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Abstract

During the last thirty years there has been much research effort in regional science
devoted to modelling interactions over geographic space. Theoretical approaches for
studying these phenomena have been modified considerably. This paper suggests a‘new
modelling approach, based upon a general nested sigmoid neural network model. Its
feasibility is illustrated in the context of modelling interregional telecommunication traffic in
Austria and its performance is evaluated in comparison with the classical regression
approach of the gravity type. The application of this neural network approach may be
viewed as a three-stage process. The first stage refers to the identification of an
appropriate network from the family of two-layered feedforward networks with 3 input
nodes, one layer of (sigmoidal) intermediate nodes and one (sigmoidal) output node
(logistic activation function). There is no general procedure to address this problem. We
solved this issue experimentally. The input-output dimensions have been chosen in order
to make the comparison with the gravity model as close as possible. The second stage
involves the estimation of the network parameters of the selected neural network model.
This is performed via the adaptive setting of the network parameters (training, estimation)
by means of the application of a least mean squared error goal and the error back
propagating technique, a recursive learning procedure using a gradient search to
minimize the error goal. Particular emphasis is laid on the sensitivity of the network
performance to the choice of the initial network parameters as well as on the problem of
overfitting. The final stage of applying the neural network approach refers to the testing of
the interregional teletraffic flows predicted. Prediction quality is analysed by means of two
performance measures, average relative variance and the coefficient of determination, as
well as by the use of residual analysis. The analysis shows that the neural network model
approach outperforms the classical regression approach to modelling telecommunication
traffic in Austria.



1. Introduction

Telecommunication like transportation interactions, take place over geographic space. But
in contrast to the vast literature devoted to the analysis of region-to-region travel demand
(see Fischer 1993), relatively little research effort has been directed towards region-to-
region telecommunication demand. One reason for this deficiency in research is that
telecommunication data are either not available as in the case of most European
countries or viewed as proprietary by the private companies (as in the case of US) which
provide the telecommunication services (Guldmann 1992). A better understanding of the
spatial structure of telecommunication interactions is becoming more and more important
especially in the context of Europe where the telecommunication sector is increasingly
coming under debate due to deregulation trends. The knowledge of telecommunication
linkages might also assist to clarify issues such as the complementarity and substitution
effects between transportation and telecommunication (Salomon 1986) and the value of
telecommunication technologies as patterns of regional development (see Gillespie and
Williams 1988). '

The general purpose of this paper is to set out an (artificial) neural network (connectionist)
approach to modelling interregional telecommunication interactions and, thus, to
contribute to the debate on the feasibility of neural network computing (neurocomputing)
in geography and regional science (Openshaw 1992, Fischer and Gopal 1993). The
specific objectives may be stated as follows: first, to develop and estimate a neural net
telecommunication flow mode! with explicit treatment of geographical distance, second, to
evaluate its prediction quality in relation to the classical regression model of the gravity

type.

The general model suggested is based upon the family of two-layered feedforward neural
networks with sigmoidal non-linearities, the most tractable and most prominent family of
artificial neural net models (see Hecht-Nielsen, 1990). The value of this approach to
modelling interregional telecommunications will be illustrated on the basis of an
application using a new telecommunication data set of Austria. The application of the
approach may be viewed as a three-stage process. The first stage refers to the
identification of an appropriate model candidate from the family of two-layered
feedforward networks. The input-output dimensions are chosen so as to make the
comparison to the gravity model as close as possible. The second stage involves the
estimation of the network parameters of the selected neural network model. This is
performed via the adaptive setting of the network parameters by means of the application
of a least mean squared error goal and the error back propagating technique, a recursive
learning procedure using a gradient search to minimize the error goal. Particular
emphasis is laid on the sensitivity of the network performance to the choice of the initial



network parameters as well as the problem of overfitting. The final stage of applying the
approach refers to the testing of the interregional teletraffic flows predicted. Prediction
quality is analyzed by means of performance measures as well as by the use of residual
analysis and compared with gravity model predictions.

The remainder of this paper is organized as follows. Section 2 briefly characterizes the
classical regression model of the gravity type that is used as a benchmark model in this
study, then proceeds to outline the neural networks approach by considering it as a three
stage process, and lastly, describes the estimation process based upon a supervised
learning algorithm. The experimental environment and the results of model identification,
estimation and testing are discussed in relation to the classical telecommunications flow
model in section 3 . Conclusions and areas for further research are outlined in section 4.

2. The Methodological Framework

The literature on telecommunication flow modelling is primarily based on the conventional
regression approach of the gravity type (Pacey 1983, Rietveld and Janssen 1990,
Rossera 1990, Fischer et al. 1992, Guldmann 1992), and thus lies in the tradition of the
broader and well-established framework of spatial interaction modelling in geography and
regional science (see for example, Fotheringham and O'Kelly 1989). This conventional
model approach serves as a benchmark for evaluating the performance of the alternative,
the neural net approach. We first briefly characterize the conventional modelling
approach, and then the general neural network model.

2.1 The Gravity Model as Benchmark

Let T,s denote the intensity of telecommunication from region r to region s (r, s =1,...,n),
measured in terms of erlang or minutes. Then T g is called interregional traffic, if r#s, and

intraregional traffic, if r=s.

The conventional approach applied to the problem of modelling telecommunications traffic
belongs to the class of (unconstrained) gravity models. It is usually assumed (see Rietveld
and Janssen 1990, Fischer et al. 1992) that

conv

T = G (A, By, Fy) rLs=1, ;.,n @)

rs

with



A, a factor associated with the region r of origin and representing the intensity of
telephone communication generated by this region,

Bs a factor associated with the region s of destination and representing destination-
specific pull factors or the degree to which the in-situ attributes of a particular
destination attract telephone communication traffic, and

Frs a factor associated with the origin - destination pairs (r, s) representing the inhibiting
effect of geographic separation from region r to region s.

Ay and Bg are called mass or activity variables, F;g is termed separation variable,
provided it is specified in a way such that higher values imply less telecommunications
traffic. In this approach, the specific form of the function to be fitted to the data is first
chosen and then the fitting according to some error criterion (usually mean squared error)
is carried out.

G is usually specified in such a way that the interregional telecommunication flow model
reads as follows:

T = K A" B Fg (Dg) hs=1,..,n (@

with

F,(D, = D2 rs=1,..,n 3)
where Trs"" denotes the intensity of telecommunication from r to s predicted by (2) - (3).

A and Bg represent the potential pool of calls in region r and the potential draw of calls in
region s, respectively. We have decided to use gross regional product as a measure for A,
and Bs. Gross regional product as a proxy of economic activity and income is relevant for

both business and private phone calls (see Rietveld and Janssen 1990). D;s denotes
distance from region r to region s. K is a scale parameter (constant), o4, ox and o3 are

parameters to be estimated. n denotes the number of telecommunication regions.

The usual strategy to estimating (2) - (3) is to assume that a normally distributed
multiplicative error term €, applies, i.e. €5 ~ N(0,0) independently of A, Bg and Drs. In

this case, OLS-regression can be applied after a logarithmic transformation yielding:

conv

InT,, =InK+oa,InA+a,ln Bj+ o;In D+ & rs=1,..,n 4)

OLS-estimation leads to unbiased and consistent estimates &;, &3 and 0.3. This model

version is usually called log-normal gravity model and will be used as benchmark to



evaluate the relative efficiency of the neural net model to be developed in the sequel. It is
worthwhile to note that there are some problems with this model. For example, it is based
on the questionable assumption that the variances of the error terms are identical, and it
cannot be used when some of the interaction flows are zero.

The standard method for assessing the goodness of fit of this regression model is through
the use of R2, the coefficient of determination. It is worthwhile to note that the OLS-
estimator of the log-normal gravity model minimizes the sum of squared residuals and,
thus, automatically maximizes R2. Consequently, maximization of R2, as a criterion for the
OLS-estimator, is formally identical to the least squares criterion. An unsatisfactory fit in
terms of R2 may result from the failure to include all relevant explanatory variables, such
as for example, barrier effects impeding the continuous flow pattern in space (see Fischer
et al. 1992).

2.2 The General Neural Network Model

The general neural network approach set out in this section is based upon the family of
two-layered feedforward neural networks with sigmoidal processing units. The two-layered
feedforward neural network is a particular neural network architecture characterized by a
hierarchical design consisting of 1y input nodes, one layer of I, intermediate (hidden)
nodes and I3 output nodes as displayed in figure 1.

Figure 1: The General Two-Layer Feedforward Neural Network Model
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Third Array Output Units
(Second Layer) iz=1, ... I3
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Second Array Hidden Units or
(First Layer) Internal RepresentationUnits
i2=1, o ’2
First Layer of
Bias Unit NetworkParameters
1,
First Array Input Units
(Input Array) i1=1, .., |4
The input units, i;=1, ..., l4, send (continuous-valued) signals Y, ; to intermediate
’
(hidden) units, indexed by i»=1, ..., |5, that process them in some characteristic way

(linear summation of input signals multiplied by the corresponding network weights) and
produce a bounded output signal Yo, i, that is sent via the second layer of connections to
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the output units, indexed by ig=1, ..., I3, which now treat the hidden units as inputs and
produce the network output Y, X Note also the presence of bias units. These output a
fixed unit value and can be viewed of as constant terms in the equations defining the
process carried out by the network. The network has two layers of unidirectional
connections with which weights (parameters) are associated. The first layer of weights
connects the input units to the hidden units, and the second layer the hidden units to the
output units. The architecture is feedforward because signals flow in only one direction.
The fundamental characteristic of this network architecture is that there are no
connections leading from an unit to units in previous arrays nor to the other units in the
same array, nor to the units more than one array ahead. The arrays of nodes are
connected in such a way that the units are connected to every unit in the next array.

The general two-layer neural network model, denoted by X, 1, i, or (I1:I2:l3), may be
described as follows:

ly

Xoi, = Z,W1.i1,i2 Ya,i, + Wa i, =1, .0l ®)
=

Yo, , = f X, ) i=1, ..., 15 (6)
|2

Xs, iy = Z, W, e iy Yo, i, T W, L+, iy i5=1, ..., I3 ()
=

Ya, E = X is) i=1, ..., 15 (8)

with

I numberof processing units of the j—th array (j=1, 2, 3),

i indices associated with the j-th array of units (j=1, 2, 3),

YJ- i, (continuous-valued) output of the units i] of the j-th array (j=1, 2, 3),
Xj i (continuous-valued) inputto the processing unit ij belonging to the j-th array (j=2, 3),
i
note: X1'i1s Y1’i1,
Wk i weights (connection weights, parameters) of the k-th array between the k-th and
'k k+1

(k+1) —th array of units with k=1: connection weights fromthe hidden to the output layer,

k=2: connection weights fromthe input array to the hiden layer

(note: Wk i i _Isapositive numberif uniti, excites uniti,,, and anegative number
'k’ k+1

if unit i, inhibits uniti,, ),
W1’ 41,1, bias unit of hidden units,
W

2 | +1.i. biasunitofthe outputunits.
Y2 g



where the (transfer) function f is the following logistic function of hidden and output units,
i2 and ig:

1
1 + exp(-a X, ik)

f (xk, ik) = k=23 9)

(9) scales the activation of a unit sigmoidally between 0 and 1. Strict monotonocity implies
that the activation derivative of f is positive: df/dXy; = a f(1-Xg;) > 0. This property
increases the networks computational richness and facilitates noise suppression. The
slope of the sigmoid, a, can be absorbed into weights and biases without loss of generality
and is set to one.

The parameters of (5) - (8) {Wk, i ik+1;;ik=1, ...y I; k=1, 2} and the adaptable biases
{W1, 1415 ip Wo, 1410 i), briefly W ={Wy |41 i, k=1, 2} have to be estimated. The

; 2

weights correspond to a point o in the K= (k§1 ltt (I +1))-dimensional euclidean space
RK. For every point @ in the network configuration space Q < RK, the network model (5)-
(9) is a realization of a deterministic mapping from an input, say x € X < %", to an output,

say y € Y < Rls(see Levin, Tishby, and Solla 1990). We denote this mapping by

y = Fy(X), Foy: Rl x Q— Rls,

Inserting (5) - (7) and (9) into (8) describes the general neural net model in the following
compact form, foriz =1,..., I3

A [ -1 -
Y = Ya, iy T [1 +exp l:“[i=lwz,i2,i3 [1 + exp [“[§W1,i1,i2 Y1.i1 + W1,|1+1,12J]] + W2,I2+1,i3]j|j|

2

[

Fo X) (10)

The general model defined by (10) can be viewed as an input-output model Y=F ,(X) or as
a non-linear regression function with quite a specific form. Its usefulness as a flexible
functional form hinges on the nature of the set of mappings from input to output spaces
that it can approximate (White 1989). Recently, Hornik, Stinchcombe and White (1989)
and Cybenko (1989) have shown that networks of this type, with one layer of hidden units,
can approximate any continuous input-output relation of interest to any desired degree of
accuracy, provided sufficiently many hidden units are available (see also Hecht-Nielsen
1990). This result shows the atttractivity of (10).



2.3 Neural Network Modelling as a Three-Stage Process

The application of the general model (10) may be considered as a three stage modelling

process (see figure 2). The first stage refers to the identification of a specific model from
N, 1y 15 for the problem at hand and involves the determination of Iy , I and I3 . In order

to make the comparison as close as possible with the gravity model, we identify the
following subclass X, |, |, defined as follows(see figure 3):

* 14=8 input units corresponding to the three independent variables A,, Bg, and D,g in (4)

and

* I3=1 output unit producing the neural network (telecommunication flow) prediction
Y3,1 (=T") to be compared with T,

* The number |5 (hereafter abbreviated as "I") of (sigmoidal) hidden units is a priori
unknown.

Figure 2: Neural Network Modelling as a Three-Stage Process

Stage 1: Model Identification

* Determination of the Number of Input Units (11)
* Determination of the Number of Output Units (I3)

* Determination of the Number of Hidden Units (12)

¥

Stage 2: Model Estimation

* Choice of a Reasonable Network Training Strategy
involves considering various parameters such as
training by pattern or epoch, sequential or random
ordering of training vectors, choice of the error function
and the iterative learning procedure, choice of
appropriate initial conditions of the network para-
meters, rule of weight updates

Choice of a Strategy for Avoiding Overfitting

Choice of the Training, Validation Test and Testing

Sets

Stage 3: Model Testing (Prediction)

Evaluation of the Prediction Quality by Means of Per-
formance Measures

¢ Evaluation of the Prediction Accuracy by means of
Residual Analysis

There is no general procedure to determine "I" exactly. Consequently, identification and
estimation overlap in the model building process. Here we employ the estimation
procedure to carry out part of the identification and determine "I" experimentally by means



of performance measures which indicate that specific model worthy of further
investigation.

Figure 3: A Subclass of the General Two-Layer Feedforward Neural
Network Model to Modelling Telecommunications over Space

Output Data T (r, s=1, ..., 32, r#s)

s

One Output Unit
iz=1

Hidden Layer
i2=1, ey |25|
(1 a priori unknown)

Three Input Units
i1=1, ..., 14=3

Input Data

withr, s=1, ..., 32, (r#s)

Number of Network Parameters; 5 | +1

The second stage refers to the estimation of the network parameters. Once an
appropriate network model has been chosen, much of the effort in neural network building
concerns the design of a reasonable network training (estimation) strategy. This
necessitates engineering judgement in considering various parameters: training by pattern
or epoch, sequential or random ordering of training vectors, choice of the error goal, and
the iterative learning procedure, choice of appropriate initial conditions on the network
parameters. The non-linear character of (10) necessitates a computationally intensive
iterative solution of determining the network parameters. As shown in what follows in 2.4,
the estimation of the network parameters is performed via adaptive setting by means of
the application of a least mean squared error goal and the error back propagating
technique, a recursive learning procedure using gradient search to minimize the error
goal. A serious problem in model estimation is the problem of overfitting which is
especially serious for noisy real world data of limited file length (see 3.3 for more details).

The final stage involves the prediction of the interregional telecommunication flows and
evaluating the model's testing performance by means of performance measures and by
the use of residual analysis, in relation to the benchmark model.






















































