speedup as shown
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in the graph of figure6.14.
In this figure, each of the curves has basically the same shape: starting up high

and leveling lower but then proceeding at a constant level until the end of the
observation window. Thereby the only difference between the modes lies in the
height of the level and in the degree of performance degradation after the first
measurement point. In the following this behavior is explained.

In the initial measurement point the dataset size is so much smaller than that
of datasets tested thereafter, that there are significantlyless messages generated
and hence performance is better. However as the number of messages generated
for each epoch of the network is not only dependend on the number of dataset
rows but also on the number of SPE threads used, this performance peak at the
initial point of measurement is reduced as the number of threads is increased.
Thus, the performance degradation from the first measurement to the second mea-
surement becomes smaller as more nodes are used. The relation of number of
threads, dataset size and number of messages is also the reason for the reduced
performance gain in NP when more threads are used.

For the second measurement point of NP-2 and NP-4 there is also a noticeable
difference in speedup to the third point from where the speedup stays constant. On
the other hand, for NP-8 and NP-16 no difference is visible inthe plot. The reason
for this short degradation in the NP modes with lower node numbers is related to
the implemented double buffering. As it is always needed fordouble buffering to
have an initial buffer transferred completely so that work can be done while the
next buffer is transferred there is always a phase of waitingrelated to the transfer
of the initial buffer. Since the implementation is realizedin a way in which this
initial transfer is always done right before the start of a new epoch, each of the
SPEs has to wait 50 times for the initial buffer.

Now for a dataset size of 500 rows with a small number of SPEs the ratio
of overall communication time and sync time to overall initial buffer latency is
relatively small in comparison to that of larger datasets. Thus, for a dataset size
of 1000 the ratio has already reached a point at which the denominator’s influence
is not noticeable anymore. This also gives an explanation why the magnitude of
the degradation (seen from the first point of the measurement) is reduced with
increasing node number – the number of messages for NP-8, NP-16 at dataset
size 500 is simply already to high to notice the latency of thetransfer of the first
buffer.

Conclusion for scaling dataset size with NP As expected from the general
evaluation graphs presented in the results section of this chapter the speedup
gained with NP drops as more threads are used. As reasoned in the text and
easily seen from the implementation diagram this is caused by the growing num-
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ber of messages when the number of nodes is increased. However, the proposed
optimization for NP could lead to an improvement of this behavior and allow a
better speedup for a larger number of threads.

Nevertheless, it can not be said exactly how speedup will improve since the
optimization only reduces the number of messages relative to the dataset size and
the utilization of additional nodes will still lead to a greater overall number of
messages. On the other hand, the proposed optimization should cover the transfer
latency nearly completely. It is however still possible that the improvement is not
as expected as the PPE, which is now utilized more frequently, might become a
new bottleneck. However, it is needed to implement the proposal to get a true
statement of the quality of the improvement.

Apart from the possible general performance improvement due to the applica-
tion of the proposal, it is expected that it will only change the average level of the
curves and that the basic shape of the curves will stay the same as all nodes can
take advantage of the optimization. Thus, at a certain dataset size all modes will
again show a constant speedup.

This constant speedup was also reported by Pethick et al. fortheir cluster com-
puter. They also reported only a very weak correlation between speedup and the
size of the dataset. They further found a slight degradationof performance for
32 nodes and a dataset size of 10000 using a network size ofN = 1000. For the
network tested here which was of sizeN = 87 with 16 nodes a degradation was
not found.

6.2.2 Limits and improvements

From the observation of the literature it was decided to implement two of the four
main strategies for the parallelization of neural networks.

It was found that while both strategies can provide a noticeable speedup to the
sequential implementation of the learning algorithm the performance gain due to
exemplar parallelism is greater than for node parallelism.It is however expected
that the performance gain of NP can be further increased whenapplying the pro-
posed optimization. If this will also enable NP to outperform EP in its current
implementation is not sure.

For EP on the other hand the PPE was identified as a bottleneck.Therefore a
further improvement of EP could be to move the summation of the gradients from
the PPE to one SPE or to do the summation along the way to RAM, thus using a
summation process similar to a pipeline where each SPE adds its current gradient
matrix to the matrix received from the previous SPE. Anyways, with the current
implementation the training of larger networks is only possible using NP.

Thus, one of the main limits of the current implementation isthe size of the
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networks that can be trained. Even for NP the maximal networkdimension is
N = 425 which is a 425-318-212 network and is compared to the network sizes
evaluated in the cluster computing paper (network sizes up to N = 2000) quite
small.

However, it has to be asked how important the training of suchlarge networks
is. When investigating the datasets of the UCI machine learning repository [2]
there are only two datasets which can not be trained withnncell currently, either
having 650 or 1560 attributes. Most of the other datasets in the repository can even
be trained using EP since they have less than 100 input features. Additionally, the
limit is only valid when the network is scaled using the givenformula. However,
most of the times it will not be necessary to have1

2N output nodes.
Nevertheless, to enablenncell to train larger networks in general one possi-

bility would be to swap out network parts which are only loaded into the local
store when needed. However, this would probably lead to a degradation of per-
formance due to the transfer latency and significantly raisethe complexity of the
current code.

Another improvement which allows to increase trainable network size would
be the use of fixed point arithmetic as reported by Strey [5], this would also yield
an additional overall performance benefit since more operands could be processed
at once (eight 16-bit fixed point values per vector instead offour 32-bit float ele-
ments). At last the handling of larger network might also be supported by switch-
ing to a different learning algorithm.

Several aspects led to the decision to prefer the resilient backprop algorithm (RP)
over the most commonly used Levenberg-Marquardt algorithm(LM). As one of
the main reasons for not choosing the LM algorithm was the high memory re-
quirement for the algorithm it might seem strange that just this algorithm could
allow to train even larger networks.

As said before there are publications that propose to dividethe Jacobian matrix
and reduce memory cost this way [33, 9] but this also requires additional time to
handle the new submatrices. Therefore it might be reasonable to apply optimiza-
tions to the LM algorithm for neural networks as presented in[24, 25, 10].

In the first two articles the authors introduce neural neighborhoods to the algo-
rithm. These are clusters of neural nodes of the network which are trained mostly
independently of each other. The authors report a significant reduction of training
time and memory requirements over the standard LM algorithm. In the second
paper, the performance index and the calculation of the gradient information are
modified which results in less memory requirements and a better convergence rate.
Hence, a combination of distributing the Jacobian along with those optimizations
might allow a feasible application of LM on the CELL/B.E.
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Apart from a possible modification of the learning algorithmthere are other op-
timizations that might lead to further performance improvements. As the imple-
mentation was based on the code generated out of first practical experiments with
the CBEA and neural networks in which only incremental learning was used,
there is still some performance to be gained by changing the architecture of the
implementation. For instance, in the current code there is acall to the forward-
and backward propagation routines for each single pattern.However, for batch
backpropagation this is actually not necessary.

Since there the patterns can be processed independently of each other it is pos-
sible to evaluate the forward propagation for all patterns at once, i.e. with a single
function call, using a matrix multiplication of the weight matrix and pattern space.
For the backpropagation a similar approach is feasible. Of course, memory on the
SPE is limited and it would probably not be possible to hold the result for all pat-
terns in memory at the same time but incorporating the changewith the already
implemented double buffering approach should allow to apply this optimization.

An additional limit of the current implementation is the number of possible ac-
tivation functions. Currently the setting is fixed to tanh2 asactivation function of
the hidden layer and a simple linear activation in the outputlayer. As different
activation function combinations might allow better prediction results it should be
considered to extend the number of activation functions. For the current code base
there is no special reason prohibiting this idea except the additional effort that has
to be put in the porting of these sigmoidal functions to the instruction set of the
SPE to allow fast processing of the input operands.

Overall it is found that EP and NP (using node configurations two and four) pro-
vide a reasonable speedup on the CELL/B.E. though speedup and total run time
of NP should be improved to be practical.

Comparing to Pethick et al. it is found that the results reported here conform to
their findings if the smaller size of the networks is taken into account. Therefore
the worst cases for both parallelization strategies here are the same as given in
[48]. Which is for EP a small dataset and a large network and for NP asmall
network and a large dataset. As a general rule for the currentimplementation the
question of which strategy should be used is quite simple to answer: use EP as
long as the network size allows it, otherwise use NP or the VMXmode.

6.2.3 Further practical use of the developed application

For further use and development of the software it is plannedto consider which
of the previously discussed optimizations may be implemented into the applica-
tion. Additionally, it is thought to port the ANNIGMA mode which is already
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implemented in the program for single SPE mode to the parallel modes and there-
fore multiply the time saving for the use of ANNIGMA@nncell compared to the
ANNIGMA@MATLAB implementation.

These additional improvements to the current application might make the use
of nncell interesting to an even broader field of users. Besides the possibility that
others might findnncell useful there are also two concrete future applications of
the program.

The first is simply as a workload generator and regression test tool for the CEL-
L/B.E. test team. Asnncell is not relying on any of the IBM extended SDK
libraries it may be used as an evaluation tool for general system performance and
functionality independent of any of the high level libraries. Withnncell it is fur-
ther possible to produce workload on selected hardware parts of the CELL. For
instance, using the NP-16 mode to train a neural network having a 1-87-1 topol-
ogy on a large dataset will lead to a large amount of bus trafficbut only a low
SPE utilization. On the other hand, using EP mode with a network of dimension
N = 100 and a large dataset will lead to a strong utilization of the SPEs while
causing only a moderate number of DMAs.

The second field of application lies in the further evaluation of the MIRA datasets
thus in further predictive tasks. As explained in the next section of this chapter
there are also several limits to the achieved results in thiswork and it seems rea-
sonable to reevaluate some of the results presented here. Additionally, there are
several parameters from the MIRA studies which could not be included in this
evaluation but might add extra value. It is therefore also planed to investigate a
similar task but with a different, possibly larger parameter set.



Chapter 7

Prediction

7.1 Population analysis

7.1.1 ETZ dataset

According to the achievements in the treatment goal (weightreduction) the ETZ
dataset was divided into two groups (< 7% weight reduction versus≥ 7% weight
reduction in 12 weeks) and all parameters were compared. Forbetter readability
the tables which are described in the following have been moved to appendixB.1.

As shown in chapter 2, the ETZ dataset includes different kinds of parameters.
The basic morphometric parameters, the age, the raw BIA parameters as well as
variables which were derived from those parameters (TBW, LBM,BCM, fat mass,
cell mass, ECM and phase angle). Although it was decided to remove the derived
parameters from the dataset for the ANN based analysis, theyhave been analyzed
here as well. However, it is seen quite easily, at least for the simple statistical test
conducted here, that there are many variables without a significance difference
between the groups.

TableB.1 shows the distribution of male and females among the two weight re-
duction classes. It can be seen that there were 217 subjects more in class 1 than in
class 0. Nevertheless, both have a comparable male/female ratio.

In tableB.2 the difference between age, body weight and BMI at week 0 is
given. It can be seen that both groups differ significantly inage, weight and BMI
with lower age, higher weights and BMIs in class 1.

The next table (B.3) shows the distribution of the weight change and therefore
also BMI change in the two classes. It can be seen that the BMI after 12 weeks
was significantly higher in class 0. There was a considerableand highly significant
difference between class 0 and class 1 in delta weight (about3.6 kg vs 9.5 kg) and
delta BMI (1.3 vs 3.4kg/m2) although weight after 12 weeks was not significantly
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different.
TableB.4shows the distribution of the BIA parameters among the groups. Both

groups differed significantly in TBW, LBM, BCM as well as fat mass,cell mass,
ECM, phase angle with higher values in class 1. No difference in resistance and
reactance was found.

7.1.2 MIRA dataset and subset (MIRANP)

According to achievements in the treatment goal (weight reduction< 7% versus
≥ 7%) the MIRA dataset was divided into two groups and all parameters were
compared. It should be noted that the results are also valid for the MIRANP
dataset, since it is a subset of the MIRA dataset without the attributes group and
program. As before, to improve readability the tables described here have been
moved to appendixB.2.

The first table (B.5) shows the description of the population of the two classes
regarding sex and participation in the two weight reductionprograms. It can be
seen that about one third of the whole MIRA population achieved the treatment
goal. Interestingly there were no significant but small differences in age and sex
distribution in both groups, leading to a female/male ratioof about 5-6 to 1. On
the other hand, there was a highly significant difference in the ratio of the number
of participants taking part in the DGE or in the BCM program in class 0 (1.5 to 1)
compared to class 1 (1 to 5).

Regarding the anthropometric parameters as shown in tableB.6 the two groups
differed significantly in BMI and hip girth, having higher values for BMI and hip
girth in class 1 and lower values in class 0. Also height was slightly different with
higher values in class 0.

As can be seen in the tableB.7 the classification in the two weight loss groups
shows only small differences in the achieved mean weight resp. BMI after 12
weeks but highly significant differences in delta weight (about 2.7 vs 8.95 kg) or
delta BMI (about 0.94 vs 3.26kg

m2 ). Reason for the last finding is the higher initial
weight and BMI values of the subjects in class 1.

TableB.8 shows that the only significant parameter regarding BIA data was the
resistance, of which subjects in class 0 had higher values onaverage.

The observation of the haemodynamic parameters in tableB.9 shows that sys-
tolic and diastolic blood pressures were higher in class 1, without a difference in
heart rate.

For the parameters of the clinical chemistry that were acquired for all partici-
pants of the MIRA studies, as shown in tableB.10there were small but significant
differences in GGT, GPT, creatinine and triglycerides, means values where always
higher in class 1.
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In difference to the analysis of the parameters of the clinical chemistry the
scores for the categories of the IWQOL-Lite questionnaire aspresented in table
B.11showed no difference in either of the groups.

For the food questionnaire (see tableB.12for reference) a significant difference
was seen in the patient’s historic whole daily energy expenditure with a higher
value in class 1, leading to a difference of 19kcal

d . The dietary fiber intake also
showed a significant difference with class 0 having the larger mean value.

The analysis of the Lean Habits scores which is shown in tableB.13 showed
a significant difference in the reported daily physical activity between the groups
with a higher mean score in class 0.

7.2 Prediction results

As explained in chapter4.2.6the prediction was performed in several steps: after
a network configuration for the analysis using ANNIGMA was selected and the
heuristics that should be used within ANNIGMA were defined, the first step was to
evaluate all datasets with the defined activation function combinations, the chosen
heuristics on the previously found network topology. As also mentioned before,
prior to the ANNIGMA evaluation the datasets were divided into a training and a
test set.

As there were three datasets to be evaluated each of which using two different
heuristics and different network topologies (besides the seven different activation
function combinations) a lot of data was generated. For further analysis this data
was arranged in a total of 10 tables which can be found in appendix C. In the
following subsections each table’s best results are discussed. These results are
then summarized in table7.1.

Furtheron to evaluate these best results for their practical relevance each of the
entries in the summary table was used to train 30 new networkswhere the best
was selected on the basis of the lowest test set error in the optimal operation point
as defined in chapter5.3.2. For each of these “best networks” a ROC curve was
drawn and several statistical measures were computed. On the basis of these mea-
sures the best performing network of each topology for each dataset was selected.
These network’s ROC curves are presented after the summary table. The remain-
ing ROC curves and their data was moved to appendixD.

Note that a fold out feature map has been included in appendixE to simplify
translating the feature numbers to their attribute names, when only the feature
numbers are given.
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7.2.1 ANNIGMA results for the ETZ dataset

Based on 6-17-1 MLPsnncell showed nearly the same “best subset error” with
ANNIGMA heuristic FS and the “best subset error” with BEB compared with
MATLAB with only marginal differences in the original average error and aver-
age error % as well as in the TOP 3 selected features (tableC.1 and tableC.2).
There was no difference in prediction errors and selected features whether or not
the prediction was made with ANNIGMA heuristic FS or BEB. Both nncell and
MATLAB implementation performed best with a tanh-lin or a tanh2-lin activation
function and this was true whether FS or BEB ANNIGMA heuristics was used.

The best results of the two tables were further selected intosummary table7.1.

7.2.2 ANNIGMA results for the MIRA dataset

For the 54-2-1 MLP using tanh2-lin activation function combination and the AN-
NIGMA heuristic FS the best result was produced using ANNIGMA@nncell

which is indicated by the lowest “best subset error%” (23%) using a slightly dif-
ferent set of features compared with ANNIGMA@MATLAB (tab.C.3). nncell
favored the features 21 (GPT), 34 (public distress) and 22 (GGT), 8 (program),
33 (sexual life) whereas MATLAB, depending on activation function, selected 21
(GOT), 22 (GPT), 16 (heart rate), 8 (program), 46 (whole daily energy expendi-
ture), 45 (energy expenditure during exercise) etc. as top 3features with higher
frequency.

The same MLP structure with ANNIGMA heuristic BSE (tab.C.4) again
showed the lowest “best subset error%” (21%) fornncell favoring nearly the
same leading features 8 (program), 21 (GPT), 22 (GGT) compared with MAT-
LAB. Results of the 54-16-1 MLP were similar on both heuristics.

The best results of the four tables were selected into summary table7.1.

7.2.3 ANNIGMA results for the MIRANP dataset

For the MIRA-subset (MIRANP), where the features “program” and “group” were
excluded, the 54-2-1 MLPs with FS heuristicnncell performed equally well
compared to MATLAB, favoring 19 (GPT), as most predictive feature with a “best
subset error” of about 32%.

In a MIRANP analysis with the 54-2-1 MLPs using BSE heuristics,selected
features changed completely (about 10 different features)but yielded about the
same “best subset error” withnncell (31%) and higher errors with MATLAB
(about 36%) in comparison to the FS heuristic.

When MIRANP was investigated with the 54-16-1 MLPs using FS heuristics
nncell selected 1 (Sex), 31 (sexual life) in the best subset whereasMATLAB
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with log-log activation found 52 (meal situations), 12 (RRsys) as best predictors
with errors of about 31%.

When MIRANP was analyzed using 54-16-1 MLPs with BSE heuristic best
nncell and MATLAB subsets were again multifactorial (up to 11 features) with
“best subset errors” of about 31 %.

In table7.1a summary of these results is presented.

7.2.4 Summary and Statistics

In the following the table containing the best results of theANNIGMA evaluation
is presented (table7.1). Thereafter the best six ROC charts are shown. These have
been selected by network topology, sensitivity and specificity and are discussed in
the next section.

Therefore for the ETZ dataset both tested nets a 6-17-1 and a 2-17-1 MLP
(figures7.1and7.2) with features 1,2,4,6 and 2,6 were selected.

For MIRA the selected nets were a 5-2-1 MLP (see figure7.3 with features 4,
8, 14, 21, 44 and a 2-16-1 MLP with features 8 and 53 (figure7.4).

Finally for MIRANP the selected nets were a 3-2-1 MLP (shown infigure7.5)
with features 2, 10, 19 and a 17-16-1 MLP (see figure7.6) with features 3, 7, 10,
12, 18, 19, 20, 21, 22, 23, 29, 31, 32, 33, 38, 43, 50.
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Table 7.1: Summary of the best results produced by ANNIGMA for all tested
datasets and nets. Every item in this table has been further investigated and a
ROC curve has been drawn. The best six of these ROC curves two for each
dataset are presented on the next pages. Note that the columnNN System does
not only identify the platform on which the net was tested butalso the learning al-
gorithm: MATLAB uses Levenberg-Marquardt (LM) whilenncell uses resilient
backpropagation (RP). Also note that for all best BSE results also the next worse
(regarding the error) result has also been selected for further evaluation when the
error was in a similar region but there were less features selected.

Dataset
Network

Heuristic TF1-TF2 NN System Best sub-
set Err.%

Best subset

ETZ
6-17-1

FS tanh-lin MATLAB 35.43 1,2,4,6

BEB tanh2-lin nncell 35.90 2,6

MIRA
54-2-1

FS tanh2-lin nncell 23.28 8,21,22,33, 34

BSE(a) tanh2-lin nncell 21.20 8,14,21,22,
35,39,40,41

BSE(b) tanh2-lin MATLAB 23.44 4,8,14,44, 21

MIRA
54-16-1

FS tanh2-lin MATLAB 22.95 8,53

BSE(a1)

lin-lin MATLAB 22.95

8,10,11,12,21,
24,41,44,45,46, 51

BSE(a2) 8,12,21,25,
41,44,45,46,47

BSE(b) tanh2-lin MATLAB 23.28 8,14,16,38, 49,53

MIRANP
52-2-1

FS log-lin MATLAB 30.66 2,10,19

BSE(a) tanh2-lin nncell 30.60 3,7,10,12,18-23,
29,31-33,38,43,50

BSE(b) lin-lin MATLAB 32.79 43,44

MIRANP
52-16-1

FS log-log MATLAB 30.49 12,52

BSE(a) tanh2-lin nncell 30.60 3,7,10,12,18-23,
29,31-33,38,43,50

BSE(b) lin-lin MATLAB 31.15 2,9,11,42-44,48
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ROC curve of the performance of a 4−17−1 (tanh−lin) MLP 
trained with LM on the ETZ Dataset.

Parameter Value

AUC (%) 65.38

Prevalence of pred. (%) 77.36

Sensitivity (%) 89.76

Specificity rate (%) 41.18

False pos.rate (%) 58.82

False neg.rate (%) 10.24

Pos.predictive value (%) 71.75

Parameter Value

Pos.likelihood ratio 1.53

Testset error (%) 29.72

Subjects 212

True pos./pos. 114/127

False positives 50

True negatives/neg. 35/85

False negatives 13

Figure 7.1: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 4-17-1
topology with the hidden layer activation set to tanh and theoutput layer activation
set to lin and was trained using the LM algorithm for 15 epochs. The features used
from the ETZ test set were : 1, 2, 4, 6.
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ROC curve of the performance of a 2−17−1 (tanh2−lin) MLP 
trained with RP on the ETZ Dataset.

Parameter Value

AUC (%) 60.75

Prevalence of pred. (%) 85.38

Sensitivity (%) 93.70

Specificity rate (%) 27.06

False pos.rate (%) 72.94

False neg.rate (%) 6.30

Pos.predictive value (%) 67.20

Parameter Value

Pos.likelihood ratio 1.28

Testset error (%) 33.02

Subjects 212

True pos./pos. 119/127

False positives 62

True negatives/neg. 23/85

False negatives 8

Figure 7.2: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 2-
17-1 topology with the hidden layer activation set to tanh2 and the output layer
activation set to lin and was trained using the RP algorithm for 250 epochs. The
features used from the ETZ test set were : 2, 6.
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ROC curve of the performance of a 5−2−1 (tanh2−lin) MLP 
trained with LM on the MIRA Dataset.

Parameter Value

AUC (%) 72.56

Prevalence of pred. (%) 27.87

Sensitivity (%) 55.00

Specificity rate (%) 85.37

False pos.rate (%) 14.63

False neg.rate (%) 45.00

Pos.predictive value (%) 76.92

Parameter Value

Pos.likelihood ratio 3.76

Testset error (%) 24.59

Subjects 61

True pos./pos. 11/20

False positives 6

True negatives/neg. 35/41

False negatives 9

Figure 7.3: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 5-
2-1 topology with the hidden layer activation set to tanh2 and the output layer
activation set to lin and was trained using the LM algorithm for 15 epochs. The
features used from the MIRA test set were : 4, 8, 14, 21, 44.
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ROC curve of the performance of a 2−16−1 (tanh2−lin) MLP 
trained with LM on the MIRA Dataset.

Parameter Value

AUC (%) 66.10

Prevalence of pred. (%) 44.26

Sensitivity (%) 70.00

Specificity rate (%) 68.29

False pos.rate (%) 31.71

False neg.rate (%) 30.00

Pos.predictive value (%) 60.61

Parameter Value

Pos.likelihood ratio 2.21

Testset error (%) 31.15

Subjects 61

True pos./pos. 14/20

False positives 13

True negatives/neg. 28/41

False negatives 6

Figure 7.4: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 2-
16-1 topology with the hidden layer activation set to tanh2 and the output layer
activation set to lin and was trained using the LM algorithm for 15 epochs. The
features used from the MIRA test set were : 8, 53.
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ROC curve of the performance of a 3−2−1 (log−lin) MLP 
trained with LM on the MIRANP Dataset.

Parameter Value

AUC (%) 53.41

Prevalence of pred. (%) 9.84

Sensitivity (%) 25.00

Specificity rate (%) 97.56

False pos.rate (%) 2.44

False neg.rate (%) 75.00

Pos.predictive value (%) 95.24

Parameter Value

Pos.likelihood ratio 10.25

Testset error (%) 26.23

Subjects 61

True pos./pos. 5/20

False positives 1

True negatives/neg. 40/41

False negatives 15

Figure 7.5: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 3-2-1
topology with the hidden layer activation set to log and the output layer activation
set to lin and was trained using the LM algorithm for 15 epochs. The features used
from the MIRANP test set were : 2, 10, 19.
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ROC curve of the performance of a 17−16−1 (tanh2−lin) MLP 
trained with RP on the MIRANP Dataset.

Parameter Value

AUC (%) 60.37

Prevalence of pred. (%) 29.51

Sensitivity (%) 55.00

Specificity rate (%) 82.93

False pos.rate (%) 17.07

False neg.rate (%) 45.00

Pos.predictive value (%) 74.07

Parameter Value

Pos.likelihood ratio 3.22

Testset error (%) 26.23

Subjects 61

True pos./pos. 11/20

False positives 7

True negatives/neg. 34/41

False negatives 9

Figure 7.6: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 17-
16-1 topology with the hidden layer activation set to tanh2 and the output layer
activation set to lin and was trained using the RP algorithm for 250 epochs. The
features used from the MIRANP test set were : 3, 7, 10, 12, 18, 19, 20, 21, 22, 23,
29, 31, 32, 33, 38, 43, 50.
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7.3 Discussion

7.3.1 Prediction performance on the presented datasets

Performance of several MLPs on the ETZ dataset

In the previous section the performance of several multi-layer perceptrons (MLPs)
on the ETZ dataset was described.

As a reference and additional analysis system the original ANNIGMA imple-
mentation based on MATLAB was also set up on the task. This allowed not only
to control the results produced bynncell but also to improve the chance to find
other or better results thannncell due to the appliance of additional activation
function combinations and a different learning algorithm.

However, it was expected thatnncell performs comparable to the reference
system or better. This expectation was fulfilled. Both thenncell and the MAT-
LAB implementation performed equally regarding best subset errors, original av-
erage error and average error%.

Regarding the biological significance of the prediction it must be recognized
that the average error and even the best subset error is large. This means that
there is much uncertainty about the predicted outcome. On the other hand it
seems plausible thatnncell and MATLAB ANNs selected weight as the main
feature followed by age and height (or vice versa), nearly independent of the ac-
tivation function. Although it could be assumed that sex would have an influence
on weight loss, this is not supported by these results, not excluding the possibility
that the lower number of males compared to females in the dataset (about 7:1)
might have influenced the data.

Performance of several MLPs on the MIRA dataset and subset (MIRANP)

In accordance with the previous subsectionnncell should have at least the same
or a better performance compared with the reference system on the MIRA dataset
and subset.

Because the MIRA dataset contained much more independent and different in-
formation than the ETZ dataset a better prediction result was expected.

Indeed the “best subset error%” was lower when analyzing theMIRA dataset
in its full dimension (MIRA, with “program” and “group” attributes) as well as
without these features (MIRANP) compared to the results on the ETZ dataset
(21% versus 31% versus 35%). For all datasets there was no bigdifference in the
error comparingnncell and MATLAB.

Obviously feature 8 (program) was a main determinant innncell as well as
in MATLAB based prediction in the full MIRA dataset; followedby a mixture of
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features, often containing 21 (GPT), 44 (basal energy expenditure (EBIS)) and 14
(RRsys).

If features 8 (program) and 7 (group) were removed from the MIRA dataset
(MIRANP) the “best subset error” was higher and there was no clear common
favorite feature detectable althoughnncell preferred 3 (height), 7 (basal energy
expenditure), 10 (hip girth), 12 (RRsys) and some others in both the 52-2-1 and
the 52-16-1 MLPs.

The latter selection seems plausible, regarding anticipated relationships be-
tween anthropometric variables and weight loss, although ANNs have the poten-
tial and should find unexpected and not easily explainable connections between
predictors and the variable which should be predicted.

7.3.2 Limits and improvements

Before the use of the results in practice is discussed the question has to be asked
wether the reported results really reflect the best results possible using the given
tools and techniques.

Although it was tried to produce the presented results by using best practice
methods of the neural networking field, there are several points in the used pro-
cedure which could have made finding a near optimal solution and thus a well
performing neural network quite hard.

For example, as discussed in the works of Tu [45] and LeCun [87] network
learning can usually be improved not only by rescaling the data but also by nor-
malization, thus setting the mean to zero and creating a unity variance over all
values of an input parameter. However, in order to apply the ANNIGMA fea-
ture selection in a comparable way as the authors of ANNIGMA did, this was not
done. Instead the values of each of the parameter columns were simply scaled to
the range (0,1) (see chapter 2 for reference).

While the absence of normalization might not have had a crucial impact on
the outcome of the results of the ANNIGMA wrapper, another decision related to
the acquisition of the final performance data might have had astronger influence.
What is meant here, is the procedure of how the final networks that produced the
presented ROC curves were trained. As the reader might remember, this was done
using the feature set with the activation function combination and the network
topology with the learning algorithm that produced the bestresults on all tested
combinations (feature selection heuristic/activation function combination). What
might be the drawback of this procedure is the fact that for the evaluation of the
selected configuration the network was trained for 15/250 epochs using either the
LM or RP algorithm without considering the error on an additional validation set
(which should have been created before from the training dataset).

Thus, by using a procedure like early stopping [45, 33] it might have been pos-
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sible to produce better results on the final outcome of the prediction on the test
dataset. This could also explain why the results of the RP algorithm on the MI-
RANP dataset are favorable over the results of the LM algorithm – RP simply
converges slower than LM even if LM uses only 15 epochs. Hence, it is more
probable that the use of LM leads to overfitting than the use ofRP [33].

Thinking about the possible degradation of the final prediction outcome also leads
to doubting the initial procedure when a good number of hidden nodes for the
datasets was found. From an objective point of view comparable mistakes were
made there. Thus, the evaluation of a good hidden layer size was evaluated by
training the network for a quite high number of 1000 epochs. Although RP learn-
ing was used for this evaluation the probability of overfitting on the MIRA dataset
is quite high. For the ETZ dataset it was probably not as critical since it has a
great number of dataset rows but a small number of features which usually does
not bias overfitting [33]. However, it is questionable if this evaluation as it was
done really delivered the best network topology. As before the incorporation of
early stopping or cross validation might have led to different results.

Another question that has to be asked is related to the previous concerns. “Could
the ANNIGMA evaluation also be affected by this possible overfitting apart from
the network topology ?”. The answer is yes on both systems, but for the MAT-
LAB based system probability is higher because of the fast convergence of LM.
The reason is that for both systems/both learning algorithms a number of epochs
was more or less simply set (15/250) although it might have been wiser to evaluate
at which epoch the overfitting sets in and use this epoch number.

However, since ANNIGMA not only takes the test error into account but also
the weight connections when evaluating the best feature subset the influence of
this decision is probably rather small. This is also indicated by the results of the
feature selection which fit to the results of the statisticalevaluation. Nevertheless,
for a further evaluation it should be considered to change the initial procedure to
allow a better generalization for each of the evaluation steps.

Another point which also has to be seen critical is the use of the test set. As
detailed in section4.2.6, where the setup of the prediction is described, there were
three testsets generated in total. Thereby the previous test set was mixed again
with the training set, randomized and a new test set was extracted. Hence, in each
of the evaluation steps (topology identification-ANNIGMA wrapper-final predic-
tion) test set and training set were mixed. If there were morerows available in the
MIRA dataset a better procedure would be to separate the dataset at the beginning
into training and test set. Then for each evaluation step useone third of the test
set for evaluation. For the ETZ dataset this should be a realizable approach. For
MIRA the current procedure is probably the most favorable.
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Apart from the procedural modifications to improve the final results, there might
have been further preprocessing steps among the scaling or normalization of the
data which could have improved the final outcome. For example, it is known that
there are dimorphisms between women and men which lead to different “active”
parameter ranges and fluctuations. Therefore it might have been further advisable
to create sex specific subsets. On the other hand this decision would also reduce
the size of the dataset even more.

A further preprocessing step would be the removal of decorrelated features.
As described in the datasets chapter features which were directly depending on
each other were already removed. However, there might be hidden dependencies
which are either not known or simply not obvious. These mightbe identified and
removed using principal component analysis (PCA) or a similar statistical method
[33]. Thus, identifying those features which contribute the least to the variation in
the dataset.

The last consideration for improvement of the presented results is based on the
enlargement of the datasets. While this is not so interestingfor the ETZ dataset,
increasing the number of dataset rows for MIRA would be reallybeneficial. As
said before when discussing the generation of the dataset several rows/subjects
had to be removed from the dataset because of missing values.

However, with a few changes to the dataset structure it is possible to allow
also the inclusion of some of these subjects. As described in[33] this can be
achieved by introducing an additional column per parameterto the dataset which
encodes if the parameter is missing or not. The missing valueitself is thereby
filled with the mean of the parameter’s column. Although it isnot advisable to use
this strategy excessively, since each new parameter in the dataset also increases
the chance of creating a random correlation to the prediction target, for our case
where 20 subjects had to be excluded because of two or three missing values it
seems reasonable to apply this method.

7.3.3 Use of the discovered net configurations for weight loss
prediction

Neural networks and prediction of outcome in medicine

Today most of the medical literature dealing with prediction of results in preven-
tive medicine is based on linear regression analysis (LR) in bi variate or multivari-
ate models. But in many other medical fields ANNs have shown their superiority
in predictive power, sensitivity and specificity compared to LR. The interest in
using ANNs in nearly all fields of medicine is rapidly growingaccording to recent
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reviews [59, 6, 58, 20].
Predicting cardiovascular events was one of the first fields where it was shown

that the application of ANNs can considerably improve the prediction of possi-
ble outcomes in patients with cardiovascular risk factors regarding cardiovascular
events (death of cardiovascular origin, myocardial infarction, stroke etc.). Some of
these results were recently summarized [19].

Figure 7.7: Examples of artificial neural network analysis in the cardiovascular
field (taken from [19]).

An example that artificial neural networks can be more effective than classical
statistical means even in the difficult field of medical prognosis was the devel-
opment and usage of an ANN in the Prospective Cardiovascular Münster Study
(PROCAM), one of the largest German studies related to this problem. Although
the LR classified 8.4% and the MLP 7.9% of men as “high risk” (a more than 20%
chance to suffer from a myocardial infarction or coronary death in 10 years) only
37% of the LR classified (45.8% of all events) but 64% (74.5% ofall events) of
MLP classified men suffered an event.

According to these results it could have been possible to prevent severe cardio-
vascular events in 25% of men at risk using the ANN compared toonly 15% by
using LR [62]. These results support the decision to use MLPs instead of LR to
predict weight loss outcome in addition to the arguments given in chapter4.2.1..

Neural networks and prediction of weight loss in obese individuals

Surprisingly there are no data available from the literature on how ANNs perform
in predicting weight loss in obese individuals.

From multiple stepwise linear regression analysis (LR) it isknown that the ini-
tial weight is the main determinant of weight change in weight reducing programs
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followed by the treatment group and to lesser extent by age inagreement with pre-
vious studies ([15] and others). In so far it is not surprising that the same features
where selected by the ANNIGMA wrapper in the very small set ofETZ variables.

In 2001, Hansen et al. published a paper [15] about predictors of weight loss in
“The Sibutramine Trial of Obesity Reduction and Maintenance(STORM)” with
the statement that “The present analysis of predictors of weight loss is by far the
most comprehensive according to literature search”. In STORM they assessed the
pre-determinants of weight loss and maintenance outcome ina 2 year random-
ized, double-blind, placebo-controlled, multi-center study, examining the effect
of sibutramine, a weight reducing drug.

Indeed compared with the number of patients (n = 605) and the observational
period (t = 24 month) in their study, previous trials with 50 -100 patients and 3 to
12 month of observation were less informative. Surprisingly they found that of the
analyzed features only pre-treatment body weight was an important independent
predictor of 6 month weight loss and 24 month weight maintenance. But only 8%
of the variation in 24 month weight change could be explainedby this predictor.

One possible drawback of Hansen’s analysis might be the use of classic statis-
tical methods for the preselection of features. The methodsused were Pearson’s
correlation for continuous data and Spearman’s correlation for discrete data (at
least significant at the 15% level) as well as a multiple stepwise regression analy-
sis (LR). But Pearson’s correlation and the latter are based oncontinuous mostly
linear relationships between the independent variables and the predicted variable.
For such systems it is not possible to take other more complexrelationships in
the data into account. These limits might have prevented to find features which
increase prediction performance.

Unfortunately, it is not possible to compare the results of the prediction of
weight loss in previous studies with the actual results directly, because only LR
analyzes were used and no information was given about sensitivity, specificity,
positive likelihood ratio and other parameters of quality control in the above men-
tioned literature. Additionally, in most of the papers the predicted outcome was
a continuous variable (e.g. delta BMI) whereas in this study acategorical vari-
able (weight loss< 7% vs. ≥ 7% of initial body weight) was used as outcome
measure.

This difficult situation in mind, an attempt is made to rate the outcome of this
analysis according to certain established quality measures in ANN analysis.

Prediction of weight loss in obese individuals in the ETZ dataset

Although there are qualitative and quantitative measures of ANN performance it is
not easy to select the “best performing” network. One possibility is to look for the
greatest area under the ROC curve (AUROC) where values above 50% indicate a
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more than random prediction.
Regarding the ETZ dataset, the 4-17-1 MLP with tanh-lin activation combina-

tion and trained with LM has an AUROC of 65% whereas the 2-17-1MLP with
tanh2-lin activation combination trained with RP has an AUROC of 61%. Un-
fortunately both MLPs found prevalence rates (77% and 85%) much to high in
comparison with the real prevalence of positives, because of a high false positive
rate. Although there is an only slight difference in sensitivity (89% versus 93%),
the difference in specificity is remarkable (41% versus 27%).

The selected features of the 4-17-1 MLP were 1 (sex), 2 (weight), 3 (height), 4
(resistance), 6 (age) and of the 2-17-1 MLP these were 2 and 6.Only these two
features 2 and 6 belong to the class of variables, which were significantly different,
when the two classes of individuals (weight loss< 7% and≥ 7%) were compared
(see section7.1.1and tableB.2 for reference). For ease of writing these features
will from now on be termed “S-features” (features with significant difference in
both treatment groups).

As stated above there are different consequences regardingtrue/false positive
and true/false negative predictions in the case of weight loss in overweight in-
dividuals. According to these thoughts, the number of true positives should be
maximized and the number of false negatives should be minimized.

In this regard the 2-17-1 RP MLP performs better than the 4-17-1 MLP with
119 true positives (of 127) versus 114 and consequently with8 false negatives
versus 13 in the ETZ dataset, but the 2-17-1 RP MLP has also 62 false positives.

In practical terms this would mean that only 8 out of 127 individuals who could
loose enough weight to change metabolic parameters and riskprofile would get
the wrong information. On the other hand 62 out of 85 individuals, who were not
able to loose enough weight, would get the information that it is possible, although
this will not be true. Regarding this high percentage of laterpossibly unsatisfied
individuals an improvement in prediction would highly be needed.

Prediction of weight loss in obese individuals in the MIRA dataset

One possibility to improve the performance of an ANN is to enlarge the number
of input parameters.

There are contradictory information if, according to linear regression analysis,
additional to “standard” factors (basal weight, height, sex, age or program) the
inclusion of other features (behavioral, nutritional, biochemical, haemodynamic
etc.) is useful in the prediction of weight loss.

Womble et al. 2001 [46] using different assessment measures were able to
demonstrate, that from 59 obese individuals those that had asmaller perceived
body size and scored higher on dietary restraint and hunger at baseline were less
likely to loose weight over a 6 month period.
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On the contrary using the Karolinska Scale of Personality (KSP) and other traits
in 102 obese patients prior to entering a 8-week weight loss program, Poston et
al. 1999 [82] were not able to show a significant predictive effect of personality
assessment.

Another multiple regression analysis by Hainer et al. in 2005 [75] revealed that
the mode of treatment and the initial BMI significantly influenced the BMI reduc-
tion at month four after beginning a weight loss program in 80obese females. But
only a borderline negative relationship was seen with baseline restraint score.

Teixera et al. 2004 [57] found baseline body weight, number of diets in the past,
weight outcome evaluations, self motivation and body size dissatisfaction as sig-
nificant predictors of weight loss at four month in 135 obese females participating
in a lifestyle weight loss program consisting of group-based behavior therapy to
improve diet and increase physical activity. But quality of life, self-esteem, and
exercise variables did not predict outcomes.

In the actual analysis the Lean Habits questionnaire (LHS) and the Impact of
Weight on Quality Of Life - Lite score (IWQOL-Lite) were used for measuring
behavioral traits. Additionally the dataset was enlarged by anthropometric (neck,
waist and hip girth as well as data from Body Impedance Analysis) and biochem-
ical features of blood serum (lipids, glucose, liver valuesetc.). Also measures of
nutritional intake and physical activity were taken into account.

All these parameters are included in the 54 parameter set of the MIRA- and 52
parameter set of the MIRANP analysis.

On the MIRA dataset and subset MIRANP, several MLPs with different MLP
topologies (x-2-1 and x-16-1, with x as different feature numbers) and several
activation function combinations (e.g. tanh2-lin), two different heuristics (FS and
BSE) and two different learning algorithms (LM and RP) were applied. For each
of the seven configurations 30 MLPs were created and the optimal operating point
was determined according to the previously set costs of errors (e.g. the special
cost of false negatives) as described in chapter5. The network with the best testset
error at the optimal operating was then selected (FiguresD.1, D.2, 7.3, 7.4, D.3,
D.4 andD.5).

Comparing the AUC of all different ROC curves for the MIRA dataset the max-
imum AUC was about 73% and the minimum AUC 65%. Compared with AUCs
achieved with ANNs in the prediction of cardiovascular events from risk factors
(LR: 84%, Probabilistic Neural Network (PNN): 87% and MLP 89.7%) as de-
scribed by Voss et al. 2002 [62], the overall performance of the actual MLPs is
much lower. Regarding the huge amount of additional information brought into
the MIRA dataset compared with ETZ dataset, although it did improve the AU-
ROC (ETZ best AUROC: 65%, MIRA best AUROC: 73%), the magnitude of
improvement was less than expected.

According to the predefined target the best MLP should have the highest pos-
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sible sensitivity and specificity leading to a proper ratio between true positives
(as high as possible) and false negatives (as low as possible) and, if comparable
in these criteria, the better network should have the lower number of predicting
features.

It can be expected that different topologies can also lead toa different outcome
in prediction. Therefore it was decided to select the best network in terms of the
above mentioned criteria from each of the tested topologies(x-2-1 and x-16-1).

X-2-1 network topology According to these targets from the x-2-1 network
topology the best MLP was a 5-2-1 MLP with tanh2-lin activation function com-
bination and LM algorithm (Fig7.3) with an AUROC of 73%, a high specificity
rate of 85%, but a low sensitivity of 55% with a positive likelihood ratio of 3.8
and a low testset error of 25%. The number of false negatives (9 out of 41) was
in borderline acceptable agreement with our target but on the contrary there was a
loss of true positives (only 11 out of 20). The five predictingfeatures were 4 (re-
sistance), 8 (program), 14 (RRsys), 21 (GPT) and 44 (basal energy expenditure).
Thereby all but feature 44 belong to the S-class of features.

Interestingly, the MLP chosen above delivered that same performance as a 6-
16-1 MLP with tanh2-lin activation function combination and LM algorithm (Fig.
D.5) using a different feature set out of 6 instead of 5 features.Namely: 8 (pro-
gram), 14 (RRsys), 16 (heart rate), 38 (fat intake), 49 (meal rhythm), 53 (physical
activity, LHS), where only 8, 14, 53 belong to the S-features.

X-16-1 network topology From the networks of x-16-1 topology a 2-16-1 MLP
with tanh2-lin activation function combination and LM algorithm (Fig. 7.4) per-
formed best with an AUROC of 66%, moderate sensitivity and specificity rates of
70% and 68%, with a positive likelihood ratio of 2.21 and a testset error of 31%.
The low number of false negatives (6 out of 41) was in agreement with our target
but unfortunately this also resulted in a loss of true positives (only 14 out of 20).
The two predicting features were 8 (program) and 53 (physical activity, LHS),
both belonging to the S-features.

Comparing both networks the 5-2-1 and the 2-16-1 MLP regarding the criteria
lowest number of false negatives and highest number of true positives as well as
minimum number of selected features, the 2-16-1 network performed better than
the 5-2-1, although the 2-16-1 network used feature 8 and feature 53, which were
also part of the feature set of 5-2-1.
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Prediction of weight loss in obese individuals in the MIRANP subset

Two different network topologies were tested for prediction performance in the
MIRANP subset, containing all MIRA features but feature 8 (program) and 7
(group). As said before, this decision was made because feature 8 is probably the
feature with the greatest predictive power and 7 is related to 8, representing the
participation of the individuals in subgroups of the BCM -program respectively.
Hence, it would be interesting to know if these features could be replaced by other
features or if the performance of prediction is simply degraded.

X-2-1 network topology The best MLP was a 3-2-1 MLP using log-lin acti-
vation combination function with LM algorithm (Fig.7.5) with an AUROC of
53%. At the selected optimal operating point there were low sensitivity and high
specificity rates of 25% and 98% with a positive likelihood ratio of 10 and a test-
set error of 26%. According to these quality criteria this MLP produced a high
number of false negatives (15 out of 41) and a low number of true positives (only
5 out of 20). The predicting features were 2 (weight), 10 (hipgirth) and 19 (GPT),
all three belonging to the S-features.

X-16-1 network topology The best MLP in this topology category was a 17-
16-1 (tanh2-lin) MLP trained with the RP algorithm (Fig7.6). The ROC curve
produced by the network showed an AUROC of 60%, moderate sensitivity and
high specificity rates of 55% and 83% with a positive likelihood of 3 and a testset
error of 26%. It produced an acceptable number of false negatives (9 out of 41)
but a comparably low number of true positives (11 out of 20). To obtain these
results the network included the following features: 3 (height), 7 (basal energy
expenditure, BIA), 10 (hip girth), 12 (RRsys), 18 (GOT), 19 (GPT), 20 (GGT), 21
(Triglyceride), 22 (Creatinine), 23 (Uric Acid), 29 (Physical Function), 31 (Sexual
Life), 32 (Public Disstress), 33 (Work), 38 (Alcohol intake), 43 (Energy expendi-
ture during exercise), 50 (restriction of amount of food). Of these features only
3, 7, 10, 12, 19, 20, 21, 22 were S-features. Interestingly most of the additional
features were related to behavioral traits.

Although the 17-16-1 MLP was based on much more selected features it outper-
formed the 3-2-1 MLP if the true positive and false negative rates are compared.
All of the selected features seem to be reasonable but the performance of the net-
work regarding the predefined target is weaker than expected.
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Conclusion

Comparing the performance and the results of the networks in the ETZ, MIRA
and MIRANP datasets the following conclusions can be drawn:

1. For the ETZ dataset a MLP with x-17-1 network topology was able to pre-
dict the outcome of the weight loss programs with only moderate predictive
power especially because of a high number of false positive and false nega-
tive estimates.

2. For the MIRA dataset a MLP with a 2-16-1 network topology performed
best with acceptable high predictive power and sensitivityand specificity
rates of about 70%.

3. For the MIRANP dataset a MLP with 17-16-1 network topology performed
best but with a lower predictive power compared to the best MLP working
with MIRA dataset.

4. For all three datasets MLPs with x-17-1 or x-16-1 topologies with tanh2-
lin or tanh-lin activation function combinations and LM algorithm outper-
formed all other topologies and/or activation strategies with the exception
of a RP algorithm in the MIRANP dataset.

5. All but only a few features selected by the feature selection algorithm of
ANNIGMA@MATLAB or ANNIGMA@NNCELL belong to those fea-
tures which were significantly different when the two weightloss groups
were compared (S-features).

6. If the features “program” and “group” are removed from theMIRA dataset
as in the MIRANP dataset, the predictive power is reduced, butthere are
other features, not only S-features, which may in part compensate for the
lost information.

Because there is no information in the literature about the use of ANNs in weight
loss prediction, the only comparison for performance of thedesigned networks
could be done with other prediction models, e.g. predictionof cardiovascular
disease outcome (e.g. PROCAM, Voss et al. 2002).

The ability to predict outcome in the MIRA-dataset withnncell and MATLAB
MLPs is lower compared with the above mentioned models, but there are consid-
erable differences in dataset size and event distribution (e.g. PROCAM: 4493
males without an event versus 325 with an event, ETZ: 640 females/males lost
< 7%, 423 females/males lost≥ 7% of initial weight, MIRA and MIRANP: 201
females/males lost< 7% versus 104 females/males lost≥ 7% of initial weight).
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Other differences were in the selection of the possibly predicting features. Whereas
all features where included in allnncell and MATLAB networks initially, in the
PROCAM analysis 31 of 57 variables were excluded by an univariate analysis.
From the remaining 26 features only 13 remained after a logistic regression anal-
ysis using forward selection with a test of backward elimination. Additionally
some new terms e.g.ln(triglyceride) and others were included after tests with
quadratic and logarithmic transformations of the variables in contrast to the non-
transformed data in the ETZ-, MIRA- and MIRANP datasets.

However, the current results show that there is potential for MLPs in weight
loss prediction and it can be assumed that the application ofthe proposed im-
provements in the previous section may yield an even better prediction result than
that currently achieved.



Chapter 8

Summary

In this work two objectives were defined. The prototype implementation of a neu-
ral network simulator for the heterogeneous multicore CELL/B.E. processor and
the neural network-based prediction of weight loss in obeseindividuals among
the selection of the parameters most important to the prediction. Both objectives
were thereby first time approaches as neither of them was everdone before.

Due to the natural parallelism of neural networks and the high peak performance
of each single processing element of the CELL processor it wasexpected that a
considerable performance should be achieved by parallelizing neural networks on
this architecture. This expectation was fulfilled. For the neural network simulator
two parallelization strategies, namely exemplar and node parallelism, were identi-
fied and realized. Both improved computation time reasonableover a sequential,
scalar, non distributed variant of the algorithm. Additionally it was found that
exemplar parallelism is the superior parallelization strategy outperforming node
parallelism by far because of the much smaller number of messages which have
to be sent. A serious limit the application currently has is the maximal size of the
network which is restricted by the local store size of 256 KB.

However, there is still a lot potential for optimizations which will allow the sim-
ulation of larger networks and possibly a different outcomeof the performance
evaluation. Apart from these considerations it could be shown that feedforward
connected three layer neural networks can be efficiently simulated on the CEL-
L/B.E.

For the predictive task no expectations about the accuracy of prediction could
be made as there were no comparable studies available. However, from the liter-
ature it was known that some features have a higher predictive power than others
therefore it could be expected that these features would also turn out to be the
most important factors for the prediction. Additionally, it could be expected that
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the more features of this type are included in the predictionmodel the better the
outcome of the prediction. These expectations were also fulfilled.

In total there were three datasets examined using a MATLAB based neural net-
work and feature selection system in addition to the analysis using the imple-
mented neural network simulator. For the first dataset whichcontained only very
few features but a large number of subjects prediction was better than random but
worse than in the other two sets. The selected features were the most powerful
predictors according to the literature. For the two other datasets the prediction
performance was considerably higher. Features selected here were features found
in the literature but also features that showed a significantdifference in the two
prediction classes.

As with the parallelization strategies there is also some potential for improv-
ing the weight loss prediction using artificial neural networks. However, it could
be shown that weight loss prediction using artificial neuralnetworks is possible.
Therefore the presented results should stimulate further research in the application
of ANNs for the very important field of the “obesity epidemic”where complex,
linear and nonlinear relationships between many differentfactors can be antici-
pated, with the aim to improve the outcome of weight and health risk reducing
programs.
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[85] Böttcher Y, T̈onjes A, Enigk B, and Scholz GH. A SNP haplotype of the
forkhead transcription factor FOXO1A gene may have a protective effect
against type 2 diabetes in German Caucasians.Diabetes Metab, 2007. (Epub
ahead of print).

[86] Kahl Y, Scholz M, Gutknecht D, et al. MIRA-DGE: Qualitätskontrolle des
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Table A.1: Average learning performance of allnncell execution modes compared to the MATLAB reference implemen-
tation. To allow a fair comparison of the results both systems use the same learning algorithm (RP) and activation function
combination (tanh2-lin). The number of hidden nodes is set according to the ANNIGMA paper [11]. The values shown are
the mean squared error (MSE) and the generalization error averaged over 30 trials. The standard deviation of the general-
ization error is also given.

Dataset
nncell execution modes MATLAB

SEQ VMX SPE EP (16 SPEs) NP (16 SPEs)reference

T3P
MSE 0.011 0.011 0.01 0.015 0.01 0.012

Err% 5.4± 6.7 7.1± 4.7 6.25± 4.7 7.3± 8.0 6.1± 3.9 6.75± 6.4

Cancer
MSE 0.032 0.031 0.033 0.033 0.031 0.032

Err% 1.3± 0.4 1.15± 0.2 1.27± 0.4 1.3± 0.4 1.4± 0.3 1.3± 0.3

Heart(LB)
MSE 0.11 0.11 0.11 0.12 0.10 0.11

Err% 24.43± 4.46 25.67± 8.06 23.23± 5.12 21.99± 3.28 29.45± 5.6 25.07± 5.18

Pima
MSE 0.15 0.15 0.15 0.16 0.15 0.15

Err% 20.41± 1.27 20.36± 1.18 20.73± 0.74 20.75± 1.21 20.54± 0.92 20.67± 1.03

Sonar
MSE 0.045 0.046 0.047 0.042 0.043 0.047

Err% 17.60± 2.78 16.54± 2.72 17.02± 1.45 17.66± 3.04 16.03± 3.07 17.78± 3.01
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Table A.2: First part of the results of the ANNIGMA tests. In each row the upper subrow shows the results produced by
ANNIGMA@MATLAB while the lower subrow show the results produced by ANNIGMA@nncell. Both systems used
the RP learning algorithm to train the networks for 50 epochs.The presented values are averaged over 10 complete runs of
the feature selection heuristics.

Dataset T3P Cancer

NN System Heuristic Feat# Err% Feat# Err%

ANNIGMA@MATLAB
BE

3.90± 0.74 0.00± 0.00 7.40± 1.51 1.49± 0.46

ANNIGMA@nncell 3.40± 0.51 0.00± 0.00 7.30± 1.41 1.37± 0.40

ANNIGMA@MATLAB
BEB

3.50± 1.58 0.70± 2.21 6.80± 1.23 1.50± 0.27

ANNIGMA@nncell 3.5± 1.58 1.00± 3.16 6.60± 1.07 1.66± 0.55

ANNIGMA@MATLAB
BSE

3.70± 0.67 0.30± 0.95 5.90± 1.85 1.76± 0.47

ANNIGMA@nncell 3.00± 0.48 0.00± 0.00 5.80± 0.63 2.05± 0.50

ANNIGMA@MATLAB
FS

2.30± 1.50 35.70± 23.10 3.60± 1.35 3.72± 1.96

ANNIGMA@nncell 2.70± 2.10 34.50± 24.26 3.60± 1.64 2.31± 2.00

Dataset Heart(LB)

NN System Heuristic Feat# Err%

ANNIGMA@MATLAB
BE

7.90± 1.29 25.30± 2.54

ANNIGMA@nncell 7.90± 1.66 24.39± 5.41

ANNIGMA@MATLAB
BEB

8.00± 2.94 25.36± 3.03

ANNIGMA@nncell 8.10± 2.28 22.92± 4.05

ANNIGMA@MATLAB
BSE

6.90± 4.12 27.79± 4.60

ANNIGMA@nncell 6.80± 2.29 23.78± 3.19

ANNIGMA@MATLAB
FS

1.00± 0.00 26.73± 0.42

ANNIGMA@nncell 1.3± 0.48 25.75± 0.00
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Table A.3: Second part of the results of the ANNIGMA tests. Ineach row the upper subrow shows the results produced by
ANNIGMA@MATLAB while the lower subrow show the results produced by ANNIGMA@nncell. Both systems used
the RP learning algorithm to train the networks for 50 epochs.The presented values are averaged over 10 complete runs of
the feature selection heuristics.

Dataset Pima Sonar

NN System Heuristic Feat# Err% Feat# Err%

ANNIGMA@MATLAB
BE

6.90± 0.88 20.54± 0.31 34.50± 11.04 21.71± 1.15

ANNIGMA@nncell 7.00± 1.05 20.75± 1.03 33.70± 12.49 21.22± 1.85

ANNIGMA@MATLAB
BEB

6.00± 1.33 20.77± 0.45 54.10± 3.81 19.99± 0.90

ANNIGMA@nncell 6.10± 1.52 20.53± 0.87 54.90± 1.72 21.89± 2.73

ANNIGMA@MATLAB
BSE

7.20± 1.40 20.78± 0.62 16.60± 8.28 26.19± 4.56

ANNIGMA@nncell 5.8± 0.63 20.18± 0.90 16.20± 10.80 25.90± 5.93

ANNIGMA@MATLAB
FS

1.90± 0.99 28.55± 5.67 1.50± 0.71 41.50± 6.27

ANNIGMA@nncell 2.30± 0.94 30.63± 5.66 1.70± 0.94 46.90± 4.38
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B.1 Tables of the statistical analysis for the ETZ dataset

Table B.1: ETZ population description regarding number of subjects and female/-
male ratio

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs. C1

Parameter Size/~/|/ Ratio Size/~/|/ Ratio p

Population 423/ 374/ 49/ 7.6 to 1 640/ 560/ 80 / 7 to 1 0.7015

Table B.2: ETZ dataset anthropometry and age

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs. C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Age 47.38 13.83 46.06 12.08 0.04

Weight 86.09 17.16 90.6 18.38 < 0.0001

Height 1.66 0.08 1.66 0.08 0.083

BMI 0 31.35 5.61 32.56 5.64 0.0003
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Table B.3: ETZ dataset - Weight, BMI after 12 weeks, delta (weight and BMI) 0
vs 12 weeks

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs. C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Weight 12 (kg) 82.46 16.07 81.1 16.61 0.0633

Delta weight (kg) 3.63 2.35 9.5 3.22 < 0.0001

BMI 12 (kg/m2) 30.03 5.23 29.15 5.08 0.0015

Delta BMI (kg/m2) 1.32 0.84 3.42 1.12 < 0.0001

Table B.4: ETZ dataset - Body impedance analysis (BIA) data

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs. C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Resistance (W) 523.7 68.13 515.1 67.56 0.0616

Reactance50 (W) 54.47 9.5 54.41 9.40 0.8229

Phase50 (◦) 5.98 0.72 6.09 0.6811 0.03

TBW (kg) 41.18 7.2 43.03 7.75 < 0.0001

LBM (kg) 56.26 9.83 58.78 10.59 < 0.0001

Fat mass (kg) 29.83 10.45 31.82 10.3 0.0007

Cell mass (kg) 51.65 3.56 52.23 3.21 0.0287

ECM (kg) 27.18 4.99 28.08 5.48 0.01

BCM (kg) 29.08 5.67 30.7 5.85 < 0.0001
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B.2 Tables of the statistical analysis for the MIRA
dataset and NP subset

Table B.5: MIRA population description regarding number of subjects, female/-
male ratio as well as age

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs. C1

Parameter Size/~/|(Ratio) Size/~/|(Ratio) p

Population 201/ 172/ 29 (5.93 to 1) 104/ 87/ 17 (5.12 to 1) 0.6585

Subjects in
DGE / BCM
program

201/ 122/ 79 (1.5 to 1) 104/ 18/ 86 (1 to 5) < 0.0001

Parameter Mean Std. Deviation Mean Std. Deviation p

Age 50.93 11.33 52.10 10.39 0.5609
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Table B.6: MIRA dataset - Anthropometry

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Weight (kg) 90.95 15.49 93.47 14.86 0.0936

Height (m) 1.67 0.08 1.65 0.08 0.0357

BMI 0
(kg/m2)

32.53 5.12 34.2 5.09 0.0022

Neck girth
(cm)

37.8 3.22 38.3 3.12 0.1777

Waist girth
(cm)

99.99 12.34 102.3 12.09 0.1249

Hip girth
(cm)

114.8 9.99 117.8 10.78 0.0053

Waist/Hip
Ratio

0.87 0.08 0.87 0.08 0.7679

Table B.7: MIRA dataset - Weight, BMI after 12 weeks, delta (weight and BMI)
0 vs 12 weeks

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Weight 12
(kg)

88.25 15.1 84.52 13.47 0.0660

BMI 12
(kg/m2)

31.59 5.01 30.94 4.72 0.3014

Delta Weight
(kg)

2.7 2.36 8.95 2.63 <0.0001

Delta BMI
(kg/m2)

0.94 0.9 3.26 0.85 <0.0001
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Table B.8: MIRA dataset - BIA data and basal energy expenditure which was
calculated according to the BIA-results

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Resistance
(W)

509.7 69.26 491.6 59.88 0.0371

Reactance
(W)

54.69 8.62 53.49 8.14 0.3995

Body water
(kg)

40.52 6.67 41.08 6.92 0.4112

Lean body
mass (kg)

55.35 9.11 56.13 9.45 0.4004

Fat mass (kg) 35.6 10.87 37.34 10.49 0.0926

Cell mass
(kg)

52.24 3.1 52.49 3.25 0.3391

ECM (kg) 26.39 4.35 26.64 4.71 0.7626

BCM (kg) 28.96 5.41 29.48 5.49 0.3577

ECM/BCM 0.92 0.11 0.91 0.12 0.3342

Fat mass (%) 38.7 6.83 39.59 6.77 0.2916

Basal energy
expenditure
(kcal/d)

1529 171.5 1548 173.5 0.2918

Table B.9: MIRA dataset - Haemodynamic parameters

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs C1

Parameter Mean Std. Deviation Mean Std. Deviation p

RRsys
(mmHg)

129.6 19.25 134.5 16.42 0.0028

RRdia
(mmHg)

81.7 10.78 84.67 10.7 0.0151

Hf
(beats/min)

71.22 10.09 72.21 10.32 0.3801
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Table B.10: MIRA dataset - Clinical chemistry

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Fasting
glucose
(cap. blood,
mmol/l)

5.31 1.13 5.32 1.16 0.9019

HbA1c (%) 5.91 0.52 5.95 0.59 0.7540

GOT
(µmol/s*l)

0.36 0.13 0.38 0.15 0.0913

GPT
(µmol/s*l)

0.33 0.18 0.41 0.32 0.0103

GGT
(µmol/s*l)

0.46 0.44 0.55 0.41 0.028

Triglyceride
(mmol/l)

1.61 1.06 1.76 0.94 0.0337

Creatinine
(mmol/l)

74.57 13.54 77.13 14.05 0.0325

Uric Acid
(µmol/l)

310.2 73.81 311.2 75.55 0.8169

Urea
(mmol/l)

5.06 1.5 5.28 1.33 0.1160

Albumin
(g/l)

47.35 3.47 47.35 3.46 0.8964

Cholesterol
(mmol/l)

5.87 1.14 5.9 0.88 0.5688

HDL-
Cholesterol
(mmol/l)

1.51 0.35 1.48 0.39 0.3188

LDL-
Cholesterol
(mmol/l)

3.62 0.97 3.65 0.84 0.7831
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Table B.11: MIRA dataset - Quality of life questionnaire (IWQOL-Lite)

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Physical
function

21.1 8.24 22.54 8.49 0.1006

Self esteem 15.6 6.38 15.23 6.4 0.6098

Sexual life 6.57 3.74 6.04 2.93 0.3895

Public dis-
stress

6.05 1.98 6.23 2.2 0.6396

Work 5.53 2.35 5.48 2.04 0.8293

Total Score 54.85 17.23 55.52 16.67 0.6646
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Table B.12: MIRA dataset - Food questionnaire (different kinds of energy expen-
diture were calculated from historical data (7 day records), and calculated accord-
ing to EBIS)

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Energy con-
sumption
(kcal/d)

1887 511 1847 547.7 0.3141

Fat intake
(g/d)

76.96 31.44 73.05 29.26 0.3513

Carbohydrate
intake (g/d)

202.6 59.03 196.7 57.2 0.4480

Alcohol
intake (g/d)

8.35 12.97 9.32 14.93 0.4204

Dietary fiber
intake (g/d)

23.57 7.91 21.64 6.6 0.0214

Water intake
(g/d)

2703 917.2 2560 882.5 0.1751

Cholesterol
intake (mg/d)

279.1 132.3 276.7 132.1 0.7187

Basal daily
energy ex-
penditure
(kcal/d)

1617 235.8 1622 220.8 0.9552

Energy ex-
penditure
during daily
exercise
(kcal/d)

1380 501.4 1393 429.6 0.5135

Whole daily
energy ex-
penditure
(kcal/d)

2996 636.3 3015 570.7 0.0001
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Table B.13: MIRA dataset - Behavioral characteristics (Lean Habits Study ques-
tionnaire, score-value)

Class 0 (weight loss< 7%) Class 1 (weight loss≥ 7%) C0 vs C1

Parameter Mean Std. Deviation Mean Std. Deviation p

Flexible con-
trol of eating

2.18 1.55 2.05 1.62 0.4307

Rigid control
of eating

0.92 0.8 0.85 0.83 0.4149

Meal rhythm 2.6 1.28 2.64 1.27 0.8687

Food choice 3.47 1.33 3.3 1.36 0.2956

Meal situa-
tions

2.03 0.88 1.99 0.88 0.6754

Restriction of
amount

1.25 1.16 1.24 1.2 0.8831

Physical ac-
tivity

3.14 1.67 2.72 1.63 0.0367

Coping with
stress

2.61 1.12 2.72 1 0.6321



Appendix C

Detailed result tables of the
ANNIGMA runs



160 C Detailed result tables of the ANNIGMA runs



C
.1

R
esults

for
the

E
T

Z
D

ataset
161

C
.1

R
esults

for
the

E
T

Z
D

ataset

Table C.1: Performance of several 6-17-1 MLPs on the ETZ-BIA dataset with the given activation functions and the
ANNIGMA heuristic FS.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

6

original
avg err%

36.97± 1.6 37.75± 2.3 37.42± 1.7 38.3± 1.6 37.69± 2.2 37.26± 0 36.65± 1.2

best subset
err%

35.90 37.7 37.73 35.43 38.35 39.2 36.23

best subset 1,2,6 2,6 2,3,4,6 1,2,4,6 2,3,4 1,2,5 1,2,6

avg err% 37.74± 1.6 39.25± 0.7 39.52± 0.6 39.15± 1.3 39.48± 0.5 39.78± 0.6 39.01± 1.2

avg feat# 2.3± 0.9± 0.6 2.5± 0.8 2.3± 0.7 2.6± 0.7 2.2± 0.7 2.1± 0.7 2.2± 0.7

TOP 3 selected features (times used in 30 trials)

1st 2 (25) 2 (30) 2 (30) 2 (30) 2 (30) 1 (15) 30 (2)

2nd 1 (23) 3 (21) 3 (28) 3 (18) 3 (27) 2,5 (12) 3 (21)

3rd 6 (9) 6 (12) 6 (5) 1 (14) 6 (5) 3,4,6 (8) 6 (9)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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Table C.2: Performance of several 6-17-1 MLPs on the ETZ-BIA dataset with the given activation functions and the AN-
NIGMA heuristic BEB.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original feat# 6

original avg
err%

36.97± 1.6 38.5± 1.9 37.24± 2.1 38.0± 1.9 37.67± 1.8 37.26± 0 36.85± 1.8

best subset err% 35.90 37.3 37.17 36.04 37,23 38.68 36.13

best subset 2,6 2,6 1,2,6 1,2,4,6 2,6 2,5 / 2,5,6 2,3,4,6

avg err% 37.36± 0.1 38.93± 0.1 39.37± 1.0 38.99± 1.1 39.23± 0.9 39.21± 0.5 38.49± 1.2

avg feat# 3.1± 1.2 3.0± 1.0 3.2± 1.1 3.3± 1.2 3.3± 1.2 2.3± 0.7 3.2± 1.1

TOP 3 selected features (times used in 30 trials)

1st 2 (29) 2 (28) 2 (27) 2 (28) 2 (28) 2 (22) 30 (2)

2nd 1 (22) 3 (23) 3 (25) 3 (19) 3 (23) 5 (17) 3 (27)

3rd 6 (17) 6 (19) 4 (17) 1,6 (18) 6 (17) 4 (14) 4 (13)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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Table C.3: Performance of several 54-2-1 MLPs on the MIRA dataset with the given activation functions and the AN-
NIGMA heuristic FS.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

54

original
avg err%

32.90± 2.8 32.46± 5.2 33.88± 4.6 35.74± 6.2 33.77± 3.8 28.63± 1.2 33.93± 4.8

best subset
err%

23.28 23.44 24.09 24.75 26.23 32.79 29.5

best subset 8,21,22,33,
34

3,8,14,21 8,21,41 2,8,12,21,44 8,21 46 / 45,46 /
11,46

8

avg err% 32.14± 2.4 30.89± 3.1 30.28± 2.8 31.95± 2.7 31.67± 2.3 32.79± 0 33.08± 0.9

avg feat# 1.6± 1.1 1.8± 0.8 2.2± 0.9 2.2± 1.1 1.6± 0.8 1.97± 0.18 1.7± 0.8

TOP 3 selected features (times used in 30 trials)

1st 21 (21) 16 (21) 22 (31) 21 (18) 21 (18) 46 (30) 21 (8)

2nd 34 (7) 8 (10) 8 (20) 4 (12) 8 (8) 45 (28) 11,38 (6)

3rd 22 (5) 3,4 (5) 41 (8) 38 (8) 3,38 (5) 11 (1) 2,4,37 (21)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.



C
.2

R
esults

for
the

M
IR

A
D

ataset
165

Table C.4: Performance of several 54-2-1 MLPs on the MIRA dataset with the given activation functions and the ANNIGMA
heuristic BSE.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

54

original avg
err%

32.90± 2.8 34.80± 5.4 33.88± 4.4 33.83± 4.8 33.00± 3.8 28.52± 1.4 34.10± 4.6

best subset
err%

21.20 23.28 26.07 24.60 25.41 24.60 23.44

best subset 8,14,21,22,
35,39,40,41

2,4,5,8,12,
17,21,22,44-
46

4,5,8,12,14,
20,21,24,34,
35,41

2,8,11,12,20,
21,22,24,44-
46

4,8,12,21,22,
24,37,38,41,
44

3,4,8,9,11-14,
20-22,33,37,
38,41,44-46 /
4,5,8,11-14,
20,21,24,37,
38,44-46

4,8,14,21,44

avg err% 28.73± 3.5 28.87± 2.7 29.47± 2.1 28.75± 2.9 28.67± 1.7 28.52± 1.3 29.84± 4.6

avg feat# 12.03± 3.93 11.2± 3.1 11.1± 4.3 11.4± 2.8 9.7± 1.5 13.9± 3.3 9.7± 3.3

TOP 3 selected features (times used in 30 trials)

1st 8,21 (30) 21,8 (30) 21,8 (30) 8 (29) 21,8 (30) 11-13,21,45
(30)

8 (26)

2nd 22 (26) 12 (23) 22 (21) 12,21 (28) 22 (21) 44,46 (29) 21 (23)

3rd 14,38 (22) 4,38 (21) 38 (20) 2,44 (22) 12,33 (18) 38 (28) 12 (21)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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Table C.5: Performance of several 54-16-1 MLPs on the MIRA dataset with the given activation functions and the AN-
NIGMA heuristic FS.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

54

original avg
err%

40.11± 2.6 37.92± 5.4 33.66± 4.5 37.21± 4.7 34.37± 5.0 29.45± 0.3 37.10± 4.7

best subset
err%

32.46 23.61 24.09 30.16 24.75 32.78 22.95

best subset 35,40 53,8 8,53 16,8 53,8 46,45 53,8

avg err% 33.31± 1.1 31.80± 3.7 29.92± 3.7 34.39± 3.1 29.72± 2.7 32.79± 0 28.71± 3.4

avg feat# 1.4± 0.7 1.5± 0.7 2.2± 0.8 1.3± 0.6 2.3± 0.8 2± 0 2.1± 0.9

TOP 3 selected features (times used in 30 trials)

1st 1 (23) 8 (13) 8 (27) 16 (11) 8 (26) 45,46 (30) 8 (24)

2nd 34,40 (7) 53,54 (8) 54 (15) 54 (8) 54 (18) - 53 (17)

3rd 21,35 (2) 16 (6) 53 (11) 50,53 (5) 53 (16) - 16 (10)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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Table C.6: Performance of several 54-16-1 MLPs on the MIRA dataset with the given activation functions and the AN-
NIGMA heuristic BSE.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

54

original avg
err%

40.11± 2.6 37.54± 6.1 33.27± 5.1 39.39± 6.5 29.50± 4.3 29.45± 3.0 37.21± 4.8

best subset
err%

28.14 24.59 28.19 25.57 29.5 22.95 23.28

best subset 3,8,21,22,
33,40

8,14,21,28,
35

4,7,8,14,
53,54

8, 24, 54 3,7,8,14,30,
38,41,49,50,
53,54

8,10-12,21,
24,41,44-46,
41 / 8,12,21,
25,41,44-47

8,14,16,38,
49,53

avg err% 32.57± 2.8 34.84± 4.6 35.0± 3.1 36.55± 5.6 33.95± 2.7 29.37± 3.2 36.02± 4.5

avg feat# 11.4± 3.5 8.6± 3.3 11.3± 3.8 8.3± 3.5 10.63± 2.8 27.13± 19.0 10.13± 4.5

TOP 3 selected features (times used in 30 trials)

1st 22 (30) 8 (29) 8 (30) 8 (25) 8 (30) 12,45 (30) 8 (28)

2nd 8 (29) 14 (17) 53 (27) 14,16 (20) 54 (29) 44,46 (29) 30 (23)

3rd 34,40 (28) 16,54 (16) 54 (26) 25,30,35,43
(13)

53 (26) 11 (27) 14,53 (21)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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Table C.7: Performance of several 52-2-1 MLPs on the MIRANP dataset with the given activation functions and the
ANNIGMA heuristic FS.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

52

original
avg err%

41.03± 3.3 35.04± 3.0 36.22± 3.8 34.84± 2.17 35.39± 3.58 32.79± 0.0 35.71± 2.4

best subset
err%

31.69 30.66 31.47 32.3 31.47 32.79 32.62

best subset 19 2,10,19 19 5,36 2,10,19 44 / 43,44 32

avg err% 33.92± 2.0 35.04± 3 36.22± 3.8 34.84± 2.17 35.39± 3.58 32.79± 0 35.71± 2.4

avg feat# 1.5± 0.94 1.5± 0.82 1.77± 0.86 1.53± 0.63 1.73± 0.94 1.97± 0.18 1.3± 0.53

TOP 3 selected features (times used in 30 trials)

1st 19 (10) 10 (11) 10 (23) 7 (11) 10 (16) 44 (30) 7 (14)

2nd 38 (7) 19 (9) 22 (9) 19 (9) 22 (12) 43 (29) 2 (7)

3rd 1,29 (6) 2 (8) 19 (7) 10 (8) 19 (10) – 10 (4)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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Table C.8: Performance of several 52-2-1 MLPs on the MIRANP dataset with the given activation functions and the AN-
NIGMA heuristic BSE.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

52

original avg
err%

41.03± 3.3 41.42± 5.61 41.86± 6.22 41.15± 4.38 41.15± 5.86 37.6± 1.42 43.12± 5.11

best subset
err%

30.60 36.72 36.72 40.16 36.39 32.79 35.74

best subset 3,7,10,12,18,
19,20,21,22,
23,29,31,32,
33,38,43,50

2,7,9,10,11,
12,14,18,19,
22,42

2,3,7,10,12,
14,17,19,22,
24,42

2,7,9,10,11,
19,21,42-44
/ 2,7,10,18,
19,21,22,42
/ 2,7,10,12,
18,19,21,22,
43,44

2,7,10,12,
17,19,21,22,
33,35

43,44 2,7,10,14,
16,18,19,22,
32,33,50

avg err% 39.00± 4.0 43.8± 2.75 42.18± 3.01 43.6± 2.25 41.83± 3.19 38.18± 1.83 39.13± 2.13

avg feat# 10.9± 2.7 7.7± 2.29 9.23± 2.46 8± 2.18 10± 2.53 9.83± 3.54 9.17± 1.66

TOP 3 selected features (times used in 30 trials)

1st 19 (30) 2,10,22 (30) 2,10 (29) 2,10 (30) 10,22 (30) 10,19 (29) 19 (30)

2nd 21 (26) 21 (27) 19,21,22
(28)

21 (29) 19,21 (28) 2,43,44 (28) 2,10 (29)

3rd 10,22,29
(23)

7 (23) 7 (27) 22 (26) 2,7 (27) 22,42 (27) 7 (24)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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Table C.9: Performance of several 52-16-1 MLPs on the MIRANP dataset with the given activation functions and the
ANNIGMA heuristic FS.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

52

original avg
err%

43.88± 2.6 45.41± 6.15 43.22± 5.01 46.45± 4.58 42.4± 6.07 37.65± 0.3 45.19± 5.28

best subset
err%

31.20 32.79 30.49 32.3 32.79 32.79 32.79

best subset 1,31 14 / 47 / 48 /
52

52,12 12,39 47 / 49 / 52 43,44 47 / 49 / 1,49
/ 50 / 52

avg err% 32.96± 0.7 34.89± 2.72 33.67± 1.54 35.69± 2.98 35.31± 3.31 32.79± 0 34.98± 2.77

avg feat# 1.4± 0.68 1.33± 0.48 1.23± 0.5 1.2± 0.55 1.27± 0.52 2.0± 0.0 1.37± 0.76

TOP 3 selected features (times used in 30 trials)

1st 1 (28) 14,47 (8) 47 (12) 39 (12) 47 (10) 43,44 (30) 12 (9)

2nd 32 (5) 39 (7) 49 (9) 47 (5) 49 (7) – 49 (6)

3rd 38 (4) 52 (6) 14,52 (4) 14 (4) 14,39 (4) – 47,52 (5)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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Table C.10: Performance of several 52-16-1 MLPs on the MIRANP dataset with the given activation functions and the
ANNIGMA heuristic BSE.

nncell MATLAB reference implementation

tanh2-lin log-lin log-log tanh-lin tanh-log lin-lin tanh2-lin

original
feat#

52

original avg
err%

43.88± 2.6 44.75± 4.58 41.26± 4.5 44.92± 5.94 41.48± 5.22 37.65± 0.3 44.1± 5.15

best subset
err%

30.60 38.53 40 33.44 39.67 31.15 37.71

best subset
3,7,10,12,18,
19,20,21,22,
23,29,31,32,
33,38,43,50

1,5,12,14,17,
25,52

3,12,14,39,
47,48,50,52

4,12,20,40,
52

12,14,29,47,
48,51

2,9,11,42,43,
44,48

3,12,14,29,
39,48

avg err% 39.0± 4.0 44.83± 3.23 44.07± 2.81 46.04± 3.6 44.61± 2.72 37± 3.54 44.75± 4.1

avg feat# 10.9± 2.7 8.3± 2.73 10.13± 3.18 9.13± 3.41 9.4± 2.16 9.97± 5.14 8.87± 3.08

TOP 3 selected features (times used in 30 trials)

1st 19 (30) 12 (30) 12 (30) 12 (29) 12 (29) 2,43,44 (27) 12 (30)

2nd 21 (26) 39 (20) 14,39 (28) 14,24 (19) 39 (28) 42 (24) 39 (26)

3rd 10,22,29
(23)

24 (17) 47 (26) 39 (17) 14 (27) 10 (19) 14 (23)

The mapping of feature number to feature meaning is presented in the fold out in appendixE.
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D.1 Remaining ROC charts of networks trained on
the MIRA set
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ROC curve of the performance of a 5−2−1 (tanh2−lin) MLP 
trained with RP on the MIRA Dataset.

Parameter Value

AUC (%) 70.12

Prevalence of pred. (%) 18.03

Sensitivity (%) 40.00

Specificity rate (%) 92.68

False pos.rate (%) 7.32

False neg.rate (%) 60.00

Pos.predictive value (%) 86.96

Parameter Value

Pos.likelihood ratio 5.47

Testset error (%) 24.59

Subjects 61

True pos./pos. 8/20

False positives 3

True negatives/neg. 38/41

False negatives 12

Figure D.1: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 5-
2-1 topology with the hidden layer activation set to tanh2 and the output layer
activation set to lin and was trained using the RP algorithm for 250 epochs. The
features used from the MIRA test set were : 8, 21, 22, 33, 34.
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ROC curve of the performance of a 8−2−1 (tanh2−lin) MLP 
trained with RP on the MIRA Dataset.

Parameter Value

AUC (%) 68.78

Prevalence of pred. (%) 24.59

Sensitivity (%) 50.00

Specificity rate (%) 87.80

False pos.rate (%) 12.20

False neg.rate (%) 50.00

Pos.predictive value (%) 80.00

Parameter Value

Pos.likelihood ratio 4.10

Testset error (%) 24.59

Subjects 61

True pos./pos. 10/20

False positives 5

True negatives/neg. 36/41

False negatives 10

Figure D.2: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 8-
2-1 topology with the hidden layer activation set to tanh2 and the output layer
activation set to lin and was trained using the RP algorithm for 250 epochs. The
features used from the MIRA test set were : 8, 14, 21, 22, 35, 39,40, 41.
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ROC curve of the performance of a 11−16−1 (lin−lin) MLP 
trained with LM on the MIRA Dataset.

Parameter Value

AUC (%) 67.44

Prevalence of pred. (%) 26.23

Sensitivity (%) 45.00

Specificity rate (%) 82.93

False pos.rate (%) 17.07

False neg.rate (%) 55.00

Pos.predictive value (%) 74.07

Parameter Value

Pos.likelihood ratio 2.64

Testset error (%) 29.51

Subjects 61

True pos./pos. 9/20

False positives 7

True negatives/neg. 34/41

False negatives 11

Figure D.3: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 11-16-1
topology with the hidden layer activation set to lin and the output layer activation
set to lin and was trained using the LM algorithm for 15 epochs. The features used
from the MIRA test set were : 8, 10, 11, 12, 21, 24, 41, 44, 45, 46,51.
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ROC curve of the performance of a 9−16−1 (lin−lin) MLP 
trained with LM on the MIRA Dataset.

Parameter Value

AUC (%) 68.54

Prevalence of pred. (%) 21.31

Sensitivity (%) 40.00

Specificity rate (%) 87.80

False pos.rate (%) 12.20

False neg.rate (%) 60.00

Pos.predictive value (%) 80.00

Parameter Value

Pos.likelihood ratio 3.28

Testset error (%) 27.87

Subjects 61

True pos./pos. 8/20

False positives 5

True negatives/neg. 36/41

False negatives 12

Figure D.4: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 9-16-1
topology with the hidden layer activation set to lin and the output layer activation
set to lin and was trained using the LM algorithm for 15 epochs. The features used
from the MIRA test set were : 8, 12, 21, 25, 41, 44, 45, 46, 47.
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ROC curve of the performance of a 6−16−1 (tanh2−lin) MLP 
trained with LM on the MIRA Dataset.

Parameter Value

AUC (%) 64.76

Prevalence of pred. (%) 27.87

Sensitivity (%) 55.00

Specificity rate (%) 85.37

False pos.rate (%) 14.63

False neg.rate (%) 45.00

Pos.predictive value (%) 76.92

Parameter Value

Pos.likelihood ratio 3.76

Testset error (%) 24.59

Subjects 61

True pos./pos. 11/20

False positives 6

True negatives/neg. 35/41

False negatives 9

Figure D.5: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 6-
16-1 topology with the hidden layer activation set to tanh2 and the output layer
activation set to lin and was trained using the LM algorithm for 15 epochs. The
features used from the MIRA test set were : 8, 14, 16, 38, 49, 53.
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D.2 Remaining ROC charts of networks trained on
the MIRANP set
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ROC curve of the performance of a 17−2−1 (tanh2−lin) MLP 
trained with RP on the MIRANP Dataset.

Parameter Value

AUC (%) 55.49

Prevalence of pred. (%) 14.75

Sensitivity (%) 30.00

Specificity rate (%) 92.68

False pos.rate (%) 7.32

False neg.rate (%) 70.00

Pos.predictive value (%) 86.96

Parameter Value

Pos.likelihood ratio 4.10

Testset error (%) 27.87

Subjects 61

True pos./pos. 6/20

False positives 3

True negatives/neg. 38/41

False negatives 14

Figure D.6: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 17-
2-1 topology with the hidden layer activation set to tanh2 and the output layer
activation set to lin and was trained using the RP algorithm for 250 epochs. The
features used from the MIRANP test set were : 3, 7, 10, 12, 18, 19, 20, 21, 22, 23,
29, 31, 32, 33, 38, 43, 50.
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ROC curve of the performance of a 2−2−1 (lin−lin) MLP 
trained with LM on the MIRANP Dataset.

Parameter Value

AUC (%) 45.73

Prevalence of pred. (%) 1.64

Sensitivity (%) 0.00

Specificity rate (%) 97.56

False pos.rate (%) 2.44

False neg.rate (%) 100.00

Pos.predictive value (%) 95.24

Parameter Value

Pos.likelihood ratio 0.00

Testset error (%) 34.43

Subjects 61

True pos./pos. 0/20

False positives 1

True negatives/neg. 40/41

False negatives 20

Figure D.7: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 2-2-1
topology with the hidden layer activation set to lin and the output layer activation
set to lin and was trained using the LM algorithm for 15 epochs. The features used
from the MIRANP test set were : 43, 44.
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ROC curve of the performance of a 2−16−1 (log−log) MLP 
trained with LM on the MIRANP Dataset.

Parameter Value

AUC (%) 62.32

Prevalence of pred. (%) 6.56

Sensitivity (%) 20.00

Specificity rate (%) 100.00

False pos.rate (%) 0.00

False neg.rate (%) 80.00

Pos.predictive value (%) 100.00

Parameter Value

Pos.likelihood ratio 0.00

Testset error (%) 26.23

Subjects 61

True pos./pos. 4/20

False positives 0

True negatives/neg. 41/41

False negatives 16

Figure D.8: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 2-16-1
topology with the hidden layer activation set to log and the output layer activation
set to log and was trained using the LM algorithm for 15 epochs. The features
used from the MIRANP test set were : 12, 52.
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ROC curve of the performance of a 7−16−1 (lin−lin) MLP 
trained with LM on the MIRANP Dataset.

Parameter Value

AUC (%) 37.56

Prevalence of pred. (%) 1.64

Sensitivity (%) 0.00

Specificity rate (%) 97.56

False pos.rate (%) 2.44

False neg.rate (%) 100.00

Pos.predictive value (%) 95.24

Parameter Value

Pos.likelihood ratio 0.00

Testset error (%) 34.43

Subjects 61

True pos./pos. 0/20

False positives 1

True negatives/neg. 40/41

False negatives 20

Figure D.9: The performance characteristics in the tables describe the marked
point on the ROC curve. This point is the optimal operating point (OOP) for
the network in respect to the previously described constraints. The network that
produced this ROC curve was selected out of 30 other networkssince it achieved
the smallest testset error in the OOP. Each of these networkshad the same 7-16-1
topology with the hidden layer activation set to lin and the output layer activation
set to lin and was trained using the LM algorithm for 15 epochs. The features used
from the MIRANP test set were : 2, 9, 11, 42, 43, 44, 48.
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Meaning of the ETZ feature numbers

1 Sex 3 Height 4 Resistance 5 Reactance 6 Age

2 Weight

Meaning of the MIRA feature numbers

1 Sex 12 Hip 23 Triglyceride 34 Public Disstress 45 Energy expenditure during exercise

2 Weight 13 Waist/Hip Ratio 24 Creatinine 35 Work 46 Whole daily energy expenditure

3 Height 14 RRsys 25 Uric Acid 36 Total score 47 flexible control of eating behavior

4 Resistance 15 RRdia 26 Urea 37 Energy consumption 48 Rigid control of eating behavior

5 Reactance 16 Hf 27 Albumin 38 Fat intake 49 meal rhythm

6 Age 17 ECM/BCM 28 Cholesterol 39 Carbonhydrate intake 50 food choice

7 Group 18 Fasting glucose 29 HDL-Cholesterol 40 Alcohol intake 51 meal situations

8 Program 19 HBA1c 30 LDL-Cholesterol 41 Dietary fiber 52 restriction of amount

9 Basal energy expenditure (BIA) 20 GOT 31 Physical Function42 Water intake 53 physical activity

10 Neck 21 GPT 32 Self Esteem 43 Cholesterol intake 54 Coping with stress

11 Waist 22 GGT 33 Sexual Life 44 Basal energy expenditure (EBIS)

Meaning of the MIRANP feature numbers

1 Sex 12 RRsys 23 Uric Acid 34 Total score 45 flexible control ofeating behavior

2 Weight 13 RRdia 24 Urea 35 Energy consumption 46 Rigid control of eating behavior

3 Height 14 Hf 25 Albumin 36 Fat intake 47 meal rhythm

4 Resistance 15 ECM/BCM 26 Cholesterol 37 Carbonhydrate intake 48 food choice

5 Reactance 16 Fasting glucose 27 HDL-Cholesterol 38 Alcohol intake 49 meal situations

6 Age 17 HBA1c 28 LDL-Cholesterol 39 Dietary fiber 50 restriction of amount

7 Basal energy expenditure (BIA) 18 GOT 29 Physical Function40 Water intake 51 physical activity

8 Neck 19 GPT 30 Self Esteem 41 Cholesterol intake 52 coping with stress

9 Waist 20 GGT 31 Sexual Life 42 Basal energy expenditure (EBIS)

10 Hip 21 Triglyceride 32 Public Disstress 43 Energy expenditure during exercise

11 Waist/Hip Ratio 22 Creatinine 33 Work 44 Whole daily energyexpenditure
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