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Abstract: In 1965 Melzack and Wall proposed the influential gate control theory of pain.  This theory 
postulates that the substantia gelatinosa, located within the spinal cord, acts like a gating mechanism, 
which modulates the flow of information through the spinal cord to the brain and thus impacts on the 
pain experience. Subsequent research has, in general, supported this theory.  The explicitness of the 
theory and its well-defined architecture was translated into a mathematical model by Britton and 
Skevington in 1996.  However, the use of such modelling has been very limited in the field of pain.  
The fact that pain is still relatively a poorly understood phenomenon despite the abundance of literature 
that is available and because of the difficulty in obtaining some experimental data, suggest that it is an 
ideal candidate for mathematical modelling.  This paper successfully replicates the mathematical model 
as presented by Britton and Skevington.  It uses this as a platform to develop the model further to test 
some of the assumptions made in its original development and, more importantly, to produce a more 
biologically plausible model that can be used for further applications. 
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INTRODUCTION 
 
Pain is a personal subjective experience that 
requires psychological awareness and can 
occur without tissue damage.  By definition it 
is ‘an unpleasant sensory and emotional 
experience associated with actual or potential 
tissue damage, or described in terms of such 
damage’ [Merskey and Bogduk, 1994].  This 
definition of pain clearly demonstrates the 
duality of the physiological and psychological 
experience, both of which involve complex 
processes.  It is probably due to these 
complexities that, despite much research, there 
are areas of pain that remain poorly 
understood.  An enhanced understanding of 
pain should result in better management of 
pain.  There have been several theories of pain 
however, all possess inadequacies and 
limitations and only explain part of the pain 
process.  From these theories and their own 
observations Melzack and Wall [Melzack and 
Wall, 1965] proposed the influential gate 
control theory (GCT).  With the inclusion of a 
descending control, it was possible to explain 
the variation in the pain felt between 
individuals, and how pain intensity is not in 
direct relation to tissue damage as cognitive, 
emotional, social and environmental factors 
can all influence pain.  The explicitness of this 
theory has enabled it to be expressed in a 
mathematical model [Britton et al., 1996; 
Britton and Skevington, 1989].  However 
despite the success of this model this useful 
and powerful technique has not been utilised 
further in this field.  With more research now 

available on pain it seems appropriate to 
extend the model to ascertain if it is still 
successful. Firstly, however, it needed to be 
replicated.  The following will give a brief 
outline of the processes involved in pain, [see 
Millan, 1999 for a comprehensive review] 
limiting the review to only those involved 
following cutaneous stimulation.  An overview 
of the gate control theory [Melzack and Wall, 
1965] will be presented before considering the 
mathematical model [Britton et al., 1996; 
Britton and Skevington, 1989] 
 
Physiology of Pain 
 
The skin is densely innervated with receptors 
that mediate between the environment and the 
body, transmitting any changes in that 
environment to the nervous system.  Studies 
that have utilised blocking techniques have 
implied the existence of specialised receptors 
that respond to tissue damage or to potential 
tissue damage [Bessou and Perl, 1969; Burgess 
and Perl, 1967].  The existence of these 
nociceptors, sensitive to a variety of different 
kinds of stimulus - thermal, mechanical and 
chemical - have been confirmed by subsequent 
studies [see review by Besson and Chaouch, 
1987].  Following an adequate stimulus 
applied to the skin, the receptors located there 
convert the physical energy into 
electrochemical energy.  Information is then 
transmitted in the form of trains of action 
potentials (similar to pulse trains) via nerve 
fibres to the dorsal horn of the spinal cord, 
which then activates the associated 
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transmission neuron, which is the first stage of 
the pathway to the cortex, and hence into 
consciousness.    
 
The fibres that convey information from the 
peripheral sensory receptors consist of large 
myelinated (insulated) Aβ fibres and small 
unmyelinated and myelinated (C and Aδ 
respectively) fibres.   Aβ fibres are primarily 
involved in the transmission of non-painful 
sensation such as touch.  Aδ fibres are 
associated with well-localised sensations of 
sharp, pricking pain and also subserves 
pressure, crude touch, and temperature.  C 
fibres are involved in diffuse pain sensations 
that can be dull, poorly localised and persistent 
[Ochoa and Torebjork, 1989; Torebjork and 
Ochoa, 1980] whilst also subserving 
temperature.  Pain is felt following stimulation 
of Aδ fibres (first pain); the perception of pain 
then builds up and intensifies when C fibres 
are also activated (second pain).  
 
Dependent on their function, these fibres  (or 
their collaterals) terminate predominately in 
laminae I, II and V in the dorsal horn, which 
then activate associated interneurons.  Of 
particular interest for pain are the wide 
dynamic range (WDR) neurons and the 
nociceptive specific (NS) neurons.  Receiving 
inputs from nociceptive and non-nociceptive 
fibres the WDR cells can be found in the 
deeper laminae of the dorsal horn.  Conversely 
the NS neurons can be found in the superficial 
laminae of the dorsal horn, receiving inputs 
from C fibre afferents.   
 
It is predominantly the lamina II (substantia 
gelatinosa (SG)) that Melzack and Wall 
[Melzack and Wall, 1965] attribute with acting 
like a gate mechanism, modulating the flow of 
pain information to the brain, and directly 
affecting the pain experience.  Following 
peripheral stimulation, the afferent impulses 
from the large (Aβ) and small (C, Aδ) fibres 
are received directly at the SG and the first 
transmission (T) cells.  As illustrated by 
figures 1, the T-cells also receive input from 
the inhibitory (I) and excitatory (E) 
interneurons that are located deep within the 
SG.  As well as large fibre input, the inhibitory 
interneuron also receives efferent information 
from the descending control.  In 1965 there 
was little evidence to verify the existence of 
such a descending control, however 
subsequent findings have supported it [see 
review by Fields and Basbaum, 1999].  Whilst 
the theory demonstrates how inhibition can 
occur, more recent evidence suggests that there 
is also a facilitatory action of efferent impulses 

on nociceptive transmission [Zhuo and 
Gebhart, 1992].  On receiving the afferent 
impulses, having already gone through some 
form of modulation by the SG, the T-cells 
perform spatial and temporal summation of all 
the arriving impulses, which then triggers an 
action system.  It is this system that is 
responsible for the experience and behaviour 
of pain. 
 
 
Aβ 
      +  
                            +  
 
                                             _       + _ 
    
                                            +                     +                     
                                                       +          
 
                  +        
C, Aδ  
 
 

Figure 1: The Basic Architecture of the Gate 
Control Theory used in the Mathematical 

Model of Pain 
 
Modelling of pain 
 
The utilisation of computational models in the 
field of pain has been very limited. In 1981 
Minamitani and Hagita [Minamitani and 
Hagita, 1981] produced a neural network that 
was able to simulate the conduction 
mechanisms involved in pain.  Haeri at al 
[Haeri et al., 2003] produced an Artificial 
Neural Network (ANN) to model steady state 
behaviour of pain mechanisms and allow 
prediction of pain given a novel stimulus.   
 
Britton and Skevington [Britton et al, 1996; 
Britton and Skevington, 1989] used the explicit 
nature of the gate control theory to extrapolate 
the relevant features and translate it into a 
mathematical model.  It was then subjected to 
four simulations.  The first simulation 
consisted of constant small fibre input with 
variable large fibre input.   This was to 
ascertain the inhibitory effect of the large fibre 
input, as evidence for this had been anecdotal 
due to the difficulty in obtaining 
experimentally independent stimulation of 
large and small fibres.  The next simulation 
Britton and Skevington completed involved 
small fibre input only.  This was to establish 
that as the small fibre input is increased the T-
cell output also increases at a rate ‘slightly 
greater than linear’ [Britton et al., 1996; Price, 
1988].  The third simulation involved the 
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phenomenon of Wind-up [Mendell, 1966]. 
This occurs following repeated stimulation of 
C fibres resulting in a progressive increase in 
the T-cell response. Evidence suggests that 
stimulation of glutamate receptors, in 
particular N-Methyl D Aspartate (NMDA) 
receptors are involved in the wind-up process 
and Britton and Skevington were able to 
illustrate this relationship.  The last simulation 
was that of ramp-off, which occurs when the 
peripheral stimulus is removed causing a pulse 
of pain [Humphries et al., 1993; Humphries et 
al., 1996].  Whilst the model produced 
expected results in line with the literature, 
certain assumptions were made in order to 
simplify the model, as laid out in figure 1. 
Inputs received by the T-cell were from one 
large fibre (Aβ), one small fibre (C), one 
inhibitory neuron and one excitatory neuron, 
with no input from Aδ fibres.  Neighbouring 
T-cells were assumed to behave in the same 
way and that any input from Aδ or modelling 
more that one of any of the cells would not 
affect the results.  Assumptions of this nature 
are common in order to simplify such complex 
processes whilst leaving the salient features 
intact, however, they render the model less 
biologically plausible.   
    
The following work replicates Britton and 
Skevington’s model and expands it further to 
ascertain if it is still successful.  It will explore 
whether the neighbouring T-cells behave in a 
similar fashion, and seek to explore whether an 
increase in T-cells and the associated cells 
modelled would greatly affect pain (or output 
from the T-cells). 
 
METHOD 
 
Replication of the Mathematical Model 
 
Using the differential equations given by 
Britton and Skevington [Britton et al., 1996] 
the model was translated into MATLAB 
(version 6 run on Toshiba SP6000).  The 
differential equations are:    
    
τiVi = -(Vi-Vi0) + gli(xi) + gmi(xm)                   (1) 
τeVe = -(Ve-Ve0) + gse(xs,Ve)                           (2) 
τtVt = -(Vt-Vt0) + gst(xs) + glt(xl)  + get(xe) - git(xi)    
- gmt(xm)                                                         (3) 
τmVm = -(Vm-Vm ) + gtm(xt)                            (4) 
 
The precise nature of the equations used is as 
follows: 
 
0.7Vi=-(Vi+70)+60tanh(θlixi)+40tanh[ƒm(Vm)]     
                (5)            

0.7Ve=(Ve+70)+40tanh(θsexs){1+2.9tanh[4ƒe(Ve
)]}                                                                  (6) 
 
0.7Vt=-(Vt+70)+40tanh[(1-θse)xs]+40tanh[(1-
θli)xl]+40 tanh[ƒe(Ve)]-40tanh[ƒi(Vi)]- 
40tanh[ƒm(Vm)]                                              (7) 
 
0.7Vm= -(Vm+70)+40tanh[ƒt(Vt)]     (8)          
  
The mathematical model calculates the slow 
potential (Vj) for the inhibitory SG cell (1,5), 
the excitatory SG cell (2,6), T-cell (3,7) and 
the midbrain (4,8).  The firing frequency (xj) at 
which the cell fires is a function of its slow 
potential, so that xj = ƒ(Vj).  gjk corresponds to 
the effect of an input on the receiving cells 
slow potential, for example, gtm represents the 
effect of the input from the T-cell to the 
midbrain.  The qualitative features of ƒ and g 
(monotone increasing functions) are presumed 
known and g◦ƒ is a saturating function, as the 
firing rate cannot increase indefinitely. In 
equation (6)  tanh[4ƒe(Ve)] is the NMDA 
component of the equation.  θli and θse denotes 
the amount of input that passes through the 
interneurons, whilst (1-θse) and (1-θli) 
represents the proportion passing through the 
T-cell. The resting potential of a cell is taken 
to be –70mV.  The output from the T-cell is 
taken to be in direct relation to the pain 
experience, such that if the T-cell exceeds its 
firing threshold of  -55mV then the noxious 
signal is transmitted to the next relay point.  If 
the noxious signals reach the cortex then they 
are perceived as pain. 
    
The input values of xs and xl given for the four 
simulations performed were: 
 
1. Constant small fibre input, variable large 

fibre input 
xs=2.0,  0.0≥xl≥3.0 

2. Small fibre input only 
xs=2 tanh t, xl=0.0 

3. Wind-up simulation 
xs=2.5 cos8(2πt) xl=0.1xs 

4. Ramp-off simulation 
 
                  2  if 0≤ t ≤7,  

xs=   10(7.2-t) if 7< t < 7.2, 
         0  if t ≥ 7.2, 

 
        
                  1  if 0≤ t ≤6,  

xl=   5(6.2-t) if 6< t < 6.2, 
         0  if t ≥ 6.2, 

 
 
 



K. PRINCE et al: A COMPUTATIONAL MODEL OF ACUTE PAIN 

I. J. of SIMULATION Vol. 6 No 9 4 ISSN 1473-804x online, 1473-8031 print 
 

 

Extension of the Model – Two Units 
 
The architecture of Britton and Skevington’s 
model, as described previously and shown in 
figure 1, assumed that neighbouring T-cells 
behaved in a similar manner.  They also 
suggested that modelling any more than one of 
any of the cells would not affect the results.  
To establish if these assumptions were justified 
the model was extended to include a further 
inhibitory and excitatory interneuron and T-
cell, collectively comprising a unit (see figure 
2).  
 
 
Aβ 
    +   
                           +  
                                      _      + 
                                -                                                 
                                    +          _        
                                             + 
 
                 +                                         + 
C, Aδ  
 
                                                                    +  
Aβ                                                                            
    +   
                           +  
                                      _     + _ 
                                -                                                 
                                     +       -           
                                              + 
 
                 + 
C, Aδ  
 
 
 

Figure 2: Illustrates how the model was 
extended to include two units; the elements 

within the red lines denotes a unit. 
 
As the output from the T-cell becomes the 
input to the midbrain the midbrain equation 
was modified to incorporate them.  With two 
units present equations (5), (6) and (7) were 
repeated. The output from each T-cell was then 
inputted into the differential equation for the 
midbrain. Thus the midbrain equation was as 
follows: 
 
0.7Vm= -(Vm+70)+40tanh[ƒt(Vt)] + [ƒt1(Vt1)]  
                 (9)                  
 
Using the two unit model, the same four 
simulations used previously were performed, 
recording the theoretical T-cell potential to 

offer a direct comparison, and additionally 
recording the midbrain potential, as it is this 
that will influence the pain experience. 
 
Multiple Models 
 
The advantage of manually adding the units to 
the model, as described above, allows differing 
small and large fibre inputs to be fed into the 
different units, which is something that will be 
explored in future work.  The problem with 
such a model is that it is very time consuming. 
A second model was produced that could 
incorporate N number of units.  
 
For this, a function was devised and completed 
in MATLAB to perform the addition of N 
units to the equation and then the same four 
simulations were completed.  The number of 
units were increased in denominations of ten, 
until 50 units completed, and then the number 
of units increased by 50 until 200 units had 
been implemented.  
 
RESULTS 
 
Replication of the Mathematical Model 
 
The differential equations proposed by Britton 
and Skevington were run on a mathematical 
program with four simulations being 
performed; variable large fibre input with a 
constant small fibre input, small fibre input 
only, wind up simulation and ramp off 
simulation.  The results produced were in 
accordance with Britton and Skevington’s [see 
Britton and Skevington, 1996].  Originally 
simulation one was recorded with the T-cell 
potential over the increase in the large fibre 
input from 0.5 to 3.0.  Additionally this same 
simulation was repeated with large fibre input 
presented at 0.5 through to 3.0 with increments 
of 0.5 with each pass to obtain the T-cell 
potential for each value of the large fibre. The 
results show that when large fibre input is at 
0.5 (see figure 3) the T-cell potential is 
approximately –20mV.  As the input increases, 
the T-cell potential decreases to around –
25mV.  When the input is run at 3.0, the T-cell 
potential has increased back  -20mV. 
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Figure 3: The theoretical T-cell potential when 
small fibre input is 2.0 and large fibre input is 

0.5. 
 

The midbrain potential is also recorded, as it is 
this that can influence the pain experience 
when the input reaches the cortex.  The 
midbrain potential illustrates that as the T-cell 
potential drops so to does the midbrain 
potential.  However the input from the T-cell 
remains sufficient to keep the midbrain 
potential just above the firing threshold (see 
figure 4) 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4: The theoretical midbrain potential 
when small fibre input is 2.0 and large fibre 

input is 0.5 
 
Two Units 
 
The model was extended to include two units, 
each consisting of one large and one small 
fibre input, one inhibitory and one excitatory 
interneuron and one T-cell that was the 
connected to the midbrain cell.  The T-cell and 
midbrain potentials were recorded for each of 
the four simulations described previously.     
 
The inclusion of two units produced the results 
that would be expected in that the 
neighbouring T-cells behaved in the same 

manner.  This was not unexpected as they 
received the same small and large fibre inputs. 
 
When the T-cell potential is recorded against 
the increase in large fibre input with the small 
fibre stimulation held constant, there is very 
little difference in the results compared to 
when there is only one unit present.  When the 
same simulation was conducted, this time with 
the T-cell potential plotted over time starting 
with large fibre input at 0.5 through to 3.0 
increasing in increments of 0.5 there was a 
change in results between one and two units. In 
all cases the theoretical T-cell potential was 
lower when there were two units present.  The 
pattern of the T-cell potential also differed; 
after an initial increase the T-cell potential fell 
slightly before levelling off when two units 
were implemented (see figure 5).  In 
comparison, when there is only one unit 
present the T-cell potential reaches its highest 
point and then levels out (see figure 3).  This 
offers further support to the gate control theory 
as it states that the gate is held in a relatively 
open position, so that information regarding 
pain can flow freely.  The large fibre input is 
known to be extremely effective in activating 
T-cells.  The ensuing reduction in T-cell 
activity is due to the activation of the 
inhibitory interneuron by the large fibre input 
and the descending control.  The levelling of 
the T-cell potential occurs where the large and 
small fibre input counteracts one another. 
 

Figure 5: The theoretical T-cell potential when 
there are two units modelled with small fibre 

input of 2.0 and large fibre input of 0.5 
 

The midbrain potentials were also recorded, 
indicating that their potentials were greater 
when there were two units implemented (see 
figure 6) as opposed to one.  As the large fibre 
input was increased the potential decreases 
before rising again when the large fibre input 
reaches 2.5.  
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Figure 6: The theoretical midbrain potential 

when there are two units with small fibre input 
of 2.0 and large fibre input of 0.5 

 
The second simulation that the model 
performed was with small fibre input only.  
The output recorded showed that the T-cell 
potential reaches a peak and then falls off very 
slightly.  The theoretical T-cell output is also 
marginally lower then when compared to the 
results for only one unit.   The midbrain 
potential increases to a large degree, by 
approximately 15mV, when there are two units 
present.  The inhibitory component would be 
expected to be smaller as there is no large fibre 
input.   Thus any occurrence of inhibition is 
due to the descending control from the 
midbrain, which influences the inhibitory 
interneuron.  The inhibitory interneuron 
potential indicates an increase in potential 
occurring after the midbrain has reached it 
firing threshold.  However, the feedback from 
the midbrain is not sufficient to raise the 
inhibitory interneurons cell potential above the 
firing threshold (see figure 7). 

 
Figure 7: The cell out puts for simulation two 
when there are two units modelled; red line 

represents the inhibitory interneuron potential, 
black line the excitatory interneuron potential, 
blue line the T-cell potential and green line the 

midbrain potential. 

 
There are no notable changes of the T-cell 
potentials for the fourth simulation, wind up, 
with the same pattern and T-cell potential 
reported for two units as with one unit.  
However the midbrain potential increased 
slightly when two units were simulated. 
 
In the final simulation, ramp off, it was seen 
that after the initial rise in T-cell potential, 
there is a more marked decrease before the 
pulse of ‘pain’ occurs.  The T-cell potential for 
two units is also lower.  It was also found that 
the midbrain potentials were higher when there 
were two units modelled. 
 
Multiple units 
 
A function was developed in MATLAB to 
allow N number of units to be selected and the 
program would return the T-cell potential for 
that number of units.  All units received the 
same input value from the small and large 
fibres and the four previously used simulations 
were performed.  For simulation one the 
results show that the T-cell potential has 
decreased from when there were only two units 
modelled.  At fifty units this decrease was less 
marked and by one hundred units any changes 
were minimal.  As the T-cell potential was 
found to be decreasing the midbrain potential 
increased peaking at –30mV for all 
permutations of simulation one. 
 
Similarly, for the remainder of the simulations; 
small fibre input only, windup and ramp off, a 
similar pattern emerges.  The T-cell potential 
output decreases as the number of inputs are 
increased, with the midbrain potential 
increasing.  For the wind-up simulation there 
was a change in pattern for both the T-cell and 
midbrain potentials recorded.  The results for 
one and two units showed that when the T-cell 
had reached it peak it would rise and fall back 
to the same levels.  However, when ten units 
were utilised, having reached its peak the T-
cell potential then fell away slightly (see figure 
8).  At fifty units that was a decrease noted in 
the T-cell potential after it had fallen away 
before it levelled off.  This decrease was also 
noted in the midbrain potential (see figure 9).   
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Figure 8: The theoretical T-cell potential 

recorded for wind-up when there are 10 units 
modelled. 

 
Figure 9: The theoretical midbrain potential for 

wind-up when fifty units are modelled 
 
The last simulation performed was ramp-off.  
The increase from two ten units illustrated the 
fall in T-cell potential reached, there was also a 
more marked falling away of that potential 
before the pulse of pain occurred with the ten 
units.  A further decrease was noted for fifty 
units, post fifty units any changes were very 
minor. 
 
DISCUSSION 
 
The primary aims of this paper were to 
replicate the Britton and Skevington 
mathematical model for pain and extend this 
model further to be more biologically 
plausible.  The ability to replicate the model 
adds to the robustness of it and supports the 
model proposed.  With mathematical software 
available such as MATLAB it means that the 
model can be extended and manipulated with 
relative ease.  This has resulted in the 
production of a model that is now more 
biologically plausible and remains within the 
essence of Melzack and Wall’s paper.    

 
In producing a model with more than one unit 
being simulated this raised the question as to 
how the midbrain was to integrate the T-cells. 
The midbrain equation involves calculating the 
effect that the T-cell has upon it.  Previous 
work [Prince et al, 2004] has calculated this 
effect for each T-cell modelled and then 
summed it.  The model has been refined to 
sum the T-cell inputs and then calculate their 
summed effect, thus making the model more 
biologically plausible.  Another assumption 
that has been made is in regards to the input to 
the midbrain, which is the output from the T-
cells.  There are two approaches to how 
multiple T-cell firing frequencies could be 
combined to form the midbrain cell input.  The 
first is to calculate the post-synaptic potential 
produced by the pulse trains for each T-cell 
separately, and then add the potentials.  
Alternatively, frequencies are first summated, 
and the midbrain cell potential calculated from 
the total frequency.  This model used the latter 
option.  
  
The results have illustrated that, in general, as 
the number of units increase the T-cell 
potential decreases whilst the midbrain 
potential increases.  The integrated effect of 
the T-cells causes an increase to the midbrain 
potential this then causes an increase in 
inhibition through direct feedback to the T-
cells and through the inhibitory interneuron 
thus lowering the T-cell potential.  This is 
confirmed by analysing the inhibitory 
interneurons that show an increase in potential 
where there is an increase in the midbrain 
potential.  Further confirmation of this is from 
simulation three when there are two units 
modelled.  When compared to one unit the T-
cell potential remains at the same value, 
although the increase in units has causes the 
midbrain potential to rise slightly.  However, 
this increase is insufficient to raise the 
potential above the firing threshold.  As more 
units are added the midbrain potential reaches 
firing threshold and inhibition can occur 
through the feedback mechanisms direct to the 
T-cells and those via the inhibitory 
interneurons.  In physiological terms, if a 
larger area of the periphery is stimulated then 
there is a greater opportunity for inhibition to 
occur.  It would also be predicted that a similar 
effect could be obtained by increasing the 
frequency of small fibre input, this would 
increase the midbrain potential therefore 
increasing inhibition through its feedback 
mechanisms. 
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FURTHER WORK 
 
What is significant about this model is that it 
allows different input values to be attached to 
the small and large fibre inputs to each unit.  
From this we are currently in process of 
simulating transcutaneous electrical nerve 
stimulation (TENS) and acupuncture.  TENS 
works by high frequency, low amplitude 
stimulation of large peripheral fibres, whilst 
acupuncture involves low frequency, high 
amplitude stimulation of small Aδ fibres.  
Stimulation as described by these methods 
produces modulation at the gate.  As 
acupuncture involves Aδ fibre activation a 
time delay needs to be implemented so that Aδ 
and C fibres (corresponding to first and second 
pain respectively) can be modelled.  A model 
that is able to simulate such pain relief 
techniques could have significant implications 
on how pain is treated.  There still remains 
much debate as to how effective these 
techniques are, the type of pain that it 
modulates, the optimum parameters for 
stimulation and at what point it fails to have 
any benefit [Sluka and Walsh, 2003]. 
 
With the ability to model multiple units it 
becomes possible to subject the model to 
further applications.  It is postulated that one of 
the possible causes of hypersensitivity is the 
destruction of interneurons [Banic et al., 2004; 
Woolf and Slater, 2000].  A function has just 
been completed based on the multiple unit 
model that allows the interneurons to be 
destroyed. 
 
Despite its success the model has some very 
crucial limitations that we will endeavour to 
explore further.  Firstly, the role of the 
midbrain is very simplified.  A single pain 
centre in the brain has been refuted and 
imaging studies have shown clearly that there 
are many regions of the brain involved in the 
pain process, making it more similar to 
consciousness than to primary sensory 
modalities. The inclusion of the brain regions 
involved in pain remains vital to any 
comprehensive model of pain 
 
This model also has one of the same 
limitations as previous computational models 
in that, whilst providing a good account of 
acute pain, it does not address the problem of 
chronic (pathological) pain. Chronic pain by 
definition is ‘pain without apparent biological 
value that has persisted beyond the normal 
tissue healing time (normally taken as three 
months)’ [Merskey and Bogduk, 1994].   The 
exclusion of chronic pain from the models is 

probably due to the poor understanding as to 
how it occurs.  As has been described, the pain 
process is extremely complex and there are 
many ways in which it can go wrong.  
Nevertheless, it is imperative if treatments of 
chronic pain are to be successful that chronic 
pain is understood. Failure to do so causes 
many to suffer and modelling this could prove 
vital for research in this area.   Plasticity is 
thought to play a key role in chronic pain and 
one suggestion is the use of chaotic neural 
networks, which are capable of modelling such 
plasticity [Picton et al., 2001].  More recent 
evidence has suggested that glial cells have a 
role to play in the development and 
maintenance of chronic pain.  Glia encapsulate 
central nervous system synapses and have 
previously been ignored in neuron to neuron 
signalling.  However, they are now believed to 
be responsive to signals from the periphery, 
brain and spinal immune challenges [Watkins 
and Maier, 2002; Watkins et al., 2001a; 
Watkins et al., 2001b].  It is hoped that the 
effects of glial activation can be incorporated 
into the mathematical model, something that is 
currently being explored. 
 
CONCLUSION 
 
The gate control theory [Melzack and Wall, 
1965] was the first to offer a resolution to the 
duality between the physiological and 
psychological experience present in the pain 
phenomenon.  The mathematical model 
successfully gives a good approximation of the 
inputs involved and how the inputs affect the 
related cells and activate them to produce pain.  
However, in order to provide a more 
comprehensive model to explain acute and 
chronic pain further work is required to include 
multiple fibre input, plasticity and a 
comprehensive descending control.  The work 
completed so far certainly supports the 
utilisation of modelling in the field of pain. 
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