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Introduction to Neural Network

Everyone try to forecast thetfire. Bankers need to predaredit worthiness of customers. Marketing
analyst want to predict future sales. Economists want to predict economis. @atkeverybody wast
to know whether the stock market will be up or down tomorrow.

Over the years, many software have been developed for this purpose and one such software is the
neural network based forecasting application. No, neural network is NGEOigahterm. It is actually
a branch of artificial intelligence which gaimuch prominence since the start of the millenium.

NN or neural networks a computer software (and possibly hardware) that simulates a simple model of
neural cells in humans. Theugpose of this simulation is to acquire timelligent featuresof these

cells. In thisbook when terms likeneuron, neural network, learning, or experierare mentioned, it
should be understood that we are using them only in the context of a NN ag&osystem.

NN have the ability to learn by example, e.g. a NN can be trained to recognize the image of car by
showing it many examples of a car or to predict future stock prices by feeding it historical stock prices.

We can teach a neural network tofpamn these particular task by using the following procedure:

I. We present the network with training examples, which consist of a pattern of activities for the
input units together with the desired pattern of activities for the output units.

II. We determine howlosely the actual output of the network matches the desired output.

[ll.  We change the weight of each connection so that the network produces a better approximation
of the desired output.

| will show you later, on how to integrate theeh steps describedale with5 MS Excel spreadsheet
models With these examplesyou can easily understand NN as a -fingar forecasting tool. NO
MORE complex C++ programming and complicated mathematic formula(s). | have spent much time
and effort to simplify how to use NNsa forecasting tool for you. You only need to know how to use
MS Excel, in modelling NN as a powerful forecasting methatATES IT!.

Technical Stuff of neural network that you don't really have to know.

Neural networks argery effectivewhen lots of eamples must be analyzed, or when a structure in
these data must be analyzed but a single algorithmic solistiompossibleto formulate. When these
conditions are presentjeural networks are use as computational tools for examining data and
developing mdels that help to identify interesting patterns or structures in the data. The data used to
develop these models is known as training data. Once a neural network hasabeghand has
learned the patterns that exist in that data, it can be applieiMalata thereby achieving a variety of
outcomes. Neural networks can be used to

1 learn topredict future events based on the patterns that have been observed in the historical
training data;

1 learn toclassify unseen data into pidefined groups based on cheteristics observed in the
training data;

1 learn tocluster the training data into natural groups based on the similarity of characteristics in
the training data.



We have seemany different neural network models that have been developed over theyagdifs

or so to achieve these tasks of predictiolassification, and clusterindn this book we will be
developinga neural netwdr model that hasuccessfully found application across a broad range of
business areas. We call this modehaltilayered feedforward neural network (MFNN) and is an
example of a neural network trained with supervised learning.

We feed the neural network witthe training datahat contains complete information about the
characteristics of the data and the observable oukionaesupervised learning methddodels can be
developed that learn the relationship between these characteristics (inputs) and outcomes Fautputs).
example, we can develegp MFNN t o model the relationship bet
advert si ng campaign and this weekos otherexanpldofi gur e
using a MFNNis to model and classifyt h e relationship bet ween a
characteristics and their status as a ivglue or lowvalue customer. Foboth of these example
applications, the training data must contain numeric information on both the inputs and the outputs in
order for the MFNN to generate a model. The MFNRhenrepeatedly trained with this data until it

learns tarepresent these redanships correctly.

For a given input pattern or data, the network produces an output (or set of outputs), and this response
is compared to the known desired response of each neuron. For classification problems, the desired
response of each neuron will legther zero or one, while for prediction problems it tends to be
continuous valuedCorrection and changes are made to the weightseofi¢twork to reduce the errors
beforethe next pattern is presented. The weights are continually updated in this mmatiinée total

error across all training patterns is reduced below somealgimeed tolerance level. We call this
learning algorithm as the backpropagation

Process of a backpropagation
I. Forward passwherethe outputs are calculated and the errdhatoutput units calculated.

II. Backwad pass, e output unit error is used to alter weights on the output units. Then the error
at the hidden nodes is calculated (by bpodpagating the error at the output units through the
weights), and the weights onet hidden nodes altered using these values.

The main steps of the back propagation learning algorithm are summarized below:

Step 1: Input training data.

Step 2: Hidden nodes calculate their outputs.

Step 3: Output nodes calculate their outputs on this b&Step 2.

Step 4: Calculate the differences between the results of Step 3 and targets.
Step 5: Apply the first part of the training rule using the results of Step 4.
Step 6: For each hidden node, n, calculate ddeyivative)

Step 7: Apply the secomahrt of the training rule using the results of Step 6.

Steps 1 through 3 are often called fbivard passand steps 4 through 7 are often calledothekward
pass Hence, the name: bagkopagation.

For each data pair to be learned a forward pasgacidvards pass is performed. This is repeated over
and over again until the error is at a low enough level (or we give up).
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Calculations andTransfer Function

The behaviour of a NNNeural Network) depends on both the weights and the-ogiptit function
(transfer function) that is specified for the units. This function typically falls into one of three
categories:

1 linear
9 threshold
1 sigmoid
For linear units, the output activity is proportional to the total weighted output.

For threshold unitghe output is set at one of two levels, depending on whether the total input is
greater than or less than some threshold value.

For sigmoid units, the output varies continuously but not linearly as the input changes. Sigmoid units
bear a gre@r resemblace to real neuronthan do linear or threshold units, but all three must be
considered rough approximations.

It should be noted that the sigmoid curve is widely used as a transfer function because it has the effect
of "squashing" the inputs into the rari@¢l]. Other functions with similar features can be used, most
commonly tanh which has an output range-dfl[]. The sigmoid function has the additional benefit of
having an extremely simple derivative function for backpropagating errors throughfarieacdd

neural networkThis is how thdransferfunctiors look like:
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To make a neural network performs some specific task, we must choose how the goisected to

one another (seddure 11), andwe must set the weights on the connections appropriately. The
connections determine whether it is possible for one unit to influence another. The weights specify the
strength of the influence.

Typically the weights in a neural network are initially sesrt@all random values; this represents the
network knowing nothing. As the training process proceeds, these weights will converge to values
allowing them to perform a useful computation. Thus it can be said that the neural network commences
knowing nothing ad moves on to gain some real knowledge.

To summarize, & can teach a thrdayer network to perform a particular task by using the following
procedure:

I. We present the network with training examples, which consist of a pattern of activities for the
input wnits together with the desired pattern of activities for the output units.

II. We determine how closely the actual output of the network matches the desired output.

[ll. We change the weight of each connection so that the network produces a better approximation
of the desired output.



The advantages of using Artificial Neural Networks software are:
I. They are extremely powerful computational devices
Il. Massive parallelism makes them very efficient.

lll. They can learn and generalize from training data there is no needrfenormous feats of
programming.

IV. They are particularly faulttolerantt hi s i s equi val ent to the fAgr
biological systems.

V. They are very noise toleranso they can cope with situations where normal symbolic systems
would have dficulty.

VI. In principle, they can do anything a symbolic/logic system can do, and more.

Real life applications

The applications ofréficial neural networks artoundto fall within the following broad categories:
Manufacturing and industry:

1 Beer flavorprediction

1 Wine gradingprediction

1 For highway maintenance programs
Government:

1 Missile targeting

1 Criminal behavior prediction
Banking and finance:
Loan underwriting
Credit scoring
Stock market prediction

Credit card fraud detection

= =A =2 =2

1 Realestate ap@misal
Science and medicine:

1 Protein sequencing

1 Tumor and tissue diagnosis

1 Heart attack diagnosis



1 New drug effectiveness
9 Prediction of air and sea currents

In this book we will examine some detailed case studies with Excel spreadsheets demonstrating h
the MFNN has been successfully applied to problems as diverse as

1 Credit Approval,

i Sales Forecasting,

1 Predicting DJIA weekly prices,
1 Predicting Real Estate value

1 Classify Type of Flowers

This book contains5 neural networkmodels develop using Excelorksheetsdescribed above
Instructions on how to build neural network model with Exaéllbe explairedstep by stejpy looking
atthe5 main sections shown bel owé

a) Selecting and transforming data

b) the neural network architecture,

c) simple mathematic opdrans inside the neural network model
d) training the model and

e) using the trained model for forecasting

Neural Network Architecture

Feedforward networks have the following characteristics:

1. Perceptrons are arranged in layers, with the first layergakimputs and the last layer producir
outputs. The middle layers have no connection with the external world, and hence are calle
layers.

2. Each perceptron in one layer is connected to every perceptron on the next layer. Hence infi
is constantly "fed forward" from one layer to the next., and this explains why these networks
called feedforward networks.

3. There is no connection among perceptrons in the same layer.
4. The number of nodes in the input, hidden and output layewkh pyramidal rule

-i.e, if you have 5 nodes in the input layer and 1 nodes in the output tlagn the hidden layer shall
have4 or 3 or 2 nodes. {8-1 or 53-1 or 52-1, see the hierarchy or pyramid structure here)
However, this is jush general rule and need not be folemgtrictly.

Let's start building:



1) The Credit Approval Model

Credit scoring is a technique to predict the creditworthiness of a candjgaligeng for a loan, credit
card, or mortgage. The abilitg accurately pradt the creditworthiness of an applicant is a significant
determinant of success in the financial lending indu®efusing credit to creditworthgpplicants
results in lost opportunity, while heavy financial losses occur if crediivien indiscriminatly to
applicants who later default on their obligations.

Open the file CreditApproval.xIs. In this example, we will use neural network to forettastisk level
of granting a loan to the applicant. It can be used to guide decisions for granting egdeswiloan
applications.

a) Selecting and transforming data

Open theworkbook(CreditApproval) and bring upworksheet (Raw Data}dere wehave400 inputs
patterns and desire outpuiere are 10 input factors andalésireoutput(end result). W can se¢hat,
the data are still in alphabet forideural network (NNxan only be fed with numeric data for training.
So we need to transform these raw data into numeric form.

This worksheet is self explanatory. For example, in column B (Input 2), we havetheal statusNN

cannot take or understaridmar r i e d . Sorwe tsansfognl theem to 1 fdrmar r i edo and
Asingl eo.

We haveto do this one by one manually.

If you select theworksheet(Transform Data)f contains exactly what has been transforromnir
worksheet(Raw Data).
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12| 1845 1 0.45 1 ] 1.25
13| &34 1 0.3 ] 4. 45 3.04
4] 2445 1 0.3 ] 05 15
15| 284 1 0.15 ] 1.25 ]

B | 25592 1 0.45 1 0.875 0.375
7| 2308 1 0.45 1 0 1

18| 39.85 1 015 1 5 ]

Figure 1.2



Now, we can see that Column A to column L in Warkshee(Transform Datajreall numerical.(see
Figure 1.2 aboveApart from this transformation, we al sa
bit. This is beause NN will learn better if there is uniformity in the data.

We need to transform all the 400 rows of data int@eanetweerthe value 0 to 1The first 38 rows
will be used as training data. The last 2 rows will be used for testing our prediation lat

Thus we need to scale all the data into the value between 0 to 1. How do we do that?

1) Copy all daa from Column Ato L to Column N To Column'Y
2) Then, selecEcale Dateon thenn_Solve menu(see Figure 1.3)

Window | nn_Solve | Help

| Scale Data -‘ll:
AEF2HAE Randomize Weights ;
L Exit nn_Saolve
Target |
redit Risk Age Warital St
Low =10
Figure 1.3

Enter the reference that you wao scale in theData Range We scale Input 1 (Age) first. Enter
N12:N411 in theData RangePress the Tab key on your keyboard to exit. When you press Tab,
nn_Solvewill automatically load the maximum (70) and the minimum (15i83he Raw Dataframe

Min andMax textbox.(see Figure 1.4 below)

3) Then specify the maximum (1) and minimum (0) scale range. Click o8dake Nowbutton.
The raw data will be scaled.

Scale Data E|
Data Range: nlZin4ll
Faw Data Scale Inko
Man: 70 1
i 15.83| 0
Scale Mow Reset ‘ End ‘
Figure 1.4
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nn_Solvewill also automatically store the minimum (in cBi14) and the maximm
(cell N413) value of the raw data in the last row and first column of the raw @&t Figure 5.below)

1 i o F
1 ‘ Input 1 ‘ Input 2 Input 3
2 Age hWlarital Status| Cccupation
3
4
]
2]
7
5]
]
10
403 0.343179 1 06
409 0.353336 1 06
410 0.504707 1 0.6
411 0.126269 1 0.45
412
413 70
414 15.83
415

Figure 1.5

The raw input data that need to be scale are Input 5 (Address Time), Input 6 (Job Time) and Input 9
(Payment History). We do not reeéo scale Input 2,3,4,7,6,10 as these value are within 0 to 1. We do
not need to scale the desire output (Credit Risk) as the vadireaslywithin O to 1.

M o} P Q R = T i} ki W ® A

1 Ingoutt 1 Irput 2 It 3 It 4 Irput S Irmput & Input 7 Input & Input 9 Input 10 I_ Desire

2 Age  |Marital Stetus| Occoupation Sex Address Time [ Job Time | Checking | Savings [Payment History Home Owenership Credit Rizk

3 Married =1 Jnemployed =C Male =1 Yes =1 Oy =1 Lowy =0

4 Single =0 -professionsl =Female =0 Ma=0 Rent =0 High =1

4 Prafezsional = 0.3

-] Blue Collar = 0.45

7 Manager = 0.6

g Office =075

9 Principal =09

10 Retired = 1
405 00923 0 0rs a0 0017857143 003509 0 0 0 0 1
406 | 0.23703 1 045 1 0517857143 000439 0 0 0 0 1
407 | 0.08935 0 045 1 0029521429 007018 0 0 0 1 1
405 0.34318 1 06 1 0047673571 000439 0 0 0 1 1
405 0.353589 1 06 1 0003928571 014035 0 0 0 1 1
410 0.50471 1 0g 1 0178571429 007595 0 0 0 1 1
411 | 012627 1 0.45 1] 0.25 0.00579 0 0 0 0 1
412
M3 70 28 285 &7 |
414 1583 0 0 0
415

Figure 1.6

Figure 16 above show the data after thegve beerscaledWe need the raw mininmu and maximum
valueslaterwhen we reverse the scale values back to raw value

11



b) the neural network architecture

A neural network is a group of neurons connected together. Connecting neurons to form akléN can
done in various wayslhis worksheetcolumnN to column AKactually contain the NN architecture

shown below:

INPUT LAYER HIDDEN LAYER OUTPUT LAYER

Figure 1.7

There are 10 nodes or neuron on the input layer. 6 neurons on the hidden layer and 1 neuron on the

output layer.
Those lines that connect the nodes are call weights. | only connect part of them. In reality all the

12



weights are connectedyler by layer, like Figure 1.1 above

The number of neurons in the input layer depends on the number of possible inpaiseywhile the
number of neurons in the output layer dependshennumber of desired outputdere we have 400
input patterns map to 400 desired or target outputs. We reserve 2 input patterns for testing later.

Like whatyou see from th&igurel.7 abowe, this NN model consists of three layers:

1. Input layer with 10 neurons.
Column N =Input 1(11); Column O = Input 2 (12); Column P = Input 3 (I13)
Column Q = Input 4 (I¥; Column R = Input 5 (I15) Column S = Input 6 (16)
Column T = Iput 7 (I7); Column U = Input 8 (18); Column V = Input 9 (19);
Column W = Input 10 (110)

2. Hidden layer with 6 neurons.
Column AD= Hidden Node IH1); Column AE = Hidden Node 2 (H2);
Column AF = Hidden Node 3 (H3Column AG = Hidden Node 4 (H4);
Column AH = Hidden Node 5 (HB Column Al = Hidden Node 6 (H6)

3. Output layer with 1 neurons.
Column AK= Output Node 1
Now let's talk about the weights that connection all the neurons together
Note that:

The output of a neuron in a layer goes to all neuiottize following layer.

In Fig 1.7, 1only connecthe weights betweeall the Input nodes to Hidden Node 1

we have 10nputs node and 6 hidden nodes and 1 output nodes. Here the number of
weights arg10x 6) + (6 x 1) = 66

Each neuron has its own inpueights.

The output of the NN is reached by applying input values to the input layer, passing the
output of each neuron to the following layer as input.

<< <<

| have put the weights vector in one coluAi. So the weights are contain in cells
From Input layer to Hidden Layer
w(1,1)= $AA$12 -> connectind1 to H1
w(2,1) = $AM$13 -> connecting2 to H1
w(3,1) = $AA$14 -> connecting3 to H1
w(4,1) = $AA$15 -> connecting4 to H1
w(5,1) = $SAA$16 -> connecting5 to H1
w(6,1) = $AA$17 -> connecting6 to H1
w(7,1) = JAA$18 -> connecting7 to H1
w(8,1) = $AA$19 -> connecting8 to H1
w(9,1) = AA$20-> connecting9 to H1
w(10,1) = $A$21-> connecting10 to H1

13



w(1,2)= $AA$22-> connecting 11 to H2
w(2,2) = $AA$23-> connecting 12 to H2
w(3,2)= $AA$24-> connecting I3 to H2
w(4,2) = $AA$25-> connecting 14 to H2
w(5,2)= $AA$26-> connecting 15 to H2
w(6,2) = $AA$27-> connecting 16 td12
w(7,2) = $AA$28-> connecting 17 tdd2
w(8,2) = $AA$29-> connecting I8 tdH2
w(9,2) = $AA$30-> connecting 19 tdH2
w(10,2) = $AAS$31-> connecting 110 t&12

fand

Aso

fion
w(1,6) = $AA$62 -> connecting |11 to A
w(2, 6) = $AA$63 -> connecting 12 to A
w(3, 6) = $AA$64 -> connecting 13 to A
w(4, 6) = $AA$65 -> connecting 14 to A
w(5, 6) = $AA$66 -> connecting 15 to A
w(6, 6) = SAAS67 -> connecting 16 td16
w(7,6) = SAA$68 -> connecting 17 tdH6
w(8, 6) = FAA$69 -> connecting 18 td16
w(9, 6) = SAAS$70 -> connecting 19 tdH6
w(10,6) = $AAS$71 -> connecting 110 t¢16

From HiddenLayer to Output Layer

w(h1,1)= $AA$72 -> connecting H1 to O1
w(h2,1) = $AA$73 -> connecting H2 to O1
w(h3,1) = $AA$74 -> connecting H3 to O1
w(h4,1) = $AA$75 -> connecting H4 to O1
w(h5, 1) = $AA$76 -> connecting H5 to O1
w(h6,1) = $AA$77 -> connedng H6 to O1

After mapping the NN architecture to the worksheet and entering the input and desired output data., it
is time to see what is happeniingide those nodes

14
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a way that the error between the desired output and the actual output is reduced. This process requires
that the neural network compute theoerderivative of the weights (EW). In other words, it must
calculate how the error changes as each weight is increased or decreased slightly. The back propagatior

16



algorithm is the most widely used method for determining the EW.

The backpropagation algotinm is easiest to understand if all the units in the network are linear. The
algorithm computes each EW by first computing the EA, the rate at which the error changes as the
activity level of a unit is changed. For output units, the EA is simply the elifter between the actual

and the desired output. To compute the EA for a hidden unit in the layer just before the output layer, we
first identify all the weights between that hidden unit and the output units to which it is connected. We
then multiply thoseveights by the EAs of those output units and add the products. This sum equals the
EA for the chosen hidden unit. After calculating all the EAs in the hidden layer just before the output
layer, we can compute in like fashion the EAs for other layers, mdkam layer to layer in a direction
opposite to the way activities propagate through the network. This is what gives back propagation its
name. Once the EA has been computed for a unit, it is straight forward to compute the EW for each
incoming connectiorof the unit. The EW is the product of the EA and the activity through the
incoming connectionPhew, what crapss this back propagation!!!. Fortunately, you doneed to
understand this, if you use MS Excel Solver to baiid traina neural network maal.

d) Training NN as an Optimization TaskUsing Excel Solver

Training a neural network is, in most cases, an exercise in numerical optimization of a usually
nonlinear function. Methods of nonlinear optimization have been studied for hundreds of gdars, a
there is a huge literature on the subject in fields such as numerical analysis, operations research, and
statistical computing, e.g., Bertsekas 1995, Gill, Murray, and Wright 1981. There is no single best
method for nonlinear optimization. You need twose a method based on the characteristics of the
problem to be solved.

MS Excel's Solver is a numerical optimization addan additional file that exteis the capabilities of
Excel).It can be fast, easy, and accurate.

For amedium size neural netwlo model withmoderate number of weights, various gtidsivton
algorithms are efficient. For a large number of weights, various conjggadéent algorithms are
efficient. These two optimization method are available with Excel Solver

To make a neural netwk that performs some specific task, we must choose how the ams
connected to one anothesand we must set the weights on the connections appropriately. The
connections determine whether it is possible for one unit to influence another. The waégifisthe
strength of the influenc&alues betweenl to 1 will be the best starting weights.

Leto fill out the weight vector. The weights are contain in AA12:AA77. FromrtheSolve menu,
selectRandomize Weights

Window | nn_Solve | Help
Srale Data y
I6) | Randomize Weights |
i Exit nn_Solve [
Tlacira | =
Figure 1.10

Enter AA12:AA77 and cliclon theRandomize Weightsutton. AA12:AA77 will be filled out with
valuesbetweenl1 to 1. (see Figuré.11below)

17
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12 0837302 wil Randomize weights E| -
13 | 045904 wiZ 1 =N
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15 | 031485 wid 1 f
16 | -0.86756 wi(5,1 EE
17 | -0.59565 wiB,1 '
18 | -0.62804 w71 : Randormize Weights AF
19 | -0.75585 w(3,1 ' o
20| 007249 wi(@1 o
21 1002626 w101 04704317 0503767 U.5406612:

Figure 1.11

The learning algorithm improves the performance of the network by gradually changing each weight in
the proper direction. This called anterative procedure. Each iteration makes the weights slightly
more efficient at separating the target from the nontarget examples. The iteration loop is usually carried
out until no further improvement is being made. In typical neural netytiiks may be anywhere from

ten to teathousand iterations. Fortunately, we have Excel Solver. This tool has simplified neural
netwok training so much.

Accessing Excel ds Solver

To use the Solver, click on the Tools heading on the menu bar and sel8clvhr . . . item.
(see Figure 1.12)

Format | Tools | Data  Window  Help

aljkl | Solver. ., |L'| z

| 3 Macro k

Add-Ins...

C ¢ AutaCarrect Options...

»
W

Figure 1.12
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Add-Ins 3

fdd-Ins available:

[ | analysis TaolPak:

[ analysis ToolPak: - VBA

[ ] conditional Sum Wizard

:| Euro Currency Tools

:| Internet Assistank YWEBA
Browse. ..

[ ] Lookup Wizard =

f=olver Addin |

Solver Add-in

Tool for optimization and equation solving

Figure 1.14

If Solver is not listedsee Figure 1.12Zhenyou must manually include it in the algiwins that Excel
has availableTo do this, select Tools from the menu bar and chooséAihé-Ins . . ." item. In the
Add-Ins dialog box, scroll down and click on the Solver Addso that the box is checked as shown
Figure 1.14above

After selecting the Solver Adbh and clicking on the OK button, Excel takes a moment to call in the
Solver fie and adds it to the Tools menu.

If you cannot find the Solver Add n try using the Macbdés Find Fil
file. Search for fAsolver. o Nres diglog box @y dxexudigt i@ 0 n
Tools:Addins é) , click on Select or-InBleeowse, and open

What if you still cannot find it? Then it is likely your installation of Excel failed to include the Solver
Add-In. Run your Excel or Office Setup again from the originatROM and instdlthe Solver Add

In.  You should now be able to use the Solver by clicking on the Tools heading on the menu bar and
selecting the Solver item.

Although Solver is proprietary, you can download a trial version from Frontline Systems, the makers of
Solver,atwww.frontsys.com

After executing Tools: Solver . . ., you will be presented with the Solver Parameters dialog box below:

19



Solver Parameters fgl
Set Target Cell: _ Solve
Equal To: ®Max  OmMn  Owalueof: |0

= 4 4 Close

By Changing Cells:

Subject ko the Conskrainks:

Options
Reset all

Figure 1.15

Let us review each part of this dialog box, one at a time.

Set Target Cellis where you indicate the objectiftienction (or goal) tdbe optimizedThis cell must
a formula that depends on one
You can either type in the cell addres<lick on the desired cell. Here we enter cell AO1.

cont ai

In our NNmodel, the objective function is to minimize theaneSquared Error. See Figure 1bHow

Equal to: gives you the option of treating the TargedllGn three alternative wayslax (the default)

n

AL Al Al Al AP A AR

Desire ¢ 0052670545

Solver Parameters

Set Target Cell: |$F'.O$1 %k, Solve |

Equal Ta & Max O Mo Valueof: |0 Clase
By Changing Cells:

| E GUess |

Subject ko the Constraints:

Reset all
Delete
1

Help

e v I v B
I
- |
w1}
o}
o
[ai]

Figure 1.16

or

mor e

tells Excel to maximize the Target Cell aliih, to minimize it, wherea¥alue is used if you want to
reach a certain particular value of the Target Cell by choosing a particuler ofathe endogenous

variable.
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p/g 21 is not available for viewing

XXX XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX

X

X
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Add Constraint

Cell Beference:

Conskraink:

\aalz:aa7? <= | 100
[ Ok ] [ Cancel ] [ &dd ] [ Help ]
Figure 1.18

Solver Parameters

Set Target Cell:

() Max

By Changing Cells:

Equal To:

ER
(walue of: |0

Salve

$AAE1Z:$ARETT

Subiject ko the Conskrainks:

options

$AA$12:$A0477 <= 100
$aa$12:$A8477 == -100

Reset all

Help

Figure 1.19

After that select theOptions. This will allows you to adjust the way in whichI8er approaches the

solution..(see Figure 1.20)

Solver Options

1000 | seconds
10000
0.000001

Max Time:

Lkerations:

Precision:

Tolerance;

0.0001|

[] Assume Linear Model

Conyergence:

|:| Assume Non-MNegative

[] use automatic Scaling
[ ] show Iteration Results

(8]4

Cancel

Save Model,,.

3
l
]
]
]
]

[
[
| Load Model...
[
[

Help

Estimates Derivatives Search
%) Tangent %) Forward () Mewton
) ouadratic ) Central (*) Conjugate
Figure 1.20
As you can see, a series of choices arauimcle d i n t he Sol ver
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search for the optimum solution cafior how long it will searchThese options may be changed if
Solver is having difficultyfinding the optimal solutionLowering the Precision, Tolerance, and
Corvergence values slows down the algorithm but may enable Solver to find a solution.

For a neural network model, you can set :

i) Max Time: 1000 seconds
i) Iterations: 10000

iii) Precision: 0.000001

iv) Tolerance: 5%

v) Convergence: 0.0001

SelectConjugate as theSearchmethod. This prove to be very effective in minimizing the Mean
Squared Error.

The Load and Save Model buttons enable you to recall and keep a complicated set of constraints or
choices so that you do not have to reenter them every time.

Clicking OKto retun to the Solver Parameters dialog box.

Solver Parameters |

Set Target Cell: Solve

Equal To: OMax  ®©mMn  Owalueof: |0
By Changing Cells:

]

Close

$AA417: 508477
Subject ko the Conskrainks: Optians
taAt12:4A0577 <= 100

$aa512:$A8577 == -100

Reset all

Help

Figure 1.21

Solveis obviously the button you click to get EXseSolver to find a solutiorthis is the last thing you
do in the Solver Parameters dialog b8r, clickSolveto start training.

43 1 1w
44 1 1w
45 1 1 i)
M4 4 ¢ My Description 4 Raw Data b Transform Data

Draw = ;| Autoshapes = N w [ (0 A o 3= (8]
Trial Solution: 46 Set Cell: 0.205865854
Figure 1.22

When Solver start optimizing, you will see theal Solutionat the bottom left ojour spreadsheet. See
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Figure 1.22 hove.

Solver Results E]

Salver has comverged ko the current solution, Al
constraints are satisfied. Reports

Answer
Sensitivity
Lirnits

{%)¥Keep Solver Solukion

) Restore Original Yalues

[ (0] 4 ] [ Zancel ] [ Save Scenario... ] [ Help

Figure 1.23

A messagevill appearsafter Solver has converged (see Figure 1.23bhis case, Excel reports that
inSol veonWwasged to the current solution. Al l ¢

Sometime, the Mean Square Er®not satisfactory and Solver unable to find the solution at one go. If
this is the case then you, Keep the Solver solution andolver again. Follow the step discussed
above. From experience, usually you will need to run Solver a fevs ti@fore Solver arrive at a
satisfactory Mean Square Brr (Note: value less than 0.@dll be satisfactory

Bad news is a messadadenbitkdé,ndSal werl ution. o |If
debug, and otherwise think about what went wrong and how it could be fixed. The two quickest fixes
are to try different initialveightsvalues and to adoigger or smalleconstraints to theveights

Or you may change the network architecture by adding more hidden nodes.

From the Solver Results dialog box, you elect whether to have Excel write the solution it has found into
the Changing Cells (i.e., Keep Solver Solution) or whether to ldavepreadsheet alone and NOT
write the value of the solution into the Changing Cells.(iRestore Original ValuesyVhen Excel
reports a successful run, you would usually want it to Keep the Solver Solution.

On the righthand side of the Solver Rewuldialog box, Excel presents a series of reports. The
Answer, Sensitivity, and Limits reports are additional sheets inserted into the current workbook. They
contain diagnostic and other information and should be selected if Solver is having troublg dind
solution.

It is important to understand that a saved Excel workbook will remember the information included in
the last Solver run.

Save Scenaria. enables the user to save particular solutions for given configurations.

e) using the trained modéfor forecasting

After all the training and the MSE is below 0.0k, now time for us to predicdle r e , | 6ve tr
model and the MSE is 0.0086.

Goto the row 409 of th€redit ApprovalspreadsheeRemember, we have save the last 2 rows for
testing,row 410 and 411.
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After that goto the hidden layer. Select AD409:AK4(¢ee Figure 1.24 below)

A0

AE

AF

A

AH

A

A

Hidden 1

Hidden 2

Hidden 3

Hidden 4

Hidden 5

Hid

den B

Dutput

AL

Desire |

1
2
3
4
a
5]
7
a
Q

10

407 | 0.9801707
4058 | 1.434E-06 0.153955

1 259E-26 556E-05 294E03

B9E-43 5.19E05 Z71E-12

409| 1.658E-05 0.074608 3 75E-45 7 E3E-D5 7.O3E-12

=l —
1 —

410
411
412
413

Figure 1.24

Fill down the formula to row 410 to 41(see Figure 1.25)

1
2
3
4
5
5
7
a
9

10

Al

AE

AF

A

AH

Pl

Al

Hidden 1

Hidden 2

Hidden 3

Hidden 4

Hidden 5

Hidden &

Dutput

407
405

0.9a01707
1 A34E-05

1
[. 155955

299E-26
B.9E-48

5.96E-05
3. 19E-05

2.94E-08
271E-12

419
410

411

1. B58E-05
1.524E-05
3.396E-15

0.07 4608
0.851871
[.1359026

3.75E-45
1.88E-50
1.5E-21

7 .B3E-05
4 BE-05
0.003556

7.98E-12
3.22E2
27907

—_ = = =

412

Figure 1.25

On the Output cell i.e. AK410, the predicted value is 1 and AKgl also 1(see Figure 1.26

below) Thus, both resudtwe got are High RiskWhen you compare to the actual result in
L410 and L411, we are spot ohhats is. You have successfully use neural network to
predictthe risk involve when granting a loan to gphkcant.
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bl = IS AN S

=
T

Al

AL
Desire

403
403
410

271E12
7 .85E-12
3.22E-12

411

27907

412

—_ = —a

Figure 1.26



2) The Sales Forecasting Model

Forecasting future retail sales is one of the most important actitriié$orm the basis for all strategic
and planning decisions in effectieperations of retail lginesses as well as retail supply chains.

Accurate forecasts of consumer retail sales can help improve retail supply chain opesatcrally

for larger retailers who have a significant market share. For profitattéél operations, accurate
demand feecasting is crucial in organizing and plannpgchasing, production, transportation, and
labor force, as well as aftealesservices. A poor forecast would result in either too much or too little
inventory, directly affecting the profitability of theupply chain and the competitive position tbe
organization.

Open the fileSales_Forecasting.xl$n this example, we will use neural network to foretiastweekly

and dailysales of a fashion store.

a) Selecting and transforming data

Open theworkbookGales_Forecastinggnd bring upvorksheet (Raw Data)here are 7 input factors
and?2 desireoutput(end result)We also have 104 rows of input pattemmshis model.

We need to transform all the 104 rows of data into range betthieeraluel to 0. Thefirst 102 rows

will be used as training data. The last 2 rows will be used for testing our predictioi&temwe can

see that, the data are still in alphabet form. NN can only be fed with numeric data for training. So we
need to transform these rawta@anto numeric form. (see Figure 2This worksheet is self explanatory.

For example, in column B (Input 2), we have the Season Influence. NN cannot take or understand
i L o Medium, High, VeryHigh. So we t r dows=f0@%5, Meditunh=e0, Higk 0.75,

Very High = 0.9 We have to do this one by one manually.

A, B C ]
1 Input 1 Input 2 Input 3 Input 4
2 Wweek Mo =eason Influence|Holiday Influence [Competitaors Sales
3 1 High High 3
4 2 hediurm Medium B
5 a L Maone a
G 4 Lo Mone 1
7 o Lo Mone o
g B Lo Maone ]
9 7 L Maone 7
10 a L Mediurm 9
11 9 L Maone i
12 10 L Maone 5
13 11 Lo Mone 2
14 12 Lo Mone 1
15 13 Lo Maone B
16 14 L Maone 5
17 15 L Maone a
18 16 L Maone 7
19 17 L Maone 5
20 18 hedium Mone 7
21 19 Medium Mone =)

Figure 2.1
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If you select theworksheet(Transform Data)t contains exactly what has been transform from
worksheet(Raw Datajsee Figure 2.2)

& B C B E F G

1| ImpLet 1 It 2 It 3 Imput 4 Input 5 Input & Input 7
2 Wieek Mo, Seaszon Influence Holiday Influence Competitors Sales  |Mo. of Special Offerings | Advertising Budget MNumber of Ads
_3 | bz = 104 Lawe =0.25 Laowe = 0.25 e =10 e =5 iz =49500 hay = 27
4 Min =1 Medium = 0.5 Medium =0.5 hlin =0 Min =10 Min = 3400 hin =1
5| High = 0.75 High = 0.75
=] Wery High =049 “ery High =09
T 1 049 =] 3 a 47300 20
- 2 0.5 s g 2 45600 23
8 3 0.25 0.25 g 2 10670 T
o 4 0.25 0.25 1 1 9300 4
AN 3 0.25 0.25 5 2 36200 12
2 5 0.25 0.25 1] 1] 4300 2
3 7 0.25 1] 7 1 oo 4
14 g 0.25 1] 9 2 12300 5}
=N 9 0.25 1] 3 1 2700 3
6 | 10 0.25 1] 5 2 19100 g
s 1 0.25 1] 2 1] 17300 11
18 12 0.25 1] 1 2 4200 2
Figure 2.2

Now, we can see that Columnté\.column J in the worksheet (Transform Data) are all numerical. Apart
from this transformation, we also need to fAmas
will learn better if there is uniformity in the data.

Thus we need to scale dilet data into the value between 0 to 1. How do we do that?
Copy all data from Column A to J and paste them to Column L To U
SelectScale Dataonthenn_Solvemenu(Figure 2.3)

Window | on_Solve | Help

P . | Scale Data ,

teply with O Randomize Weights
S Exit nn_Solve
o E
K Intt 4 Inont 5
Figure 2.3
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Scale Data Pg|
Draka Range: L7L110
Raw Data Scale Inko
Man: 104 1
Min i 0
Scale Mo Feset ‘ End ‘
Figure 2.4

Enter the referencmr Input 1(L7:L110) in the Data Range Press the Tab key on your keyboard to
exit. When you press Tahn_Solvewill automatically load the maximunmiQ4) and the minimumZ()
in theRaw DataframeMin andMax textbox.(see Figure 2.4)

Enterthe value 1 for maximum ar@for minimumfor the Scale Intodframe Of course you can change
this.
Click on theScale Nowbutton. The raw data will be scaled

nn_Solvewill also automatically store the minimum (in cell13) and the maximum
(L112) value of the raw data in the last row and first owiwof the raw datdsee Figur®.5below)

106 0.9612 0.25
107 0.9709 0.5
105 0.9506 0.5
109 0.9503 0.5
110 1.0000 0.75
111
112 104
113] 1
114

Figure 2.5

We alsoneed to scale Input 4 in colun® Input 5 in columrP, Input 6 in columrQ, Input 7 in column
R and the Desireoutpusin coumnTand Ul 6ve scal e all the cerSpeut
Figure2.6 below.
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We dorii need to scale Input 2 and 3 as those values are already between 0 and 1.

3C

Tl il o P 2 R = T u

1 Irput 2 Input 3 Input 4 Input 5 Input 6 Inpaut 7 Target 1 Target 2

2 Seazon InfluenceHoliday Influence|Mo. of Competitors Salespo of Special Offerspdvertising Budgel Mumber of Ads Sales Sales

3 Lowy =025 Lowy =025 hax =10 Max =5 hax =43500 Max = 27 WeeklySales) |(Daily Sales)
4 | Medum=05 edium =0.5 Min=0 Min=0 Min = 53400 hlin =1

5 High = 0.75 High =075

6 | Wery High = 0.8 [ very High = 0.9

a7 0.5 05 055 1 0.3191131054 0.554615385 06795332929 015
95 0.5 05 0.54 1 0.292025862 0450769231 0345225166 0.1a
99 0.5 0.5 0.46 0.25 010551 5966 015346153585 0.736595055 018
100 0.25 0.5 037 0.25 0.435560345 0450769231 0.355975136 0.1
101 0.25 0.25 0.54 0.45 0435733103 0169230769 0.354599929 011
102 025 0:a 055 025 0421336207 0169230769 0421576713 0.11
103 025 0.7s 046 045 015237069 0169230769 0.435330503 0.11
104 0.25 0.rs 0.54 0.45 015237069 0169230769 04136581019 0.11
105 0.25 0.7s 0.46 0.48 0142672414 0169230769 0659266222 015
106 0.25 [UR=] 0.y3 0.45 0.412254453 0342507692 0.3431 66765 010
107 0.5 oA 0.46 0.45 01911653793 0169230759 0.773062452 018
108 05 0sa 054 025 0.504094525 1 0.73409339 016
109 05 o9 0.2a 025 0. 740035207 0.851535462 0986246 018
110 0.rs [UR=] 055 0.1 0.709031 724 0.792307692 095522925 018
111

112 10 G 49500 27 363400

113 1] 1] 3400 1 1604255714

Figure 2.6




b) the neural network architecture

A neural network is a group of neurons connected together. Connecting neurorm NN can be
done in various wayslhis worksheet; column L to column AF actually contain the NN architecture
shown below:

INPUT LAYER HIDDEN LAYER OUTPUT LAYER

Figure 2.7

There are 7 nodes or neuron on the inpuéday neurons on the hidden layer and 2 neurons on the
output layer.

Those lines that connect the nodes are call weights. | only connect part of them. In reality all the
weights are connectdayer by layer, like Figure 1.1

The number of neurons in thepim layer depends on the number of possible inputs we have, while the

number of neurons in the output layer dependshennumber of desired outputdere we have 104
input patterns map to 104 desired or target outputs. We reserve 2 input patterns{platest
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Like what you see from the Figure ZaBove, this NN model consists of three layers:

Input layer with 7 neurons.

Column L = Input 1 (11); Column M = Input 2 (12); Column N = Input 3 (13);
Column O = Input 4 (14) ; Column P = Input 5)I5Column Q = Input 6 (16);
Column R = Input 7 (17)

Hidden layer with 5 neurons.

ColumnY = Hidden Node 1 (H1); Columa = Hidden Node 2 (H2);
ColumnAA = Hidden Node 3 (H3); ColumAB = Hidden Node 4 (H4)
Column AC = Hidden Nodé (H5)
Output layer with 2 neurons.
Column AE = Output Node 1 (O1)
Column AF = Output Node 2 (02)
Now let's talk about the weights that connection all the neurons together
Note that:

1 The output of a neuron in a layer goes to all neurons in the foliplayer.
1 In Figure 2.4ve have 7 inputs node and 5 hidden nodes andut nodes. Here the number of
weights are{x5) + (6x2)= 45

1 Each neuron has its own input weights.

1 The output of the NN is reached by applying input values to the inpet, lpgssing the output
of each neuron to the following layer as input.

| have put the weights vector in one coluinSo the weights are contain in cells:
From Input Layer to Hidden Layer

w(1,1)= $W$7 -> connecting 11 to H1

w(2,1) = $WB8 -> connecting2 to H1

w(3,1)= $W$9 -> connecting 13 to H1

w(4,1) = $V$10-> connecting 14 to H1

w(5,1)= $W$11 -> connecting I5 to H1

w(6,1) = $V$12 -> connecting 16 tdd1

w(7,1) = $N$13 -> connecting 17 tdd1

w(1,2)= $W$14-> connecting 11 to H2
w(2,2) = $V$15-> connecting 12 to H2
w(3,2) = $W$16-> connecting 13 to H2
w(4,2) = $N$17-> connecting 14 to H2
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w(5,2)= $W$18-> connecting I5 to H2
w(6,2) = $V$19-> connecting 16 tdd2
w(7,2) = $V$20-> connecting 17 td12

fland

fiso

fnon

i
w(1,5) = $W$35-> connecting1 to Ho
w(2,5) = $W3$36 -> connecting 12 to B
w(3, 5) = $W$37 -> connecting I3 to B
w(4, 5) = $W$38-> connecting 14 to H
w(5, 5) = $W$39 -> connecting I5 to B
w(6, 5) = $W3$40-> connecting 16 td15
w(7,5) = $W$41 -> connecting 17 tdH5

From Hidden layer to Output Layer

w(h1,1)= $W$42-> connecting H1 to O1

w(h2,1) = $W$43 -> connecting H2 to O1
w(h3,1) = $W$44 -> connecting H3 to O1
w(h4,1) = $W$45 -> connecting H4 to O1
w(h5, 1) = $W$46 -> connecting H5 to O1

w(h1,2)= $W$47-> connecting Hto O2

w(h2,2) = $W$48-> connecting H2 to O2
w(h3,2) = $W$49-> connecting H3 to 02
w(h4,2) = $W3$50-> connecting H4 to 02
w(h5, 2) = $W$51-> connecting H5 to O2

After mapping the NN architecture to the worksheet and entering the input and despeddata., it
is time to see what is happening inside those nodes.

c) simple mathematic operations inside the neural network model

The number of hidden layers and how many neurons in each hidden layer cannot be well defined in
advance, and could changer network configuration and type of data. In general the addition of a

33



p/g 34 is not available for viewing

X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X x Xx
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p/g 35 is not available for viewing

X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X x Xx
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Our objective is to minimize the MSE/e need tachange the weight of each connection so that the
network produces a better approximation of the desired output.

In NN technicalterm, we call this step of changing the weights as TRN® THE NEURAL
NETWORK.

In order to train a neural network to perform some task, we must adjust the weights of each unit in such
a way that the error between the desired output and the actual output is reduced. This process requires
that the neural networkompute the error derivative of the weights (EW). In other words, it must
calculate how the error changes as each weight is increased or decreased slightly. The back propagatior
algorithm is the most widely used method for determining the EW.

The backpropagation algorithm is easiest to understand if all the units in the network are linear. The
algorithm computes each EW by first computing the EA, the rate at which the error changes as the
activity level of a unit is changed. For output units, the EAngby the difference between the actual

and the desired output. To compute the EA for a hidden unit in the layer just before the output layer, we
first identify all the weights between that hidden unit and the output units to which it is connected. We
thenmultiply those weights by the EAs of those output units and add the products. This sum equals the
EA for the chosen hidden unit. After calculating all the EAs in the hidden layer just before the output
layer, we can compute in like fashion the EAs foreotlayers, moving from layer to layer in a direction
opposite to the way activities propagate through the network. This is what gives back propagation its
name. Once the EA has been computed for a unit, it is straight forward to compute the EW for each
incoming connection of the unit. The EW is the product of the EA and the activity through the
incoming connection.

Phew, what craps is this back propagation!!!. Fortunately, yod deed to understand this, if you use
MS Excel Solver to buildnd traina nairal network model.

d) Training NN as an Optimization TaskUsing Excel Solver

Training a neural network is, in most cases, an exercise in numerical optimization of a usually
nonlinear function. Methods of nonlinear optimization have been studied foreusndf years, and

there is a huge literature on the subject in fields such as numerical analysis, operations research, and
statistical computing, e.g., Bertsekas 1995, Gill, Murray, and Wright 1981. There is no single best
method for nonlinear optimizaio You need to choose a method based on the characteristics of the
problem to be solved.

MS Excel's Solver is a numerical optimization addan additional file that extends the capabilities of
Excel). It can be fast, easy, and accurate.

For a mediumsize neural network model with moderate number of weights, various-lgaason
algorithms are efficient. For a large number of weights, various conjggadéent algorithms are
efficient. These two optimization method are available with Excel Solver

To make a neural network that performs some specific task, we must choose howtshareni
connected to one anotheand we must set the weights on the connections appropriately. The
connections determine whether it is possible for one unit to influenceeandtte weights specify the
strength of the influenc&alues betweerl to 1 will be the best starting weights.
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Letés fill out the weight vector. The weights are contain in W7:W51. FrormtheSolvemenu, select
Randomize Weigh{see Figure 2.11 below)

Window | nn_Solve | Help
Scale Data "
16 | Randornize Weights
' Exit nn_Salve [
Tlacira | =
Figure 2.11

Enter W7:W51 and click on tHeandomize Weightsutton. W7:W51 will be filled out with valige
betweenl to 1. (see Figur.12below)

Yy I b 7 A, AR
YWeights Vect Hidden 1 | Hidden 22 | Hidden 3 | Hidden 4

0187012224 )i
-0.585595555 )
-0.5087 18451 )
0351388574 wid 1)
056835154285 win 1)
-0.933403611  |wiB, 1)
-0.500947666  wii 1)
)
|
|
|
)

Wgights veckar: IW

0696337819 w1 .2
0.B45521402 w2
0900149485 w3 2
0043776512 wid 2
06455976424 w5 2

Randomize Weights

L. ot e o e T P i 2w ]

043419 0364028 0462545 0424541
Figure 2.12

—_— ot | o e et et k|
el I e e e e e Bl e e e L

The learning algorithm improves the performance of the network by gradually changing egtohinvei

the proper direction. This is called #&rrative procedure. Each iteration makes the weights slightly
more efficient at separating the target from the nontarget examples. The iteration loop is usually carried
out until no further improvement is Iogj made. In typical neural networks, this may be anywhere from
ten to teathousand iterations. Fortunately, we have Excel Solver. This tool has simplified neural
network training so much ¢é.

Accessing Excel ds Solver

To use the Solver, click on the Tooksading on the menu bar and select the Solver . . . item.
(see Figure 2.13)
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Farmat | Tools | Daka  ‘indow  Help

i:&l .;#:l Solwer. .. |L1 3
| i’l Macra k Tﬂ(
&dd-Ins. .. I

[ ¢ AutoCorrect Options,..

¥

Figure 2.13

Add-Ins 3

add-Ins available:

[ | analysis ToolPak,

[ ] analysis ToolPak - VEA

[ ] Conditional Sum Wizard

:l Euro Currency Tools

:| Internet Assistank YBA
Browse. ..

:| Loakup \Wizard =

fl=olver Addin

Solver Add-in

Taool Far optimization and equation salving

Figure 2.15

If Solver is not isted thenyou must manually include it in the algorithms that Excel has available. To
do this, select Tools from the menu bar ahdase théAdd-Ins . . ." item. In the Addns dialog box,
scroll down and click on the Solver Adid so that the box is checked as showrFlgure 2.15above:

After selecting the Solver Adbh and clicking on the OK button, Excel takes a moment toicahe
Solver file and adds it to the Tools menu.

If you cannot find the Solver Add n , try using the Macbdés Find Fil
file. Search for HAsolver. o Nres diglog bax @by exezutga t i o n
Tools:Addl nsé), click on Select o-nfil@r owse, and open

What if you still cannot find it? Then it is likely your installation of Excel failed to include the Solver
Add-In.  Run your Excel or Office Setup again from the originetROM and install the Solver Add

In.  You should now be able to use the Solver by clicking on the Tools heading on the menu bar and
selecting the Solver item.
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Although Solver is proprietary, you can download a trial version from Frontline Systems,kéies ro&
Solver, atwww.frontsys.com

It is imperative that you successfully load and install the Solveriraddcause without it, neither
Solver nor the Dummy Dependent Variable Analysis-imddill be available.

After executing Tools: Solver . . . , yavill be presented with the Solver Parameters dialog box below:
Solver Parameters |

Set Target Cell: | Solve
Equal To: ®Max  OmMn  Owalueof: |0

By Changing Cells:

Subject ko the Conskraints: Cptions

Close

Reset all

R

Help

Figure 2.16
Let us review each part of this dialog box, one at a time.
Set Target Cellis where you indicate the objective function (or goal) to be optimized. This cell must
containafo mul a t hat depends on one or more other

You can either type in the cell addres<lick on the desired cell. Here we enter cell AN1.

In our NN model, the objective function is to minimize theadé&quarederror. See Figure 2.15elow

A - f =[SUMEAST AKI0E)M02)2
Al Al AL A AN
1 0.0472751
2
3
4
Figure 2.17
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p/g 40 is not available for viewing

X X XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX
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p/g 41 is not available for viewing

XXX XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX
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p/g 42 is notavailablefor viewing

XXX XXX XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX
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43 1 1 iz
44 1 1w

45 1 1 (4]
M4 4 ¢ My Description 4 Raw Data b Transform Data

PDraw = ;| Actoshapes~ N\ w [ O A 4l 3 (8]
Trial Solution: 46 Set Cell: 0,205365354
Figure 223

When Solver start optimizing, you will see theal Solutionat the bottom left of yar spreadsheet. See
Figure2.23 dove.

Solver Results E]
Solver has converged to the currenk solution, Al
constrainks are satisfied. Reparts
Answer
iKeep Solver Solution: sensitivicy

Ol ' Lirriks

) Restore Original Values

[ K ] [ Cancel ] [ Save SCenario. . ] [ Help

Figure 224

A messagevill appearsafter Solver has converged (see Figure 2.BM)his case, Excel reports that
AfSol ver has converged to tahe ocuwunr esrfti esdoloutTiho rs.

Sometime, the Mean Square Error is not satisfactory and Solver unable to find the solution at one go. If
this is the case then you, Keep the Solver solution and run Solver again. Follow the step discussed
above. From xperience, usually you will need to run Solver a few times before Solver arrive at a
satisfactory Mean Square Error. (Note: value less than 0.01 will be very good)

Bad news is a message | i ke, nSol ver ¢ oaghose, not
debug, and otherwise think about what went wrong and how it could be fixed. The two quickest fixes
are to try different initial weights values and to add bigger or smaller constraints to the weights.

Or you may change the network architecturatiging more hidden nodes.

From the Solver Results dialog box, you elect whether to have Excel write the solution it has found into
the Changing Cells (i.e., Keep Solver Solution) or whether to leave the spreadsheet alone and NOT
write the value of the sofion into the Changing Cells (i.e., Restore Original Values). When Excel
reports a successful run, you would usually want it to Keep the Solver Solution.

On the righthand side of the Solver Results dialog box, Excel presents a series of reports. The
Answer, Sensitivity, and Limits reports are additional sheets inserted into the current workbook. They
contain diagnostic and other information and should be selected if Solver is having trouble finding a
solution.

It is important to understand that asad Excel workbook will remember the information included in
the last Solver run.
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e) using the trained model for forecasting

After all the training and the MSE is below 0.01, its now tioreuls to predict. Goto the ro¥09 of the
Sales Forecastirgpreagheet Remember, we have save 2 rows of data for testinginel09 and 110.

L | o M 0 P
1 Input 1 Input 2 Input 3 Input 4 Input &
2 Whs No. =eason Influence| Haoliday Influence [ Ma. of Competitars Sales| Mo of Special Offers [Ac
3| Max=104 Law = 0.25 Law = 0.25 Pax = 10 ax =5
4 Min =1 Medium = 0.5 Mediurm =05 bin =10 bin =0
5 | High =0.75 High =0.75
B Yery High=09 | Very High=0.9
106 0.9612 0.25 na 0.73 0.4k
107 | 0.59709 0.5 na 0.45 0.4k
A08] 0.9806 0.5 0.4 0.64 0.28
109 0.9903 0.5 IRE) 0.28 0.28
110 1.0000 0.75 IRE) 0.55 0.1
111
Figure 2.25
Thengoto Y108. Select Y108:AF10&ee Figue 2.26 below)
¥ Y z a0, AH ac [ap] 2 | AF A aH
1 Hidden 1 | Hidden 2 | Hidden 3 | Hidden 4 | Hidden 5 Output 1 Output 2 Desire 1 Desire 2
2 Sales Sales
3 MWeeklySales) | (Daily Sales)
q
3
G
105 099997 S4E08 0.07214] 099995 099551 0572525 0.040036 0.554740247 0.05
106 1| 051294 0.75196 1| 009663 03532758 0019952 027240752 0.00
107 093333 1 2F-08 000176 0593524 093335 625927 0045036 074754715 0.ov
105 | 1 1000234 1 0.59455 0 652341 0.050544! 0. 704545211 0.0
109 0.934715011 010
110 0.953558033 010
Figure 2.26
After that, you fill down until row 110(see Figure 2.27)
¥ i z o, A AC |AaD]|  aE AF Fxe &H
1 Hidden 1 | Hidden 2 | Hidden 3 | Hidden 4 | Hidden & Output 1 Outpot 2 Desire 1 Desire 2
2 Sales Sales
3 MWeeklySales) | (Daily Sales)
4
5
]
103 099397 34E-06 007214| 05993393 0.99331 0572326 0.040036 0.554740247 0.05
106 1 051294 0783196 1 089663 0.353278 0019952 027240752 0.0a
107 093395 19F 08 000176 099524 0.899935 625927 0046036 074734715 n.a7y
105 1 1 0.00224 1 0.39436 0652341 0.030344( 0.704545211 0.06
109 1 099761 1E-03 0895292 089557 0903441 002692] 0.954715011 1o
110 107851 1E-05 094181 089173 0.54799 0.05057E1 0953553033 n.1ao
111 [
A el )
Figure 2.27
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X i z Al AB AC AD AE AF AG AH
1 Hiclden 1 | Hidden 2 | Hidden 3 [ Hidden 4 | Hidden 5 Output 1 Cutput 2 Dresire 1 Desire 2
2 Sales Sales
_3 | NeeklySales) | (Daily Sales)
4
5|
]
05| 099997 34E-06 007214 0.99995 099331 0572526 0040036 0.654740247 0.05
06| 1 0351294 078196 1 099663 0333278 0.019932| 027240752 0.00
07| 093339 12E-08 000176 0.99324 0993935 0623927 | 0.046036| 074754715 oaor
A0E| 1 1 000224 1 0.894586 0652341 0050544 0.704345211 0.06
08| 1 099761 1E-05) 088292 099357 0903441 0.1 IIIEEEIEI 0.9347158011 010
10| 1 078521 1E-03) 084181 099172 0.84799 0.0308761 0.9535538033 010
11 T
Figure 228

So, for row 109ve have ®03441for predictedOutput 1 (AE109) and 0.10269@r predictedOutput

2 (AF109) (see Figure 2.28)

Row 110 we have 04899 for predictedOutput 1 (AE110) and 080876 for predictedOutput 2

(AF110)

We need to scale thesamber back to raw data before they have any meaning to us.

SelectScale Datégor thenn_Solvemenu(see Figure 2.29 below)

Windo

nn_Solve | Help

Scale Data

—

Randomize Weights

Exit nn_Saolve

AT

[ Aan |

AF | aF

Figure 2.29
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AH

AE AF AG AH Al A AL AM AN
Outpt 1 Oupt 2 Desire 1 Desire 2 0.0033
Sales Sales
MWeeklysales) | (Daily Sales)
0572526 0040036 0654740247 [N Pl pree E]
0.353278 0019952 0.27240752
0628927 0046036 074784718
0652341 0050544 0704545211 :
0003441 | 0.102692] 0.954718011 | DataRangs: | 3=10%:af110 _|
084799 0.0808761 0953558033
369400 Raw Data Scale Inko
16042.535714 Ma 1 50400
Min | p 16042, 88
Sicale Mow Resek ‘ End ‘
Figure 2.30

Enter AE109:AF110 in th®ata RangeAs we are reversing what we did just now when we scale the
raw data to the range 0 to 1. Now the raw data maximum become 1 and minimum become 0.

As we haveautomaticallysave the maximumand minimum of the raw daiaitially when we scale
them now we use them as the maximum andimum values to be scaled in(SeeaboveFigure
2.30)

Enter 36940Q(in cell AG112)as the Maximum and 16042.857(i4 cell AG113)as the minimum.
Click on Scale Now

So our predictedirst weekly sales is 335288s in AE109 ad first daily sales is 52329.6& in

46

k3 z Al AB A AD AE AF A AH

1 Hidden 1 | Hidden 2 | Hidden 3 | Hidden 4 [ Hidden 5 Ot 1 Cutput 2 Desire 1 Desire 2

2 Sales Sales

3 [Wieeklyzales) | (Daily Sales)

4

5

]
105 099997 34E-06 007214 053935 09953 0572326 0.040056 0654740247 0.05
106 1 031294 075196 1 0.99665 0353275 0019952 027240732 0.00
107 099999 1 2E-08 000176 0859324 099935 0E25927 0046036 0.74734718 oav
105 1 1) 000224 1) 0.89456 0ES2341 | 0.050544  0.704545211 0.0
109 1 0.997E1 1E-05| 085292 099557 F35250 S232866) 0554715011 010
110 1) 0.78321 1E-05| 084151 0899172 S15686.2 44620950 0.953538033 010
111
112 1 369400
113 ] 1604255714

Figure 231




AF109. And our predictedecond weekly sadeis 315686.2as in AE110 andecond daily sales is
44620.95s in AF110(see Figure 2.31 above)

The desire weekly salés 364000 (see 1109) argb3000 (see 1110) respectively. Whereas

desire daily sales 52000 (seedadl J109 and50428.57 (see cell J110)he predicted valuethat
we have arevithin 10%error tolerancef these desire values. So it is acceptable.

Of course when you do ¢htraining on your own, you wilhet slightly different result because of
the MSEerrorthatyou have derived. The results here lamsedonthe MSE of 0.0891

There you goYou have successfully use neural network to predict the weekly and daily sales.
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3) Predicting the DJIA weekly price.

Neural networks arenaemerging and challenging computational technolaggl they offer a new
avenue tcexplore the dynamics of a variety of financagdplications.They can simulate fundamental
and technical analysisiethods using fundamental and technical indicators assin@ainsumer price
index, foreign reserve, GDP, export and import volume, etc., could be usepués For technical

methods, the delayed time series, moving averagésjve strength indices, etc., could be used as

inputs of neural networks toine prditable knowledge.

Open the fillDow_Weeklyxls. In this exampld, have build aneural network to forecast the weekly

prices of the DJIA by using the moving averages

a) Selecting and transforming data

Open theworkbookDow_Weeklyand bring upvorkshee{Raw Data).Here, a real life example is use.
This data is taken from the DJIA weekly prices, from pleeiod from 22 April 2002 td.5 Oct 2007.
There aréb input factors and desireoutput(end result) The input factors consist ofdays Moving
Average 10-days Moving Average, 28ays Moving Average, 68ays Moving Average and 1z2{ays

Moving Average. The desroutput is the next week DJpkice. There ar@87 rows of input patterns

this model(see Figure 3.1a)

A,

Date ‘

B
Input 1
MA 5

C
Input 2
MA 10

O
Input 3
MA 20

E
Input 4
MA_60

F
Input &
MA 120

5

Desire

4720202002
44292002
Si6L2002
5132002
£/20,2002
5/28/2002
B/3L2002
B/10,2002
B/17 2002
B/24,2002
FH2002
Fias2002
FHE2002

R P D B Y Y
T | D] | | ) M0 00 O O | D B0 =

10206.55
1012738
10061.04
10053, 49
10062.92
10065.53
H952. 436
H389.294
HERY. 436
2497 236
H385.086
9207058
5916.068

102297 .56
103017.71
10225552
102236.55
10186.58
10136.34
10054 .51
H975 167
HB81.464
8780.079
9726957
8594747
5402 B31

1011874
1012857

10123.8

10134.6
1012653
1012371

10114.6
10096351
10063.54
10035655
1001241
8945.229
8530.749

1012781
1012015
1010541
10117.24
1012723

10123
1012464
10113.77
10051 . BB
100ES. 55
10039, 36
10003.74
5949 035

Figure 3.1a

10409, 355
10353596, 76E5
1035581.907
105374418

10369.13
103560.475
10353.512
10347301
10342252
103533286k
103528.2685
10312365
10286.587

1000653
9930 .82
10353.08
1010426
8925 25
8505 .67
824742
26579
H245.25
83795
BEB4.53
801926
526439

There ar&87rows ofdata. The firsR86 rows will be used as training dathe last 1 rowvill be used
for testing our prediction later.

Weneed to
uniformity in the data.

Thus we neé to scale all the data into the value between 0 to 1. How do we do that?
GotoworkshedfTransform Data)Copy all data from ColumB to G and paste them to Colundrio O.

Afmassageo

t he

numeri c

SelectScale Dataon thenn_Solvemenu (see Figure 3.1)
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Window | on_Solve | Help
F - | Scale Data
teply with O Randomize Weights
S Exit nn_Solve
o E
K Intt 4 Inont 5

Figure 3.1

Thus we needo convert the data in the rang&Q289 (see Figure 3.2 That is 6¢columns times 2B
rows in the worksheet(Transform Datafnter B:0289 into theData Rangeedit box. Press the Tab
key on your keyboard to exit. When you press Trab,Solvewill automaically load the maximum
(14,093.08) and the minimum (7528iA)the Raw DataframeMin andMax textbox.

Enterthe value 1 for maximum ar@l1 for minimumfor the Scale Into Of course you can change this.
It is advisable noénterthe value 0 as theimmum as it represent nothingee Figure 2 below)

Scale Data

Draka Range: 310289
Raw Data Scale Inko
M | 1409306 1
Min 75254 0.1
Scale Mo Feset ‘ End ‘
Figure 32

Click on theScale Nowbutton nn_Solvewill also automatically store the minimum (in cell J292) and
the maximun{(cell J291) value of the raw data in the last row and first column of thdata. (see
Figure 3.3below). We may need these numbers latére convert all the valisgor you already in the

worksheet (Transfori@ata).
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Figure 3.3

I J P i o
1 ‘ Input 1 InputE Input3 Input 4 Input 5 Desire
2 Date MA 5 MA 10 MA 20 [ MA 60 MA 120
275 7/9/2007 | 08922674 09153957 0843137 0715143 060005655 09531361
276 VABRZ007 0892912 09233933 0856357 0721674 060443227 0.8739299
277 7232007 0926733 09184502 0853901 0726798 060793185 08612012
278 7A0/2007 0919326 09145033 0672062 073261 061191995  0.85995
279 8/B/2007 0807953 09079754 0877539 0738258 061553211 0.845537
280 8M13/2007 0.882757 09027153 0853359 0.743565 061949635 0.8912041
281 BA02007 086837 08957454 0.88958 0.749273 062334713 0.8879854
282 BA72007 0871182 0895707 0895269 0.754979 062743164 0.850762
283 9/42007 | 0.869094 | 08942096 0896422 0761006 063073477 0.9004
284 9A0/2007 0875278 08916323 0.8985871 0.767542 063446605 09584306
285 9A772007 0.897856 0.8203066 0803103 0774144 063873031 09699224
286 92242007 09136 085209852 0890744 0.780885 0643024765 0.9955764
287 10M/2007 ) 0935173 09031799 091132 07858446 064739529 1
285 10/3/2007 0965026 09170593 0915782 079533 06521306 0.9130102
289 10152007 0967448 09213623 0914669 0801012 065629373 0.9365011
290
291 14093.05
292 70284
203

After converting the values, its now time to build the neural networkstrtretire.
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b) the neural network architecture

A neural network is a group of neurons connected together. Connecting neurons to form a NN can be
done in various waysrlhis worksheet; column J to column X actually contain the NN architecture
shown below:

INPUT LAYER HIDDEN LAYER OUTPUT LAYER

o
(7]
7

@ Wih2, 1} 01

./g@h ath'*-“rb?

Figure 3.4

There ares nodesor neuron on the input laye8. neurons on the hidden layer aficheuronon the

output layer.

Those lines that connect the nodes are call weights. | only copadcof them. In reality all the
weights are connected layer by Igyl&ke Figure 1.1

The number of neurons in the input layer depends on the number of possible inputs we have, while the
number of neurons in the output layer depends on dingber of desi&d outputs. Here we haa86

input patterns map to 2&esiredor target outputs. We reserteénput patterrfor testing later.

Like what you see from the Figure &ldove, this NN model consists of three layers:

Input layer with5 neurons.
Column J =nput 1 (I11); Column K = Input 2 (12); Column L = Input 3 (I3);
Column M = Input 4 (14) ; Column N = Input 5 (I5)

Hidden layer witt3 neurons.
ColumnT = Hidden Node 1 (H1)
ColumnU = Hidden Node 2 (H2)
ColumnV = Hidden Node (H3)

Output layer with 1 neuran
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ColumnX = Output Node 1 (O1)

Now let's talk about the weights that connection all the neurons together
Note that:

1 The output of a neuron in a layer goes to all neurons in the following layer.

1 We haveb inputs node an@ hidden nodes antl output nodeHere the number of weights are
(bx3)+@Bx1) =18

1 Each neuron has its own input weights.

1 The output of the NN is reached by applying input values to the input layer, passing the output
of each neuron to the following layas input.

| have put the weights vector in one colu@nSo the weights are contain in cells:

From Input Layer to Hidden Layer

w(1,1)= $Q3$3 -> connecting 11 to H1

w(2,1) = $$4 -> connecting 12 to H1

w(3,1) = $Q%5 -> connecting 13 to H1

w(4,1) = $I$6 -> connecting 14 to H1

w(5,1) = $Q3$7 -> connecting 15 to H1

w(1,2) = $Q3$8 -> connecting 11 to H2
w(2,2) = $)$9 -> connecting 12 to H2
w(3,2) = $Q3$10 -> connecting I3 to H2
w(4,2) = £)$11-> connecting 14 to H2
w(5,2)= $Q$12 -> connecting 15 to H2

fland

fnso

fion

A
w(1,5)= $Q$13-> connecting 11 to H5
w(2,5) = $Q$14 -> connecting 12 to H5
w(3, 5) = $Q$15-> connecting 13 to H5
w(4,5) = $Q$16 -> connecting 14 to H5
w(5, 5) = $Q$17 -> connecting I5 to H5

From Hidden Layer to Output Layer
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w(h1,1)= $Q$18-> connecting H1 to O1
w(h2,1) = $Q$19-> connecting H2 to O1
w(h3,1) = $Q%$20-> connecting H3 to O1

After mapping the NN architecture to the worksheet and entering the input and desired output data., it
is time to see what is happening inside thusaes.

c) simple mathematic operations inside the neural network model
p/g 52 is notavailablefor viewing

X X X X X X X X X X X X X X X X X X X X X X X

p/g 53 is not available for viewing

X
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X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X X

The closerthe actual output of the network matches the desired qutprtbetterThis is only one
pattern error. Since we hawsing 286 rows of patterns, we fill down the formuégainfrom row 3
until row 288in this spreadsheeRemember, we save thast1 row for testing our model lateBum up
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all the error and take the average.
MSE =(SUM(AA3:AA288)/286)

Our objective is to minimize the MSEVe need tochange the weight of each connection so that the
network produces a better approximation ofdasired output.

In NN technicalterm, we call this step of changing the weights as TRAINING THE NEURAL
NETWORK.

In order to train a neural network to perform some task, we must adjust the weights of each unit in such
a way that the error between the degioutput and the actual output is reduced. This process requires
that the neural network compute the error derivative of the weights (EW). In other words, it must
calculate how the error changes as each weight is increased or decreased slightly. prapbgakion
algorithm is the most widely used method for determining the EW.

The backpropagation algorithm is easiest to understand if all the units in the network are linear. The
algorithm computes each EW by first computing the EA, the rate at whéckrtbr changes as the
activity level of a unit is changed. For output units, the EA is simply the difference between the actual
and the desired output. To compute the EA for a hidden unit in the layer just before the output layer, we
first identify all the weights between that hidden unit and the output units to which it is connected. We
then multiply those weights by the EAs of those output units and add the products. This sum equals the
EA for the chosen hidden unit. After calculating all the EAs inhtidelen layer just before the output
layer, we can compute in like fashion the EAs for other layers, moving from layer to layer in a direction
opposite to the way activities propagate through the network. This is what gives back propagation its
name. Oncehie EA has been computed for a unit, it is straight forward to compute the EW for each
incoming connection of the unit. The EW is the product of the EA and the activity through the
incoming connection.

Phew, what craps is this back propagation!!!. Fortupayeu dor@ need to understand this, if you use
MS Excel Solver to buildnd traina neural network model.

d) Training NN as an Optimization TaskUsing Excel Solver

Training a neural network is, in most cases, an exercise in numerical optimizationsofaldy
nonlinear function. Methods of nonlinear optimization have been studied for hundreds of years, and
there is a huge literature on the subject in fields such as numerical analysis, operations research, and
statistical computing, e.g., Bertsekas 19@5ll, Murray, and Wright 1981. There is no single best
method for nonlinear optimization. You need to choose a method based on the characteristics of the
problem to be solved.

MS Excel's Solver is a numerical optimization addan additional file thagéxtends the capabilities of
Excel). It can be fast, easy, and accurate.

For a medium size neural network model with moderate number of weights, varioudNguésn
algorithms are efficient. For a large number of weights, various conjggadéent algrithms are
efficient. These two optimization method are available with Excel Solver

To make a neural network that performs some specific task, we must choose howtgharaini
connected to one anotheand we must set the weights on the connections ppately. The
connections determine whether it is possible for one unit to influence another. The weights specify the
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strength of the influenc&alues betweenl to 1 will be the best starting weights.

Letofill out the weight vectar The weights are coaih in Q3:Q20. From then_Solvemenu, select
Randomize Weigh{see Figure 3.6)

Window | nn_Solve | Help
Srale Data Y
i6) | Randomize Weights
i Exit nn_Solve [
Tacika | =
Figure 3.6

Enter Q3:Q20 and click on tiRandomize Weightautton Q3:Q20 will be filed out with values
betweenl to 1. (see Figure.Bbelow)

l K o T L K
YWeights | Hidden 1 |Hidden 2 | Hidden 3 |

1

2

3 | 07181352 w
4 0482717
5 0.1305
B | 04575662
7
=)
o
10

Randomize weights

-0.8598777 .
0.8E38105 Weights Yeckar: q3:920

-0.0852181
-0.5813773 _
11 059777542 | Randomize Weights
12 1 0.89639401 5
13 | -0.4938534
14 | D.9025556

L - " - — ————
15 -0.7308313 wid 3) 0.558335 0358102 0524775
16 | -0.3730202 wid 5) 0.543456 0390108 0524527
17 0.8056217 w5 5) 0.54144 0395764 0524934
18 | 0.6354704 wihl,1) 0.535786 0.405114 0525652
19 0.655R012 wihd 1) 0.53454 0406525 0524781
20 | -D.BSEBEH!w(hS,ﬂ 0637324 0403908 0521731
21 06379961 04057510 0.52042

Figure3.7

The learning aorithm improves the performance of the network by gradually changing each weight in
the proper direction. This is called #@rrative procedure. Each iteration makes the weights slightly
more efficient at separating the target from the nontarget exaniplkesteration loop is usually carried

out until no further improvement is being made. In typical neural networks, this may be anywhere from
ten to terthousand iterations. Fortunately, we have Excel Solver. This tool has simpiéigl
network trainingso much.

Accessing Excel 6s Sol ver
To use the Solver, click on the Tools heading on the menu bar and select the Solver . (segem.

Figure 3.8)
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Farmat | Tools | Daka  ‘indow  Help

i:&l .;#:l Solwer. .. |L1 3
| i’l Macra k Tﬂ(
&dd-Ins. .. I

[ ¢ AutoCorrect Options,..

¥

Figure 3.8

Add-Ins 33

Add-Ins available:

[ ] analysis ToolPak
[ ] analysis ToolPak - vEA
[ | Conditional Sum Wizard Cancel
[ ] Euro Currency Toals __
[ |Internet assiskant YEA

__E‘ "
:| Lookup Wizard Browse
Bl=chver Add-n |
Siokver Add-in

Tool for optimization and equation solving

Figure 3.10

If Solver is not listedgee Figure 3.&bove), you must manually includein the algorithms that Excel
has available. To do this, select Tools from the menu bar and chod9adthéns . . ." item. In the
Add-Ins dialog box, scroll down and click on the Solver Addo that the box is checked as shown by
theFigure 3.10 abow.

After selecting the Solver Adbh and clicking on the OK button, Excel takes a moment to call in the
Solver file and adds it to the Tools menu.

When you click on the Tools menu, it should be listed somewhere as shown above on the right.
If the Solveraddin is not listed in the Addns dialog box, click on the Select or Browse button and

navigate to the Solver add (called solver.xla in Windows and Solver on the MacOS) and open it. It
should be in the Library directory in the folders where Micro&fice is installed.
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