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Neural Networks: How They Work

A neural network is a mathematical entity that simulates the learning 
capability of the brain.  It learns by approximating a set of outputs given a 
set of inputs.
It has multiple inputs and multiple outputs.  The result of the learning 
process is a model that predicts the desired outputs based upon a set of 
(input, output) data.
A neural network has an input layer, one or more hidden layers, and an 
output layer.
The input layer contains all of the inputs.  Each hidden layer and the 
output layer contain one or more artificial neurons.
Each artificial neuron in the output layer corresponds to a particular 
output.
Each artificial neuron has multiple inputs, a threshold, an activation 
function, and a single output.  The activation function is a nonlinear 
function, such as the inverse tangent or the logistic function, that provides 
the learning capability.
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Neural Networks: How They Learn

The learning occurs by applying the (inputs, outputs) data to the 
network.  As each set of input data is applied, the weight of each 
input to and the level of the threshold for each artificial neuron is 
adjusted to provide a better prediction of the set of outputs.
A single application of all of the (input, output) data is called an 
epoch.  Epochs are applied until the inputs provide a reasonable
approximation of the outputs.
There are many types of neural networks.  The only type addressed 
in this paper is the backpropagation model originally developed by 
Werbos (1974) and, later, independently developed by Rumelhart, 
Hinton, and Williams (1986).
The backpropagation network attempts to reduce the root mean 
square of the error between the outputs of the neural network 
output layer and the output data.
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Prior Application of Neural Networks  
for Cost Analysis

The primary publications of neural networks applications cost analysis have occurred within the 
Association for the Advancement of Cost Engineering International (AACEI) community
The first neural network for cost analysis published papers were McKim (1993a) and McKim 
(1993b)

o Both McKim (1993a) and McKim (1993b) introduce the concept of the backpropagation neural 
network and provide an excellent introduction to the mathematics involved

o McKim (1993b) reports that “The neural network trained for this paper was able to predict 
the cost overruns of ten projects with approximately half the error of more conventional 
statistical methods”

Today, when one searches on the AACEI library using the keyword “neural network”, twenty 
abstracts appear
Early papers include the following:

o Creese and Li (1995) estimate the cost of timber bridges using a neural network
o Garza and Rouhana (1995) describe the mathematics of the backpropagation neural network 

and then compare the results of a neural network prediction with regression predictions
o Rowings and Sonmez (1996) apply both regression and neural networks for the analysis of 

labor productivity
o Moselhi and Siqueira (1998) use a neural network to estimate the cost of structural steel 

buildings
o Al‐Tabtabai, Alex, and Tantash (1999) propose applying subjective data to a neural network to 

predict preliminary highway construction costs
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Contrived Data for a Cost Model

A typical parametric cost model is of the form y=axb where
o y is the cost
o x is weight
o a is the complexity and
o b is rate of change of cost with respect to weight.

If we were developing a regression model, we would transform 
the data and use the equation ln(y) = c + b ln(x), where c = ln(a), 
to estimate b and c.
The data for this example is derived by choosing b and c and 
then selecting bi and ci for the data from a normal distribution 
centered on b and c for a given xi to obtain yi.
At right are the data where weight x is used to estimate the 
simulated cost y,.  The data z are z = axb prior to noise being 
added.
{(xi, zi )} is the set of points of the equation underlying the 
simulation.

The following neural network cost model is based upon contrived data 
because

o We want to see how well both regression and a neural network fit a 
known equation
o We want to see how closely the parameters a and b estimated by the 
regression deviate from the actual parameters a and b

Since the backpropagation 
neural network can 
approximate nonlinear 
equations, we do not have 
to transform the data, 
although we could if we 
wished to do so.  
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The Neural Network Software Setup

The shareware QuikNet (Jensen, C. (2003)) neural network software is used 

As can be seen from the control 
panel, the neural network has

o 1 input, weight
o 1 output, cost
o 1 hidden layer with

•3 neurons.
A logistic function is used as the 

activation function.
Backpropagation with random 

perturbation is used as the training 
algorithm.

The same data is used for training 
and testing.

The training process was allowed to run for 11,847 epochs.
Each epoch is the application of each of the data points 
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Training The Neural Network
Root Mean Square (RMS) Error (RMSE) is the goodness of fit measure
In the figure below

o the RMSE declines rapidly
o then reaches an almost steady state level at which the training is 
assumed to be complete

The backpropagation model uses 
nonlinear optimization

o Solutions can be caught at sub-
optimal points

The author typically has not 
encountered suboptimal solutions with 
backpropagation when

o using one or two hidden layers 
with

• one or two inputs
• one or two outputs

Problems can occur for more complex 
models with

o A number of subjective data 
inputs
o Two or more hidden layers 

The larger and more subjective 
the set of inputs and outputs, the 
greater the art required in training.
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Analyzing Neural Network Model Results

When we analyze the results of a regression model of the data, we rely 
on the well-established methods of statistics

The equations of statistics for regression do not apply to neural networks
The goodness of fit

o For regression is R2

o For neural networks is Root Mean Square Error (RMSE)
The author uses two approaches to provide a comparison of regression 

and neural network results
o Visual analysis
o The Angle
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Visual Analysis
To view neural network results 

we just plot a graph of
o The data and
o The predicted data points

To compare neural network 
results to regression results, we 
just add the regression 
predicted data points to the 
same graph

o The cost data points are 
diamonds
o The regression line data 
points are squares
o The neural network 
predicted data points are 
triangles

3 dimensional charts can 
display cost surfaces over 
parameter pair planes

The neural network predicted 
curve is nonlinear

The regression predicted curve 
follows the curve specified by the 
equation used for the fit 
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Comparing With The Angle
The mathematical basis of the angle is described in Dean (2008). Consider 
the points                and         to be dimensions within the vectors             
and        , respectively.

The angle in degrees between vectors         is

Applying this formula to the results of our neural network and regression 
models on the data describe above we have

The fitted intercept coefficient is 2.7717 vs. 2.0000 for the noiseless 
equation.
The fitted power is 0.5749 vs. 0.7000 for the noiseless equation
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What and Why The Angle?
When we apply regression, we use R2 as our goodness of fit.  Regression uses 
mean adjusted data for its calculations. Wickens (1995) demonstrates that R, the 
multiple correlation coefficient, is the cosine of the angle between the mean adjusted 
data vector and the predicted mean adjusted data vector.

We can thus think of the cosine of the angle we just used as the multiple correlation 
coefficient of the non mean adjusted data.

Using the angle rather than the cosine of the angle as our goodness of fit measure 
provides a powerful and intuitive geometric meaning to goodness of fit.

When we apply regression on nonlinearly transformed data, R and R2 are measures 
on the space of the transformed data and cannot be projected onto the non 
transformed data space.  However, we really want to know how well the fit is on the 
non transformed data space.  The angle does that for us.

Because the angle works with independent spatial dimensions, the angle is a valid 
measure of the goodness of fit of predicted data to data for any means of prediction.
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An Instructive Example
The data comes from the Encyclopedia Astronautica Launch Vehicle Summary 

Data (Wade (1997-2008))
All launch vehicles that do not have the desired cost variables and 

performance parameters are eliminated
A 5 input, 1 hidden layer with 8 neurons, 2 output neural network (1.8.2) is 

used to model
o The development cost and
o The recurring production cost

Using performance parameters
o Total length
o Core diameter
o Span
o Total mass and
o Maximum range

A logistic activation function is used
A randomly perturbed backpropagation training algorithm is applied to the data
The results are compared to the results of a 5 parameter multivariate 

regression for each cost using the same performance parameters
Graphing the costs against the performance parameters indicates that log 

transformed data should be used for the regressions
The neural network inputs are the untransformed performance parameters
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The Training and The Results
The data has been split into a training data set and a test data set
The neural network is trained on the training data set
Test data set is used

o To monitor the training process and
o To test how well the neural network generalizes to similar but different data

The error reduction of the training 
process at right shows the 
stabilization of the error of the test 
set above and the training set below.

If allowed to train further the error 
of the test set rises as the network 
over trains on the training data at the 
expense of the error over the test 
set.

Goodness of 
Fit (degrees)

Multivariate 
Regression 
Training Data

Neural 
Network 
Training Data

Multivariate 
Regression 
Test Data

Neural 
Network Test 
Data

Development 
Cost 31.6 14.2 72.4 8.40
Recurring 
Production 
Cost 11.7 14.9 89.8 34.5

And the results are >
The smaller, the better
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Getting Started with Neural Networks

The AACEI references in this paper provide adequate information to understand the 
mathematics underlying the backpropagation neural network

o They may be obtained at the AACEI website (http://www.aacei.org/)
• Search for them at the bookstore using the keyword “neural network”
• AACEI members can download the papers for free

Jones and Hoskins (1987) and Hecht-Nielsen (1992) do an excellent job of explaining 
the inner workings of the backpropagation neural network

For a detailed introduction to several of the more popular types of neural networks, 
including backpropagation, study Lippmann (1987).

Haykin (1994, 1998) is the comprehensive source for learning about all types of neural 
networks

Trippi and Turban, ed. (1996) provide a variety of applications to finance in general

By downloading the shareware program QuikNet (Jensen (2003)), one can begin to get 
the feel of training a neural network and actually develop models

o The author uses this software under Windows Professional 2000 Pro
o As most software does, QuikNet has a few quirky bugs
o Hopefully it will work under Windows XP and Windows Vista

For more sources for learning about neural networks or for more advanced neural 
network software, perform a web search for “neural network” or “neural network software”
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Summary and Conclusion

There is a learned art to the development of neural network models
Neural networks

o Can be used to develop project measure models, including cost and 
schedule as outputs from a set of input parameters, some of which could be 
subjective in nature
o Facilitate multi-input, multi-output model development
o Are inherently nonlinear which opens many modeling possibilities 
restricted by linear models and related data transformation assumptions
o Are not based upon statistics, which requires a substantial number of data 
points for validity

• There is no validity restriction on how few data points can be used to 
develop the model

The use of the angle between data and predicted data vectors
o Provides an intuitive and understandable goodness of fit measure on the 
space of the non transformed data
o Permits comparison of the results of all types of models

Finally, the experience of the author is that properly trained neural network 
models usually provide a closer match to the data than do equivalent regression 
models

o This results from the inherent nonlinearity of the models
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