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Abstract: 

 This paper investigates the learning capabilities of a Neural Network as a tool for 
predicting outcomes in real world applications such as the reliability of a customer to pay back a 
loan. Various types of deterministic, random, and real world data are tested using the Perceptron 
Learning Algorithm of a Neural Network to test the learning capacity and the way the Network 
learns. The Neural Network was found to be very data dependent and the speed of convergence 
relied heavily on the type of data used and the relationship between the inputs and outputs. The 
Neural Network was found to be more accurate in producing coefficients than more traditional 
techniques such as the Least Square Approximation. If the proper classifying characteristics are 
chosen, the Neural Network is a promising tool for data prediction in real world applications of 
the economic and medical world. 

Introduction: 

 The goal of my project is to use the Perceptron learning algorithm and Neural Networks 
to apply to statistical data and learn relationships between inputs and outputs. The way the neural 
network is set up is: 
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A Neural Network works by a three layer system. The first layer is the input layer where 
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layer which has a corresponding coefficient v
multiplied by the input layer and produce the output matrix.
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can produce the given relationship of inputs times alphas equal output.
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Neural Network. From an application standpoint, this is a very exciting 
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Neural Networks to be 70-80% accurate in predicting the reliability of bank customers in paying 
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Theory and Derivation: 

 A random guess of the alpha coefficient is needed and then the following algorithm is 
used to calculate the alpha coefficients:
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A Neural Network works by a three layer system. The first layer is the input layer where 
various characteristics are compiled in a matrix. These characteristics then travel to the hi
layer which has a corresponding coefficient vector (Alpha Coefficients). These coefficients are 
multiplied by the input layer and produce the output matrix. Therefore, if one has data of the 
inputs and given outputs first, one can use the Neural Network to learn the alpha coefficients that 
can produce the given relationship of inputs times alphas equal output. Once the alpha 

the given input characteristics, one can then use new input 
alculated alpha coefficients to predict the output matrix of the 

Neural Network. From an application standpoint, this is a very exciting phenomenon
example could use customer information such as credit score, income, debt, age, gender, etc to 

edict how reliable a customer would be for paying back a loan. In Ralf Herbrich’s et all paper 
“Neural Networks in Economics” the banking problem was investigated. Each customer was 
described by an X input matrix with n characteristics (age, gender, income, etc) and assigned an 
output value of reliable of not(y=1 reliable, y=-1 unreliable). Odom and Sharda in 1990 found 

80% accurate in predicting the reliability of bank customers in paying 
back loans as opposed to only 60% accurate when using discriminant analysis.  
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A random guess of the alpha coefficient is needed and then the following algorithm is 
used to calculate the alpha coefficients: 
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A Neural Network works by a three layer system. The first layer is the input layer where 
various characteristics are compiled in a matrix. These characteristics then travel to the hidden 
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A random guess of the alpha coefficient is needed and then the following algorithm is 
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iY  (Output)= [dependability] 

∑ = YXsign ii )( α  

The sum of the inputs times the alpha coefficients gives the outputs. Based upon the learning 
algorithm, if the alpha coefficients are accurate in predicting the outputs Y then  

0* =− iii YX α  

We want weights of α’s  

αiX  (Hidden)= iY  

As seen in figure one  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Results: 

 

Table One: Table of the errors for the Perceptron Learning Algorithm and the Least Square 
method. N is the number of inputs used to calculate the alpha coefficients for the learning 
algorithm. The minimum error values, average values, and maximum error values are listed for 
each value of N used. Also, failed trials is the number of trials that did not converge after the two 
million iteration mark was reached. 

Perceptron  Least Square  

N Accuracies  
Failed 
Trials N Accuracies  

Failed 
Trials 

  Min AVG Max N/Total   Min AVG Max N/Total 

2 0.4048 0.5296 0.6081 0/100 2 .4081  .5310  .6306  0/100  

3 0.3968 0.5247 0.6161 0/100 3 .4000  .5248  .6177  0/100 

4 0.3968 0.5292 0.6306 0/100 4 .3984  .5195  .6194  0/100 

5 0.4081 0.5312 0.6274 0/100 5 .4048  .5154  .6306  0/100 

6 0.3984 0.5446 0.6161 2/100 6 .4081  .5248  .6226  0/100 

7 0.4145 0.5312 0.6194 9/100 7 .3645  .5308  .6306  0/100 

8 0.4194 0.544 0.6177 20/100 8 .3790  .5374  .6306  0/100 

9 0.3952 0.5444 0.621 34/100 9 .3742  .5448  .6323  0/100 

10 0.4048 0.5465 0.629 49/100 10 .3726  .5512  .6371  0/100 

 



 

Graph One: Graph of the time it takes for the first one hundred inputs to converge based upon 
the calculated alpha coefficients vs. the number of inputs used to calculate the alpha coefficients. 
Iterations were stopped after two million if no convergence was found. At first glance, the graph 
appears to have an exponential relationship with the relation of time to converge and the number 

of inputs used to calculate the coefficients. An exponential relationship would mean that 
increasing the number of inputs used to calculate the alpha coefficients would not be feasible 
because of the massive increase in time needed to run the program. However, if you examine 
from N=6 onward, a linear relationship becomes apparent which would mean that it would be 
more feasible and possible to increase the number of N to calculate the alpha coefficients. In 
theory, the more inputs used to calculate the alpha coefficients, the more accurate these 

coefficients should be in predicting/satisfying more data in the future. 
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Graph Two: Graph of the time it takes for the first one hundred inputs to converge based upon 
the calculated alpha coefficients vs. the number of inputs used to calculate the alpha coefficients. 
Iterations were stopped after two million if no convergence was found. As mentioned above in 
the caption of graph one, this is the graph of N=6 onward of the Time vs. N graph for the first 

one hundred data entries. A very linear relationship is observed. 

 

 

 

Graph Three: Graph of the time it takes for the first fifty inputs to converge based upon the 
calculated alpha coefficients vs. the number of inputs used to calculate the alpha coefficients. 

Iterations were stopped after two million if no convergence was found. 
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Graph Four: Graph of the time it takes for the first fifty inputs to converge based upon the 
calculated alpha coefficients vs. the number of inputs used to calculate the alpha coefficients. 
Iterations were stopped after two million if no convergence was found. As mentioned above in 
the caption of graph one, this is the graph of N=6 onward of the Time vs. N graph for the first 

one hundred data entries. A very linear relationship is observed. 

 

Graph Five: Graph of the time it takes for the first fifty inputs to converge based upon the 
calculated alpha coefficients vs. the number of inputs used to calculate the alpha coefficients. 
Iterations were stopped after four million as opposed to two million if no convergence was 

found. As mentioned above in the caption of graph one, this is the graph of N=6 onward of the 
Time vs. N graph for the first one hundred data entries. A very linear relationship is observed. 

Analysis: 

 The real data used to test the convergence of the Neural Network was whether or not a 
mother giving birth was a smoker or not. The data used to test the Perceptron Neural Network 
needed to have multiple inputs and one output (Yes/No; Smoker/Not Smoker). Even though this 
application of Neural Networks is not the economic based one that originally got me interested in 
the project, if I could test the Neural Network with this similarly set up data, I could then apply 
the working Neural Network to an economic problem by simply replacing the input data.  

The problem that occurred with the smoking mothers data was the correlation between 
the inputs. The Neural Network had trouble converging and finding alpha coefficients because of 
the weak effects of some of the inputs on the actually output. For example, the mother’s height 
has very little effect on whether or not she smokes. The mother’s height, although it varies 
significantly by the cases and has little effect on the output, the Neural Network must still try to 
give a weight to this input through its own alpha coefficient. Inputs such as this make it more 
difficult for the Neural Network to satisfy all of the inputs and calculate accurate alpha 

y = 149.66x - 831.58
R² = 0.9585

0
200
400
600
800

1000
1200
1400
1600
1800
2000

0 5 10 15 20

50 Trials (4mil Conv)

50 Trials (4mil Conv)

Linear (50 Trials (4mil 
Conv))



coefficients (weights) of the different inputs. Inputs such as the mother’s weight are very similar 
to a random number category which would overall decrease convergence and accuracy. The 
problem of data selection is evident in this example. Choosing the appropriate inputs that have a 
significant effect on the output is a very serious issue for a Neural Network. 

When the Neural Network was given a data set that had a known pattern previous to 
testing, such as one input column from 1 to 500 and another input column that multiplied the odd 
values by 3 and the even values by 2 with an output of -1 for even inputs and 1 for odd inputs, 
the Neural network was 100% accurate in finding the necessary alpha coefficients to satisfy the 
algorithm. Next we tested the effect of adding a small random factor to the second multiplied 
input column and resumed testing. The network still was able to interpret the data and have over 
99% accuracy. Lower values of N, when used to calculate the coefficients with this variance, 
such as N=2, lead to a decrease in the minimum error. However, because the relationship 
between the inputs was so strong, high levels of N were able to be used such as 100 with the 
program only taking about a half second to compute the alpha coefficients. Also, with the 
increased N, the minimum error was much higher even with the added random variance in the 
second input column. With such a high accuracy, the Neural Network still needed to be tested on 
its ability to then test new input data using the alpha coefficients calculated by the previous data. 
Extending the even/odd data for another 500 data points, then using the alpha coefficients 
calculated from the first 500 data points, simple matrix vector multiplication of the inputs (X) 
times the alpha coefficients (Alpha) produced the predicted output matrix (Y). As hypothesized, 
the alpha coefficients were 100% accurate in predicting the outputs of the data set.  

The accuracy of the test suggests that the ability of convergence of a Neural Network 
relies heavily on the data being used. If there is no connection between the inputs and outputs of 
the system, the Neural Network should have nothing to learn and therefore not converge or be 
able to produce accurate alpha coefficients. To test this theory, random numbers were produced 
for a 500 X 2 input matrix and random outputs of -1/1 were given for the output. Since there is 
no correlation between the data due to the randomness, the Neural Network should fail to 
converge and find accurate alpha coefficients. As predicted, the Network failed to learn as 
expected. If the Neural Network was able to converge for this random data, then the validity of 
what the Neural Network does to learn data would have to be in serious question. 

 One of the major issues that I encountered during my data testing was the time it 
took for the Neural Network to calculate and converge on the alpha coefficients. The more inputs 
used to calculate (N) the alpha coefficients, the more accurate these coefficients would be when 
applying them to the rest of the data set and predicting the remaining outputs. This was evident 
when a very deterministic data set was used to test the Neural Network. The Neural Network was 
100% accurate in calculating alpha coefficients. However, when a small random variance was 
added to the input data, the Neural Network’s minimum error decreased drastically. The number 
of inputs used to calculate (N) the alpha coefficients was then increased from 2 to 100. Even with 



the slight random variation, an increase in N raised the minimum error from .63 to .96 and 
increased the average error. 

Conclusion: 

 The Neural Network was able to learn from the data and find the appropriate alpha 
coefficients to predict the output of a deterministic data set one hundred percent accurately. An 
issue that arose was which applications and data would work for a Neural Network. The rate of 
convergence and the ability of convergence rely heavily on the data set being tested. The banking 
data was a much better fit than the birth weight data in part to the input characteristic selection. If 
there is not a strong correlation between one of the input layers and the output layer, than the 
convergence of the Neural Network will be hindered because it will have a difficult time finding 
the appropriate weight for the input that will satisfy the whole data set. A Neural Network can 
only learn from a data set if there is something to actually learn. If there is not a strong 
correlation between the inputs and the output, then the Neural Network will not be able to draw 
the connections needed to find the alpha coefficients. Very similarly, if a teacher tries to make a 
connection between two seemingly random entities, the students will have hard time learning 
because they will not be able to see a correlation between the two and fail to learn (or in the 
Neural Network’s case, fail to converge on a solution). When the random data was tested by the 
Neural Network, as predicted the Neural Network failed to converge to a solution. 

Future Work: 

 In the future I look to try and improve the speed of the Neural Network so that more 
inputs can be used and the sample used in calculating the alpha coefficients is larger which 
would create more accurate coefficients. Also I look to find more applicable data for testing and 
broaden the real world applications tested. Finally, I want to try other more complex learning 
algorithms and see if they are more accurate or better at converging to a solution.  

Reflection: 

 Throughout this summer I feel that I have learned so much. When I first started CSUMS I 
was afraid that I wasn’t going to be smart enough and my work would be looked down on in 
comparison to the engineers and math majors. However, I slowly began to realize, with the 
friendly environment and helpful professors that I didn’t have to worry about what type of work I 
was doing as long as I worked hard and learned. Thinking back to week one of CSUMS and 
typing ‘X=3’ into MatLab in amazement, I never thought I would be able to produce a working 
code and actually begin to do serious testing on problems that experts in the field of economics 
and math are struggling with today. I am very confident in my understanding of Neural Networks 
after this summer workshop and look forward to studying them more. Also I never realized how 
much the world relied on math and want to minor in math now. The conference in Vancouver 
was an experience I will never forget and am very grateful to have had the opportunity to interact 



and learn from experts all over the world. Thank you to all of the professors who took their time 
out of their busy schedules and summer to make this program possible. 
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Appendix: 

%%This method will try to classify whether or not a person is dependable 
%%using the perceptron learning scheme 
%X is your Characteristics  % 
%X= [Gender ,Age, Credit Score,Income in Thousands ,Expenses in Thousands ,Savings in 
thousands, Outstanding Debt] 
%Y is your decisions 1 is yes, -1 is No 
%Find the Alphas the correctly classify your  dependability 
% function [ A ] = PerceptLearning( X,Y ) 
  
  
% x1= [1 ,25, 800 ,60,40,5,0] ; y1=1; 
% x2= [-1 , 18,400,40,10,0,0] ; y2=-1; 
% x3= [1, 50, 725, 100, 60, 5, 20]; y3=1; 
% x4= [-1, 35, 520, 55, 40, 3, 40]; y4=-1; 
% x5= [-1, 42, 640, 30, 27, .5, 4]; y5=-1;              
% x6= [1, 25, 600, 35, 20, 2, 40]; y6=-1; 
% x7= [1, 34, 200, 55, 20, 30, 0]; y7=1;  
% x8= [-1, 67, 540, 30, 14, 4, 1]; y8=1; 
% x9= [1, 56, 681, 75, 45, 12, 0]; y9=1; 
  
  
% x10= [-1, 25, 530, 45, 30, 1, 5]; y10=1; 
  
%normalize the customers so input is equal impact 
% x1=x1./norm(x1); 
% x2=x2./norm(x2); 
% x3=x3./norm(x3); 
% x4=x4./norm(x4); 



% x5=x5./norm(x5); 
% x6=x6./norm(x6); 
% x7=x7./norm(x7); 
% x8=x8./norm(x8); 
%  x9=x9./norm(x9); 
%  x10=x10./norm(x10) 
  
% X=[x1;x2;x3;x4;x5;x6;x7;x8;x9;x10] ;%Stack your customers Row by Row] 
% Y= [y1;y2;y3;y4;y5;y6;y7;y8;y9;y10]; 
tic 
Trials=100; 
convergence=ones(1,Trials); 
[X1,Y1]=birthinput5(1,100); 
  
  
  
  
for startingpoint=1:Trials; 
[X,Y]=birthinput5(startingpoint,100); 
  
%Nomalizes inputs for equal weights 
  
   for I=1:length(Y); 
      I,= I,./norm(I,,Inf); 
   end 
  
Alpha=rand(size(X,2),1);   %start with initial Guesses for weights 
count=0; 
norm(X*Alpha-Y); 
  
  
  
while  norm(sign(X*Alpha)-Y)~=0; 
    Alpha= Alpha- X'*(.5*(sign(X*Alpha)-Y)); 
   count=count+1; 
    
    
  % if(mod(count,100000)==0) 
  %     count, 
  %     Yhat=sign(X*Alpha) 
  % end 
    
   if count==2*10^6 
      convergence(startingpoint)=0       
      break 
   end 



     
end 
  
Error(startingpoint)=errorprop(Alpha,X1,Y1); 
startingpoint; 
end 
  
  
MIN=min(Error) 
AVG=sum(Error)/length(Error) 
  
MAX=max(Error) 
sum(convergence) 
  
Alpha; 
  
Y; 
Toc 
 
2. 

function [ Success ] = errorprop( Alpha,X,Y ) 
  
Errorpercent=sum((sign(X*Alpha)-Y)~=0)/length(Y); 
Success=1-Errorpercent; 
end     
 

 

 


